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Abstract 

 
Ultra-wideband (UWB) communications is expected to revolutionize high data-rate, short-

distance wireless communications, providing data-rates in excess of 100 Mbps. However, the 

wireless channel distorts the transmitted signal by dispersing the signal energy over time. This 

degrades the output signal-to-noise ratio (SNR) of a correlation based matched-filter receiver, 

limiting the achievable data-rate and user capacity. Most wideband channel models do not 

account for all the identified dispersion mechanisms namely the frequency dispersion, the 

resonant dispersion and the multipath dispersion. The objective of this research is to model 

resonant dispersion based on the Singularity Expansion Method (SEM) and provide guidelines 

for UWB receiver design to meet the data capacity.  

The original contribution of this research is a novel pole dispersion channel model that 

includes resonant dispersion characterization. An empirical investigation supports our claim that 

a correlation type matched-filter receiver using a template signal based on the pole dispersion 

channel model overcomes distortion related losses. Various physical mechanisms responsible for 

dispersion in UWB communication systems are described in detail. The applicability of the 

proposed dispersive channel model is evaluated using the optimal matched filter (OMF) receiver. 

The SEM approach, which was originally proposed for target identification using short 

pulse radars, offers limited benefits of due to its susceptibility to noise. A combined fuzzy-

statistical approach is proposed to improve the robustness of resonant dispersion channel 

modeling in presence of noise. A natural extension of this doctoral research is to improve buried 

landmine detection as well as breast tumor detection by applying statistical and fuzzy analysis to 

the backscatter response. Moreover, radar target identification using UWB short pulses stands to 

gain tremendously from this research. 
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Chapter 1 – Introduction  

 
 
 
Wireless communication services have experienced a tremendous increase in the bandwidth, 

from transmitting voice (AMPS with 30 kHz) to transmitting integrated multimedia serves 

(WCDMA with 5 MHz or more). The next generation wideband wireless applications like multi-

carrier modulation techniques, and ultra-wideband (UWB) systems will require RF bandwidths 

in excess of 500 MHz and as much as 7 GHz [1]. As wideband wireless communication systems 

evolve, reliable signal reception and achievable channel capacity are of paramount importance. 

The antennas, as well as the wireless channel, distort wideband-transmitted signals by dispersing 

(spreading) the signal energy over time [2].  

Dispersion in wideband wireless applications introduces pulse distortion and limits 

achievable channel capacity, resulting in the performance degradation of correlation-based 

matched filter receivers [3]. The trend towards nanosecond pulses further increases the 

challenges of overcoming distortion due to dispersion. Moreover, given the emergence of ultra-

wideband wireless communication systems for short distance high data rate applications with a 

minimum bandwidth of 500 MHz, the need to accurately predict the time and frequency 

dispersive wireless channel is greater than ever before. In order to meet this challenge, novel 

channel modeling techniques are required that incorporate dispersion.  

The main objective of this dissertation is to investigate the characterization of dispersion 

in wideband wireless communication systems and the mitigation of distortion related losses for 

maximum achievable SNR. Most channel models are narrowband and the few wideband channel 
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models have not accounted for the dispersive nature of the channel [4]. Limited simulations or 

measurements have been reported that investigate dispersive channel impairments in the open 

literature. At present, there does not exist a comprehensive treatment of the dispersive effects on 

the wireless channel. Tools are needed that enable communication systems to compensate for 

dispersion effects. The aim of this research is to accurately characterize channel dispersion using 

electromagnetic principles and statistical modeling techniques to meet the needs of wideband 

wireless system applications. Contributions from this work in scatter response characterization 

and modeling could benefit applications such as radar target identification, breast tumor 

detection, and buried landmine detection [5, 6].  

This dissertation presents models, simulations and measurements that characterize 

scattering mechanisms and dispersion. Results from a measurement campaign performed in the 

50 MHz – 20 GHz frequency band reveal the dispersive nature of scatterer response. Based on 

the observed dispersion, a novel pole-dispersion channel model is presented. Measured responses 

of canonically shaped scatterers not only validate the new pole-dispersion channel model but 

also pave the way for future research on wideband wireless channels.   

 

1.1 Challenges to Wideband Communications and Motivation 

Wireless communication channel modeling methods have changed little since their inception. 

The primary reason is that most of the channel models are for narrowband wireless applications 

that dominate the applications. However, with the advent of ultra-wideband (UWB) wireless 

communication systems, conventional channel models may no longer be applicable.  

UWB communication systems have been proposed for high data rate, short-range (less 

than 10 meters) applications with a fractional bandwidth of 20% or a minimum bandwidth of 500 

MHz at –10 dB points [1]. UWB systems will operate with a bandwidth that significantly 

exceeds the applicability of conventional channel models and this will require novel channel 

modeling supported by measurements. Receiver designs will be required to combat the 

distortions introduced by the dispersive wireless channel. Channel models that accurately 

simulate the dispersive channel characteristics would provide significant advancement towards 

UWB receiver design. 
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In an ideal wireless communication system with a distortionless channel and non-

dispersive antennas, matched filtering provides the maximum achievable signal-to-noise ratio 

(SNRMF) at the filter output [7, 8]. However, dispersion spreads the transmit signal energy over 

time and matched filtering is no longer optimal because of distorted received signal waveform. 

This mismatch in signal waveform reduces the SNRMF at the output of the matched filter. The 

achievable data rate and user capacity, determined by the output SNRMF of the matched filter are 

thus limited by the dispersive nature of the multipath channel. Antennas also distort the pulse 

shape, which adversely affects the performance of correlation-based matched filtering at the 

receiver [2, 9]. Dispersion introduced by the antennas and the channel can limit the data rate of a 

UWB system by spreading the signal energy over space and time. In a spread spectrum 

implementation of wireless communication systems, any uncaptured signal energy is perceived 

as interference and, has a deleterious effect on the useful capacity [10]. The receiver must 

account for the dispersive effects of the channel as well as the transmit-receive antennas.  

Scattering is a frequency dependent phenomenon that causes signal distortion due to its 

dispersive nature [11]. Wave propagation mechanisms, especially the effects of scattering from 

objects in a UWB channel, are not very well understood, affecting reliable design and 

deployment of UWB receivers. In order to perform ideal correlation and achieve maximum SNR 

at the output of the matched filter, the receiver must accurately replicate all the distortions 

introduced by the dispersive channel.  

This dissertation addresses some fundamental shortcomings of conventional channel 

models when they are applied to the new class of wideband wireless communications. Over the 

past four decades, researchers have well characterized the frequency-selective, time-varying, and 

spatial-polarization characteristics of the wireless channel for relatively narrowband applications. 

Unfortunately, little attention has been given to the frequency-dependent, dispersive nature of 

responses from channel objects. This research characterizes and models the channel dispersive 

effects motivated by application of ultra-wideband dispersive propagation channel.   

 

1.2 Brief Summary of Channel Dispersion Research 

Conventional channel models have emphasized reflection of the transmitted signal from 

scatterers. Such characterization of scattering is geometric in nature and hence, frequency 

 3



independent. Frequency-dependent dispersion has not been extensively investigated because its 

effects are usually not significant until signal bandwidth exceeds the channel coherence 

bandwidth. The channel coherence bandwidth is defined as the frequency range over which the 

channel characteristics are constant, which typically ranges about 2 – 5 MHz for indoor channels 

[12]. Hurst and Mittra [13] first employed time-domain analysis to decompose electrically large 

objects into several frequency dependent scattering centers and to distinguish the contributions of 

different multipath components. This approach has been found to be useful in acoustic 

communications by time-domain characterization of a dispersive ocean channel [14].  

In 1995, Qiu proposed a frequency dependent channel model [15] that incorporates the 

diffraction mechanism of multipath components. Qiu later performed measurements in the 2 – 

2.67 GHz band to validate the frequency dependent channel model by decomposing the received 

field into scattering centers [16]. In his works, Qiu modifies the traditional Turin’s multipath 

channel model [17] by adding a frequency dependent diffraction term for each multipath 

component and compares the results with the geometric theory of diffraction (GTD) 

approximations.  

Over the past several decades, researchers have well characterized the multipath 

dispersive characteristics of the wireless channel in terms of a linear time-varying filter defined 

completely by its impulse response. A generalized impulse response model of the multipath 

dispersive nature of the wireless channel was first proposed by Turin [17]. Since then, several 

investigators have studied the multipath propagation for wideband applications in outdoor 

environments [18], and indoor environments [19].   

However, little attention has been given to other types of dispersive channels. Physics-

based wireless channel measurement and modeling is needed to understand dispersion. At 

present, there is a lack of comprehensive treatment of channel dispersion applied to wireless 

communication systems. The research on dispersive channel characterization is limited to 

multipath dispersion with neither simulation nor have measurement results been reported that 

characterize resonant dispersion and frequency dispersion for ultra-wideband wireless 

communication systems. Moreover, the cost effectiveness of incorporating dispersion 

compensation at the receiver and its impact at the system level has not been addressed so far.  
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1.3 Research Objective and Original Contributions 

Propagation mechanisms for UWB applications with bandwidths up to 7.5 GHz exhibit transient 

characteristics that are best studied in the time-domain. A generalized channel impulse response 

can be expressed as a sum of various multipath components each with a different propagation 

mechanism. Reflection has been extensively investigated and modeled deterministically using 

the ray–tracing methods such as Geometrical and Physical Optics (GO/PO), and stochastically 

modeled using impulse response models. Diffraction is deterministically modeled by methods 

such as Geometrical and Uniform Theory of Diffraction (GTD/UTD). Although there is no 

complete stochastic model for diffraction, a scatter-center channel model [20, 21] incorporates 

frequency dependent mechanisms using diffraction coefficients.  

Scattering can be correctly modeled if the environment geometry and scatterer response 

are accurately known. However, most of the effort towards scatter characterization has focused 

on determining the geometry of the environment using site-specific channel sounding and 

geometrically based single/multiple bounce channel-modeling approaches. Because all the 

wireless application bandwidths are relatively narrow compared to that of UWB applications, the 

response of the scatterers have not been investigated extensively.  One possible to model the 

dispersive pulse response of finite dimensional objects to a wideband incident pulse is by using 

the Singularity Expansion Method (SEM) [22]. The SEM approach models the response of a 

finite dimensional object to incident wideband pulse as a weighted sum of complex exponentials 

or damped sinusoids. 

Dispersion is commonly defined as any phenomenon in which the signal spreads in time 

as it propagates through a medium. Dispersion introduces pulse distortion, degrades the output 

signal-to-noise ratio (SNR) of the matched-filter receiver, and thus, limits achievable channel 

capacity. Characterization of channel dispersion in wideband wireless communication can 

mitigate distortion related losses and achieve maximum achievable SNR. Based on the 

underlying phenomenon, dispersion can be classified into following categories [3] 

i. Resonant dispersion: caused by ringing response from scatterers 

ii. Frequency (phase) dispersion: caused by frequency dependent delay 

iii. Multipath dispersion: caused by multipath propagation and well characterized by 

RMS delay spread. 
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Ultra-wideband communication systems employ Gaussian shaped nano-second pulses to 

achieve high data rates (in excess of 100 Mbps) over a short distance. The maximum pulse width 

of a Gaussian UWB pulse is 2 nano-seconds corresponding to the minimum allowable bandwidth 

of 500 MHz [1]. Figure 1.1 compares a 500 nsec Gaussian pulse with the observed resonant 

dispersion from a conducting sphere of diameter 15.2 cm (6 inch) and frequency dispersion from 

using a log-periodic antenna. The signal amplitudes have been scaled for comparison. Multipath 

dispersion, which dominates for large indoor environments, is not shown in Fig. 1.1. However, 

for office or residential indoor environments, frequency and resonant dispersive mechanisms 

cannot be ignored.  

 

 
Figure 1.1 Time duration comparison of measured UWB transmit-pulse, measured resonant 

dispersion from a 15.2 cm (6-inch) diameter sphere, and measured frequency (phase) dispersion 
from a log-periodic antenna. (Amplitude not to scale). 

 

The goal of this research is to complement the research reported in [9] and [10] on 

frequency dispersion by investigating resonant channel dispersion from the perspective of 

Singularity Expansion Method (SEM). More specifically, the research objective is to model 

UWB resonant channel dispersion based on the Singularity Expansion Method (SEM) and 

statistical modeling techniques to improve UWB communication performance.  
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This research investigates improvement in UWB signal reception achieved by 

compensating for the distortion due to all the identified dispersive mechanisms. Various 

underlying phenomena that lead to dispersion in UWB communication systems are investigated 

and classified into frequency (phase), resonant (time) and, multipath dispersion. Frequency 

dependent scatterer response to incident UWB pulse in a typical multipath channel is modeled by 

extending frequency-independent conventional channel models to include frequency-dependent 

scatterer response. The proposed model permits implementation of optimum matched filtering. 

Original contributions of this research include: 

 Resonant dispersion modeling in presence of noise using modified fuzzy 

clustering approach. 

 Statistical pole-residue scatterer-response modeling  

 A novel pole-dispersion channel model that includes frequency-dependent 

scatter response using the Singularity Expansion Method (SEM).  

 System level performance evaluation of the proposed pole-dispersion channel 

model for a communication link using correlation based matched-filter 

receivers.  

 

1.4 Overview of Dissertation 

The early chapters of the dissertation provide an overview of the dispersive channel using 

scatterer characterization, while the latter chapters validate the proposed new dispersive channel 

model using measurements and simulations. Chapter 2 presents a framework to understand and 

characterize dispersion in wideband wireless channels. Dispersion is poorly understood and 

illustrations are provided to identify and classify dispersive phenomena. Dispersive 

characteristics of outdoor and indoor ultra-wideband channels are also briefly addressed. 

 Chapter 3 presents an overview of various conventional wideband wireless channel 

models. Traditional channel characterization and modeling approaches are briefly discussed 

followed by a summary of the published work on UWB channel dispersion modeling. Analytical, 

deterministic, and stochastic channel modeling approaches are also briefly discussed.  

 Chapter 4 offers insight into the resonant scattering responsible for the signal distortion. 

The scatterer response from finite dimensional objects is modeled in terms of poles and residues 
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using the Singularity Expansion Method (SEM). Results from measurements are provided to 

illustrate waveform classification and unique pole-residue signatures of the scatterers. Pole-

residue extraction algorithms such as Prony’s method and the Matrix Pencil Method (MPM) are 

also described. A novel pole-dispersion channel model is presented based on the analysis of 

scatterer responses collected through measurements.  

Chapter 5 provides validation for the wideband wireless measurement campaign 

performed in the 50 MHz – 20 GHz frequency band. Responses of canonical structures such as 

conducting spheres and thin wire scatterers of various sizes are used to validate the scatterer 

response modeling incorporated in the pole-dispersion channel model. The pole-residue 

dispersion characteristics of scatterer response are validated through comparison of the estimated 

complex-pole positions from measured data and the complex-pole positions available 

analytically for canonical objects.  

Chapter 6 presents an alternate approach to the pole-residue dispersion characterization 

of scatterer response in terms of a small number of equivalent poles termed ‘fuzzy poles’. 

Measured and simulated scatterer responses of a straight wire and a conducting sphere are 

evaluated to extract equivalent ‘fuzzy poles’ at various noise levels. A modified fuzzy clustering 

approach is proposed as a solution to overcome the effect of noise. The original contribution is 

the demonstration that the estimated fuzzy poles offer a close match to the actual poles. 

Chapter 7 demonstrates that the pole estimation using fuzzy clustering approach can be 

further improved by incorporating the statistical behavior of the estimated poles in presence of 

noise. The combined fuzzy-statistical approach in estimating the true poles offers near-accurate 

results. The probability distribution, mean and standard deviation of the estimated poles is 

presented for a thin wire scatterer. The original contribution is a joint distribution of the real and 

imaginary components of the estimated poles evaluated for various noise levels.  

 The proposed pole-dispersion channel model is evaluated in Chapter 8. The effect of 

dispersion on UWB communication systems can be quantified in terms of the cross-correlation 

peak at the output of the correlation-based matched filter receivers. This chapter presents 

simulated and measured results demonstrating the advantage of using the proposed pole-

dispersion channel model over the conventional frequency-independent channel models in 

modeling the resonant channel dispersion. The robustness of the proposed dispersive channel 

model is evaluated using optimal matched-filter (OMF) approach with noisy channel estimates.  
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Finally, Chapter 9 presents an overall summary and conclusions. The original 

contributions of this dissertation are summarized followed by a short discussion on the 

possibilities for future work. 
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Chapter 2 – Overview of Ultra–Wideband Channel Dispersion  
 
 
 
Ultra-wideband (UWB) communication is expected revolutionize high data rate indoor wireless 

communications, providing data rates in excess of 100 Mbps [1, 2]. However, the indoor wireless 

channel distorts the transmitted sub-nanosecond pulse signal by dispersing the signal energy over 

time [3-5]. The channel dispersion degrades the output signal-to-noise ratio (SNRout) of a 

correlation based matched-filter receiver [6-8]. The motivation is to model the channel 

dispersion in order to improve the signal-to-noise ratio at the output of the matched filter receiver 

because SNRout determines the achievable channel data capacity in ultra-wideband 

communication systems.  

This chapter presents an overview of the UWB channel dispersion keeping in line with 

the objective to model dispersion and provide guidelines for UWB receiver design. The output 

signal-to-noise ratio (SNRout) of a correlation based matched-filter receiver is limited by the 

dispersive nature of the channel including the antenna effects. The channel dispersion can be 

classified as multipath dispersion, frequency dispersion, and resonant dispersion [3]. Prior 

research on dispersive channel characterization for ultra-wideband communication systems is 

limited to multipath dispersion with neither simulation nor measurement results reported that 

completely characterize other dispersive mechanisms such as resonant and frequency dispersion. 

There is a need to investigate all dispersion mechanisms in the study of means to mitigate 

distortion related losses.  
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The understanding of how the channel spreads transmit signal energy in time can lead to 

a receiver system design that compensates for dispersive distortion. Scattering wave propagation 

mechanisms, especially the response of scattering objects to ultra-wideband pulse excitation, 

have not been comprehensively investigated. Simple and accurate characterization of the 

scatterer response to incident ultra-wideband pulse contributes to the design of UWB receivers.  

This chapter examines dispersion and the various phenomena that lead to dispersion. A 

brief overview of basic wireless propagation mechanisms such as the reflection, diffraction, and 

scattering is presented in Section 2.1. Section 2.2 defines and classifies various dispersive 

phenomena observed in a wireless channel such as the multipath, frequency, and resonant 

dispersion. Section 2.3 compares the dispersion from the three types of the identified dispersive 

phenomena in terms of the time-duration of dispersed pulse. Section 2.4 briefly summarizes the 

dispersive characteristics of the outdoor and the indoor ultra-wideband (UWB) channels as 

reported in literature. Finally, Section 2.5 presents a summary of important issues addressed in 

this chapter.  

 

2.1 Overview of Propagation Mechanisms  

Basic propagation mechanism physics completely describes the dispersive characteristics of the 

channel. The basic propagation mechanisms, namely reflection, diffraction and scattering have 

proved to be useful in determining the multipath dispersive nature of wireless channel [9]. A 

graphical presentation of these mechanisms is shown in Fig. 2.1, which represents a typical 

indoor wireless channel. In this section, an overview of these three basic propagation 

mechanisms is presented and used to build a complete dispersive characterization of wireless 

channel.  

In an indoor environment, the ultra-wideband transmit signal interacts with the 

surrounding objects such as walls, the floor, the ceiling, windows, and furniture to produce 

multipath components at the receiver. Propagation mechanisms exhibit transient characteristics 

that are best studied in the time-domain because the ultra-wideband (UWB) applications have a 

very wide bandwidth (as much as 3.1 GHz – 10.6 GHz for indoor application). In an indoor 

multipath environment each propagation mechanism needs separate treatment to characterize 

different dispersion phenomena. 
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Figure 2.1 Illustration of basic propagation mechanisms as observed in a typical indoor channel. 
   

A generalized channel impulse response can be expressed as the summation multipath 

components each representing a different propagation mechanism [10]: 

  ( ) ( ) ( ) ( ) ( )τττττ ,,,,, ththththth sdrLOSC +++=         (2.1)      

where hC (t,τ) = complete channel impulse response 

 hLOS (t,τ) = channel impulse response of the line-of-sight component 

  hr (t,τ) = channel impulse response of single or multi-reflected rays 

 hd (t,τ) = channel impulse response of diffracted multipath components 

 hs (t,τ) = channel impulse response of scattered multipath components 

Reflection, which occurs when the object size is much greater than the wavelength of an 

incident electromagnetic wave, is a well-characterized and modeled mechanism. In a typical 

indoor environment, the walls, the floor, and the ceiling reflect the incident electromagnetic 
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wave. In a line-of-sight (LOS) scenario, the LOS component is usually the strongest in terms of 

energy content followed by the reflected component. Diffraction occurs when an electromagnetic 

wave strikes the edge of an object such as a windowsill or a piece of furniture. Some of the 

diffracted waves reach the receiver even if the receiver is shadowed from the transmitter. 

Scattering occurs when the object size is comparable to or smaller than the incident 

electromagnetic wave wavelength [10]. Scattering typically occurs from rough surfaces, small 

furniture objects in an indoor environment and foliage, and lampposts in an outdoor 

environment. 

 

2.1.1 Reflection 

Reflection is usually the dominant indirect propagation mechanism and determines the multipath 

nature of the wireless channel. Reflection occurs when an electromagnetic wave propagating in a 

medium encounters another medium in its path with different electromagnetic properties 

(permittivity εr, permeability µr, and conductance σ). The amplitude of the multipath component 

due to reflection from the objects in the environment can be determined by the reflection 

coefficient, which is a function of frequency, polarization, angle of incidence and the type of 

material. 

 Realistic channel modeling of an indoor multipath environment requires consideration of 

multipath components that have significant contribution to the received signal. Three-

dimensional deterministic modeling of an indoor environment with reflections is computationally 

intensive. Ray–tracing methods like Geometrical Optics (GO) and Physical Optics (PO) 

deterministically model reflection mechanism [11]. Ray–tracing methods in time-domain 

determine the amplitude of the reflected multipath component using the time-domain dyadic 

reflection coefficient [12] 

  ( ) ( ) ( ) eeee ri
vp

ri
hpr ttt ˆˆˆˆ ||||Γ+Γ=Γ

⊥⊥           (2.2) 

where Γhp and Γvp are reflection coefficients for horizontal and vertical polarizations. 

Stochastically, reflection is modeled by the distribution of amplitude in the multipath channel 

impulse response. Statistical modeling of various dispersion mechanisms is described in detail in 

the next chapter.  
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2.1.2 Diffraction 

The diffraction component of the received signal is weak compared to the reflection component. 

Diffraction occurs when an electromagnetic wave propagating in a medium strikes an object 

edge, resulting in secondary radiation in all directions [13]. The components diffracted from an 

edge exhibit different amplitude and waveform distortion compared to the multipath components 

reflected from smooth surfaces. Similar to reflection, the amplitude of the diffracted multipath 

components can be determined by the diffraction coefficient that depends on the object, incident 

angle, and exiting angle. 

 Simplistic channel models almost always neglect diffraction and consider only the 

reflection mechanism. However, for wideband signal applications, accurate characterization of 

propagation requires inclusion of principal diffraction mechanisms, especially in an indoor 

multipath environment. Just as reflection can be modeled deterministically by ray–tracing 

methods, so can diffraction be deterministically modeled by incorporating diffraction principles 

into ray tracing methods, such as in the Geometrical Theory of Diffraction (GTD) and the 

Uniform Theory of Diffraction (UTD) [14-16]. Hybrid statistical–deterministic methods allow 

inclusion of diffraction through statistical impulse response characterization combined with the 

deterministic diffraction coefficient determination [17].  

 

2.1.3 Scattering 

Scattering is the least understood and modeled of the three basic propagation mechanisms. 

Scattering occurs when the object size is comparable or smaller than the wavelength of the 

incident electromagnetic wave [10]. Scattering mechanisms can be completely determined by 

knowing [18] 

 The geometrical relationship between the transmitter, receiver and scatterers 

in a given environment 

 The response of scatterers to incident electromagnetic waves. 

Most research efforts in scattering phenomenon characterization have focused on 

determining the environment geometry. The geometrical relationship of the communication 

system to the surrounding scatterers helps in understanding the multipath propagation. It can be 

found deterministically using site–specific numerical channel measurement tools [19-21]. 
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Although such site–specific experimental tools provide complete details of the environment, they 

require large measured data sets. In comparison, simple geometrically based single scatter 

bounce channel models can statistically model the geometric nature of the environment with 

sufficient accuracy [22]. Such models require knowledge of the time-dispersion characteristics of 

the channel specified in terms of the delay spread. 

The response of scatterers to an incident wideband electromagnetic pulse is frequency 

dependent [23-25]. The responses of the scatterers to wideband pulses have not been included 

into channel modeling because most wireless application bandwidths are relatively narrow  (a 

few MHz) compared to that of the ultra-wideband applications (500 MHz – 7.5 GHz 

bandwidths). The later chapters of this dissertation address statistical characterization and 

modeling of the scattering response mechanism that include the resonant dispersion and 

frequency dispersion. 

 

2.2 Ultra-Wideband Signal Dispersion and Characterization  

Dispersion is commonly defined as any phenomenon in which the signal-energy or information 

spreads over time; however, there are other definitions for various applications. Classical 

electromagnetism defines dispersion to be any phenomenon in which the velocity of propagation 

of an electromagnetic wave is wavelength dependent [13, 26]. Frequency dependent velocity 

causes some frequency components to experience different time delays. In the field of signal 

processing, dispersion is defined as the spreading of the signal over time when passed through a 

band-limited channel or filter [27, 28]. Wireless communications defines dispersion as the time 

spreading of the signal observed at the receiver due to the multipath phenomena [29, 30].  

This section investigates the following basic dispersion phenomena:  

1) Frequency (phase) dispersion 

2) Resonant dispersion 

3) Multipath dispersion 

 

2.2.1 Frequency Dispersion 

Frequency dispersion is the spreading in time of signal energy due to frequency dependent time-

delay and is observed in the response of most wideband antennas. It can be viewed as the failure 
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of the antenna structure or scatterer to radiate or re-radiate all frequency components 

simultaneously [13]. For example, spiral antennas exhibit chirp-like time-domain response to 

UWB pulse excitation. The frequency dispersive characteristics of spiral antennas have been 

investigated for sub-nanosecond wide Gaussian impulse excitation [31, 32]. Similarly, log 

periodic and TEM horn antennas are also dispersive [33, 34].  

Wideband antennas introduce frequency selective time-delay due to their physical 

structures. Figure 2.2 shows the time-domain response of a link consisting of two log-periodic 

antennas with a direct line-of-sight (LOS) path from a 50 pico-second Gaussian pulse excitation. 

A vector network analyzer (VNA-8510) was used to measure the LOS link between the two log-

periodic antennas.  
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Figure 2.2 Time-domain response of a link of two log-periodic antennas in a line-of-sight path 

from a 50 pico-second Gaussian pulse excitation.  
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 When these wideband antennas are excited with a sub-nanosecond Gaussian pulse, the 

pulse travels from the point of excitation in the center to the edge of the antenna, resulting in the 

radiation of the high frequency components followed in time by lower frequency components. 

This phenomenon is called frequency dispersion, which is exhibited by a chirp-like signal that 

extends the pulse duration by 2–10 nsec. 

 The amplitude of the frequency response of the link between two log-periodic antennas is 

fairly flat over the UWB range of frequencies as seen in Fig. 2.3. This indicates that all 

frequency components of the wideband Gaussian pulse are transmitted with nearly equal 

strength. However, the associated phase response shown in Fig. 2.4 is not linear, indicating that 

some frequency components of the transmitted signal experience more time delay compared to 

some other frequency components. High frequency components have less time delay than the 

low frequency components, resulting in a chirp-like response as seen in Fig. 2.2. 
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 Figure 2.3 Frequency amplitude response of a link of two log-periodic antennas in a line-of-

sight path from a 50 pico-second Gaussian pulse excitation. 
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Figure 2.4 Phase delay response of a link of two log-periodic antennas in a line-of-sight path 

from a 50 pico-second Gaussian pulse excitation. 
 

2.2.2 Resonant Dispersion  

Resonant dispersion is the spreading of pulse energy over a time duration longer than that of the 

excitation pulse due to the presence of surface current resonant modes. It can be viewed as the 

failure of the antenna structure to radiate all frequency components with equal gain. Some 

frequency components are emphasized which causes resonance at those frequencies after the 

excitation pulse has passed giving a lingering excitation and response.  

Resonant dispersion is observed in the time-domain response of an arbitrary scatterer in 

an indoor environment. Figure 2.5 shows a measurement setup in a hallway environment with an 

empty Coke® can as a scatterer illuminated using two TEM horn antennas. The measured data 

were collected using a VNA HP8510 over a frequency range of 400 MHz to 12 GHz in 
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accordance with the FCC specifications for indoor UWB communications [35]. The experiment 

setup is explained in detail in Section 5.2.3. When excited with a Gaussian pulse of duration 50 

pico-seconds, the time-domain response exhibits a specular component that corresponds to the 

reflection of the smooth metallic structure followed by a resonant (time) dispersion component. 

Figure 2.6 shows the time-domain response of a Coke can after correcting for the unwanted 

reflections from the hallway structures and after deconvolution of the antenna effects [36]. 

Figure 2.7 shows the corresponding frequency-domain response, which is not flat with some 

frequencies emphasized. These frequencies correspond to the resonant frequencies observed in 

the time-domain response.  
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Figure 2.5 A measurement setup in a hallway environment with an empty Coke® can as a 

scatterer illuminated using two planar TEM horn antennas. The measured data were collected 
using a VNA HP8510 over a frequency range of 400 MHz to 12 GHz. 

 

 20



2 3 4 5 6 7
-0.25

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

Time (t), nsec

s 21
 (V

)

Specular component

Resonant component

 
Figure 2.6 Time-domain response of a scatterer (Coke® can) due to a 50 pico-second Gaussian 

pulse excitation. The scatter response is corrected for unwanted reflections from the hallway 
structures and deconvolved of the antenna response. 

 
The time-domain response of most finite dimensional objects with smooth surfaces 

(without edges) exhibits damped resonance. The resonant dispersion is visible in the response 

from smooth finite dimensional objects and it extends the pulse over a time-duration of 2–4 nsec.  

The resonant dispersive nature of the scatterer response can be modeled as frequency selective 

filtering that magnifies certain frequency components. However, there is no frequency dependent 

delay as is observed in frequency (phase) dispersion. 
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Figure 2.7 Frequency amplitude response of a scatterer (Coke® can) due to a 50 pico-second 
Gaussian pulse excitation.  

 

2.2.3 Multipath Channel Dispersion 

Multipath dispersion, defined as the time spreading of the transmitted signal observed at the 

receiver due to the multipath phenomena [29, 37], is the dominant of the three dispersion 

phenomena. Multipath dispersion spreads the pulse over a much longer time interval compared 

to the frequency and resonant dispersion as seen in Fig. 2.9 for a typical indoor environment.  

Multipath dispersion can be viewed as the characteristic feature of a wireless channel, 

which causes the transmitted signal to arrive at the receiver with different delays due to the 

multipath phenomena. A multipath dispersive channel can be quantified in terms of the RMS 

delay spread, which is defined as the square root of the second central moment of the power 

delay profile [9, 38]. For wideband signals with symbol duration smaller than the delay spread, 
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channel dispersion causes inter-symbol interference (ISI) and, thus, limits the capacity of UWB 

systems.   

The impulse response of a dispersive channel can be observed with measured power 

delay profiles (PDP) of the dispersive wireless channel using a channel sounding technique [29, 

39]. Channel dispersion spreads the signal energy over several tens of nanoseconds, 

corresponding to several feet of separation between the first and the last significant multipath in 

the indoor environment. To illustrate multipath dispersion, the power delay profile of an indoor 

hallway environment is shown in Fig. 2.8 at discrete instants of time. Planar TEM horn antennas 

were mounted on pedestal at a height of 0.83 m and separated by a distance of 3.1 m (10.2 ft.). 

The indoor hallway environment is described in detail in Section 5.2.3. 
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Figure 2.8 Measured Power Delay Profile of an indoor hallway environment using a VNA HP 
8510B and two planar TEM horn antennas placed at a distance of 3.1 m (10.2 ft.), using 0.83 m 

antenna height within a frequency of 100 MHz to 12 GHz. 
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The RMS delay spread of the channel also depends on the directivity and the heights of 

the transmitting and receiving antennas. The type of scenario (line-of-sight or obstructed) and the 

range of operation also affect the delay spread. The multipath dispersive nature of the channel 

can be modeled as a tapped delay line.  

 

2.3 Comparison of Frequency, Resonant and Multipath Dispersions  

Ultra-wideband communication systems employ Gaussian shaped nano-second pulses to achieve 

high data rates (in excess of 100 Mbps) over a short distance. The pulse width of a Gaussian 

shaped UWB pulse ranges from few hundreds of Pico-seconds (to cover entire 3.1 GHz – 10.6 

GHz band) to 2 nano-seconds (covering the minimum UWB bandwidth of 500 MHz). In the 

previous section, dispersion phenomena was described and classified into three categories:  

iv. Frequency (phase) dispersion: caused by frequency dependent delay  

v. Resonant dispersion: caused by ringing response from scatterers 

vi. Multipath dispersion: caused by multipath propagation and well characterized 

by RMS delay spread. 

In comparison to sub-nanosecond UWB pulses, resonant and frequency dispersion are 

significant, as seen in Fig. 2.9. Multipath dispersion dominates for large indoor environments; 

however, for office or room sized indoor channels, other dispersive mechanisms cannot be 

ignored. It is interesting to note that the frequency dispersion is on the order of 2–8 nsec, 

resonant (time) dispersion is on the order of few hundreds of Pico-seconds to few nanoseconds 

(up to 4 nsec), and multipath dispersion is on the order of 1–30 nsec for a typical office 

environment [Cra02]. The widely perceived notion that channel (multipath) dispersion limits the 

data rate is not completely correct. Frequency and resonant dispersion can also be responsible for 

limiting the data rates in UWB communication systems. 
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Figure 2.9 Comparison of the time-dispersion in nano-second of the three dominant dispersive 
phenomena in a typical indoor environment. The time duration of a typical UWB pulse (150 ps 
to 2 ns, corresponding to the application frequency range of 7 GHz and 500 MHz, respectively) 

is also shown for reference.  
 

2.4 Dispersive Characteristics of UWB Propagation Channels 

The dispersive characteristics of the UWB propagation channel are best understood by 

employing the scattering center approach. Electrically large (size >> λ) physical objects that 

scatter the incident electromagnetic field can be resolved into various canonical structures that 

are frequency dependent. The scattering center approach permits modeling of the resonant 

dispersion because the scatter response has frequency dependency. In fact, by employing the 

scatter center approach, the channel characterization problem is converted to a scatter object 

characterization problem [40].  

Hurst and Mittra [24] employed time-domain analysis to decompose electrically large 

objects into several frequency dependent scattering centers. Qiu [37] reported the temporal 

dispersive characteristics of UWB pulsed systems to distinguish the contributions of different 

multipath components. Measurements performed in the 2 – 2.67 GHz band [17] validated the 

scatter center theory; that is, the total received signal can be decomposed into various frequency 
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dependent scatter centers. Further investigations were reported that describe frequency 

dependent multipath channel effects [36, 38, 40].  

Improved receiver designs will be required in the future to combat the distortions 

introduced by the dispersive wireless channel. Prior research in dispersive channel 

characterization has focused only on multipath dispersion. Neither simulation nor measurement 

results have been reported that characterize resonant dispersion for ultra-wideband wireless 

communication systems. At present, there is no comprehensive treatment of channel dispersion 

applied to wireless communication systems.  

Accurate characterization of UWB channels is important for proper design of receiver 

systems. UWB systems will operate with a bandwidth that significantly exceeds conventional 

channel measurement and modeling techniques. UWB channels can be classified into two main 

categories: indoor and outdoor. The indoor UWB channel, just like most wideband indoor 

channels, is short-distance and characterized by high scatterer density. In contrast, the UWB 

outdoor channel is long-range with medium scatter density. In the following sub-sections, a brief 

overview of the dispersive characteristics of both the outdoor and the indoor UWB channels is 

presented. 

 

2.4.1 UWB Outdoor Channel 

UWB outdoor channel characterization in a rural area was first reported in 1997 based on 

measurement results with a bandwidth of 1.3 GHz [41]. The UWB channel characterization in 

[41], like most conventional channel characterizations, reported propagation loss and forest-

vegetation loss. The UWB outdoor channel exhibits multipath dispersion with an increase in 

RMS delay spread from 31 ns to 49 ns as the transmitter-receiver distance increased from 3 m to 

15 m. In order to investigate the amount of degradation introduced by the multipath channel, [41] 

proposed the concept of an Infinite RAKE receiver, which would, ideally, completely match the 

reference signal to the received signal waveform. 

 Schiavone et al. [42] presented simulation results to characterize an UWB outdoor 

channel for a dense forest environment using a combination of ray tracing and Finite Difference 

Time Domain (FDTD) methods. This combination of methods permits inclusion of the dielectric 

constants of the trees, antenna polarizations and separations, while simultaneously reducing the 

complexity of the simulation task. Data available from measurements and simulations illustrate 
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that up to a distance of 150 ft., horizontal polarization produced better signal-to-noise values 

compared to vertical polarization for the frequency range of 3.1 to 10.6 GHz. Large-scale 

propagation characteristics of UWB signals are investigated and reported in [43]. The lognormal 

fading is observed with standard deviation of 6 dB when the path loss exponent remains constant 

at about 2.7 in outdoor environments [43].  

 The outdoor UWB channel exhibits resolvable multipath components with expected 

delays ranging from 13 ns to 63 ns for a separation of 15 m. For outdoor UWB systems, with 

small pulse durations on the order of few nanoseconds, allows high resolution to distinguish 

closely arriving multipath components. The multipath dispersive nature of the wideband wireless 

channel is briefly discussed in [44-46]. However, none of these papers offer any insight in to the 

frequency or temporal dispersive nature of the UWB outdoor channel.  

 

2.4.2 UWB Indoor Channel 

Significant work has been reported on characterization of indoor wideband channels, with [47] 

providing an exceptionally good summary of the significant contributions. Narrowband 

characterization of an indoor channel [44, 45] shows that for measurements conducted over the 

frequency range of 850 MHz to 5.8 GHz, the path loss due to propagation through floors and 

walls is independent of the frequency. However, the frequency selective delay or resonant 

response of the walls or floors was not investigated.  

Wideband characterization of indoor channel has been limited to investigating the 

multipath dispersive nature of the indoor channel. Time–domain, ultra-wideband multipath 

channel investigations [12, 47-49], report following important features of an indoor UWB 

channel: 

 The contributions of multipath components due to diffraction are much smaller 

than that of multipath components due to reflection. 

 Energy in horizontally polarized multipath components is comparable to the 

vertically polarized rays for vertically polarized transmit antenna. 

 Significant pulse waveform distortion occurs due to diffraction and scattering off 

the objects with negligible distortion due to reflection. 

 Higher order multiple reflections contribute to the received signal energy with 

diminishing intensities and can be neglected for orders higher than three.  
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For an indoor UWB channel, multipath signal components arriving early exhibit little 

frequency dependence [36], indicating that the multipath components that arrive late are more 

distorted than those that arrive early. For high-resolution measurements, time-adjacent multipath 

component amplitudes exhibit strong correlation due to scattering off the same object [22, 46]. 

For a line-of-sight (LOS) indoor environment, the direct LOS component amplitude is 

uncorrelated with the amplitude of a multipath component that arrives with a delay of more than 

16 nsec [50]. For the obstructed indoor environment, multipath components with delay 

differences in excess of 25 nsec exhibit uncorrelated amplitude [51]. For a highly dense 

scattering environment, uncorrelated amplitudes of the multipath components indicate scattering 

off different objects with uncorrelated time of arrival at the receiver. The amplitude of the 

multipath components is strongly correlated to the time of arrival because greater path lengths 

indicate higher attenuation.  

Multipath dispersive characteristics of an indoor channel show that the number of 

resolvable multipath components increases not only with increasing range but also with 

decreasing receiver threshold (or increasing sensitivity of the receiver). The received signal in 

the indoor environment appears to consist of groups of multipaths called clusters. Measurements 

by Saleh and Valenzuela [52] conducted at 1.5 GHz using 10 ns pulses show that the time of 

arrival of the clusters as well as the rays within the clusters has a Poisson distribution (with 

different parameters). The general structure (wall, floor, etc…) and dimension of the indoor 

environment determine the number of resolvable clusters, while the individual scatterers close to 

the indoor structures are responsible for the individual rays received within clusters. Pulse 

broadening due to multiple multipaths arriving within a cluster indicates multipath dispersion 

[52].  

The rms-delay spread (τrms), to be defined in (3.5), is a measure of the multipath 

dispersion introduced by the channel. It offers a useful means to determine the performance of 

wireless communication systems in an indoor multipath environment.  

 

2.5 Chapter Summary 

Pulse distortion due to various types of dispersion reduces the output SNR of the matched filter 

receiver and thus, limits the achievable data-rate capacity in UWB communication systems. A 
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brief overview of wireless propagation mechanisms, namely reflection, diffraction and scattering 

are presented from the perspective of dispersion. The response of the scatterers combined with 

the multipath mechanism requires thorough investigation. Based on the observations and 

applications, different fields of science have different definitions of dispersion. Section 2.2 

presents definitions and classification of various dispersive phenomena. Based on these 

underlying phenomena, dispersion is classified into frequency (wavelength dependent delay) 

dispersion, resonant (ringing response) dispersion and, multipath dispersion. A comparison of the 

dispersive phenomena is presented in Section 2.3. 

In Section 2.4, an overview of the dispersive characteristics of the outdoor and the indoor 

UWB channels indicates that multipath mechanism and narrowband path loss issues have been 

much emphasized. Work on the separation of multipath components within a cluster makes a 

significant contribution towards investigation of the other dispersive mechanisms. This chapter 

provides a groundwork for the UWB dispersive channel modeling through understanding how 

the channel spreads the transmit signal energy in time. Scattering wave propagation mechanisms, 

especially the response of scattering objects to ultra-wideband pulse excitation, have not been 

comprehensively investigated. The objective of the following chapter is to build upon existing 

channel model to include resonant dispersion mechanism in order to compensate for dispersive 

distortion. Characterization and modeling of scatterer response contributes to reliable design and 

deployment of UWB receivers.   
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Chapter 3 – Overview of Ultra–Wideband Channel Dispersion 
Modeling  

 
 
 
Ultra-wideband (UWB) systems are defined by the FCC [1] as systems with absolute signal 

bandwidth exceeding 500 MHz or with a relative -20 dB bandwidth greater than 25%. A large 

signal bandwidth ranging from 500 MHz to 7.5 GHz promises tremendous advancement in 

indoor communications [2, 3], ground penetrating radar [4-6], and bio-medical applications [7-

9]. Accurate channel characterization and modeling for ultra-wideband applications is important 

for system design. The previous chapter presented an overview of ultra-wideband channel for 

indoor and outdoor communications. Moreover, the observed dispersion phenomena were 

classified into multipath, frequency (phase) and resonant dispersion. This chapter presents an 

overview of UWB communications channel models with emphasis on dispersion modeling. 

Although the focus of this dissertation is to model dispersion in UWB communication systems 

the dispersion models are also applicable for other UWB systems such as buried landmine 

detection and breast tumor imaging. 

 Communication channel models are proposed based on a combination of empirical data 

and a reasonable physics-based explanation. Communication systems design requires accurate 

information on received signal strength and the waveform. Large-scale channel modeling 

provides necessary information on the received signal strength, which is used for coverage 

planning and link-budget analysis [10]. Small-scale channel modeling is necessary to estimate 

the received signal waveform, which is used for receiver architecture design [11]. 

Communication channel models are proposed based on following approaches [12]:  
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(a) Analytical Physics-based modeling 

(b) Deterministic channel modeling, 

(c) Statistical channel modeling based on empirical data, and 

(d) A hybrid statistical-deterministic channel modeling 

Various types of UWB communication channel scenarios such as outdoors vs. indoors, 

line-of-sight vs. obstructed, and hallway vs. office environment influence the choice of a channel 

modeling approach. The simplest approach is to use an analytical formula such as Friis’ free 

space transmission equation to determine channel characteristics without any measurements or 

simulations. This approach is overly simplistic and does not provide accurate modeling of the 

UWB communications channel. Availability of resources also plays an important role in the 

choice of approach. An empirical channel modeling approach is the most accurate and site-

specific, but is an expensive undertaking in terms of resources and time.  

Other channel modeling approaches lie in between the analytical and the empirical 

channel modeling approaches. A simplified but sufficiently accurate approach is a deterministic 

ray-tracing method that uses high frequency approximation for wave propagation. Deterministic 

modeling requires large computing resources and environment information to simulate a 

complex propagation scenario. A further simplification is achieved by using statistical 

parameters determined from pilot empirical data that completely describe the channel. A brief 

comparison of analytical, statistical, and deterministic channel modeling techniques is presented 

in Table 3-1. 

This chapter begins with a brief discussion of large-scale channel models in Section 3.1 

for ultra-wideband communications. A brief overview of analytical, statistical, and deterministic 

path loss channel models is presented. Frequency dependent path loss effects observed for ultra-

wideband communications is also briefly discussed. Small-scale UWB channel models are 

described in Section 3.2 with deterministic ray-tracing methods and statistical impulse response 

models described in Section 3.2.1 and Section 3.2.2, respectively.  

Traditionally, small-scale channel modeling emphasizes multipath dispersion 

phenomenon because it is observed to be the dominant channel effect for conventional wireless 

and mobile communications. Section 3.3 describes various hybrid channel-modeling approaches 

that combine statistical and deterministic modeling to include frequency dependent channel 

effects. Moreover, it allows frequency-dependent modeling and permits a trade-off between 
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required accuracy and available computing resources [13, 14]. Limitations of all conventional 

UWB channel models in modeling frequency (phase) dispersion as well as resonant dispersion is 

briefly discussed. Finally, Section 3.4 summarizes important ultra-wideband channel modeling 

issues presented in this chapter.  

 
Table 3-1 Comparison of Channel Modeling Approaches 

UWB Channel Modeling Approaches 
Characteristics 

Analytical Statistical  
(based on experiments) Deterministic 

(a) Computational 
Requirement None Low Very High 

(b) Environment 
Specification 
Requirement 

Little Low Detailed site 
information 

(c) Physical Basis Approximate None/Low High  

(d) Complexity None Low/High Very High 

(e) Accuracy Poor Good Very Good 

 

3.1 Large-Scale UWB Channel Models 

Large-scale channel modeling provides information on the received signal strength necessary for 

planning and estimating service coverage. Large-scale channel models describe signal 

attenuation in terms of the path loss (PL), path loss exponent (γ), and standard deviation of 

shadow fading (σ) [15]. A brief overview of analytical, statistical, and deterministic path loss 

channel models is presented for ultra-wideband (UWB) communications. Frequency dependent 

path loss effects observed for ultra-wideband communications is also briefly discussed. Because 

the emphasis of this dissertation is to characterize dispersion, which is a wideband phenomenon, 

a brief discussion of narrowband path loss channel models is presented.  
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3.1.1 Analytical UWB Path Loss Channel Modeling  

Analytical path loss channel models provide an overly simplified channel characterization that is 

employed in the initial planning of wireless-service coverage. This approach is widely used for 

determining an estimate of cell coverage for mobile cellular communications [16]. This 

approach, however, is usually followed by deterministic or measured channel characterization 

for more accurate channel analysis. For example, the Friis’ free-space transmission equation 

provides an analytical expression to predict the received signal strength for conventional 

narrowband communication systems [17]. Recently, the standards task group for UWB Wireless 

Personal Area Network (WPAN) has proposed a free-space path-loss model based on the Friis’ 

formula [18]. The UWB path loss in free-space, which is actually the propagation spreading loss, 

is given by [18] 

24 ⎟
⎠
⎞⎜

⎝
⎛= λ

π dL             (3.1) 

where the wavelength λ corresponds to the center frequency fc = 6.85 GHz for 3.1 – 10.6 GHz 

UWB communications band. Note that the presence of wavelength λ in (3.1) is because of the 

implicit assumption that the antennas have constant gain. The UWB path loss in free-space given 

by (3.1) can be interpreted erroneously as frequency dependent path loss [19]. The choice of 

constant gain versus constant aperture antennas at transmit and receive ends of a UWB 

communication link influences the estimation of the path loss [20].  

The UWB path loss in free-space, proposed by the standards task group for UWB 

Wireless Personal Area Network (WPAN), is an example of analytical UWB path loss channel 

modeling. Although the free-space propagation spreading loss is widely accepted as path loss, 

path loss should not be interpreted as frequency-dependent. Comparison of pulse shape measured 

at various distances in a line-of-sight (LOS) scenario showed negligible variations, indicating 

that path loss does not introduce frequency dependent pulse distortion [21]. UWB path loss in 

free-space environment is always frequency independent while the received signal power can be 

frequency dependent [19-21].  

Since the emphasis of this dissertation is to model frequency-dependent dispersive 

phenomena, interested readers are encouraged to see [19-22] for further information on 

analytical path loss models in ultra-wideband communication systems. 
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3.1.2 Statistical UWB Path Loss Channel Modeling  

Extensive research efforts have reported path loss characteristics for ultra-wideband (UWB) 

communication links for outdoor as well as indoor environments [22-28]. Path loss channel 

statistics, calculated from pilot experiments, are described using a few statistical parameters. 

This approach, which uses empirically determined path loss propagation parameters, is also 

called parametric modeling [29]. Large-scale propagation parameters such as the mean path loss 

(PL), path loss exponent (γ) and standard deviation of shadow fading (σ) are stochastically 

modeled based on the measured data. Table 3-2 summarizes statistical path loss models for 

UWB communications reported in literature. 

 
Table 3-2 Overview of Statistical UWB Path Loss Channel Models reported in literature 

Measurement 
Method 

Frequency 
Range 
(GHz) 

Environment 
(Scenario) 

Distance 
Range 

(m) 

Parameters 
Statistically 

Analyzed 
Reference  

4.375 – 
5.625 

Residential (LOS 
& NLOS) 1 – 15 PL , γ , σ AT&T Labs-Research, 

[26, 28] 

2 – 8 
Residential & 

Commercial 
(LOS & NLOS) 

0.8 – 
10.5 PL , γ , σ 

AT&T Labs-Research, 
WINLab, & Harvard 
Univ. [27, 30] 

1 – 11 Corridor & Office 
(LOS & NLOS) 1 – 12  PL

Whyless Consortium 
[31, 32] 

0.1 – 12 Office & Hallway 
(LOS & NLOS) 1 – 14 PL , γ , σ Virginia Tech [22, 23]  

Sweep 
Frequency 
using 
Network 
Analyzer 

1 – 13 Indoor (LOS & 
NLOS) 4 – 14  PL , γ , σ Acorde Comm. & Univ. 

de Cantabria [33] 

1.25 – 2.75 Office (LOS & 
NLOS) 9 – 23 PL , γ , σ Time Domain Corp. 

[34] 
BW* = 1.3 

GHz 
Office (LOS & 

NLOS) 5 – 18 PL , γ , σ AT&T Labs-Research, 
[35, 36] 

BW = 1.3 
GHz Outdoor Forest 3 – 18.3 PL

Univ. of Southern 
California & Time 
Domain Systems [3] 

Time domain 
Pulse 
Method 

0.1 – 12 Office & Hallway 
(LOS & NLOS) 1 – 14 PL , γ , σ Virginia Tech [24] 

* BW: Bandwidth 
PL : mean path loss,  
γ : path loss exponent, and  
σ : standard deviation of shadow fading 
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The above mentioned statistical path loss models assume that path loss is frequency 

independent. However, the wide UWB signal bandwidth requires careful examination, which is 

discussed in the next section on deterministic large-scale channel modeling. Parametric UWB 

path loss channel modeling is based on extensive empirical data collected using either of the two 

measurement methods: sweep-frequency method using vector network analyzer or time-domain 

channel sounding method using pulse generator [22]. 

 

3.1.3 Deterministic UWB Path Loss Channel Modeling  

Deterministic channel modeling using ray-tracing and site-specific information is a popular 

approach to calculate service-coverage for indoor communications [37, 38]. It offers accurate 

modeling of the environment but requires specific information about the environment and 

significant computing resources to simulate a complex propagation scenario. Most deterministic 

channel modeling techniques use ray–tracing methods such as Geometrical Optics (GO), which 

is a high-frequency approximation for wave propagation [39]. Ray-tracing combined with 

diffraction modeling techniques such as the Geometrical Theory of Diffraction (GTD) and the 

Uniform Theory of Diffraction (UTD) accurately model diffraction mechanisms [40].  

Ray-tracing methods have been widely used to model large-scale path loss characteristics 

of indoor environment for conventional narrowband and wideband systems [41-44]. However, 

application of ray-tracing methods to ultra-wideband communications has shown that path loss 

varies with frequency because of frequency-dependent dispersion mechanisms [40, 45]. This 

frequency dependency of path loss leads to pulse distortion in the time domain [46, 47]. Table 3-

3 summarizes deterministic path loss modeling using time domain ray-tracing methods combined 

with UTD for UWB communications reported in literature. 

The list of popular UWB deterministic channel models in Table 3-2 is not 

comprehensive. Several studies have reported and analyzed frequency dependent distortion of 

ultra-wideband pulses, but have not addressed the frequency dependent large-scale channel 

propagation characteristics [46-49]. It is beyond the scope of this dissertation to provide a 

detailed discussion of narrowband path loss channel models. The emphasis of this dissertation is 

to characterize dispersion, which is a wideband phenomenon modeled by small-scale channel 

parameters. Thus, the remainder of the chapter focuses on the UWB wideband impulse response 

channel models. 
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Table 3-3 Ultra-wideband (UWB) Large-Scale Channel Characterization using Deterministic 

Ray-Tracing Methods reported in literature 

Environment 
(Scenario) 

Frequency 
Range (GHz) 

Parameters 
Investigated  Method Reference: 

Indoor  
(single room, 

room-to-room) 
3.1 – 10.6 Path Loss, and 

Pulse Distortion TD–UTD Microsoft Research & 
Tsinghua Univ. [45, 50]

Indoor (office) 1 – 6.5  Path Loss, and 
BER TD–UTD Jiangsu Univ. [51] 

Indoor & 
Outdoor - Path Loss, & 

Distortion UTD LCST/IETR & 
SIRADEL, Rennes [52] 

Outdoor Farm 
(LOS & 
obstructed) 

7.5 GHz 
(bandwidth) 

Path Loss, and 
Service 

Coverage 

3-D Ray 
Tracing 

Freescale 
Semiconductors [53] 

Indoor / Outdoor 5 GHz 
(Bandwidth) 

Path Loss, and 
Power Spectral 

Density 
2-Ray UTD Comm. Research Center, 

Ottawa [54] 

   

3.2 Small-Scale UWB Channel Modeling 

Small-scale channel modeling provides information necessary for efficient receiver design. The 

small-scale channel characteristics are extracted from several impulse response realizations 

either collected from measurements or using deterministic ray-tracing methods. Most small-scale 

UWB channel models extend the conventional channel model frequency limits to characterize 

the time-delay channel dispersion in terms of mean excess delay, maximum excess delay, RMS 

delay spread, and the number of paths. This section discusses the conventional wideband channel 

models applied to ultra-wideband communication systems as well as any novel small-scale UWB 

models.  

The geometrical properties of the transmitter, receiver, and scatterers define the multipath 

characteristics of a physical environment. Multipath effects lead to time-delay dispersion for 

wideband signals [16, 55-57]. Site-specific measurements and modeling approaches are 

becoming popular based on geometrical and deterministic models. Section 3.2.1 provides a brief 

discussion on the deterministic UWB channel models highlighting the advantages and 

disadvantages of various ray–tracing methods. Section 3.2.2 gives an overview of impulse 
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response based stochastic channel modeling along with the original Turin’s impulse response 

channel model [58] and various modifications.  

 

3.2.1 Deterministic UWB Small-Scale Channel Modeling  

Deterministic channel modeling approaches accurately model the channel, but require detailed 

site–specific structural information of the environment such as the geometrical information of the 

environment, electromagnetic properties of interacting surfaces and discrete scatterers as well as 

the position of the transmitting and receiving antennas. Moreover, deterministic modeling 

requires large computing resources to simulate a complex propagation scenario. Some of the 

commonly used deterministic channel-modeling tools are summarized below. 

 
3.2.1.1 Ray-tracing Modeling Method 

Ray-tracing methods employ the high frequency approximation based on Geometrical Optics 

(GO) principles to model the received signal waveform as a superposition of significant rays 

arriving at the receiver [59].  This method is based on Fermat’s Principle, which states that a 

signal modeled by a ray follows the shortest path connecting from the transmitter to the receiver 

[55]. Reflection, refraction, and diffraction depend solely on the geometric properties of the local 

region of the object and the incident electromagnetic field in the immediate neighborhood of the 

point of interaction.  

The two popular approaches to ray tracing are: (a) Image method, and (b) Brute-force 

method [39]. The Image method produces images at all reflecting planes and its computational 

complexity increases exponentially with the increase in the number of the reflecting planes of the 

environment. In the Brute-force ray tracing method, a finite set of rays is transmitted in selected 

directions based on the range and the environment. The accuracy of the model depends on the 

number of rays launched. Propagation mechanisms such as reflection and refraction are 

accounted for using the Geometrical Optics (GO). The GO approach does not account for the 

diffraction rays, which is accounted for using the Geometrical Theory of Diffraction (GTD) [60]. 

 
3.2.1.2 Geometric Theory of Diffraction (GTD) Modeling Method 

It is well known that scatterers with abrupt boundaries such as edges produce diffraction rays, 

which illuminate the receiver in the shadow region [16]. The GTD method is a field-based 
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method, which has been improvised to provide reliable solutions to the diffraction problem at 

low frequencies. The GTD method assumes that the diffracted ray obeys Fermat’s principle and 

follows the shorted optical path. The diffracted field is the product of the incident field and the 

diffraction coefficient ( )fD  determined in the immediate neighborhood of interaction and is 

given by [55] 

( ) ( ) ( ) τπfj
incD efDAfEfE 2−=                  (3.2) 

where ( )fD  is the dyadic diffraction coefficient, A and τ are the amplitude and delay of the 

diffraction field. The GTD method can be used to solve a variety of diffraction problems that 

involves knife-edge, wedge, vertex, and many other canonical structures. However, the GTD 

method is not accurate in the shadow boundary region and when the observer is too close to the 

diffracting edge [59]. Under such conditions accurate field estimate can be obtained using the 

Uniform Theory of Diffraction (UTD), which is discussed in the next sub-section. 

 
 
3.2.1.3 Uniform Theory of Diffraction (UTD) 

The Geometric Theory of Diffraction (GTD) method has a singularity at the transition between 

the illuminated and the shadowed region, and hence, cannot be applied near the boundary [55]. 

The Uniform Theory of Diffraction (UTD) overcomes this limitation of GTD by making the 

diffraction coefficient continuous at the shadow boundary such that the magnitude of the total 

field at the boundary is half the value in the illuminated region [59].  

Combining the diffraction modeling using UTD with the ray tracing permits inclusion of 

frequency dependent diffraction effects. Indoor as well as outdoor hybrid UWB channel models 

have been proposed that combine ray – tracing methods with the Uniform Theory of Diffraction 

(UTD) [52]. This hybrid approach, called time-domain UTD, computes the impulse responses of 

each ray and combines the contributions at the receiver [12]: 

( ) ( ) ( ) (∑
=

−⊗=
N

n
nnnC tFtath

1
,, ττδττ )          (3.3) 

where Fn(t,τ) denotes the time varying distortion factor due to the frequency dependent 

interaction of the nth multipath component with the respective scatterer. Assuming the channel to 
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be time-invariant compared to the data rate, the time dependency can be dropped for the impulse 

response of the nth multipath given by  

( ) ( )ττ nnnc Fah =,                (3.4) 

Once the diffraction field is determined in the frequency domain using UTD and the 

delay τn is determined using the ray-tracing methods, the channel impulse response is created by 

combining the impulse response of each ray with their respective delays: 

( ) ( )∑
=

−=
N

n
nncC hh

1
, τττ                (3.5) 

Yao, et al. [45, 50, 61, 62] developed a hybrid deterministic UWB multipath channel 

model based upon the time-domain uniform theory of diffraction (TD-UTD) method. The overall 

channel impulse response can be shown as the summation of different multipath components 

exhibiting different propagation mechanisms as 

( ) ( ) ( ) ( )ττττ drLOSC hhhh ++=          (3.6) 

( ) ( ) ( ) ( ) ( )d
d

dincr
r

rincLOS dsAErsAEh τττ ++=  

where hC(τ), hLOS(τ), hr(τ), and hd(τ) are the complete, LOS, reflected, and diffracted multipath 

channel impulse response, respectively; Ar(sr) and Ad(sd) indicate the spreading factor of the 

waveform due to reflection and diffraction respectively. The time-domain dyadic reflection 

coefficient ( )rr τ  is given by (2.2), and the diffraction coefficient ( )rd τ  is similarly expressed. 

The incident field Einc corresponds to the normalized transmitted impulse.  

The combined UTD and ray tracing based UWB channel model [52] provides an efficient 

way to find significant rays from the transmitter to the receiver and to determine the response of 

scatterers using ray tracing and UTD, respectively. Measurements have revealed that the 

transmitted UWB signals arrive in clusters [22, 26, 35]. A hybrid model has been proposed that 

combines the deterministic approach of ray tracing for identifying clusters and Rayleigh 

distribution for clutter within the clusters [31]. Table 3-4 summarizes small-scale ultra-wideband 

(UWB) channel characterization efforts reported in the literature using deterministic methods. 
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Table 3-4 Ultra-wideband (UWB) Small-Scale Channel Characterization using Deterministic 
Ray-Tracing Methods reported in literature 

Environment 
(Scenario) Method 

Pulse 
Duration 

(psec) 

Distance 
Range 

(m) 

Small-Scale Parameters 
Investigated  Reference: 

Indoor 
(office, 
LOS & 
NLOS) 

3D ray 
tracing 100 6 – 10  

Num. of multipaths NM, 
RMS delay spread τrms 
Power Delay Profile, 
Angle of Arrival (AoA) 

UMIST, 
Manchester UK 
[63, 64] 

Indoor 
(office, 
residential) 

Time-domain 
Uniform 
Theory of 
Diffraction 
(TD-UTD) 

110 3 – 10 

Num. of multipaths NM,  
Multipath strength (Pm), 
Multipath propagation 

delay (τm) 

Microsoft 
Research Asia 
& Tsinghua 
Univ. [45, 50, 
61] 

Outdoor 
(farm, 
LOS) 

3D ray 
tracing 133 5 – 75 

Num. of multipaths NM, 
Channel Impulse 

Response 
RMS delay spread τrms

Freescale 
Semiconductors 
[65] 

Indoor 
(office) TD–UTD  500 3.18 

Num. of multipaths NM,  
Multipath strength (Pm), 
Multipath propagation 

delay (τm) 

Jiangsu Univ. 
[51] 

Outdoor 
(urban and 
forest) 

Combined 
Ray-tracing 
and FDTD 

500 
(fc

* =  1.9 
GHz) 

1 – 45.8 

Num. of multipaths NM,  
Multipath strength (Pm), 
Multipath propagation 

delay (τm) 

Univ. of Central 
Florida [66, 67] 

Indoor & 
Outdoor 

Combined 
Ray-tracing 
and UTD 

1000 15 – 30 Channel Impulse 
Response 

LCST/IETR & 
SIRADEL, 
Rennes [52] 

* fc : center frequency 
 

Deterministic small-scale modeling approaches accurately model multiple reflections and 

diffractions between floors, ceiling, walls and objects in an indoor environment. Statistical 

channel models cannot address waveform distortion. Unlike statistical modeling, deterministic 

methods permit treating each propagation mechanism separately. Deterministic methods can 

determine small-scale modeling parameters such as the number of multipaths NM, strength (Pm) 

and propagation delay (τm) of each multipath component. 
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3.2.2 Statistical UWB Small-Scale Channel Modeling  

The receiver design is based on the nature of the received signal waveform and this requires 

wideband channel characterization in terms of channel impulse response. The impulse response 

completely models the wideband characteristics of the channel. Accurate modeling of a wireless 

channel requires either expensive site–specific measurements or time-consuming deterministic 

solution. A cost effective alternative is to use statistical channel models based on empirical data. 

This section provides an overview of statistical UWB small-scale channel models and highlights 

their limitations in characterizing various dispersive phenomena observed in UWB 

communication systems. 

Turin [58] first proposed modeling a wireless channel in terms of a filter that can be 

completely defined by its impulse response. Since then the wideband wireless multipath channel 

has been modeled as a linear time-varying filter. The impulse response modeling of the channel 

assumes that the channel has infinite bandwidth, with the communication system bandwidth 

limiting the overall bandwidth [68, 69]. Impulse response characterization of a wideband 

wireless channel provides enough information about the channel so that the receiver response 

can be matched to the channel response. A general form for impulse response of a time-invarient 

wireless channel is given by 
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where: N  is the number of clusters (multipath components) that can be resolved 

an is the amplitude of the nth multipath component. Statistically, it can be represented by 

Rayleigh, Rician, Nakagami, and other types of distributions. 

θn is the phase of the nth multipath component. Statistically, the phase of the first 

multipath component distribution can be modeled as uniform [0,2π), with inter-arrival 

time modeled by Gaussian increments.  

τn is the time-varying delay of the nth multipath component. Statistically, the time-of-

arrival can be represented by Poisson Model, Modified ∆-K Poisson Model, or 

Weibull Model. 

Turin’s impulse response channel model in (3.7) offers information only on the multipath 

time dispersive nature of the channel. Angle of arrival (AoA) information is not available from 
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the impulse response because it requires spatial domain sampling using multiple receive 

antennas. Moreover, information on the channel dispersion due to frequency dispersion and 

resonant dispersion is not available from Turin’s channel model. The following sections present 

an overview of modified Turin’s stochastic impulse response channel models that are extended 

to model UWB propagation channel.  

 
3.2.2.1 Stochastic Tapped-Delay-Line Channel Model  

Wideband transmission of short-time pulses results in a received signal consisting of a series of 

attenuated, delayed and phase-shifted echoes of the transmitted pulse, as modeled in (3.7). For 

the UWB application, modified Turin’s channel models have been used to characterize UWB 

propagation channel. The stochastic tapped-delay-line UWB channel model is the first statistical 

small-scale channel model proposed for UWB communications [36]. It models the power delay 

profile for indoor environments as a single exponential decay based on the rms delay spread and 

path gains calculated from measured impulse responses. This model does not include the concept 

of multipaths arriving in clusters and is consistent with the single-cluster case of the Saleh-

Valenzuela (SV) indoor channel model [70]. It models the time-decay constant distribution as 

lognormal. With the temporal axes quantized into bins of width 2 nsec, the average received 

power and the received power in each bin follows Exponential and Gamma distributions, 

respectively [36]. 

 
3.2.2.2 Saleh-Valenzuela (SV) UWB Impulse Response Channel Model  

Measurements have revealed that the transmitted UWB pulses arrive in clusters at the receiver 

[22, 26, 35]. Saleh and Valenzuela [70] proposed a modification to the Turin’s mathematical 

model of (3.7) to accommodate the observed phenomenon of clustering of received rays due to 

reflection or diffraction from different surfaces of the same scattering object. The modified 

impulse response, also referred to as double exponential decay model, models the clusters and 

the rays within each cluster as a separate exponential decay model given by [70]  
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                            (3.8) 

where: N (K) is the number of clusters (multipath components within clusters) that can be 

resolved; ank, θnk, and τn,k are the amplitude, phase and time-delay of the kth multipath component 
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of the nth cluster. Tn is the arrival time of the nth cluster. For most indoor office environments 2 – 

5 clusters have found for ultra-wideband (UWB) applications [71].  

 The stochastic model proposed by the IEEE 802.15.3a standardization group is the Saleh-

Valenzuela (SV) UWB model with four distinct environments [18]: (a) short distance (1-4 m) 

line-of-sight (LOS), (b) short distance (1-4 m) non line-of-sight (NLOS), (c) NLOS for distances 

4-10 m, and (d) heavy multipath environment. Table 3-5 summarizes some of the well-known 

UWB small-scale statistical channel models reported in literature. For further details, interested 

readers are referred to [12, 72]. 

 
Table 3-5 Statistical Small-Scale Channel Characterization reported in literature for Ultra-

wideband (UWB) Communications 

Small-Scale Model 
Parameters Environment (Scenario) Statistical Characterization 

Indoor Office (LOS & NLOS) Exponential decay with excess 
delay [36] Power Delay Profile 

(PDP) 
Indoor (LOS & NLOS) Double exponential decay model 

[31, 71] 
Time Decay Constant 

(TDC) Indoor Office (NLOS) Lognormal distribution [2, 36] 

Number of Multipaths Indoor (LOS & NLOS) Rayleigh distribution [73] 

RMS Delay Spread Indoor Office & Residential 
(LOS & NLOS) Normal distribution [73, 74] 

Nakagami distribution [35] 

Rice distribution [75] 

Gamma distribution [35, 36] 

Lognormal distribution [18] 

Path Amplitudes Indoor (LOS & NLOS) 

POCA and NAZU [76] 

Poisson distribution [18] Path Inter-arrival Times 
within a cluster Indoor Office (LOS & NLOS) 

Double Poisson distribution [77] 

 
When the fractional bandwidth of the transmitted signal is very large the frequency 

dependency of the an (resonant dispersion) and τn (frequency dispersion) become an important 
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issue. The statistical UWB small-scale channel models listed in Table 3-5 that are based on the 

impulse response channel model do not address the frequency dependent channel dispersion 

effects, which is addressed in the next sub-section. 

 

3.3 Frequency-dependent UWB Channel Modeling 

The received ultra-wideband (UWB) signal consists of various multipath components, each of 

which includes the interaction effect of the transmitted UWB signal with the surrounding 

scatterers [62]. Most small-scale channel models proposed for ultra-wideband (UWB) 

communications examine only multipath dispersion. There is a significant amount of research 

reported in literature for modeling the geometrical distribution of scatterers in a typical indoor or 

outdoor environment [37, 38, 78, 79]. However, there has been little effort to model the 

responses of the scatterers to incident wideband electromagnetic pulses. Interaction of the 

transmitted UWB signal and the surrounding objects results in pulse distortion as observed at the 

receiver. 

Before the advent of ultra-wideband communications, most wireless applications were 

relatively narrowband, within which the scatterer response could be assumed to be frequency 

independent. Although such postulation of the scatterer response holds for narrowband signals, it 

is not valid for ultra-wideband signals because the scatterer response varies over the frequency of 

interest. The conventional channel models validated for wireless applications with bandwidth of 

200 kHz – 5 MHz do not consider the impact of distortion visible in UWB systems with 

bandwidths up to 7 GHz.  

Propagation mechanisms such as the refraction, diffraction and scattering from dielectric 

objects show frequency dependence. The frequency dependence over the entire UWB band and 

resulting pulse distortion of commonly used building materials has been reported in [21, 80]. 

Dispersion effects can also be seen in the frequency domain in the channel transfer function, 

given by the Fourier transform of the channel impulse response 

( ) ( ){ } ∑
=

−==
N

n

jj
n

nn eeahFH
1

τωθτω                (3.9) 

( ) ( )ωω Φ= jeH                      

 49



The frequency amplitude response of the channel |H(ω)| must remain flat over the entire 

ultra-wideband communications band, i.e. 3.1 – 10.6 GHz. Unequal emphasis of certain 

frequency components by the channel distorts the UWB pulse in the time domain. Similarly, the 

phase response Φ (ω) must be linear over the signal bandwidth to achieve constant group delay, 

which is given by  
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d
g
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−=              (3.10)      

If the group delay τg is not constant over the signal bandwidth, it indicates that different 

frequency components of the signal undergo different delays, causing what is commonly known 

as phase or frequency dispersion. A measure of phase dispersion is the rate of change of group 

delay with respect to the frequency over the bandwidth of interest as given by  
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This section examines various types frequency-dependent UWB channel models and their 

limitations in modeling all the three types of dispersion phenomena described in the previous 

chapter. Section 3.3.1 briefly discusses hybrid statistical and deterministic channel models that 

incorporate frequency dependent response of dielectric objects [31]. Section 3.3.2 presents a 

frequency dependent scatter center channel model [46, 81, 82] that time-gates the received signal 

into signals arriving from various scatter centers having different frequency dependency. 

 

3.3.1 Frequency domain Autoregressive (AR) Channel Model  

The autoregressive (AR) channel modeling approach models the frequency response of the UWB 

channel H(f) at a location using an AR process given by [74] 

                     (3.12) ( ) ( ) ( )n
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where H(fn) is the nth sample of the frequency response, W(fn) is complex white noise, K and ai 

are the order and parameters of the model, respectively. This approach includes frequency 

dependent channel effects requires only a small model-order (K = 2) to model the UWB channel 

with sufficient accuracy [74].  
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3.3.2 Frequency-dependent Scatter Center Channel Modeling  

The frequency dependent scatter center channel model [81] is a significant step toward 

comprehensive treatment of dispersion for UWB communications.  It is based on the concept 

that the total scattered signal available at the receiver can be modeled as signals arriving from 

localized frequency dependent mechanisms called as equivalent scattering centers [83]. Each 

scatter center response can be modeled with an equivalent frequency dependent amplitude and 

time delay. This approach casts the channel-modeling problem in the form of bistatic radar target 

modeling [81]. The Uniform Theory of Diffraction (UTD), Method of Moments (MoM) or the 

Finite Difference Time Domain (FDTD) approach can be used to model scattering from objects 

[46]. Qiu proposed a scatter center UWB channel model where the frequency domain transfer 

function is [81] 
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where N is the number of resolvable scatter center responses; an, θn and τn denote the amplitude, 

phase and time-delay of the nth scattered signal; ωc is a reference (center) frequency; and αn 

denotes frequency dependency parameter that is calculated using GTD or UTD. In the time 

domain, the corresponding impulse response is  
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where U(•) is Heavyside unit step function, and αn is the frequency dependent distortion 

parameter. Since scattered signals arrive with different time delays, time gating permits 

differentiation of various scatter centers at the receiver to determine αn for each path. The 

frequency dependency parameter αn can be extracted using super-resolution algorithms such as 

MUSIC, Prony’s method or Matrix Pencil Method. If all the scattered signals are frequency 

independent, i.e. αn is zero for all arriving paths, then (3.13) and (3.14) reduce to Turin’s channel 

model [58] given by  
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The frequency dependency parameter αn and the time delay τn can be combined to form a 

single parameter called as complex travel-time [46], given by 

 nnn jT ατ +=           (3.16) 

where the frequency dependency parameter αn and the time delay τn can be extracted accurately 

using a modified SVD Eigen-Matrix Pencil Method even for multiple rays arriving in a small 

time interval at the receiver [46].   

The scatter center UWB channel model given by (3.13) and (3.14) includes scattering and 

diffraction effects that are frequency dependent. A significant limitation of this approach is the 

exponential modeling term that can be applied to model canonical structures like edges and 

wedges. This approach cannot accurately model resonant responses from complex structures 

commonly found in indoor environment.   

 

3.4 Chapter Summary 

Wideband wireless communication systems are susceptible to distortion from various dispersion 

phenomena. Multipath dispersion is especially problematic for UWB applications because of the 

frequency dependent scattering from various objects [21, 84]. Scattering from various objects 

distorts the transmitted UWB pulse resulting in poor performance of correlation based matched 

filter receivers [85]. 

Most UWB channel models have been proposed by simply extending conventional 

wideband channel models. This chapter presented a brief overview of various UWB channel 

models with special emphasis on frequency dependent UWB channel dispersion models. Section 

3.1 discussed analytical, statistical, and deterministic large-scale path loss channel models for 

ultra-wideband communications. Frequency dependency of large-scale channel model was also 

discussed for parameters such as the path loss (PL), path loss exponent (γ), and standard 

deviation of shadow fading (σ). 

Section 3.2 discussed deterministic ray-tracing methods and statistical impulse response 

small-scale UWB channel models. This section discussed conventional wideband channel 

models applied to ultra-wideband communication systems as well as few novel UWB small-scale 

channel models. 
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The received ultra-wideband (UWB) signal consists of various multipath components, 

each of which includes the interaction effect of the transmitted UWB signal with the surrounding 

scatterers [62]. Interaction of the transmitted UWB signal and the surrounding objects results in 

pulse distortion as observed at the receiver. Section 3.3 described various hybrid channel-

modeling approaches that combine statistical and deterministic modeling to include frequency 

dependent channel effects. Limitations of all conventional UWB channel models in modeling all 

identified dispersion mechanisms [85] was briefly discussed. Propagation mechanisms such as 

the refraction, diffraction and scattering from dielectric objects show frequency dependence. 

Review of various channel models in the literature indicates that sufficient research has 

been conducted to accurately characterize the distribution of scatterers in a given environment. 

However, little effort has been made to characterize the response of these scatterers to incident 

wideband electromagnetic pulses. The next chapter attempts to contribute towards understanding 

and modeling the responses of scatterers using measurements.  
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Chapter 4 – Scatterer Response Modeling and Pole-Dispersion UWB 
Channel Model  

 
 
 
The previous chapter presented various conventional ultra-wideband (UWB) channel models and 

discussed their limitations in modeling dispersion mechanisms that distort the transmitted UWB 

pulse. This chapter presents a novel channel model for ultra-wideband communication systems 

that incorporates known dispersion effects observed in sub nano-second pulse communications. 

The proposed pole-dispersion UWB channel model is an original contribution that extends the 

general impulse response based multipath channel model to include resonant dispersion [1]. The 

proposed pole-dispersion UWB channel model includes resonant scatterer response to accurately 

model channel-dispersion effects observed in ultra-wideband applications.  

The time-domain response of the scatterers is modeled using the Singularity Expansion 

Method (SEM), which is a numerical method that has found widespread application in radar 

target identification, ground penetration radar for buried landmine detection and breast tumor 

detection [2, 3]. A 50 pico-second pulse (corresponding to a bandwidth of 20 GHz) illuminates 

scatterers and the time-domain responses are analyzed and modeled using the SEM approach. 

The chapter begins with a brief discussion of the Singularity Expansion Method (SEM) in 

Section 4.1. The SEM approach models the time-domain response of the induced surface 

currents of a scatterer due to incident UWB pulse with a weighted sum of complex exponentials 

(damped sinusoids) [4].  

Section 4.2 reviews various numerical techniques used for determining the complex poles 

and residues including the frequency domain search method [5], Prony’s method [6], and the 

 61



Matrix Pencil Method (MPM) [7]. Both the Prony’s method and the Matrix Pencil Method have 

been applied with limited success in determining the SEM parameters from the measured time-

domain scatterer response [8-10]. 

Wave scattering propagation mechanisms are difficult to analyze, especially for 

arbitrarily shaped scattering objects [11]. Section 4.2 briefly describes the measured transient 

response analysis of scatterers using an example of a conducting hemispherical scatterer over a 

ground plane. The measured time-domain response of the hemisphere over the ground plane is 

post-processed to remove unwanted reflections from the environment and is deconvolved with 

the antenna response. Time gating of the resultant response from deconvolution is used to 

separate the specular and the late-time resonant dispersion components.   

Section 4.3 presents modeling of the responses from scatterers of canonical shapes to an 

incident ultra-wideband pulse. The canonical scatterers include a sphere, a cylinder, a reflecting 

surface, and an edge. Experimental results are presented in this section with validation of 

scatterer responses addressed in the next chapter.  

The pole-dispersion UWB channel model is proposed in Section 4.4. Section 4.5 presents 

a summary of important issues addressed in this chapter. 

 

4.1 Scatter Response Modeling using the Singularity Expansion 
Method (SEM) 

The Singularity Expansion Method (SEM) is a mathematical modeling approach used to model 

the scatterer response to an incident wideband pulse [4]. The SEM modeling approach was 

proposed in 1971 to solve electromagnetic interaction problems such as transient response of a 

finite dimensional scatterer to incident impulse-like signal [2, 4]. The SEM represents the 

transient response from scatterers as a sum of complex exponentials using all of the following: 

natural frequencies (poles), natural modes, coupling coefficients, and the early-time entire 

function due to the presence of the incident waveform [4]. The scatterer response as a function of 

time and scatterer location and orientation with respect to the incident waveform is given by [4] 

  ( ) ( ) ( ) ( ) ( )α
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ααα
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+= ∑

∞
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       (4.1) 

where sα = σα + jωα represents the natural frequency (complex pole) that depends on the 

scatterer geometry and composition; να  represents the natural modes of the scatterer at the 
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natural frequencies and depends on the scatterer location and orientation; ηα  represents the 

coupling coefficients that determine the strength of the natural modes at the natural frequencies, 

and depends on the polarization characteristics of the incident wave. The entire function C (sα) is 

present during the early-time response due to the presence of the incident waveform and is 

insignificant for the late-time scatterer-response analysis.  

Exact characterization of a finite dimensional scatterer-response requires an infinite 

number of natural frequencies [5, 11]. However, due to the band-limited nature of incident 

waveform, the response is accurately modeled using only the most dominant complex poles, P in 

number. The above expression is further simplified by combining the natural mode and the 

coupling coefficients into complex residues corresponding to complex poles. The late time 

response (response after the incident wave has passed) can now be represented by a weighted 

sum of complex exponentials and is given by [12] 
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where Rα is the complex aspect angle dependent residue and P is the number of dominant poles 

used to characterize the transient response of the scatterer. The poles must be complex conjugate 

pairs in order for the response y (t) to be real valued. The value of P is determined by the noise 

sensitivity of the measurement system [13-16]. In the complex frequency plane, this 

representation is equivalent to a transfer function given by a ratio of two polynomials, whose 

roots are the system poles and zeros.  

If the scatterer response is sampled at a sufficiently high frequency, such that N samples 

are available at time intervals of T, then [10, 17, 18] 
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where TL, the beginning of the late time response, is sufficiently large to allow the pulse 

excitation to damp out. The natural frequencies, or the poles of the scatterer response, are given 

by [10, 17, 18] 
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The problem now reduces to estimating the number of natural resonances P, the poles 

{sα}, and the corresponding residues {Rα} [17]. A variety of methods can be applied to solve this 

problem; the three most prominent approaches are: (a) Frequency domain search technique [5, 

19, 20], (b) Time domain Prony’s method [6, 10, 13, 21], and (c) Matrix pencil method [7, 9, 17, 

22]. The frequency domain search is the earliest known method for extracting the natural 

resonances or singularities from the scatterer response. This method was based on an iterative 

search procedure in the complex frequency plane and was used successfully to model the 

response of thin wires to an incident wideband pulse [5]. Prony’s method has been applied 

successfully to scatterer response recorded at a high signal-to-noise ratio (SNR) [6]. In 

comparison, the matrix pencil method is more robust and has been demonstrated to be effective 

even in the presence of noise [9]. These techniques are briefly discussed in more detail in the 

following subsections. 

 

4.1.1 Frequency Domain Search Method 

The frequency domain search was the earliest method for determining the natural resonances or 

singularities of a scatterer through an iterative search procedure. The frequency domain search 

method involves solving the following integral equation [5, 23] 

  ( ) ( ) ( )srFdvsrJsrr
V

;'';';', =•Γ∫           (4.5) 

where Γ is the kernel of the integral equation, J is the scatterer response current density, and F  

is the forcing function. The natural frequency sα and the natural mode vα satisfy the following 

equation  

  ( ) ( ) 0'';', =•Γ∫ dvrvsrr
V

α           (4.6) 

Using the method of moments approach, the above equation can be converted to the following 

matrix equation [23] 

  ( ) ( ) nnmn vs 0, =•Γ αα            (4.7) 
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The kernel matrix Γ   that satisfies the above equation has to be singular at natural frequencies 

sα. Thus, the natural frequencies can be determined from the following expression [23] 

  ( )( ) nmn s 0det , =Γ α                 (4.8) 

The frequency domain search method essentially determines the natural frequencies of an 

object or scatterer by searching for complex frequencies sα that force the determinant of the Γ  

matrix to zero. Based on the knowledge of the natural frequencies, natural modes can be 

determined using (4.7). This approach though accurate is not computationally efficient and hence 

slow. Before the introduction of the Prony’s method and the Matrix pencil method, this approach 

was successfully used to determine the singularities of various thin wire and spherical scatterers 

[5]. 

 

4.1.2 Time Domain Prony’s Method 

R. Prony [24] solved a thermal expansion problem of fluids by representing a series of equally 

spaced time sampled data using a weighted sum of exponentials. It involves solving two N x N 

systems of linear equations and an Nth order polynomial, where N is the number of singularities 

required to accurately represent the equally spaced time sampled data [10]. After the singularity 

expansion method (SEM) was introduced, Prony’s algorithm was quickly applied to the problem 

of the singularities (complex poles) of a 1-m dipole antenna using a Gaussian pulse excitation 

[6]. Prony’s method requires N = 2P number of equally spaced time sampled electric field 

response to determine P complex poles and P corresponding residues, where the number of poles 

is either known a priori or is overestimated.  

 The first step in determining the complex poles using the Prony’s method is to solve P 

equations derived from (4.3) for coefficient matrix [B] shown in matrix notation as [6] 

  [ ] [ ] [ ] [ ] 1110211 PxPPxPP
T

xPPPPx YY +
−−− ==Β βββ L      (4.9) 

where [·]+ indicates Moore-Penrose pseudo inverse [25] and the data matrices [YP-1] and [YP] 

from uniformly sampled time-domain response are given by   
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Once the coefficients [βi], i  = 1, 2, …, P are known, the following Pth order equation can 

be solved to determine [zi], i  = 1, 2, …, P 

  ∑                      (4.10) 
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The complex poles are then extracted from [zi], i  = 1, 2, …, P using the following 
expression 
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The uniformly sampled time-domain response of finite-dimensional scatterers as a 

weighted sum of complex exponentials given by (4.3) can be shown in a matrix formulation as 

[ ] [ ] [ ]PxPPxPx ZRY 11 =         (4.12) 

where [Y] is the time-domain response vector, [R] is a vector of residues corresponding to the 

complex poles arranged in the matrix form [Z], given by  
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Finally, the corresponding residues are determined by solving P equations for [R] shown 

by the following matrix notations [6] 

               (4.14) [ ] [ ] [ ] 11 PxPxPPx YZR +=

where  

  [ ] [ ]T
xPPRRRR 1121 −= L  
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A significant limitation to Prony’s method is that it merely provides a least-square fit to a 

set of finite data and does not guarantee that the determined poles represent the scatterer or 

object under examination [10]. Moreover, there are two possible limitations affecting the reliable 

estimation of the poles and residues:  

(a) Incorrect estimation of the number of poles P, and  

(b) Estimation error due to noisy data.  

The SEM approach requires an a priori knowledge or an estimate of the number of 

dominant poles. Although overestimating the number of poles P leads to spurious poles with 

small magnitudes because of the ill-conditioned problem, the effect is not severe. A poor 

estimate of this can lead to inaccurate results. In comparison, underestimating the number of 

poles P introduces large errors. Hence, the first problem is easily avoided by overestimating the 

number of poles and then employing the Singular Value Decomposition (SVD) to determine the 

dominant poles. 

The SEM approach is a weighted sum of complex sinusoids. But noise cannot be 

modeled as a sum of sinusoidal terms, so the SEM approach cannot model noise accurately, 

introducing error in estimating the location of singularities. Position estimation of poles in the 

complex plane and the corresponding residue estimation of weak poles with small residues are 

severely affected by noise.  

 

4.1.3 Matrix Pencil Method 

The matrix pencil method is the most useful of all methods in the parameterization of scatterer 

transient response. The advantage of this method lies in its low sensitivity to noise and simplicity 

of computation. In 1962, Gantmakher [26] defined a linear combination of two functions as the 

pencil of function with a parameter λ given by 

( ) ( ) ( )xhxgxf λλ +=,         (4.15) 

The matrix pencil derives its name from the matrix formulation of the pencil of function 

expression given by (4.15).  Formulating the measured time-domain scatterer response in terms 

of a matrix pencil allows solving for the complex poles from a generalized eigenvalue problem 

approach [7]. The matrix pencil method first defines the matrix pencil as a linear combination of 
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two square matrices (Y1 – zY2) [22], where z is a scalar and the two square matrices from equally 

spaced time samples {yn} of the scatterer response are given by 

         (4.16) 
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The parameter L denotes the length of the data window and is called the matrix pencil 

parameter. The matrix pencil (Y1 – λY2) has a rank P, if P ≤ L ≤ N – P. The eigenvalues of the 

matrix pencil {λ = zα , where α = 1, 2, …, P}, reduce the rank of the matrix pencil to P – 1. If 

{vα} are the corresponding eigenvectors then  

  [ ] [ ] [ ] [ ] [ ]{ } [ ]01221 =−⇒= +
ααααα vIzYYvYzvY P    (4.18) 

where the poles, or natural frequencies, {zα} can be easily obtained by determining the 

eigenvalues of the matrix product Y2
+ Y1, and [·]+ indicates the matrix pseudo inverse [25]. The 

corresponding residues {Rα} are obtained using the least squares approach, once the poles are 

known, using the following relationship 
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A modified matrix pencil method known as the Total Least-Squares Matrix Pencil 

method (TLSMP) [22] can be used to estimate the natural resonances from the transient data 

recorded for multiple aspect angles (directions). This method provides a single estimate of all the 

poles using all the transient data recorded for multiple aspect angles because the poles are aspect 
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independent. However, the residues are different for each pole in each recorded aspect direction, 

indicating that the contribution of the poles to scatterer response is different for different look 

angles. Moreover, the method does not perform an average to determine the poles, which is 

known to degrade the pole estimation. When the signal-to-noise ratio (SNR) of measured time-

sampled data for the different look direction are different, averaging introduced noise in pole 

estimation due to low SNR data. 

The next section describes the analysis of the measured time-domain response of 

scatterers using an example of a conducting hemisphere over a ground plane. The post 

processing to remove unwanted reflections, antenna effects and pole-residue extraction using the 

Matrix Pencil Method (MPM) are described.  

 

4.2 Time-domain Scatter Response Measurement and Analysis  

Scattering from arbitrarily shaped objects can be described in terms of scattering from 

canonically shaped scattering centers [13, 27]. The signal scattered from an object with P 

scattering centers can be decomposed into P signals, each of which can be represented using 

poles and residues. This section briefly describes the measured transient response analysis of 

scatterers using an example of a conducting hemispherical scatterer over a ground plane.  

Section 4.2.1 briefly describes the measurement setup that is used to record time-domain 

response of canonically shaped scatterers. The measurement setup description is provided in 

Section 5.2 in association with validating the scatterer response using the singularity expansion 

method (SEM). The measurements were conducted using planar TEM Horn antenna as an 

illuminator and another one as a receiving antenna with the canonical objects mounted over a 1.2 

m x 1.2 m (4 ft. x 4 ft.) ground plane. The scatterer response data were recorded using an 

HP8510 vector network analyzer (VNA) in the Virginia Tech Antenna Group (VTAG) facility. 

Section 4.2.2 describes the analysis of the measured time-domain response of a 15.2 cm 

(6 inch) diameter hemisphere over a ground plane. The measured time-domain response of the 

hemisphere over the ground plane is post-processed to remove unwanted reflections from the 

environment and is deconvolved with the antenna response. Time gating of the resultant response 

from deconvolution is used to separate the specular and the late-time resonant dispersion 

components. The data collected through transient measurements were post-processed to obtain 
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poles and residues using the Least Squares Prony’s algorithm and the Matrix Pencil Method 

discussed in Section 4.1.2 and Section 4.1.3, respectively. 

 

4.2.1 Measurement Setup 

This section briefly describes scatter response measurement using an example of a conducting 

hemispherical of diameter 15.2 cm (6 inch) on a ground plane. The next section describes the 

post processing of the measured time-domain response of the hemisphere over the ground plane 

to remove unwanted reflections from the environment and the antenna effects.  

The scatterer-response measurement setup uses two planar horn antennas mounted on 

diagonal corners of a 1.2 m x 1.2 m square ground surrounded by absorbers as shown in Fig. 1. 

Data were collected using a VNA–HP8510, deconvolved with the line-of-sight (LOS) antenna 

response, and post-processed using the Least-Squares (LS) Prony’s algorithm. The edge of the 

ground plane was covered with absorber to reduce diffraction from the edge and subsequent 

scattering from the surrounding environment. 

The time spacing between successive samples was chosen to satisfy the Nyquist criterion. 

That is, the time spacing or resolution is 25 psec, corresponding to a 40 GHz sampling 

frequency, which is twice the highest frequency of the incident pulse of width 50 psec 

(corresponds to 20 GHz signal bandwidth). Multiple measurements were recorded and averaged 

to improve the signal-to-noise ratio (SNR). An averaging operation on 1024 repetitive 

measurements improves the SNR by approximately 30 dB, which is sufficient for accurate 

estimation of the poles and residues [6]. 
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Figure 4.1 Time-domain scatterer response measurement setup using planar TEM horn antennas 

on a 1.2 m x 1.2 m square ground surrounded by absorber using a VNA–HP8510. 
 

4.2.2 Measured Scatterer Response Data Analysis 

This section describes the analysis of the measured time-domain response of a 6-inch diameter 

hemisphere over a ground plane. The measured time-domain response is post-processed to 

remove unwanted reflections from the environment and is deconvolved with the antenna 

response. The antenna time-domain response is deconvolved using the measured s21,LOS scatter 

parameter that corresponds to an unobstructed line-of-sight (LOS) scenario.   

The antennas are aimed toward the corner with the test object as shown in Fig. 4.1. The 

test objects are placed in the corner at a distance of 0.71 m (28 inch) from the antenna feed point. 

A final measurement of parameter s21 was made with antennas pointed toward the corner without 
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the test object, which was then used to subtract the effect of the surrounding environment. This 

procedure in time domain is formulated as follows:  

)(,21,21 scattererwithdatascattered ss = deconvolved by         (4.20) LOSs ,21

)(,21,21 scatterernodatadirect ss =  deconvolved by        (4.21) LOSs ,21

directscatteredcanonical sss ,21,21,21 −=       (4.22) 

where the s quantities are the associated scattering parameters (s21) corresponding to different 

experiment setups. The first step is to record the line-of-sight (LOS) response between the two 

planar TEM horn antennas, which is used to deconvolve the antenna response. The 

deconvolution operation of time domain s21 parameters is performed using division operation in 

the frequency domain as 

  ( ) ( ) ( )ωωω LOSscattererwithdatascatterd sss ,21)(,21,21 =     (4.23) 

  ( ) ( ) ( )ωωω LOSscatterernodatadirect sss ,21)(,21,21 =      (4.24) 

The frequency amplitude response and the time domain impulse response for the LOS 

link between the two planar horn antennas are shown in Fig. 4.2. The approximate distance 

between the feed points of the two antennas along the scattering path is 1.35 m (4.5 ft.), 

corresponding to a delay of 4.5 nsec when the HP 8510 is triggered. The s21,LOS data is the s21 

scatter parameter recorded for the line-of-sight (LOS) measurement scenario.  

The next step is to orient the two antennas toward the scatterer located at a corner on the 

ground plane and to record the s21 scattering parameter. The measured s21 parameter after 

deconvolution with s21,LOS, called s21,scattered, is shown in Fig. 4.3. The direct pulse observed in 

s21,scattered response is observed at the same delay as the s21,LOS. The scattered pulse is observed 

after a delay of 1 nsec. 

 

 72



0 5 10 15 20
-40

-35

-30

-25

-20

-15

-10

Frequency (f), GHz

Fr
eq

ue
nc

y 
A

m
pl

itu
de

 R
es

po
ns

e 
(|s

21
|),

 d
B

 
(a) Frequency-domain amplitude response 

 

2 3 4 5 6 7 8
-0.02

-0.01

0

0.01

0.02

0.03

0.04

0.05

Time (t), nsec

s 21
 (V

)

s21, LOS

 
(b) Time domain response 

Figure 4.2 Frequency amplitude and time-domain response of the line-of-sight (LOS) link 
between two planar horn antennas (s21,LOS). 
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Figure 4.3 Time domain response when the two horn antennas are oriented toward a 15.2 cm (6 
inch) diameter conducting hemispherical scatterer on a ground plane, deconvolved by the LOS 

impulse response using (4.23). 
 

The s21 scatter parameter is recorded with the scatterer removed. This measures the direct 

component s21,Direct, which is then subtracted from the s21,scattered data previously recorded. The 

resultant s21,canonical data corresponds to the scattered impulse response of the canonical object 

under investigation. As an example, the frequency amplitude response and the time domain 

scattered response of a 15.2 cm (6 inch) diameter conducting hemispherical scatterer mounted on 

a ground plane are shown in Fig. 4.4. For a positive pulse excitation, the specular-reflection 

component of the scatterer response is inverted in polarity. At the end of the specular component, 

an exponential decaying dispersive component is observed. This dispersive response is the late-

time response of the scatterer due to the excitation of natural modes. Fig. 4.4 shows that the 

specular reflection component and the resonant dispersion component can be separated using 

time gating of the isolated scatter response.  
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Figure 4.4 Measured time-domain response of a 15.2 cm (6 inch) diameter hemisphere mounted 

on a ground plane deconvolved with antenna response using (4.22), (4.23), and (4.24). 
 

The late time response of the scatterer at the end of the specular (reflection) component 

can be modeled as a weighted sum of complex exponentials, i.e. complex poles and residues, 

using the singularity expansion method (SEM). The next section presents the extraction of 

complex poles and residues from the late time response of canonically shaped scatterers using 

the Matrix Pencil Method.  

 

4.2.3 Pole-Residue Extraction using the Matrix Pencil Method (MPM) 

The previous section presented post processing of the measured data to remove the unwanted 

reflections and antenna effects. The time-domain response of the isolated scatterer indicated a 

specular reflection component and a resonant dispersion component that can be separated using 

time gating of the scatterer response. This section demonstrates extraction of complex poles and 
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residues from the late time response of a conducting hemisphere over a ground plane using the 

Matrix Pencil Method.  

The late time response of a conducting hemisphere of 15.2 cm (6 inch) diameter over a 

1.2 m x 1.2 m ground plane is evenly sampled in time. Two {(N – L) x L} matrices [Y1] and [Y2] 

are generated from equally spaced time samples of the scatterer response as given by (4.16) and 

(4.17). The complex poles of the scatterer response are given by the eigenvalues of the matrix 

product  Y2
+ Y1, where [·]+ indicates the Moore-Penrose pseudo inverse [25].  

It is difficult to estimate the exact number of poles Pexact required to model the time-

domain scatterer response without apriori information. If the number of estimated poles P is 

larger than the exact number of poles contained in the data (P > Pexact), then the matrix pencil 

algorithm generates extraneous poles in addition to the actual poles. However, if the number of 

estimated poles P is less than the exact number of poles contained in the data (P < Pexact), then 

the estimated pole values using the matrix pencil algorithm may deviate significantly from the 

actual pole values. The number of estimated poles P is chosen to be 50 (meaning 25 pairs of 

complex conjugate or real poles) so as to satisfy the matrix pencil formulation given by P ≤ L ≤ 

(N – P), where N = 120 and L = 70.  

Figure 4.5 shows 25 pairs of complex conjugate poles of a conducting hemisphere of 

diameter 15.2 cm (6 inch) over a ground plane. The complex poles are estimated using both the 

Matrix Pencil Method (MPM) and the Least Squares Prony’s Method. The real and imaginary 

axes are scaled by (a/c), where a is the radius of the hemisphere and c is the speed of light. 

Identical pole values were obtained using the Least Squares Prony’s Method. In the remainder of 

this dissertation, the Matrix Pencil Method (MPM) is used because of its robustness in presence 

of noise and its computational simplicity. Once the poles are known, the corresponding residues 

{Rα} are solved using the least squares approach given by (4.19). 
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Figure 4.5 Estimated 25 pairs of complex conjugate poles of a conducting hemisphere of 

diameter 15.2 cm (6 inch) mounted on a 1.2 m x 1.2 m ground plane as shown in Fig. 4.1. The 
complex poles are estimated using the matrix pencil algorithm and the least squares Prony’s 

method. The real and imaginary axes are scaled by (a/c), where a is the radius of the hemisphere 
and c is the speed of light. 

 
A number of estimated poles larger than P = 50 results in spurious poles. Singular value 

decomposition (SVD) of the matrix [Y1] can be used to estimate only the strong poles [28]. The 

singular values of 50 estimated poles normalized with the maximum value are shown in Fig. 4.6. 

Note that only 2 pairs of complex conjugate poles have a relatively large singular value 

compared to the SVD values of the other poles. However, this approach results in too few a 

number of estimated poles and that is not sufficient for scatter response modeling. An alternate 

approach in determining dominant poles using the residue amplitude and the energy content of 

the poles is presented in Section 5.3. 
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Figure 4.6 Singular value decomposition of the matrix [Y1] given by (4.13) for the case of a 

conducting hemisphere of diameter 15.2 cm (6 inch) mounted on a 1.2 m x 1.2 m ground plane 
as shown in Fig. 4.1. The complex poles are estimated using the matrix pencil algorithm and the 

least squares Prony’s method. 
 

Generally, the response from antennas and scatterers has simple poles [6]. Double poles 

can occur if the excitation signal itself has double poles, e.g. ramp signal. Because a Gaussian 

pulse of few pico second duration was used in this investigation, simple poles are assumed in the 

remainder of the discussion. The complex pole positions are indicative of the scatterer size and 

structure and can be used as scattering signature of the canonical object. The next section 

presents time-domain responses and pole-residue signatures of various canonical objects. 

 

4.3 Pole-Residue Scattering Signatures of Canonical Structures  

The late time response of scatterers can be modeled using the singularity expansion method 

(SEM). The complex poles and the corresponding residues can be used as the scattering 

signature because they completely describe the scatterer response. This section presents the 
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complex poles and residues for canonically shaped scatterers such as sphere, and a cylinder, 

using the Matrix Pencil Method (MPM).  

 

4.3.1 Spherical Scatterer 

A conducting hemisphere of diameter 15.2 cm (6 inch) is mounted over a 1.2 m x 1.2 m ground 

plane as shown in Fig. 4.1. The image of the hemisphere in the ground plane produces an 

effective spherical scatterer in free space. The 25 pairs of complex conjugate poles used to 

estimate the transient scatterer response are shown in Fig. 4.5. However, the transient response 

can be estimated with fair accuracy using only 6 pairs of dominant poles as shown in Fig. 4.7.  
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Figure 4.7 Estimated dominant poles and residues of a 15.2 cm (6 inch) diameter hemisphere 
over a 1.2 m x 1.2 m ground plane based on the energy content of the poles using the Matrix 

Pencil method.  
 

The dominant poles are selected based on the energy content of the poles as described in 

Section 5.1.2. The energy content of these 6 pairs of dominant poles combined constitutes about 
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91% of the total energy in the scatter response. Introduction of additional poles did not improve 

the transient response and hence, only 6 pairs of dominant poles were selected. The estimated 

transient response using only these 6 pairs of dominant poles is shown in Fig. 4.8. Although the 

time domain response is accurately modeled using all the 25 pole pairs (not shown for figure 

clarity), the 6 pairs of dominant poles model the scatterer response with sufficient accuracy as 

seen in Fig. 4.8.  
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Figure 4.8 Comparison of the estimated transient response using only the 6 pairs of dominant 

poles shown in Fig. 4.7 and the measured late time response of a 15.2 cm (6 inch) diameter 
hemisphere over a 1.2 m x 1.2 m ground plane.   

 

4.3.2 Cylindrical Scatterer 

The time domain scatter response of cylindrically shaped canonical objects was measured and 

the data processed to extract scatter signatures in terms of poles and residues. The conducting 

cylinder of height 25.4 cm (10 inches) and a base diameter of 10.2 cm (4 inches) was mounted at 

the object location on the 1.2 m x 1.2 m ground plane as shown in Fig. 4.1. The transient 
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response of the cylinder is similar to the response of sphere, consisting of a specular component 

followed in time by a resonant component. The dominant poles extracted from the s21 response 

of this cylinder using the Matrix Pencil method are shown in Fig. 4.9 (a). Figure 4.9 (b) shows 

the estimated 10 pairs of dominant complex poles and their corresponding residue values. The 

combined energy content of these 10 pairs of dominant poles constitutes about 93% of the total 

energy in the late time response of the cylinder. Because additional poles did not improve the 

transient response, only 10 pairs of dominant poles were selected. These 10 pairs of dominant 

poles accurately represent the scatter response from the conducting cylinder as seen in Fig. 4.10.  
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(a) Estimated dominant complex poles based on the energy content of the poles.  
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(b) Estimated dominant complex poles and the corresponding residue amplitude 

Figure 4.9 Scatter signature of a conducting cylinder of base diameter 10.2 cm (4 inch) and 
height 25.4 cm (10 inch). Axes scaled by (a / c) where a is the base radius of the cylinder and c is 

the speed of light. 
 

A novel pole-dispersion channel model is proposed for ultra-wideband (UWB) 

communications in the next section. The proposed pole-dispersion channel model includes the 

scatter signature in terms of poles and residues as described in this section for sample scatterers 

with spherical and cylindrically shaped canonical scatterers. Scatterer response is accurately 

modeled by illuminating the scatterer with a 50 pico-second pulse corresponding to a bandwidth 

of 20 GHz.  
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Figure 4.10 Comparison of the estimated transient response using only the 10 pairs of dominant 

poles shown in Fig. 4.9 to the measured late time response of a conducting cylinder of base 
diameter 10.2 cm (4 inch) and height 25.4 cm (10 inch). 

 

4.4 Pole-Dispersion UWB Channel Model 

The impulse response of a wireless channel can be statistically modeled to include multipath 

dispersion using distributions for the time-delay, amplitude and phase of the received multipath 

components [29, 30]. The widely used Turin’s impulse response channel model [31] is frequency 

independent and hence, cannot model channel dispersion, which is a frequency dependent 

phenomena. A novel pole-dispersion channel model is proposed for ultra-wideband (UWB) 

communications that includes scatterer response to incident wideband UWB pulse. The proposed 

UWB channel model is an original contribution that incorporates the frequency-dependent 

scatter response modeled using the Singularity Expansion Method (SEM). The proposed channel 

model for ultra-wideband applications permits implementation of optimum matched filtering.  

Experimental results demonstrating superior performance of the proposed pole-dispersion 

channel model compared to the conventional channel models is presented in Chapter 8. The 
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scatter response analyzed using the Matrix Pencil method to extract the pole-residue scatter 

signatures. The proposed channel model can be used to provide guidelines for UWB receiver 

design that compensates for the dispersive nature of the channel. This will result in maximum 

achievable signal-to-noise ratio for correlation-based matched filter receiver. 

The proposed model is based on the generalized stochastic channel model that decouples 

the channel impulse response into components given as 

( ) ( )∑
=

−=
N

n
nn tAth

1
;, τττ         (4.25) 

where N is the random number of multipaths, An is the frequency-dependent complex scatter 

amplitude, t is the observation time, and τ is the multipath delay. Turin first suggested a simple 

impulse response channel model [31] based on the generalized stochastic channel model that 

represents the channel impulse response as a sum of N impulses given by  

( ) ( ) ( ) ( )n
tj

N

n
n

netath ττδτ θ −=∑
=1

,            (4.26) 

where amplitude an(t) is modeled stochastically by Rayleigh, Rician, Weibull, Nakagami, Suzuki 

or other distributions. The phase {θ (t)} distribution is assumed to be uniform. Multipath time-

delay τ is modeled stochastically by a standard Poisson or a modified Poisson (∆-K) distribution 

[32].  

Simulation results presented in [33] demonstrate that late arriving multipath components 

exhibit more dispersive distortion, indicating that there is correlation between the time-of-arrival 

(TOA) and the amount of dispersion. Moreover, received multipath components exhibit different 

frequency dependencies because of interactions with scatterers. The scatter center-based 

frequency-dependent channel model is a significant step towards incorporating frequency 

dependent scatter response by extending Turin’s channel model to investigate diffraction related 

distortion [34]. The objective is to further extend Turin’s channel model to incorporate resonant 

dispersion from finite dimensional scatterers for inclusion in UWB channel propagation 

modeling. The response from each scatterer is modeled using the Singularity Expansion Method 

(SEM) approach with poles and residues. The response of finite dimensional objects to a 

wideband incident pulse can be characterized by using the SEM, which models the scattered 

response from objects as sum of damped sinusoids given by (4.2).  
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The resonant dispersion channel model proposed here builds on the generalized multipath 

channel model of (3.5) and the SEM based pole-residue scatterer model of (4.3) and is  
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where N is the number of multipath components, an is magnitude of the multipath specular 

component, θ  is phase shift introduced by the reflection of the UWB pulse, τn indicates the time-

delay of the nth multipath component, P is the number of poles (even number) used to 

characterize the late time response of the nth scatterer, Ωt and Ωr are the incident and reflection 

aspect angles, ∆tp indicates the pulse width and the mth pole and residue of the nth scatterer are 

given by sn,m and Rn,m, respectively.  

If different multipath components from different scattering centers can be isolated at the 

receiver, then each scattering center can be represented in two components: the specular 

multipath component and the resonant dispersion component. The first half of the proposed pole-

dispersion channel model is the impulse response channel model that models the specular 

reflections off the scattering objects. The second half is based on the singularity expansion 

method (SEM) that models the resonant response of the scattering objects. The resonant response 

modeling using the SEM allows a time-delay equivalent to the incident pulse width after the 

specular reflection. This time-delay allows for the incident pulse to pass the scatterer. This 

ensures late time response modeling of the scatterer response.   

The nth multipath component scattered from a finite dimensional object and arriving at 

the receiver with delay τn  is represented in terms of a specular component and a late time 

component that is modeled using P number of poles (sα) and residues (Rα). The poles and 

residues can be extracted using Prony’s or Matrix Pencil Method. Chapter 5 presents a validation 

of the pole-residue dispersion characterization from scatterer response by comparing the scatterer 

response of canonical structures to known analytical results. 

 

4.5 Chapter Summary 

This chapter presented a novel pole-dispersion channel model for ultra-wideband wireless 

applications. The proposed pole-dispersion channel model includes resonant and multipath 

dispersion effects observed in sub nano-second UWB pulse communications. Advances in the 
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proposed channel modeling technique will benefit UWB radar target identification, ground 

penetration radar for buried landmine detection and breast tumor detection. 

A brief introduction of the Singularity Expansion Method (SEM) was presented before 

the proposed pole-dispersion UWB channel model because the model includes SEM based 

scatterer response modeling. Various numerical techniques used for determining the pole-residue 

scatter signatures such as the frequency domain search method, Prony’s method, and the Matrix 

Pencil Method (MPM) were discussed in Section 4.1. 

Transient response analysis is explained in Section 4.2 using an example of a conducting 

hemispherical scatterer over a ground plane. The measurement setup, post-processing to remove 

unwanted reflections and antenna effects, and time gating to separate the late-time resonant 

dispersion component is described in detail. Section 4.3 presents modeling of the responses from 

scatterers of canonical shapes to an incident ultra-wideband pulse. The canonical scatterers 

include a sphere, and a cylinder. Validation of the measured scatterer responses is addressed in 

the next chapter.  

A novel pole-dispersion channel model was proposed in Section 4.4 for ultra-wideband 

(UWB) communications that includes scatterer response to incident wideband UWB pulse. If 

multipath components from the scattering centers can be isolated at the receiver, then each 

scattering center can be represented individually in terms of poles and residues.  
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Chapter 5 – Validation of Scatterer Response 
 
 
 
The previous chapter presented the pole-dispersion channel model for ultra-wideband 

communication systems, which incorporates known dispersion effects for sub nano-second pulse 

communications. The proposed model is an extension of the Turin’s multipath channel model to 

include dispersion from scatterer response. This chapter validates the pole-residue dispersion 

characterization from scatterer response, which is modeled using the Singularity Expansion 

Method (SEM) [1, 2]. The pole-residue dispersion characteristics of scatterer response are 

validated through comparison of the estimated complex-pole positions from measured data and 

the complex-pole positions available analytically for canonical objects. Two types of canonical 

scatterers are used for comparison of the measured and the analytically determined complex 

poles: a conducting sphere and a thin wire scatterer.  

The chapter begins with a brief discussion of approximate analytical expressions for pole-

residue characterization of a conducting sphere and a thin wire scatterer. The Mie series [3] 

solution offers an analytical solution to the response of a sphere to ultra-wideband pulse 

excitation. A comprehensive review of the Mie series solution is beyond the scope of this 

dissertation, so a simplified and approximate method is proposed in Section 5.1.1 for a 

conducting sphere based on Chen and Westmoreland’s research [4]. An analytical solution to the 

response of a thin wire scatterer is available as an eigenvalue solution of the time-domain 

scattering equations cast in the form of a matrix difference equation [5]. Section 5.1.2 presents a 

brief overview of the thin wire response determined as a series of damped exponentials obtained 

from the eigenvalue solution of the matrix difference equation.  
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Three types of experiment setups are used to measure responses of canonical structures 

for ultra-wideband pulse excitation with increasing level of reality. Section 5.2 briefly describes 

the three experimental setups. The first experimental setup uses a 1.2 m x 1.2 m ground-plane; 

the second setup is inside an anechoic chamber; and the third setup is inside a hallway. 

The accuracy of the estimated pole-residue dispersion characteristics from measured 

responses is limited by measurement noise and hardware setup errors. Low signal-to-noise ratios 

in measured scatterer response, especially at higher frequencies, result in spurious poles [6]. 

Moreover, the position deviations occur in the complex s-plane of the estimated poles 

corresponding to the true poles [7, 8]. Dominant poles based on the magnitude of residues and 

the energy content are selected and compared to the theoretically determined poles. Section 5.3 

presents an overview of the dominant pole selection process using a sample measured time-

domain response of a hemisphere over a ground plane.  

The scatter response from the canonical sphere is validated using all the three sets of 

measured data. The first uses a conducting hemisphere over a ground plane, the second uses 

conducting spheres of various radii inside an anechoic chamber and the third uses a single 

metallic sphere in a hallway scenario. Section 5.4 presents a comparison of the complex pole-

position data available from these experimental setups and the theoretically determined complex 

poles for conducting sphere.  

Similar to the canonical sphere, the scatter response from thin wire scatterer is validated 

using two sets of experiments: one with thin wires of various lengths and thicknesses inside an 

anechoic chamber and the other with a thin wire in a hallway environment as part of an indoor 

communication scenario. Section 5.5 presents a comparison of the complex pole-position data 

available from these two experimental setups and the theoretically determined complex poles for 

thin wire scatterer. Finally, Section 5.6 summarizes the important observations and contributions 

presented in this chapter.  

 

5.1 Analytical Response of Canonical Objects 

An important step to proposing the novel pole-dispersion channel model for ultra-wideband 

communication systems is to validate dispersion modeling. The pole-dispersion channel model 

incorporates known dispersion effects and includes dispersion due to scatterer response. This 
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section presents analytically determined complex pole-positions for two types of canonical 

objects: a conducting sphere and a thin wire scatterer.  

The scatterer response in terms of pole-residue dispersion signature is better represented 

in the Laplace domain rather than the Fourier domain because the Laplace domain signature is 

indicative of both the resonant frequency and the damping rate. The Laplace transform of a 

continuous time function f (t) given by [9] 

( )[ ] ( ) ( )dttfesFtfL ts∫
∞

−==
0

                      (5.1) 

where s = σ + jω is the complex frequency, σ is the damping coefficient (sec-1) and ω is the 

radial frequency (radians/sec). The complex frequency domain is a Cartesian co-ordinate 

representation of the complex frequency s with the real axis indicating the position of the real 

component (σ) of the complex frequency s and the imaginary axis indicating the position of the 

imaginary component (ω). For example, complex frequency s1 = σ1 + jω1 is located in the 

complex frequency domain as shown in Fig. 5.1.  

σ

ω

s1 = σ1 + j ω1

σ1

ω1

 
Figure 5.1 Complex frequency domain representation of complex frequency s1 = σ1 + jω1

 

Section 5.1.1 presents a brief discussion on an approximate analytical expression for 

pole-residue characterization of a conducting sphere using a simplified and approximate Mie 
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series [10] solution. Section 5.1.2 briefly discusses an efficient method used to determine the 

analytical complex poles of a thin wire scatterer by casting the scatter response in terms of a 

matrix eigenvalue problem.  

 

5.1.1 Pole-Residue Dispersion Signature of a Conducting Sphere 

The impulse response of a spherically shaped scatterer can be determined by solving the Mie 

series [10-12]. The Mie series was developed by Gustav Mie in 1908 to characterize scattering of 

light by spherical particles [13]. However, sophisticated numerical methods are required to solve 

the Mie series for a general dielectric spherical scatterer. A simplified but approximate method 

[14] based on the Singularity Expansion Method (SEM) offers reasonably accurate pole-residue 

characterization of a conducting sphere. The pole-dispersion channel model is developed based 

on the empirical results of a conducting canonical sphere, providing an acceptable simplified 

approach. 

The approximate solution of the Mie series [4] for a conducting sphere of arbitrary radius 

‘a’ is obtained by first examining the backscattered field. Consider an incident field of a pulse 

excitation in time domain incident on a conducting sphere given by 

  ( ) ⎟⎟
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⎛ +
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                                (5.2) 

The field of an impulse excitation propagates in the z direction and is polarized in the x 

direction. The backscatter response is well represented in the Laplace domain, which is given by 

(5.1). The Laplace transform of the incident pulse excitation on a conducting sphere is given by 

( ) ( )[ ] ( ) cRscsa
incinc eextELsE /cos/ˆ θ−−==
rr

                  (5.3) 

A simplified solution to the backscattered field from a conducting sphere in Laplace 

domain is given by [4] 
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R
axsE caRs

redbackscatte
−−−=

2
ˆ

r
           (5.4) 

where H (s) is the sphere transfer function given by [4] 
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where ζ = (a/c)• s are the complex poles normalized by the radius of the sphere. The complex 

poles of the transfer function H(s) of a conducting sphere are obtained by solving for the roots of 

the functions fn(ζ) and gn(ζ), which are given by [4] 
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The natural resonances of a conducting sphere are obtained by solving equations (5.6) and (5.7) 

for the normalized complex poles ζ. Fig. 5.2 shows the roots sn
f = σn

f + jωn
f and sn

g = σn
g + jωn

g 

of these equations, which group into branches. The first branch and the odd number of branches 

of normalized complex poles are obtained by solving gn(ζ). Similarly, the second branch and 

even number of branches of roots are obtained by solving fn(ζ). For simplicity, only the first two 

branches are plotted in Fig. 5.2. Moreover, the complex poles of these first two branches 

dominate the scatter response of the sphere due to their proximity to the imaginary axis in the 

complex s-plane (i.e. less negative damping coefficients). 

The solution of Mie series to calculate the scatter response of a dielectric spherical 

scatterer is a non-trivial problem because of the sophisticated numerical methods required to 

solve the problem [4]. The above approximate solution to the Mie series for conducting sphere 

[4] is reasonably accurate for the first two branches as shown in Table 5-1. The exact complex 

poles of a conducting sphere are obtained from [14], which solves the Mie series based on the 

approach proposed in [13]. The approximate pole positions in Table 5-1 were computed using 

(5.6) and (5.7). There is excellent agreement between the exact results from the literature and the 

approximate method for this case. This serves as a validation of the approach. 
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Figure 5.2 Approximate complex poles sn

f = σn
f + jωn

f and sn
g = σn

g + jωn
g of a conducting 

sphere computed using the Singularity Expansion Method (SEM) of (5.6) and (5.7). The axes are 
normalized by the factor a/c, where a is the sphere radius and c is the speed of light. 

 

Table 5-1 Comparison of the Approximate Complex Poles of a Conducting Sphere [4] to the 
Exact Complex Poles [14] obtained by Solving the Mie Series 

Pole # Exact Pole Position Approximate Pole 
Position 

1 –0.50000 ± j 0.86603  –0.50000 ± j 0.86600  

2 –0.70196 ± j 1.80740 –0.70200 ± j 1.80700 

3 –0.84286 ± j 2.75786 –0.84300 ± j 2.75800 

4 –0.95423 ± j 3.71478 –0.95400 ± j 3.71500 
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5.1.2 Pole-Residue Dispersion Signature of a Thin Wire Scatterer 

The impulse response of a thin wire scatterer can be analytically determined by a variety of 

methods [15-17]. The eigenvalues approach outlined in [5] is used to determine the analytical 

solution to the response of a thin wire scatterer, because of its numerical simplicity. The time-

domain scattering equation of a thin wire scatterer is cast in the form of a matrix eigenvalue 

problem. The solution of this eigenvalue problem offers natural frequencies (complex poles) and 

corresponding residue amplitudes, similar to the Singularity Expansion Method (SEM).  

The analytical approach outlined here bypasses the step of computing the time-domain 

response of the thin wire scatterer and proceeds directly determining the pole-residue 

characteristics. Using the thin-wire approximation for the current I on the wire, the electric field 

integral equation for a thin wire can be written as [5] 

   ( ) ( ) zdczztzI
R

LtzE
t

L
inc
z ′′−−′•−=

∂
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∫ /,
8

1,
0

2πε
       (5.8) 

where Einc(z, t) is the incident field corresponding to an impulse excitation propagating in the z 

direction, ε is the dielectric constant, L is the length of the thin wire, and I is the excited current. 

The current I can be discretized temporally and spatially over the thin wire as [5] 

                       (5.9) ( ) ( ) ( ∆−∆−≅ ∆

∞
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, )

where Imn is the current element over the differential region defined by (m∆, n∆), N is the number 

of differential elements over the length of the thin wire, and P∆ is a unit pulse of width ∆t = ∆/c. 

Equation (5.9) when substituted in (5.8) can be put in the following form [5] 

             (5.10) ∑
=

−+ =+=
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where Im represents the spatial current element at the mth elemental length of the thin wire, Ai are 

sparse matrices that relate the spatial components of Im, and Fm is the forcing function. After the 

incident field has passed, Fm is zero and the Im+1 term can be expanded in a power series form as 

given by 
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where sα = σα + jωα is the αth complex pole and να is the vector that describes the corresponding 

natural mode. The complex poles must exist as real or as complex-conjugate pairs because the 

time-domain response given by (5.10) is real.  Substituting (5.12) into (5.10) for Fm = 0, we 

obtain 

( ) ( ) αα υυ αα ims
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i
i

ms tt eAe −∆
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+∆ ∑=
1

1
      (5.13) 

Equation (5.13) can be re-arranged into following form for all complex poles sα   
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where I is the N x N identity matrix and the number of time samples equal the number of spatial 

samples (i.e., M = N). Equation (5.14) can be written in matrix form. Let Xm be a state vector and 

Φ be a state transition matrix defined as [5] 
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where [·]T indicates transpose operation and it follows that [5] 

1,1 ≥Φ=+ mXX mm          (5.17) 

If the eigenvalues of the matrix Φ are assumed to be distinct, then the eigenvalues and the 

corresponding eigenvectors are given by [5]  

( ) NeigeneZ ts ,,2,1, K=Φ== ∆ αα
α     (5.18) 
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This demonstrates that the eigenvalues Zα of the Φ matrix yield the complex poles given 

by Zα = exp(sα ∆t) and the corresponding first N components of the eigenvectors of matrix Φ are 

the corresponding un-normalized natural mode vectors [5]. Thus, the complex poles and their 

corresponding residues are determined by casting the thin wire scatter response in terms of an 

eigenvalues problem.  

The complex poles of the thin wire scaled by the length L and the speed of light c as 

found from the eigenvalue analysis of matrix Φ, given by (5.18), are plotted in Figure 5.3. These 

complex poles in the s-plane form the scatter signature of the thin wire scatterer. The measured 

scatter response of thin wires of various lengths is processed using the Matrix Pencil Method 

(MPM) to extract complex poles. These complex poles are scaled by the respective lengths of the 

thin wires and compared to the analytically determined complex poles shown in Fig. 5.3.  
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Figure 5.3 Analytically determined complex poles of a thin wire scatterer using the eigenvalue 

approach (5.18) [5]. 
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5.2 Validation Experiment Setup 

The scatterer response for arbitrary scatterers is validated using canonically shaped scatterers 

such as conducting spheres and thin wires. Three types of experiment setups are used to measure 

responses of canonical structures for ultra-wideband pulse excitation. These three types of 

experiment setups are chosen to reflect increasing level of actual propagation environment 

situations. Section 5.2.1 describes the first experimental setup, which uses a ground plane with 

planer TEM horn antennas. This was the initial setup used in investigating the ultra-wideband 

channel dispersion and is useful for its simplicity. The second experimental setup is inside an 

anechoic chamber and is described in Section 5.2.2. This setup is more focused towards 

measuring the time-domain scatterer response of arbitrary shape and size. This setup is also very 

effective in mitigating interference from other RF and microwave sources. The final 

experimental setup uses a realistic indoor UWB channel and is described in Section 5.2.3. Table 

5-2 summarizes the three validation experiment setups including the types of antenna used, the 

range of frequencies and the canonical objects investigated. 

 
Table 5-2 Three types of Validation Experiment Setups 

Experiment 
Scenario Antennas Frequency 

Range (GHz) Canonical Objects Comments 

1. Scatter over 
a ground 
plane 

Planar flat 
TEM horn 
antennas 

0.05 – 20.05  Hemisphere (D = 
15.2 cm) 

• Best SNR 
• Ground Plane limits 

size 
• Does not support all 

canonical shapes 

2. Inside an 
anechoic 
chamber 

Planar curved 
TEM horn 
antennas 

0.05 – 12.00  

Spheres (D = 10.2, 
12.7, 15.2 cm), 
and  

Thin Wires (L = 
29, 46, 64 cm) 

• Good SNR 
• Object size limited by 

chamber dimensions 
• Supports all canonical 

shapes 

3. Inside a 
hallway 

Planar curved 
TEM horn 
antennas 

0.05 – 12.00 

Sphere (D = 15.2 
cm), and 

Thin Wire (L = 27 
cm) 

• Poor SNR 
• Object size limited by 

hallway dimensions 
• Supports all canonical 

shapes 
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5.2.1 Canonical Objects over a Ground Plane 

The first of the three types of validation experiment setups is simplest in terms of the required 

time-to-setup and the resources. In this type of scatterer-response measurement setup, canonical 

scatterers were investigated using two flat planar horn antennas mounted on diagonal corners of 

a 1.2 m x 1.2 m (4’ x 4’) square ground plane surrounded by absorber as shown in Fig. 5.4. The 

data were collected using a vector network analyzer VNA–HP8510. The measured scatterer 

responses were deconvolved with the line-of-sight (LOS) antenna response, and post-processed 

using the Least-Squares (LS) Prony’s algorithm as outlined in Chapter 4.  
 

LOS

ObjectSca
tte

red

LOS Measurement
Scatter Measurement

TEM Horn

Ground
Plane

VNA HP8510  
Figure 5.4 Validation experiment setup for Scenario # 1 using two flat planar horn antennas 

mounted on diagonal corners of a 1.2 m x 1.2 m square ground plane.  
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The edge of the ground plane was covered with absorber to reduce diffraction from the 

edge as well as to reduce scattering from the surrounding environment. A hemisphere of 

diameter 15.2 cm (6 inch) is investigated within a frequency range of 50 MHz – 20.05 GHz. The 

time resolution of the Gaussian pulse excitation is 25 psec corresponding to 40 GHz of sampling 

frequency. Data for each frequency step of 50 MHz were recorded using a vector average of 

1024 measurements. Since the signal-to-noise ratio (SNR) increases by 3 dB for every doubling 

of the number of measurements, an average of 1024 measurements leads to an improvement in 

SNR of approximately 30 dB. 

This simple setup, however, limits the types of canonical structures that can be used to 

validate the measured scatterer response. Moreover, only a small canonical scatterer can be used 

because the time-delay difference between the scatterer response and the edge of the ground-

plane has to be sufficient to allow time gating. A single hemisphere of diameter 15.2 cm was 

used, permitting scatter measurements with very high signal-to-noise ratios (SNR).  

 

5.2.2 Canonical Objects inside an Anechoic Chamber 

This validation experiment setup is used to overcome the size and symmetry limitations of using 

a ground plane. Moreover, this setup is also very effective in mitigating interference from other 

RF and microwave sources. In this type of scatterer-response measurement setup, various types 

of canonical scatterers such as metallic spheres of various sizes and thin wires of various lengths 

were mounted on a pedestal inside an anechoic chamber. Two curved planar horn antennas were 

used in a bi-static radar configuration to record the s21 parameter for the scatterer response as 

shown in Fig. 5.5. The data were collected using a VNA–HP8510, deconvolved with the line-of-

sight (LOS) antenna response, and post-processed using the Least-Squares (LS) Matrix Pencil 

Method (MPM). 
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Figure 5.5 Validation experiment setup for Scenario # 2 using two curved planar TEM horn 
antennas mounted on pedestals inside an anechoic chamber of dimensions 3.35 m x 3.35 m x 

3.35 m with 5.79 m taper (11’ x 11’ x 11’ with 19’ taper). 
 

Using this setup, data for each frequency step of 50 MHz were recorded using a vector 

average of 1024 measurements, which resulted in an SNR range of 10 – 20 dB. The chamber 

dimensions did not limit the types of canonical structures that were used to validate the measured 

scatterer response. Canonical structures of various sizes and lengths were measured and 

validated through comparison with theoretical data. The operating bandwidth of the curved 

planar TEM horn antennas limited the frequency range from 50 MHz – 12 GHz. 

 

5.2.3 Canonical Objects inside an Indoor Hallway Environment  

This final validation experiment setup is most realistic in terms of an actual ultra-wideband 

(UWB) communication scenario. In this type of scatterer-response measurement setup, a single 

thin wire scatterer and a single metallic sphere were mounted on a pedestal in a hallway 

environment on the 6th floor of Whittemore Hall, Virginia Tech, as shown in Fig. 5.6 (a). Similar 

to the setup inside an anechoic chamber, two curved planar TEM horn antennas were used in a 

bi-static radar configuration to record the s21 parameter for the scatterer response. The data were 
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collected using a VNA–HP8510B and deconvolved with the line-of-sight (LOS) antenna 

response, which was measured as shown in Fig. 5.6 (b).  
 

planar
TEM Horn

VNA HP8510 B

Wall

Tx
.

Rx
.

0.83 m

 1. 96 m

Scatterer

 
 (a) Scatterer Response Measurement Setup  (b) Line-of-Sight Response Measurement 

Figure 5.6 Scatterer response validation experiment setup for Scenario # 3 using two curved 
planar TEM horn antennas mounted on pedestals inside a hallway 

 
The available signal-to-noise ratios (SNR) from this setup are poor due to losses in the 

cable and due to unavoidable scattering from the floor, ceiling and the walls. A metallic sphere 

of diameter 15.2 cm (6 inch) and a thin wire scatterer of length 27 cm (10.6 inch) were used to 

validate the scatterer responses. The hallway dimensions permitted time gating of the desired 

response from the scatterers, thus avoiding reflections from the hallway structures. 

 

5.3 Dominant Complex Poles from Measured Scatter Responses 

Measurement noise limits the accuracy of the pole-residue dispersion characteristics estimation 

from measured responses. Noise in measured scatterer response results in spurious poles and 

deviation in the position of the actual poles in the complex s-plane [6-8]. For validation process, 

dominant poles based on the magnitude of residues and the energy content are selected and 

compared to the theoretically determined poles. In the remainder of the dissertation, dominant 

poles based on the energy content are used for the pole-dispersion channel model analysis. The 

dominant pole selection based on the residue magnitude and the energy content of the estimated 
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poles is described in Sections 5.3.1 and 5.3.2, respectively, for the measurement response of a 

hemisphere. 

The dominant pole selection process is illustrated using a measured response of a 

conducting hemisphere of diameter 15.2 cm (6 inch) mounted over a ground plane. The 

experimental scatterer response data available from this ground plane measurement setup 

described in Section 5.2.1 are analyzed using the Matrix Pencil Method (MPM). This section 

presents an overview of the dominant pole selection process. 

The scatterer-response of a 15.2 cm diameter hemisphere mounted over a ground plane is 

s21 scatter parameter measured using a VNA–HP8510 vector network analyzer. The measured s21 

response was deconvolved with the antenna line-of-sight response and analyzed using the Matrix 

Pencil Method (MPM) to determine the complex poles. All the 23 complex poles (found using 

the method described in Section 4.1.3) used to characterize the scatter response are shown in Fig. 

5.7. Note that only the complex poles lying in the upper left half of the complex s-plane are 

shown because for real time-domain response, the estimated poles are either real or occur in 

complex conjugate pairs. The scatter signature in terms of pole-position in the s-plane is 

normalized by the factor g = a/c loge10, where a is the radius of the sphere and c is the speed of 

propagation of EM waves.  

Using fewer than all the 23 pairs of complex conjugate poles reduces computational 

complexity. Moreover, all the 23 pairs of estimated poles do not correspond to actual poles. 

Some of the estimated poles are spurious poles due to noise. A comparison of all the 23 

estimated poles to the analytically determined poles of a conducting sphere, as calculated in 

Section 5.1.1, shows that most of the estimated poles are spurious poles as seen in Fig. 5.8. 
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Figure 5.7 All 23 estimated complex poles and their corresponding residues used to characterize 

a 15.2 cm diameter hemisphere mounted over a ground plane. The s21 scatter parameter 
measured with VNA–HP8510 was used to compute the complex poles using the Matrix Pencil 
Method (MPM) of Section 4.1.3. The real and imaginary axes are normalized by the factor g = 

a/c loge10, where a is the sphere radius and c is the speed of light. 
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Figure 5.8 All 23 estimated complex poles of a 15.2 cm diameter hemisphere mounted over a 

ground plane for Scenario # 1 compared to the poles of a conducting sphere analytically 
determined from (5.18) [4]. 

 

5.3.1 Dominant Complex Poles based on Residue Magnitude  

Using dominant poles based on the residue magnitude or the pole energy prevents selecting and 

comparing spurious poles to the actual poles. Dominant poles sD based on the magnitude of 

residues are selected by choosing the complex pole-pairs with their corresponding residues above 

a threshold as given by  

             (5.20)      ( )ThresholdsD AAss >=
where s = σ + jω is the complex pole, operation [•]* indicates complex conjugation and AThreshold 

indicates the magnitude threshold chosen to determine the dominant poles. Figure 5.9 shows the 

dominant complex poles of a 15.2 cm diameter hemisphere over a ground plane having the 

magnitude of the corresponding residues greater than a threshold of Athresh = 8e-4. Note that only 
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five dominant poles based on the residue magnitude are sufficient to represent the response of a 

conducting sphere in free space or a hemisphere over a ground plane. 
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Figure 5.9 The dominant complex poles of a 15.2 cm diameter hemisphere over a ground plane 
selected from poles in Fig. 5.8 for residue magnitudes greater than a threshold of Athresh = 8e-4. 
The real and imaginary axes are normalized by the factor g = a/c loge10, where a is the sphere 

radius and c is the speed of light. 
 

5.3.2 Dominant Complex Poles based on Pole Energy content  
Dominant poles sD based on the energy content of the poles are selected by choosing the 

complex pole-pairs with their corresponding energy above a threshold given by  
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where EThreshold indicates the energy threshold chosen to determine the dominant poles. The upper 

time limit for integration is limited by the finite duration of the measured scatterer response. 
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Figure 5.10 shows the dominant poles selected based on their energy content greater than a 

threshold of EThreshold = 1e-4.  
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Figure 5.10 The dominant complex poles of a 15.2 cm diameter hemisphere over a ground plane 
selected from the poles in Fig. 5.8 for energy greater than a threshold of EThreshold = 1e-4. The real 
and imaginary axes are normalized by the factor g = a/c loge10, where a is the sphere radius and 

c is the speed of light.  
 

Note that there are 5 poles selected based on the residue magnitude and 7 poles selected 

based on the pole energy criteria. Thus, this section presents an overview of the dominant pole 

selection process using a sample measurement of a 15.2 cm diameter hemisphere over a ground 

plane. The scatter response validation is presented in the next section where these dominant 

poles are compared to the analytically determined poles. 
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5.4 Scatter Response Validation using Canonical Sphere  

In this section, the dominant natural resonances (complex poles) of conducting spheres, selected 

based on the criteria presented in the previous section, are compared to the analytical complex 

poles described in Section 5.1.1. The scatter-signature comparison in terms of pole-position in 

the s-plane is first demonstrated for the hemisphere over a ground plane in Section 5.4.1. In 

Section 5.4.2, the complex-pole position is compared for the spheres of various sizes inside an 

anechoic chamber. 

 

5.4.1 Conducting Hemisphere over a Ground-Plane 

In this sub-section, the scatter signature in terms of dominant pole-position in the s-plane, 

extracted from the measured impulse response of a 15.2 cm diameter hemisphere mounted over a 

ground plane, is compared to the analytically derived pole-positions. The comparison of pole-

position in the s-plane between the measured poles normalized by the factor a/c loge10 and the 

analytical poles is shown in Fig. 5.11. Only the dominant measured poles based on the residue 

magnitude and energy criteria are compared with the theoretically determined poles.  

Note that the measured dominant complex poles offer a reasonably accurate match to the 

analytically determined poles. The dominant complex poles allow characterization of the 

scatterer response using fewer parameters: 5 pairs of complex conjugate poles based on the 

magnitude of their corresponding residues and 7 pairs of complex conjugate poles based on their 

energy content. 

The dominant measured complex poles also model the late-time response of the scattered 

field from the hemisphere with reasonable accuracy as seen in Fig. 5.12. However, the accuracy 

of the time-domain impulse response characterization is reduced as seen in Fig. 5.12, which 

compares the measured late-time response of a 15.2 cm diameter hemisphere over a ground 

plane for the estimated response using all the 23 pairs of complex conjugate poles to the 

estimated response using the 5-pairs of dominant complex poles based on the magnitude of the 

residues and the estimated response using the 7-pairs of dominant complex poles based on their 

energy content. In the remainder of this dissertation, dominant complex conjugate poles will be 

used to characterize the resonant dispersion from scatterers because it allows fairly accurate 

characterization of the scatterer response using fewer parameters. 
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Figure 5.11 Comparison of scatter signature in terms of complex-pole position in the s-plane 
between the dominant measured poles of a 15.2 cm (6-inch) hemisphere over a ground plane in 

Scenario # 1 normalized by the factor g = a/c loge10 and the analytical poles obtained by solving 
(5.6) and (5.7). The dominant poles are based on the magnitude of the residue (square) and the 

energy content (star). 
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Figure 5.12 Measured (solid) and estimated late-time impulse response of a 15.2 diameter 
hemisphere over a ground plane using all poles (dash-dot), dominant poles based on the 

magnitude of the residues (dash), and dominant poles based on the energy content (dotted) 
 

5.4.2 Conducting Spheres inside an Anechoic Chamber 

The dominant poles extracted from the measured impulse response of 10.2 cm (4 inch), 12.7 cm 

(5 inch) and 15.2 cm (6 inch) diameter conducting spheres inside an anechoic chamber matched 

the analytical scatter signature of a conducting sphere in terms of pole-position in the s-plane. A 

comparison between the measured poles normalized by the factor a/c loge10 and the analytical 

poles is shown in Fig. 5.13 (a) for dominant poles determined based on the residue magnitude 

and in Fig. 5.13 (b) for dominant poles determined based on the energy content. 

 The dominant measured poles of the first branch for each conducting sphere with a 

different diameter offer a reasonably close match to the first branch of analytically determined 

complex poles determined from (5.7). A comparison between the second branch of measured 
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poles and the analytical poles showed a close match for low frequency poles with some deviation 

for higher frequency poles. The deviation of the measured complex poles can be attributed to 

higher noise levels and lower signal-to-noise ratios at higher frequencies [6-8]. 
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(a) Dominant poles selected based on the magnitude of the residue 
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(b) Dominant poles selected based on the energy content 

Figure 5.13 Comparison of scatter signature in terms of complex-pole position in the s-plane 
between the measured dominant poles of 10.2 cm, 12.7 cm and 15.2 cm diameter conducting 

spheres inside an anechoic chamber in Scenario # 2 normalized by the factor g = a/c loge10 and 
the analytical poles obtained by solving (5.6) and (5.7). The dominant poles are selected based 

on the magnitude of the residue (5.20) and the energy content (5.21). 
 

5.4.3 Conducting Sphere inside an Indoor Hallway Environment  

The measured time-domain response of a 15.2 cm (6 inch) diameter metallic sphere inside an 

indoor hallway (Scenario # 3) was analyzed using the MPM and the dominant poles were 

extracted based on (5.20) and (5.21). These dominant poles based on the residue magnitude and 

the pole-energy content matched the analytical scatter signature of a conducting sphere in terms 

of pole-position in the s-plane. A comparison between the measured poles normalized by the 
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factor a/c loge10 and the analytical poles is shown in Fig. 5.14 for both types of dominant poles 

determined based on the residue magnitude and the energy content. 
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Figure 5.14 Comparison of scatter signature in terms of complex-pole position in the s-plane 
between the measured dominant poles of 15.2 cm diameter conducting sphere inside an indoor 

hallway (Scenario # 3) normalized by the factor g = a/c loge10 and the analytical poles obtained 
by solving (5.6) and (5.7). The dominant poles are selected based on the magnitude of the 

residue (5.20) and the energy content (5.21). 
 

The dominant measured poles of the first branch for each conducting sphere with a 

different diameter offer a close match to the first branch of analytically determined complex 

poles. Significant deviation from the actual pole position is observed compared to the previous 

two cases of hemisphere over a ground-plane and spheres inside an anechoic chamber. The 

available signal-to-noise ratios (SNR) from this setup are poor due to losses in the cable and due 

to unavoidable scattering from the floor, ceiling and the walls. The beginning of the late time and 

the duration of sphere response were chosen to avoid reflections from the hallway structures. 
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5.5 Scatter Response Validation using Thin Wire Scatterers  

In this section, the dominant natural resonances (complex poles) of thin wire scatterers, selected 

based on the criteria of (5.20) and (5.21), are compared to the analytical complex poles of a thin 

wire scatterer described in Section 5.1.2. The scatter-signature comparison in terms of pole-

position in the s-plane is first demonstrated for thin wires of various lengths inside an anechoic 

chamber in Section 5.5.1. In Section 5.5.2, the complex-pole position is compared for a thin wire 

of length 13 cm inside an indoor hallway environment. 

 

5.5.1 Thin Wire Scatterer Inside an Anechoic Chamber 

In this sub-section, the scatter signature in terms of dominant pole-position in the s-plane, 

extracted from the measured time-domain response normalized by the factor L / (π • c) of thin 

wire scatterers of lengths 29 cm, 46 cm, and 64 cm are compared to the analytically derived 

pole-positions in Fig. 5.15.  
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(a) Dominant poles selected based on the magnitude of the residue. 
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(b) Dominant poles selected based on the energy content. 

Figure 5.15 Comparison of scatter signature in terms of complex-pole position in the s-plane 
between the measured dominant poles of 29 cm, 46 cm and 64 cm length thin wire scatterers 
inside an anechoic chamber in Scenario # 2 normalized by the factor h = L / (π • c) and the 
analytical poles obtained by solving (5.18). The dominant poles are selected based on the 

magnitude of the residue (5.20) and the energy content (5.21). 
 

Figure 5.15 (a) plots dominant poles determined based on the residue magnitude as given 

by (5.20) using a threshold of Athresh = 8e-4. Similarly, Fig. 5.15 (b) plots dominant poles 

determined based on the energy content as given by (5.21) using a threshold of Ethreshold = 1e-4. 

Note that only the first branch is observed because the high damping coefficient for higher 

branches leads to poles with less energy content. The dominant measured poles offer a 

reasonably close match to the first branch of analytically determined complex poles. 
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5.5.2 Thin Wire Scatterer inside an Indoor Hallway Environment  

The dominant poles extracted from the measured time-domain response of a 27 cm length thin 

wire scatterer inside an indoor hallway scenario matched the analytical scatter signature of a 

conducting sphere in terms of pole-position in the s-plane. A comparison between the measured 

poles normalized by the factor L / (π • c) and the analytical poles is shown in Fig. 5.16 for both 

types of dominant poles determined based on the residue magnitude and the energy content. 

Again only the first branch is observed with the estimated dominant poles offering a good match 

to the analytically determined poles. The available signal-to-noise ratios (SNR) from this setup 

are poor resulting in significant deviation from the actual pole position compared to the 

measured results from an anechoic chamber.  
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Figure 5.16 Measured dominant complex poles of a 27 cm length thin wire scatterer of thickness 

0.125 inch inside an anechoic chamber 
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5.6 Chapter Summary  

In support of the proposed pole-dispersion channel model for ultra-wideband communication 

systems, this chapter validates the pole-residue dispersion characterization from scatterer 

response, which is modeled using the Singularity Expansion Method (SEM). The pole-residue 

dispersion characteristics of scatterer response are validated through comparison of the estimated 

complex-pole positions from measured data and the complex-pole positions available 

analytically for two types of canonical objects: a conducting sphere and a thin wire scatterer. 

Some important observations include: 

• A simplified and approximate method for determining the analytical expressions for 

pole-residue characterization of a conducting sphere and a thin wire scatterer are 

briefly discussed; see Section 5.1.  

• Three types of experiment setups are used to measure responses of canonical structures 

for ultra-wideband pulse excitation; see Table 5-1 and Section 5.2. 

• Dominant poles based on the magnitude of residues and the energy content are selected 

and compared to the theoretically determined poles; see Section 5.3. The dominant 

pole selection process prevents selecting and comparing spurious poles to the 

theoretical poles.  

• The scatter response from the canonical sphere is validated using all the three sets of 

experiments: first with a conducting hemisphere over a ground plane, second with 

conducting spheres of various radii inside an anechoic chamber, and third using a 

single sphere in a hallway environment; see Section 5.4. 

• The scatter response from thin wire scatterer is validated using two sets of 

experiments: one with thin wires of various length and thickness inside an anechoic 

chamber and the other with a thin wire in a hallway environment as part of an actual 

indoor communication scenario; see Section 5.5.  

• The dominant measured poles for a conducting hemisphere, spheres of various sizes 

and thin wire scatterers of various lengths provided a reasonably close match to the 

analytically determined complex poles; see Fig. 5.11 to 5.16.  

Validated scatterer responses pave way for advances in the statistical characterization of 

the pole-residue dispersion parameters.  

 119



 
References 
[1] C. E. Baum, "On the Singularity Expansion Method for the Solution of Electromagnetic 

Interaction Problems," Interaction Notes #88, AFRL Directed Energy Directorate, Dec. 
1971. 

[2] C. E. Baum, E. J. Rothwell, K. M. Chen, and D. P. Nyquist, "The singularity expansion 
method and its application to target identification," Proceedings of the IEEE, vol. 79 (10), 
pp. 1481-1492, Oct. 1991. 

[3] G. Mie, "Beitra ge zur Optik truber Medien, speziell kolloidaler Metallo sungen," Annals 
of Physics, vol. 25 (3), pp. 377-445, [An English translation is available as G. Mie, 
“Contributions to the optics of turbid media, particularly of colloidal metal solutions,” 
Royal Aircraft Establishment Library, Her Majesty’s Stationery Office, London, Feb. 
1976], Mar. 1908. 

[4] K. M. Chen and D. Westmoreland, "Impulse Response of a Conducting Sphere Based on 
Singularity Expansion Method," Proceedings of the IEEE, vol. 69 (6), pp. 747 - 750, June 
1981. 

[5] J. Cordaro and W. Davis, "Time-domain techniques in the singularity expansion 
method," IEEE Transactions on Antennas and Propagation, vol. 29 (3), pp. 534-538, 
Mar. 1981. 

[6] A. Poggio, M. VanBlaricum, E. Miller, and R. Mittra, "Evaluation of a processing 
technique for transient data," IEEE Transactions on Antennas and Propagation, vol. 26 
(1), pp. 165-173, Jan. 1978. 

[7] Y. Hua and T. K. Sarkar, "Matrix pencil method for estimating parameters of 
exponentially damped/undamped sinusoids in noise," IEEE Transactions on Acoustics, 
Speech, and Signal Processing, vol. 38 (5), pp. 814-824, May 1990. 

[8] D. A. Ksienski and T. M. Willis, "Numerical Methods of Noise Reduction for Frequency 
Domain SEM," Mathematics Notes #81, AFRL Directed Energy Directorate Oct. 1984. 

[9] W. H. Beyer, CRC Standard Mathematical Tables and Formulae, 29th ed., pp. 416-425, 
Boston: CRC Press, 1991. 

[10] R. F. Harrington, Time Harmonics Electromagnetics. New York: McGraw-Hill, 1961. 

[11] M. A. Morgan and B. W. McDaniel, "Transient electromagnetic scattering: data 
acquisition and signal processing," IEEE Transactions on Instrumentation and 
Measurement, vol. 37 (2), pp. 263-267, June 1988. 

[12] R. Weyker and D. Dudley, "Identification of resonances of an acoustically rigid sphere," 
IEEE Journal of Oceanic Engineering, vol. 12 (2), pp. 317-326, Apr. 1987. 

 120



[13] G. C. Gaunaurd, H. Uberall, and A. Nagl, "Complex-frequency poles and creeping-wave 
transients in electromagnetic-wave scattering," Proceedings of the IEEE, vol. 71 (1), pp. 
172-174, Jan. 1983. 

[14] J. M. Pond, "Determination of SEM Poles from Frequency Responses," Interaction Notes 
#408, AFRL Directed Energy Directorate, July 1981. 

[15] K. S. Cho and J. T. Cordaro, "Calculation of the Singularity Expansion Method 
Parameters from the Transient Response of a Thin Wire," Interaction Notes #379, AFRL 
Directed Energy Directorate, Sept. 1979. 

[16] K. Mei, "On the integral equations of thin wire antennas," IEEE Transactions on 
Antennas and Propagation, vol. 13 (3), pp. 374-378, Mar. 1965. 

[17] F. Tesche, "On the analysis of scattering and antenna problems using the singularity 
expansion technique," IEEE Transactions on Antennas and Propagation, vol. 21 (1), pp. 
53-62, Jan. 1973. 

 121



 
 

This page intentionally left blank.

 122



 
 
 
 
 
 
 
 
 
 
 
 

Chapter 6 – Fuzzy Pole Characterization of Scatterer Response 

 
 
 
Time-domain characterization based on the Singularity Expansion Method (SEM) has been a 

popular approach to model scatterer-response for ultra-wideband ground penetration radar 

(UWB–GPR) [1] and target identification [2, 3]. Recently, the SEM approach has also found 

widespread acceptance in tumor detection [4-6] by representing the time-domain response of 

malignant tumors in terms of complex poles. However, noise limits achievable benefits for these 

applications. Early research in SEM emphasized the accuracy of various extraction methods and 

techniques for noisy time-domain data [7-9]. So far, the singular value decomposition (SVD) is 

the only approach used to reduce the effect of noise and to represent complex poles in the 

presence of noise with a small number of equivalent poles [10].  

This chapter presents an alternate approach to the pole-residue dispersion characterization 

of scatterer response in terms of a small number of equivalent poles termed ‘fuzzy poles’. 

Analytical scatterer responses of a straight wire are analyzed for fuzzy characterization at various 

noise levels. Measured scatterer responses of a straight wire and a conducting sphere are 

evaluated to extract equivalent ‘fuzzy poles’. A modified fuzzy clustering approach is proposed 

as a solution to overcome the effect of noise, which has not been previously considered. The 

original contribution is the demonstration that the estimated fuzzy poles offer a close match to 

the actual poles determined from the simulated data for a thin wire scatterer. The time-domain 

response is analyzed using the Matrix Pencil Method (MPM) [11, 12] and the fuzzy poles are 

computed using the modified Unsupervised Optimal Fuzzy Clustering (UOFC) algorithm [13].  
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This chapter begins with a brief discussion of noise effects on the estimation of complex 

poles in Section 6.1. Some interesting observations on the estimated complex poles in the 

presence of noise are highlighted and analyzed. A comprehensive review of the UOFC algorithm 

is beyond the scope of this dissertation, but a brief introduction is presented in Section 6.2. The 

Fuzzy Hyper-Volume (FHV) and the Partition Density (PD) performance parameters are used to 

estimate the optimal number of fuzzy poles. Another original contribution is a modification of 

the UOFC algorithm to offer a closer match of the fuzzy poles to the actual poles using the pole 

energy. The modified UOFC algorithm and improvement in fuzzy pole representation are 

described in Section 6.3. Computed fuzzy poles for the simulated response of a thin wire 

scatterer for various noise levels are presented in Section 6.4. The measured time-domain 

response of a thin wire and a conducting sphere are analyzed using MPM and UOFC to estimate 

their respective fuzzy poles are also evaluated. Finally, Section 6.5 summarizes the important 

observations and contributions presented in this chapter. 

 

6.1 Effect of Noise on Complex Pole Estimation 

The singularity expansion method (SEM) permits representation of the late time response of a 

scatterer as a sum of complex exponentials. The complex poles, also known as the singularities 

and natural resonances, are indicative of the scatterer size and are used as a target signature in the 

complex s-plane. However, the application of SEM approach to target identification and 

classification has limited benefits due to the presence of noise. Low signal-to-noise ratios 

corresponding to high noise levels in measured scatterer response, especially at higher 

frequencies, result in spurious poles and deviation in the position of the poles in the complex s-

plane [14]. Noise not only results in the estimation of spurious poles but also results in the 

estimation of incorrect values of corresponding residues. Percentage error in estimation of 

complex poles in a noisy environment is briefly discussed in [15]. Noise also makes it difficult to 

determine the actual number of poles needed to characterize the TD signature. 

An analytically determined response for a thin wire scatterer is used to investigate the 

effect of noise on the estimated complex poles [16]. The thin wire scatterer considered for this 

example has a length L and a radius r such that r/L = 0.01. The parameters that describe the thin 

wire scatterer response to the incident pulse in the broadside direction are given in Table 6.1. The 
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analytically determined complex poles for a thin wire scatterer are shown in Fig. 6.1(a) and the 

corresponding noiseless time-domain response determined from these complex poles is shown in 

Fig. 6.1(b).  

 
Table 6-1 Thin Wire Scatterer Response Example 

Parameters Value / Symbol 

Length L 
Radius r (= 0.01• L) 
Conductivity ∞ 
Incident Signal Heavyside Pulse 
Direction of Incidence Broadside 
Current distribution Sinusoidal (thin wire approximation) 
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(a) Complex poles 
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(b) Time-domain response 

Figure 6.1 Analytically determined complex poles and the corresponding noiseless time-domain 
response of the thin wire scatterer described in Table 6.1.  

 
The energy of the analytically determined noiseless waveform is computed as an integral 

over a predefined time window. For discrete samples of the time-domain signal, the signal 

energy (Es) is computed as a sum of squares of sample values with the lower limit corresponding 

to the beginning of the late time as 

  ( ) ( )∑∫
=

∞

+⇒=
K

k
SL

T
S TkTydttyE

L
1

22          (6.1) 

where y(t) is the noisy time-domain response, K is number of samples (sufficiently large to 

capture the signal energy) and, TS is the sample duration. Additive Gaussian noise with zero 

mean and variance σn
2 is added to the signal to study noise effects for a desired signal-to-noise 

ratio (SNR) given by 
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A noisy time-domain response of a thin wire scatterer corrupted with a noise level 

corresponding to 5 dB SNR is shown in Fig. 6.2. The SNR = 5 dB value is selected to 

demonstrate that complex poles cannot be reliably extracted using the Matrix Pencil extraction 

method (MPM). In fact, MPM can estimate the complex poles to a reasonable accuracy only for 

SNR > 20–25 dB [15]. The complex poles estimated using the MPM for a single snapshot of the 

noisy data with 5 dB SNR is shown in Fig. 6.3. The abscissa and the ordinate in Fig. 6.3 indicate 

the real and imaginary parts, respectively, of the estimated complex poles scaled by the factor 

L/(c·π), where L is the length of the thin wire scatterer and c is the speed of light.  
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Figure 6.2 Time-domain response of the thin wire scatterer of Table 6.1 corrupted with a noise 

level corresponding to 5 dB SNR. 
 

Note that the second and higher layers of complex poles are very difficult to estimate due 

to the large value of the corresponding damping coefficients (σ). The MPM is able to extract 

only the first layer of complex poles that dominates the time-domain response. Moreover, only 

the dominant lower-frequency poles are estimated with reasonable accuracy with significant 

estimation error for higher-frequency poles as seen by comparison to the analytical poles [17]. 
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Fig. 6.3 demonstrates the limitation of MPM in estimating complex poles from a single 

realization with low SNR. To further support this conclusion, 91 realizations of the noisy TD 

response with 5 dB SNR were performed and, all the estimated poles using MPM are shown on 

the same plot in Fig. 6.4 and compared to the actual poles. The following phenomena are 

observed in Fig. 6.4(a):  

• Pole positions in the s-plane deviate due to noise. For no noise conditions, i.e. SNR > 

70 dB all the estimated poles exactly match to the analytical poles (not shown).  

• An ensemble of spurious poles provides no information on the actual number of poles 

present. Fig. 6.4 shows dominant poles for each of the 91 realizations. 

• The estimated residues corresponding to the spurious poles have incorrect values 

resulting in a poor match to the time-domain response (not shown). 
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Figure 6.3 The estimated complex poles for a single snapshot of the noisy data with 5 dB SNR 

using the MPM for the thin wire scatterer of Table 6.1. 
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(a) Upper left s-plane view 
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(b) Zoomed view of (a) 

Figure 6.4 The estimated complex poles for all the 91 snapshots or realizations of the noisy data 
with 5 dB SNR using the MPM for the thin wire scatterer of Table 6.1. 
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A close examination of Fig. 6.4(a) using the zoomed view as shown in Fig. 6.4(b) leads 

to following observations: 

• The estimated complex poles for multiple realizations of a noisy time-domain 

response form clusters around the actual poles.  

• The energy content of the poles within the cluster is nearly equal and reduces with 

distance from the cluster (not shown).  

The above observations suggest a different approach in estimating the true complex poles 

in which each of the observed clusters is represented with corresponding cluster centroids. 

Hence, the problem of representing a noisy scatterer response with few poles reduces to 

determining the cluster centroids, also termed ‘fuzzy poles’. In the next section, the fuzzy poles 

are computed using the modified Unsupervised Optimal Fuzzy Clustering (UOFC) algorithm 

[18].  

 

6.2 The Unsupervised Optimal Fuzzy Clustering (UOFC) Algorithm  

The Unsupervised Optimal Fuzzy Clustering Algorithm belongs to a family of blind fuzzy 

clustering algorithms that do not require any a-priori information on the number of clusters 

present. The UOFC algorithm based on the performance parameter values estimates the number 

of cluster centers required to provide optimal representation. In order to optimize the cluster 

center representation, the UOFC algorithm combines two sub–algorithms [19]: (a) the Fuzzy K-

Means (FKM) algorithm, and (b) the Fuzzy modification of Maximum Likelihood Estimation 

(FMLE) algorithm.  

An overview of the proposed solution to the problem of representing a noisy scatterer 

response with cluster centers (‘fuzzy poles’) is shown in Fig. 6.5. It is assumed that the complex 

poles for multiple realizations are already computed. These estimated poles of a noisy scatterer 

response form a two-dimensional data set in the complex s-plane. The following steps 

summarize the approach to determining the fuzzy poles: 

1. Compute the mean and standard deviation of the entire data set (all the two-dimensional 

complex pole vectors estimated for N realizations or repetitions, here N = 91).  

2. Place the first cluster center at the mean position. 
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3. Place another cluster center several multiples of the computed standard deviation from 

the mean position. Ideally this cluster center position should be equidistant from all 

the data points.  

4. Considering the given cluster center positions as a starting point, apply the FKM 

algorithm to provide initial estimates of the cluster centers (see Section 6.2.1).  

a. First compute the membership function or values ukn for all the estimated poles 

b. Update the cluster center positions based on the data points and their new 

determined membership values 

c. Iterate steps 4.a and 4.b until there is no perceptible change in the membership 

values 

5. Use the cluster center positions computed by the FKM algorithm as initial estimates of 

the FMLE algorithm and refine the decision on fuzzy poles (see Section 6.2.2).   

a. Initialize the exponential distance measures de
2(ck,xn) equal to the final Euclidean 

distances d2(ck,xn) computed by the FKM algorithm.  

b. Compute the posterior probability h(k/xn) 

c. Compute the a-priori probability Pk 

d. Compute the exponential distance measures de
2(ck,xn) for each of the estimated 

complex poles and clusters. 

e. Update the cluster center positions based on the data points and their new 

determined posterior probabilities 

f. Iterate steps 5.b to 5.e until there is no perceptible change in the posterior 

probability values 

6. Compute and store the performance parameters namely (a) the Fuzzy Hyper Volume 

(FHV), and (b) the Partition Density (PD).  

7. Repeat steps 3 to 6 up to a chosen upper limit of cluster centroids or fuzzy poles. 

 The Fuzzy K-Means (FKM) algorithm is the cornerstone of the entire solution. The 

following subsection briefly discusses the FKM algorithm. 
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Figure 6.5 A flow diagram of the proposed solution to the problem of representing a noisy 

scatterer response with cluster centroids (‘fuzzy poles’) using the Unsupervised Optimal Fuzzy 
Clustering (UOFC) algorithm. 

 

6.2.1 Fuzzy K–Means (FKM) Algorithm 

The Fuzzy K-Means (FKM) algorithm is the main clustering algorithm that partitions the 2-D 

estimated poles in the complex s-plane into clusters. The Fuzzy K-Means algorithm seeks to 

minimize a least-square cost function given by the following expression by choosing the cluster 

centroids [ck] [17]: 
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where the exponent q can have a value > 1 (here chosen as 2), Nd and Nc are the number of data 

points and the number of clusters, respectively. The objective is to minimize the sum of the 
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product of Euclidean distance between the estimated poles & the fuzzy centroids d2(ck,xn) and the 

membership values ukn (0 ≤ ukn ≤ 1). In fuzzy analysis, each data point is given a membership 

value with respect to each of the clusters. If the membership value of a data point for a given 

cluster is close to unity – it indicates that the data point strongly belongs to the given cluster [18, 

19]. And similarly, membership values close to zero indicate that the data point is less likely to 

belong to the given cluster. Hence, membership values in a fuzzy analysis indicate a soft 

measure of partitioning. 

The first step is to choose the initial cluster center values, which were determined using 

the first three steps illustrated in Fig. 6.5. The next step (Step 4.a) is to apply FKM algorithm that 

first computes the membership function or values ukn for all the estimated poles given by the 

following expression [19]:   
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Note that these membership values are a function of distance only. Later in Section 6.3, 

the energy of the estimated poles will be included. Once the membership values are known, the 

next step (Step 4.b) is to update the cluster center positions based on the data points and their 

membership values given by [19]:   
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The process of determining the membership values and the cluster centroids is iterated 

until the increment change in the membership values is small as given by  

  ε<−= −1max i
nk

i
nknk

uu                         (6.6) 

where ukn
i indicates the membership values at the ith iteration.  Thus, the FKM algorithm 

iteratively searches for fuzzy poles by minimizing a cost function as in a constrained 

optimization problem. These estimates of the fuzzy poles are used as initial conditions by the 

FMLE algorithm to refine the decision. The next section briefly outlines the FMLE algorithm. 
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6.2.2 Fuzzy modification of the Maximum Likelihood Estimation (FMLE) 

The FMLE algorithm is very robust to the variations in the number of clusters and the cluster 

densities. It is a non-linear algorithm that can become unstable if it does not have “good” initial 

estimates. Hence, the final estimates of the fuzzy poles as calculated by the FKM algorithm are 

used as initial values for this algorithm. It is similar to the FKM algorithm with two main 

exceptions: 

(a) It uses posterior probability instead of membership values 

(b) It uses exponential distance measure instead of the Euclidean distance 

measure. 

The Euclidean distances d2(ck,xn) as computed by the FKM algorithm corresponding to 

the final estimated fuzzy poles are used as the initial exponential distance measures de
2(ck,xn) 

(Step 5.a). The posterior probability h(k/xn), which indicates the likelihood of a given data point 

Xn belonging to the cluster k, is then computed (Step 5.b) as given by [19]: 
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Based on the posterior probabilities for each data point and the given cluster set, a-priori 

probability Pk is calculated (Step 5.c) which indicates what is the likelihood of occurrence of 

cluster k [13] 
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The next step (Step 5.d) is to determine the exponential distance measures for each of the 

estimated complex poles and clusters. This exponential distance function used in the FMLE 

algorithm optimizes the decision in a small local region in the complex s–plane. It optimizes the 

partitioning of the estimated poles into clusters and is given by [19] 
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where the Fuzzy Covariance Matrix Fk for the kth cluster is given by [19] 
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 The final step (Step 5.e) is to compute the new centroids [19] and iterate (by returning to 

Step 5.b) until there is no perceptible change in the value of the posterior probability 
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Thus, the first phase (FKM algorithm) of the UOFC algorithm provides blind tracking of 

the initial fuzzy poles and the next sequential phase (the FMLE algorithm) provides optimal 

partitioning of the estimated poles into the clusters. This permits characterization of target or 

scatterer signatures using fewer complex poles in presence of noise. Hence, advances in fuzzy 

pole representation will provide an alternative approach to scatterer response modeling for noisy 

measured data.  

 

6.2.3 Performance Parameters for Fuzzy Clustering 

The objective of the UOFC algorithm is to optimally partition the given set of estimated poles 

into clusters. The ‘optimal partitioning criteria’ seeks to maximize/minimize the computed 

performance parameters based on the following requirements [19]: 

(a) Well-defined clusters with clear spacing between the clusters in the s-plane 

(b) Clusters on average occupy minimum area in the s-plane 

(c) Clusters on average have maximum number of estimated poles in the vicinity 

of the cluster centroid.  

Based on the above-mentioned criteria, the following two performance parameters 

provide information for optimal partitioning of the estimated poles: 

(a) The Fuzzy Hyper Volume (FHV), and 

(b) The Partition Density (PD) 
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6.2.3.1 Fuzzy Hyper Volume (FHV) 

FHV is a measure of the amount of space occupied by the clusters on average in the complex s-

plane. Since this algorithm was developed to support any N-dimensional data set, the 

corresponding performance parameter is an N-dimensional Fuzzy Hyper Volume. For our case it 

is simply a 2-D area in the complex s-plane. Because a smaller area is occupied in the s-plane, 

there will be a closely packed cluster and a low value of the FHV. Thus, the objective is a low 

value for FHV, which is computed by [13] 
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where Fk is given by (6.10). The FHV for each cluster size from 2 to 15 (a pre-defined upper 

limit) of the data set shown in Fig. 6.4 is computed and plotted in Fig. 6.6. Since lower FHV 

values are indicative of a distinct cluster, the number of clusters corresponding to the minimum 

value of FHV is the optimal number of clusters. The FHV for estimated poles of a thin wire 

scatterer response with 5 dB SNR, shown in Fig. 6.6 indicates that the optimal number of 

clusters and hence, fuzzy poles needed to represented the noisy data, is 10. 
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Figure 6.6 Fuzzy Hyper Volume (FHV) for increasing number of clusters from 2 to 15, computed 

for the 2-D estimated complex poles shown in Fig. 6.4 for the example of Table 6.1. 
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6.2.3.2 Partition Density (PD) 

The UOFC algorithm uses partition density (PD) to determine the optimal number of clusters. 

The partition density is a measure of the average number of data points within a cluster per unit 

area in s-plane and is given by [13] 
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where Fk is given by (6.10). Higher density values are indicative of the presence of a distinct 

cluster, so the number of clusters corresponding to the maximum value of PD is the optimal 

number of clusters. The PD for estimated poles of a thin wire scatterer response with 5 dB SNR, 

shown in Fig. 6.7 indicates that the optimal number of clusters needed to represent the noisy data 

is 10. This optimal value is valid only up to the upper limit of pre-selected cluster size. In the 

remainder of this chapter, Partition Density (PD) is used as the parameter to determine the 

optimal number of clusters needed to represent the estimated poles of a noisy TD response.  
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Figure 6.7 Partition Density (PD) for the number of clusters from 2 to 15 computed for the data 

points shown in Fig. 6.4 using (6.13) for the example of the thin wire scatterer of Table 6.1. 
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6.3 Modified UOFC Algorithm  

The Unsupervised Fuzzy Optimal Clustering (UOFC) algorithm is based only on geometrical in 

s-plane. It determines the geometrical cluster centers, which may not give accurate results if 

there are one or more spurious poles of low amplitude but far from actual pole positions. These 

spurious poles can shift the geometrical cluster center away from the actual pole location. In 

order to achieve more accurate estimation of actual poles using the fuzzy pole estimates, the 

UOFC algorithm was modified to include the pole energy.  

The energy content of the poles was observed in test calculations to be similar for 

estimated poles within the cluster about the actual poles and reduced with distance from the 

actual poles. The membership values ukn are indicative of the cluster to which the estimate poles 

belong, so the expression to compute the membership values in the UOFC algorithm is modified 

to include the pole energy content  
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where En indicates the energy content of the estimated poles given by (5.21) and normalized for 

each realization. The original FKM algorithm uses membership values that depend only on the 

Euclidean distance.  

We introduced an additional weighting based on the pole energy that improved the 

estimation of the actual poles. Fig. 6.8 compares the estimated fuzzy cluster centers and fuzzy 

cluster centroids (calculated using the modified UOFC algorithm with energy weighting) to the 

actual poles for the thin wire scatterer. The fuzzy cluster centers and centroids were calculated 

for the estimated poles of the 5 dB SNR time-domain response shown in Fig. 6.2. The optimal 

number of 10 computed fuzzy poles (cluster centers & centroids) as determined from methods in 

Section 6.2.3 match closely to the actual poles. As expected, modifying the algorithm to include 

the pole energy as an additional weighting factor results in a better estimate of the actual poles.  

For each realization, the maximum pole energy value of the estimated poles is normalized 

to unity. This forces the membership values of the strong poles (i.e. those with large energy 

content) to remain unchanged, with only the membership values of the weak poles reduced. This 

reduces the weighting of the weak poles in determining the fuzzy cluster centroids. For very 
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strong poles, the clusters are tight and implementing the modified UOFC algorithm does not 

offer any further advantage. However for weak poles, the cluster centroids compared to the 

cluster centers are closer to the actual pole in the s-plane.  
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Figure 6.8 Computed fuzzy cluster centers and cluster centroids (using modified UOFC 

algorithm for the estimated poles shown in Fig. 6.4 and the optimal cluster size shown in Fig. 6.7 
for the example of a thin wire scatterer described in Table 6.1. 

 
Figure 6.9 compares the impulse responses estimated from the fuzzy cluster centers and 

centroids with the actual noiseless response. The averaged waveform over N = 91 realizations 

was used to determine the residues for the fuzzy poles. Observe that the impulse response 

computed from fuzzy centers and centroids are identical. This is because the strong poles 

dominate the TD behavior and both the original and the modified UOFC algorithms presented 

identical fuzzy poles. Although the estimation of the weak poles was improved using the 

modified UOFC algorithm, it did not reflect in the TD response. 

In the remainder of this chapter, fuzzy cluster centroids will be used for fuzzy pole 

representation. 
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Figure 6.9 Estimated time-domain responses using fuzzy cluster centers and cluster centroids 

(using modified UOFC algorithm with pole-energy weighting) for the estimated poles shown in 
Fig. 6.4 and optimal cluster size of 10 as shown in Fig. 6.7 for the example of a thin wire 

scatterer described in Table 6.1. 
 

6.4 Simulation and Measurement Results 

The fuzzy analysis method described in the previous section was found to produce good results 

for the example of a thin wire scatterer described in Table 6.1. The near-accurate estimation of 

the actual poles using the fuzzy clustering approach, demonstrated in Section 6.3 for 5 dB SNR 

signal, motivates the investigation of fuzzy pole representation for various noise levels. Next, we 

analyze simulated as well as measured data to represent estimated poles of a noisy time-domain 

response in terms of fuzzy poles. First, the simulated results for two extreme cases of noise levels 

are discussed in Section 6.4.1. Section 6.4.2 presents fuzzy analysis of the measured time-

domain response of a thin wire of length 27 cm using the MPM and the modified UOFC 

algorithm. This measured data is corrupted with noise to allow fuzzy analysis. Section 6.4.3 

presents fuzzy pole representation of measured response of a conducting sphere.  
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6.4.1 Fuzzy Analysis of the Simulated Response of a Thin Wire Scatterer 

Simulated response of the thin wire scatterer [20] was corrupted with additive Gaussian noise to 

achieve a SNR of 5 dB in Section 6.1. The estimated poles using the MPM for 91 snapshots of 

the noisy TD response were analyzed using the modified UOFC algorithm. This subsection 

demonstrates the estimation of the optimal number of clusters based on the maximization of the 

partition density for two extreme noise levels.  

Optimal values of N = 4 and 9 were observed for the number of clusters for noise levels 

corresponding to SNR = 50 dB and 10 dB, respectively, as shown in Fig. 6.10. This plot provides 

information on how the noise level affects the optimal choice of the number of clusters. Observe 

that as the noise level rises (i.e. the SNR drops), the optimal value shifts to a higher number. This 

is because as the noise level increases more clusters are visible, increasing the optimal value of 

number of clusters. This phenomenon is expected because up to a certain noise level the clusters 

are more distinct and then gradually the spurious poles spread in the s-place.  
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Figure 6.10 Partition Density (PD) for increasing number of clusters from 2 to 15 computed for 
simulated response of a thin wire for two levels of noise corresponding to 50 dB and 10 dB SNR 

for the example of a thin wire scatterer described in Table 6.1. 
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At high noise levels, the value of the optimal number of poles fluctuated. However, for 

large number of realizations or snapshots of the noisy response these fluctuations can be reduced. 

Hence, for low SNR values (say, under 10–15 dB) more samples are required to average out the 

fluctuations in the Partition density values. 

Based on the optimal number of fuzzy poles determined in Fig. 6.10, Fig. 6.11 shows the 

fuzzy poles for simulated response of a thin wire for two levels of noise corresponding to 50 dB 

and 10 dB SNR. The fuzzy cluster centroids or fuzzy poles match closely to the actual poles for 

data with high SNR (i.e. 50 dB) because the clusters are distinct. Even at low SNR (i.e. 10 dB) 

the fuzzy poles estimated using the blind algorithm offers a fairly good match. Another 

interesting observation is that as the noise level increases spurious poles appear and move the 

cluster to the left of the actual pole. This results in the estimation of the cluster centroid or the 

fuzzy poles with a larger damping rate value.  
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Figure 6.11 Estimated fuzzy poles of a thin wire scatterer of Table 6.1 for two levels of noise 

corresponding to 50 dB and 10 dB SNR. 
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The increased damping rate is observed in the impulse response estimated from the fuzzy 

poles for low SNR as shown in Fig. 6.12. Note that as the noise level increases, the impulse 

response damps faster. This is because the noise offsets the estimated fuzzy poles slightly to the 

left in the s-plane, resulting in a greater damping rate given by the real part of the complex fuzzy 

poles. 
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Figure 6.12 Estimated response of a thin wire scatterer of Table 6.1 using the fuzzy poles shown 

in Fig. 6.11 for two levels of noise corresponding to 50 dB and 10 dB SNR.  
 

6.4.2 Fuzzy Analysis of the Measured Response of a Thin Wire 

Response of a thin wire scatterer of length L = 27 cm and diameter d = 0.1 cm in a controlled 

environment was measured for various levels of noise corresponding to different averaging 

factors available on a vector network analyzer (VNA). The measurement setup using the VNA, 

described in Chapter 4, was used to record the frequency domain response. The averaging 

function in VNA uses vector addition that improves the SNR by 3 dB with every doubling of the 

averaging factor. The response of a thin wire scatterer of length 27 cm recorded with an 
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averaging factor (AF) of 4096 is processed using method outlined in Section 4.1. The estimated 

complex poles using the Matrix Pencil Method (MPM) are compared to the analytically 

determined poles of a thin wire scatterer in Fig. 6.13. Only the dominant poles as determined by 

the pole energy content in Section 5.2 are chosen. These dominant poles are observed to match 

closely to the first branch of analytically determined poles. Due to high damping factor, the 

estimated poles from the measured response are not observed for second and higher branches. 
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Figure 6.13 Analytically determined and estimated poles from a measured response of a thin 
wire scatterer of length L = 27 cm and diameter d = 0.1 cm using the VNA and MPM for an 

averaging factor (AF) of 4096. 
 
 The averaging factor (AF) was reduced to 256 and 11 snapshots of the noisy TD response 

were recorded. Reduction in the AF from 4096 to 256 (a factor of 16) results in reduction of SNR 

by 12 dB, i.e. the equivalent noise level increased by 12 dB. The estimated complex poles using 

the MPM for 11 snapshots of the noisy TD response were analyzed using the modified UOFC 

algorithm to calculate the fuzzy poles. Analytically determined poles, estimated poles for all the 

11 snapshots of the measured response and the fuzzy poles of a thin wire scatterer of length L = 

27 cm are shown in Fig. 6.14.  
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Figure 6.14 A comparison of analytically determined poles, estimated poles from 11 snapshots 
of a noisy measured response of a thin wire scatterer of length L = 27 cm and diameter d = 0.1 

cm with AF = 256 and the computed fuzzy poles using the modified UOFC algorithm. 
 

The estimated poles corresponding to the measured response with 12 dB noise formed 

clusters and the optimally determined fuzzy poles offered a close match to the actual poles. The 

optimal number of fuzzy poles was determined to be 7 corresponding to the maximum value of 

the partition density (PD) as shown in Fig. 6.15. 
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Figure 6.15 Partition Density (PD) for increasing number of clusters from 2 to 10 computed for 
the measured response of a thin wire of length L = 27 cm and diameter d = 0.1 cm for 12 dB of 

noise corresponding to AF = 256. 
 

 Similarly, fuzzy poles were optimally determined from all the estimated poles of 11 

snapshots of measured thin wire scatterer response for an AF = 16. A further reduction in the AF 

from 256 to 16 results in reduction of SNR by 12 dB, i.e. the noise level increased by a factor of 

24 dB in comparison to the AF of 4096. Fig. 6.16 compares the theoretically determined poles to 

the estimated poles for AF = 4096, estimated fuzzy poles for AF = 256 and 16. Following 

observations can be recorded from Fig. 6.16: 

a. The estimated fuzzy poles from noisy data offer a close match to the actual 

poles. 

b. As expected, increase in noise level by 12 dB shifted the estimated fuzzy 

poles for AF = 16 to the left of the fuzzy poles for AF = 256.  

c. The fuzzy poles corresponding to AF = 256 offer a better estimate of the 

actual poles than the estimated poles corresponding to AF = 4096. 
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Figure 6.16 Comparison of estimated poles for AF = 4096 and fuzzy poles for AF = 256 & 16 

determined from the measured response of the thin wire scatterer of length 27 cm and diameter d 
= 0.1 cm to the analytically determined poles [16]. 

 

6.4.3 Fuzzy Analysis of the Measured Response of a Conducting Sphere 

Similar to the results presented in the previous section for a thin wire scatterer, the measured 

response of a conducting sphere was analyzed for various levels of noise corresponding to 

different averaging factors available on a vector network analyzer (VNA). An identical 

measurement setup as described in Chapter 4 was used to record the frequency domain response 

of the conducting sphere of diameter d = 15.25 cm (6 inch).  

 Measurements were recorded in three sets. The first measurement set consists of a single 

snapshot of measured response with an averaging factor AF = 4096. Since the signal-to-noise 

ratio (SNR) is difficult to measure, assume the SNR corresponding to this measured data as 

SNRRef. The single measured response is analyzed using the MPM to determine the complex 

poles. The second measurement set consists of 11 snapshots of the measured response with AF = 

256 corresponding to a SNR of [SNRRef – 12] dB. The third measurement set consists of 11 
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snapshots of the measured response with AF = 16 corresponding to a SNR of [SNRRef – 24] dB.  

The estimated poles using the MPM determined for 11 snapshots of the noisy TD response 

corresponding to the second and the third sets were analyzed using the modified UOFC 

algorithm to calculate the fuzzy poles. Fig. 6.17 compares the theoretically determined poles [21] 

to the estimated poles for AF = 4096 and estimated fuzzy poles for AF = 256 and AF = 16 for a 

conducting sphere of diameter 6 inches. 
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Figure 6.17 Comparison of estimated poles for AF = 4096 and fuzzy poles for AF = 256 & 16 

determined from the measured response of a conducting sphere of diameter d = 15. 25 cm to the 
analytically determined poles [21]. 

 
 All observations recorded for the thin wire scatterer case in the previous section are also 

seen here for the case of a conducting sphere. The estimated fuzzy poles from noisy data (–12 

and –24 dB SNR relative to the SNRRef corresponding to the AF = 4096) offered a close match to 

the actual poles. Increase in noise level shifted the estimated fuzzy poles for AF = 16 to the left 

of the fuzzy poles for AF = 256. The fuzzy poles corresponding to AF = 256 offered an improved 

estimate of the actual poles of a conducting sphere compared to the estimated poles for AF = 

4096. 
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6.5 Chapter Summary 

This chapter presented fuzzy poles representation of the estimated complex poles of a noisy 

time-domain scatterer response. Cluster formations of complex poles around the actual poles in 

the s-plane are exploited to offer an improved estimation of the actual poles. In this chapter, a 

modified fuzzy clustering approach is proposed as a solution to determine the optimal 

representation of the noisy data using fuzzy cluster centroids also termed ‘fuzzy poles’. The 

near-accurate estimation of the actual poles using the fuzzy clustering approach is demonstrated 

using SNR = 5 dB time-domain response of a simulated thin wire scatterer described in Table 

6.1.  

The Unsupervised Fuzzy Optimal Clustering (UOFC) algorithm determines the 

geometrical cluster centers, which may not give accurate results if there are one or more spurious 

poles far from actual pole positions. We introduced an additional weighting based on the energy 

content of poles that improved the estimation of the actual poles; see Fig. 6.8. The Matrix Pencil 

Method (MPM) and the modified Unsupervised Optimal Fuzzy Clustering (UOFC) algorithm are 

used to process the noisy time domain response to determine fuzzy poles. Simulated results for 

two extreme cases of noise levels indicate that with increasing noise levels the optimal number 

of clusters needed to represent the noisy data increases. Measured time domain responses of a 

thin wire of length L = 27 cm and a conducting sphere of diameter d = 15. 25 cm were also 

analyzed using the MPM and the modified UOFC algorithm for various noise levels.  

The calculated fuzzy poles with increasing levels of noise move to the left in the complex 

s-plane, resulting in the corresponding time response with larger damping rate. The modified 

UOFC algorithm applied to multiple snapshots of a noisy measured response of a thin wire and a 

conducting sphere illustrated that the fuzzy poles offer a closer match to the actual poles 

compared to the poles estimated from a single realization with higher SNR. Advances in fuzzy 

characterization have promising applications in target identification, which uses noisy time-

domain UWB radar response. 
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Chapter 7 – Statistical Characterization of Scatterer Response 
 
 
 
Noise severely limits scatterer response characterization from measured transient data using the 

Singularity Expansion Method (SEM). For typical noise levels in measured transient data, only 

the complex poles with least damping coefficient can be estimated with reasonable accuracy [1]. 

Moreover, the higher order poles within the first layer are severely corrupted by noise, resulting 

in the estimation of only a few pairs of dominant complex conjugate poles. Early research 

focused on pre-filtering the noisy data through optimal combining [2-4] because direct 

estimation of natural resonances (poles) and natural modes (residues) from the noisy transient 

response lead to inaccurate results.  

In Chapter 6, a fuzzy approach was proposed to circumvent the effect of noise. Cluster 

formation about the actual poles due to noise was exploited to represent the noisy transient 

response with a small number of fuzzy poles. Simulated as well as measured results 

demonstrated a close match of the estimated fuzzy poles to the actual poles of thin wire and 

conducting sphere scatterers. This estimation can be further improved by incorporating the 

statistical behavior of the estimated poles in presence of noise. Clustering algorithms can be 

applied to determine the estimated poles about the actual poles. The probability distribution of 

the estimated poles within the cluster permits using the estimate as the starting point for the 

fuzzy pole analysis. The overall objective to improve pole estimation in presence of noise using 

both the fuzzy analysis and the statistical analysis approach is outlined in Fig. 7.1. 

The statistical characterization of complex pole positions in the s-plane has direct 

application in determining the classification criteria for target identification [5, 6]. Investigations 
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of noise effects on pole estimation for various extraction techniques [7-9] briefly discussed the 

deviations in pole estimation for various noise levels. The importance and need for statistical 

characterization was identified [10] to understand and improve pole estimation in presence of 

noise for target identification and classification problems. Surprisingly, the statistical distribution 

in terms of a probability density function (pdf) or a cumulative density function (CDF) of the 

estimated poles in the complex s-plane has not been investigated. After identifying the optimal 

number of clusters in the complex s-plane as shown in Fig. 7.1, there are two options: estimate 

the fuzzy poles or estimate the statistical mean values within each cluster. 

 

Estimate Poles
from Multiple

Snapshots
Simulations /

Measurements

Identify
Clusters

Determine Fuzzy
Poles using

modified UOFC
algorithm

Improved
Pole

Estimation

Statistical
Analysis

 
Figure 7.1 Outline of an approach to improve pole estimation from noisy data using both the 

fuzzy and the statistical analysis. 
 

This chapter presents a comprehensive statistical modeling of the estimated complex 

poles in the s-plane. Scatter responses of a straight wire are numerically analyzed for different 

noise levels. The clustering algorithm used in the previous chapter is applied here to identify 

distinct clusters of estimated poles about the actual poles. A curve fit is applied to the histogram 

of real and imaginary components of the estimated complex poles within the cluster. Based on 

the estimated statistical parameters such as the mean and the standard deviation, the probability 

density functions are plotted for various noise levels. The original contribution of this work is a 

joint distribution of the real and imaginary components of the estimated poles in the complex s-

plane. This joint distribution of the real and imaginary components, or equivalently the 2-D 

distribution in the s-plane, offers valuable insight in to the noise susceptibility of the poles. The 

time-domain response is analyzed using the Matrix Pencil Method (MPM) [11, 12] and the 

statistical curve fits are computed using the ‘dfittool’ available in Matlab® 7.0.1 Statistical 

toolbox.  
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This chapter begins with a brief discussion of the framework for the statistical analysis in 

Section 7.1. Three dominant pairs of complex conjugate poles are identified. These poles with 

different residue amplitudes show different susceptibility to noise. Hence, an important 

contribution in terms of a novel idea of pole energy to noise ratio (Ep/No) is presented in Section 

7.1.3. The modified Unsupervised Optimal Fuzzy Clustering (UOFC) algorithm used in the 

previous chapter is applied here to identify distinct clusters of estimated poles about the 

dominant poles of a thin wire scatterer.  

The statistical analysis is presented in Section 7.2 beginning with a brief discussion of the 

best-fit distribution, which was found to be the Student’s t-distribution. The real and imaginary 

components of the estimated poles are analyzed separately and their distribution for a chosen 

Ep/No value is presented. The argument that Ep/No parameter completely defines the distribution 

is also discussed. Section 7.3 presents the computed standard deviation and degrees of freedom 

values for different signal to noise ratios (SNR). A joint distribution of the real and imaginary 

components of a thin wire for the first branch is presented in Section 7.4. Section 7.4.3 compares 

the fuzzy approach to the statistical approach (which uses fuzzy clustering) in terms of pole 

estimation accuracy. Finally, Section 7.5 summarizes the important observations and 

contributions presented in this chapter. 

 

7.1 Framework for Statistical Analysis of Estimated Poles 

Limited investigation of noise effects on pole estimation has revealed that higher order poles are 

more susceptible to noise than are lower order poles [2-4, 13]. However, this observation offers 

no insight into which parameters are responsible for accurate estimation of pole positions. The 

objective of this section is to identify and develop a framework for statistical analysis of pole 

estimation. An analytically determined response for a thin wire scatterer is used to meet this 

objective [14]. The proposed framework for the statistical analysis of pole estimation in the 

complex s-plane for different levels of noise is shown in Fig. 7.2.  

 The statistical analysis is performed on the real and imaginary components of a single 

pole. The first step (Step #1) is the statistical analysis, which is presented in Section 7.1.1, is to 

select any one of the dominant poles of a scatterer. In particular, the analytically determined 

response for a thin wire scatterer as outlined in Table 6-1 is often used [14].   
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Figure 7.2 The flow diagram of the proposed framework to statistically analyze the real and 

imaginary components of the estimated complex poles of noisy transient response. 
 

The pole estimation process depends not only on the noise level but also on the energy 

content of the pole under study. Thus, instead of using the signal-to-noise ratio (SNR) of the 

entire waveform, a new parameter called the pole energy to noise ratio (Ep/No) is introduced in 

Section 7.1.3. The second step (Step #2) is to determine the noise level corresponding to the 

desired Ep/No value and add it to the waveform, as demonstrated in Chapter 6. Step #3 estimates 

the complex poles using the Matrix Pencil Method (MPM) and was discussed in Chapter 4.  

Prior to the statistical analysis, cluster formation about the desired dominant pole is 

determined using the modified Unsupervised Optimal Fuzzy Clustering (UOFC) algorithm, 
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which constitutes Step # 4. This process is presented in Section 7.1.4. The next two steps (Step # 

5 and 6) involve statistical curve fitting to the histogram of the real and imaginary components of 

the estimated poles. These steps are discussed in detail in Section 7.2. 

 

7.1.1 Dominant Poles of a Thin Wire Scatterer 

An analytically determined response for a thin wire scatterer is used to statistically investigate 

the effect of various parameters on the estimation of complex poles [14], which is outlined in 

Table 6-1. The estimated complex poles of the noiseless time-domain response of a thin wire 

scatterer using the Matrix Pencil Method (MPM) are shown in Fig. 7.3. Only odd natural modes 

are observed due to the symmetry of the excitation from broadside direction. Note that the MPM 

accurately estimates the odd harmonic poles of the thin wire scatterer in absence of noise.  
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Figure 7.3 Estimated complex poles using MPM compared to the analytically determined 

complex poles for a noiseless time-domain response of a thin wire scatterer [14] (described in 
Table 6-1). 
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A close observation of Fig. 7.3 shows the dominant odd harmonic poles of 1st, 3rd and 5th 

order that correspond to the 1st, 3rd and 5th half wavelength resonances as given by  
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⋅ λπ
π

π
ω

                   (7.1) 

where L is the length of the thin wire and c is the speed of light. Note that the corresponding 

complex conjugate pairs of these estimated poles are not shown. The three dominant pairs of 

complex conjugate poles characterize the time domain response of the thin wire scatterer to 

significant accuracy as shown in Fig. 7.4.  
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Figure 7.4 Comparison of the estimated TD response using only the three dominant pairs of 
complex conjugate poles shown in Fig. 7.3 to the analytically determined noiseless response of a 
thin wire scatterer [14] (described in Table 6-1). Inset picture: zoomed view of the comparison 

demonstrating a small deviation of the estimated response from the analytical response. 
 

The inset portion of Fig. 7.4 is a zoomed view, which shows a small deviation from the 

analytical response using only the three dominant pairs of poles identified in Fig. 7.3. The 
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corresponding residue amplitudes of the three dominant pair of complex conjugate poles is 

shown in Fig. 7.5, which clearly demonstrates that the strength of the dominant poles decreases 

as the pole order increases (from 1 to 3 to 5). The decrease in the pole strength for higher order 

poles is responsible for the higher susceptibility of pole estimation to noise. Fig. 7.6 shows the 

estimated complex poles using the MPM for 91 realizations of the time domain response of a 

thin wire scatterer with a signal-to-noise ratio SNR = 25 dB. The signal-to-noise ratio (SNR) is 

defined using (6.2).  
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Figure 7.5 Residues of the three dominant pairs of complex conjugate poles identified and 

shown in Fig. 7.2.  
 

In Fig. 7.6, the first dominant pole is estimated accurately with all estimates matching 

closely to the actual pole position in the s-plane. Moreover, the pole estimation accuracy 

decreases as the pole order increases, because higher order poles (i.e. the third and the fifth order 

poles) have significantly lower strength compared to the first dominant pole. Interestingly, the 

estimated poles form clusters around the actual poles, which can be exploited to investigate the 

distribution of the estimated poles about the actual poles. 
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Figure 7.6 The estimated complex poles for 91 realizations of the noisy TD response with SNR = 

25 dB using the MPM for the example of a thin wire scatterer [14] (described in Table 6-1).  
 

7.1.2 Pole Energy to Noise Ratio (Ep/No) 

It is insufficient to define the pole strength only in terms of the corresponding residue amplitude. 

The accuracy of the pole estimation process for a particular pair of complex conjugate poles 

depends on the following factors: 

• Residue amplitude { | An ( φ , θ ) | }, which in turn depends on 

• Signal strength, i.e. the signal energy content as given by equation (6.3)  

• Aspect angle of excitation { Ω ( φ , θ ) } 

• Damping coefficient or the real component of the complex pole { σ } 

• Noise power spectral density (PSD) 
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We now introduce a parameter that combines all of the factors above and refer to it as the 

pole energy-to-noise ratio (Ep/No). For the nth pair of complex conjugate poles, the Ep/No value is 

given by 
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where sn = σn ± jωn is the nth complex conjugate pole-pair. TL and TU are the beginning of the 

late time response and an arbitrary upper time limit, respectively. Thus, the energy content of the 

nth pole, defined to be within the time window TL ≤ t ≤ TU, depends not only on the residue 

amplitude but also the damping coefficient σn = Re{sn}. The noise is assumed to be additive 

white Gaussian with zero mean and variance σ2
noise because the measurement noise has Gaussian 

characteristics. Note that Ep/No is not dissimilar to Eb/No used in digital communications to 

observe the effect of noise on the detection of a single bit. The Ep/No values and the percentage 

energy content of the three dominant pair of poles are given in Table 7.1 for SNR = 25 dB of the 

entire transient signal. 

 
Table 7-1 Energy Content of the Dominant Pairs of Complex Conjugate Poles of a Thin Wire 

Scatterer described in Table 6-1 and Section 7.1 for SNR = 25 dB. 

Pole Order / Dominant Pair Ep/No Percentage Energy 

1st pair 24.4 dB 91.15 % 

3rd pair 14.6 dB 8.72 % 

5th pair – 4.5 dB 0.11 % 
 

Figure 7.6 helps explain why the first dominant pole was not affected by noise. It is 

because the MPM accurately estimates pole positions up to 20 – 25 dB SNR. Below 20 dB there 

are perceptible errors in estimating the poles, as demonstrated in the estimation of the 3rd and the 

5th order poles. Section 7.3 will present validation of the claim that Ep/No values are identical, 

then the estimated statistical parameters such as the standard deviation and degrees of freedom 

are also identical for any pole.  
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7.1.3 Cluster identification prior to statistical analysis 

As mentioned earlier in this chapter, scatterer responses of a straight wire are numerically 

analyzed for different noise levels. The clustering algorithm discussed in Section 6.2 is applied 

here to identify distinct clusters of estimated poles about the actual poles. As seen in Fig. 7.6, the 

clusters about the dominant poles are clearly evident. The cluster of the estimated poles about 

any chosen dominant pole is selected and analyzed statistically, which is presented in the next 

section. A sample of the cluster of the 3rd order pair of dominant poles estimated from 91 

realizations of transient response with SNR 25 dB is shown in Fig. 7.7. The cluster about the 3rd 

order pair of dominant poles is determined from all the estimated poles, shown in Fig. 7.6, using 

the modified optimal fuzzy clustering algorithm described in Section 6.3.  
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Figure 7.7 Estimated poles in the complex s-plane for the thin wire scatterer of Table 6-1 for 25 
dB SNR. The cluster of estimated poles about the 3rd order pair of dominant poles is due to using 

MPM from 91 realizations of noisy transient response and applying the modified fuzzy 
clustering algorithm described in Section 6.3. 
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7.2 Statistical Analysis of the Estimated Poles within a cluster 

In this section, the estimated poles within the cluster identified in the previous section are 

analyzed statistically to determine the mean, the standard deviation, and other parameters as 

applicable. First a brief introduction to the best-fit statistical distribution is presented in the 

following section followed by analysis to find the best curve fits to the histogram of the real and 

the imaginary parts of the estimated poles. 

 

7.2.1 Student’s t-distribution 

Statistical parameters such as the population mean (actual mean) and variance (actual variance) 

are unknown in almost all measured data. These parameters are estimated from the available data 

of finite sample size using empirical curve fits to the histogram or the cumulative density 

function (CDF). The Student’s t-distribution, proposed by W. S. Gosset in 1908, is a popular 

distribution used to match empirical data with heavy tails [15, 16]. The Student’s t-distribution 

originates from the normal distribution with an additional parameter called the degrees of 

freedom, ν, that controls the shape of the curve. When ν  approaches infinity, the Student’s t-

distribution approaches the smooth bell curve of normal distribution, as shown in Fig. 7.8. 

However, for small values of v, the Student’s t-distribution curve is very sharp with a long tail. 

Note that the comparison is presented for the mean values and the standard deviation values 

normalized to zero and unity, respectively. 

Consider a continuous random variable z with unknown population mean and variance of 

µ and σ2, respectively. The distribution of z for a sample size of n is given by a Student’s t-

distribution with ν degrees of freedom.  The probability density function (pdf) of the Student’s t-

distribution shifted to location µ and scaled by σ is given by [17] 
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where Γ (٠) is a gamma function. The Student’s t-distribution shifted to µ and scaled by σ is also 

called the t location-scale distribution. 
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Figure 7.8 Student’s t-distribution for various values of the degrees of freedom ν, compared to 

the normal distribution. (Curves are normalized to unity peak value with zero mean and unit 
variance). 

 

7.2.2 Curve Fitting to the histogram of the estimated poles 

In this section, histograms of the real and imaginary components of the estimated poles are 

plotted separately to find the best curve fit using the distribution fitting tool ‘dfittool’ in Matlab® 

7.0.1. Figure 7.9 shows the best curve fits obtained using the Normal distribution and the 

Student’s t-distribution for the histogram of the estimated pole real components of the 3rd order 

pair of dominant poles for an SNR = 25 dB (equivalently Ep3/No = 14.4 dB). The best fits are 

calculated by the ‘dfittool’ for a confidence of 95%, i.e. probability of estimating the parameters 

for this best fit is 95% accurate. Note that the solid curve given by the Student’s t location-scale 

distribution shows a better curve fit than the dashed curve given by the Normal distribution. This 

distribution is the Student’s t-distribution shifted in location to the mean (σmean) and scaled by 
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the empirically determined standard deviation. The estimated mean value (σmean = –0.1297) 

matches closely to the actual value (σ = –0.1296) of the real component of the 3rd dominant pole. 

The estimated standard deviation and the degrees of freedom values equal 0.0064 and 4, 

respectively. 
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Figure 7.9 Best curve fit (95% confidence level) using Normal and Student’s t-distribution to the 

histogram of the real component of the estimated poles in the cluster of the 3rd dominant pole 
identified in Fig. 7.7. 

 
A similar curve fit to the histogram of the estimated pole imaginary components within 

the cluster formed about the 3rd order pair of dominant poles is shown in Fig. 7.10 for an Ep/No 

value of 14.4 dB obtained for SNR = 25 dB. Again, the Student’s t location-scale distribution 

(solid curve) shows a better match than the Normal distribution (dashed curve). Moreover, the 

estimated mean ωmean = 2.9336 matches closely to the actual value ω = 2.9327 of the imaginary 

component of the 3rd dominant pole. The estimated standard deviation and the degrees of 

freedom values equal 0.0062 and 3, respectively. 
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Figure 7.10 Best curve fit (95% confidence level) using Normal and Student’s t-distribution to 

the histogram of the imaginary component of the estimated poles in the cluster of the 3rd 
dominant pole identified in Fig. 7.7. 

 

7.2.3 Validity check of the Ep/No parameter 

The parameter pole energy to noise ratio (Ep/No) was introduced in Section 7.1.3 with a note that 

it completely characterizes the distribution of the estimated poles and includes all the parameters 

that affect pole estimation for all the three dominant poles of the thin wire scatterer [17]. For the 

same value of Ep/No, the estimated statistical parameters such as the mean (µ), the standard 

deviation (σ) and the degrees of freedom (ν) of the real and the imaginary components of all the 

three dominant poles for were observed to be identical.  

Fig. 7.11 (a) shows the Student’s t-distribution of the real components of the three 

dominant poles for the thin wire scatterer with the parameter values identified using the best 

curve fit method outlined in Section 7.2.2. Similarly, Fig. 7.11 (b) shows the Student’s t-
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distribution for the imaginary components of the three dominant poles. In both the figures, the 

mean values are normalized to zero for comparison. The distribution plotted for the estimated 

standard deviation and the estimated degrees of freedom show a close match for each of the two 

examples of Ep/No = 15 dB and Ep/No = 0 dB. The next section presents the estimated statistical 

parameters corresponding to the best Student’s t curve fit for different Ep/No and SNR values. 
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(b) Imaginary component 

Figure 7.11 Comparison of the Student’s t-distribution using the statistical parameters estimated 
from best curve fit to the corresponding histograms of the real and the imaginary components of 

the estimated poles in the clusters of the 1st, 3rd, and 5th dominant poles identified in Fig. 7.6. 
 

7.3 Noise Effect on Statistical Distribution of the Estimated Poles 

The best curve fits to the histogram of the real and imaginary component of the 3rd dominant 

pole were presented in the previous section,. Moreover, it was demonstrated that all the dominant 

poles of the thin wire scatterer described in Table 6-1 are affected equally for the same Ep/No 

values. In this section, the effect of the noise on the estimation of the real and the imaginary 

components is presented. Because the pole choice is not critical for a given Ep/No value, the 

mean value is normalized to zero to examine the effect of noise on the shape distribution. Thus, 

the effect of noise on the shape of the distribution, determined by the standard deviation and the 

degrees of freedom, is presented.  
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7.3.1 Effect of noise on the estimation of the real and the imaginary 
components 

The Student’s t-distribution parameters are recorded for the best fit to the histogram of the real 

and the imaginary component of the 3rd dominant pole for various Ep/No values. Fig. 7.12 (a) 

compares the statistical distributions of the real component of the 3rd dominant pole for different 

Ep/No values. Note that as the Ep/No value decreases, the standard deviation value increases due 

to the dominant effect of noise, causing the distribution to spread out. For the very low Ep/No 

value of –15 dB, the distribution exhibits a long tail that crosses the imaginary axis in the 

complex s-plane. This indicates that a significant number of estimated poles can have a positive 

real component resulting in an unstable estimated time domain response for very high noise 

levels. Moreover, the peak of the distribution curve, which corresponds to the estimated mean 

values, is very susceptible to noise and deviates about the true value for Ep/No values less than 0 

dB.  
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(b) Imaginary component 

Figure 7.12 Comparison of the Student’s t-distribution using the statistical parameters estimated 
from best curve fit to the corresponding histograms of the real and the imaginary components of 
the estimated poles in the cluster of the 3rd dominant pole identified in Fig. 7.7 for various Ep/No 

values. 
 

The imaginary component of the 3rd dominant pole pair behaves similar to the real 

component for the best-fit Student’s t-distribution to different noise levels, which is defined by 

the Ep/No values. The following observations summarize the effect of noise on the imaginary 

component of the estimated complex poles as shown in Fig. 7.12 (b): 

• As expected, the deviation in the expectation of the imaginary component increases 

with noise (i.e. the standard deviation value increases as the Ep/No value 

decreases). 

• For very high noise levels (Ep/No < 0 dB), the distribution flattens out, indicating high 

uncertainty in estimating the imaginary component. 

• The imaginary component is observed to be more susceptible to noise than the real 

component. 
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7.3.2 Effect of noise on the estimation of the statistical parameters 
In the previous section, the effect of the noise on the estimation of the real and the imaginary 

components was presented separately in terms of the Student’s t-distributions for the best fit to 

the histogram. This section presents the effect of noise on the statistical parameter estimation 

such as the mean, the standard deviation and the degrees of freedom. As previously illustrated, 

the choice of the pole is not critical for a given Ep/No value. Hence, although the results 

presented in this section are determined from the cluster formation about the 3rd order dominant 

pole, it is applicable to all dominant complex poles.  

Figure 7.13 (a) compares the deviation in the estimated mean values of the real and the 

imaginary components from the actual value for different Ep/No values. Note that for Ep/No > – 5 

dB, the estimated mean value is within acceptable error region of ± 0.005. And for Ep/No > 20 

dB, the estimated mean values are accurate, which is also evident from the plot of the standard 

deviation versus the Ep/No values shown in Fig. 7. 13 (b). 
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(b) The estimated standard deviation (σ) 

Figure 7.13 The estimated mean (µ), standard deviation (σ), and degrees of freedom (ν) 
recorded for the best fit Student’s t-distribution to the corresponding histograms of the real and 

the imaginary components of the estimated poles in the cluster of the 3rd dominant pole identified 
in Fig. 7.7 for various Ep/No values. 

 
The effect of noise on the estimation of statistical parameters for any chosen pole can be 

analyzed for Ep/No values. However, in practice the entire signal consisting of several dominant 

poles is affected by noise. Hence, it is important to determine the noise effect on all the dominant 

poles for different SNR values. Figure 7.14 compares the estimated standard deviation (σ) values 

for the real and the imaginary component estimation of the complex poles in the clusters of the 

1st, 3rd and 5th dominant poles for different SNR values. The following observations summarize 

the effect of noise on the estimated standard deviation values, as seen in Fig. 7.14: 

• Because the energy content of the pole decreases with increase in pole order, the 

standard deviation, for a given SNR, increases with the pole order. 
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• The real and imaginary components of each of the dominant pole pairs are equally 

affected by noise with the standard deviation values slightly greater for the 

imaginary components.  

• For low SNR values, standard deviation values for the real component of the three 

dominant poles converges to a lower value than that of the imaginary component. 

Fig. 7.12 supports this observation that at high noise level, the estimation of the 

imaginary component is more susceptible to noise than the real component. 

• For a given value of standard deviation, the difference in the curves along the 

abscissa in dB is equivalent to the difference in the energy of the dominant poles 

presented in Table 7.1, which is 9.8 dB between the 1st pole & the 3rd pole and 

19.1 dB between the 3rd & the 5th pole. 
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Figure 7.14 The estimated standard deviation (σ) values recorded for the best fit Student’s t-
distribution to the corresponding histograms of the real and the imaginary components of the 

estimated poles in the cluster of the 1st, 3rd and 5th dominant poles identified in Fig. 7.7 for 
different SNR values. 
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Similarly, Fig. 7.15 compares the estimated degrees of freedom (ν) values for the real and 

the imaginary components of the estimated poles in the 1st, 3rd and 5th dominant pole clusters for 

different SNR values.  
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Figure 7.15 The estimated degrees of freedom (ν) values recorded for the best fit Student’s t-
distribution to the corresponding histograms of the real and the imaginary components of the 

estimated poles in the cluster of the 1st, 3rd and 5th dominant poles identified in Fig. 7.7 for 
different SNR values. 

 
Note that a lower ν value indicates a sharp curve and a large ν value indicates a 

distribution with a shape close to a bell curve. The following observations summarize the effect 

of noise on the estimated degrees of freedom values, as seen in Fig. 7.15: 

• For a given dominant order of poles, the sharpness of the shape of the distribution 

curve (given by the degrees of freedom ν) for the real and imaginary components 

are similar. 
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• Because the energy content of the pole is greater for lower pole order, the sharpness 

of the shape of the distribution curve (given by ν), for a given SNR, is also 

observed to be greater. 

• For high SNR values, the sharpness of the distribution curve reaches a limit given by 

the convergence of the value for the estimated parameter ν. 

 

7.4 Joint distribution over the complex s-plane 

The effect of the noise on the estimation of the real and the imaginary components was presented 

in the previous section. This section presents the effect of noise on the joint estimation of the real 

and the imaginary components. The real component of the complex pole (damping coefficient) 

determines the energy content of the pole, which in turn determines the distribution of the 

imaginary component. This indicates that there should be a strong correlation in the estimation of 

the real and the imaginary component for a given dominant pole. The correlation between the 

real and the imaginary components is presented in Section 7.4.1.  

A joint distribution of the real and imaginary components for a thin wire scatterer with 

three dominant poles is presented based on certain assumptions in Section 7.4.2. After 

identifying the optimal number of clusters in the complex s-plane, there are two options: estimate 

the fuzzy poles or estimate the statistical mean values within each cluster.  Section 7.4.3 

compares the fuzzy approach to the statistical approach (which uses fuzzy clustering) in terms of 

pole estimation accuracy. 

 

7.4.1 Correlation between the real and the imaginary components 

The cross-correlation coefficient of the real and the imaginary components of the estimated poles 

within the cluster of the 3rd order dominant pole is calculated as given by  

  
( ) ( )[ ]

( ) ( )ωσ
ωωσσ

ωσ varvar
−−

=
EC           (7.4) 

where E [·] is the expectation operator. The cross-correlation coefficient (Cσ ω) offers insight into 

the influence of the estimated pole real component (σ) on the distribution of the imaginary 

component (ω). Fig. 7.16 plots the cross correlation coefficient (Cσ ω) given by (7.4) for Ep/No 
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values. Note that for low Ep/No values corresponding to high noise level the real and the 

imaginary components of the estimated poles are nearly uncorrelated with -0.05 ≤ Cσ ω ≤ 0.05. 

This is expected because for low Ep/No values the noise dominates over the damping coefficient 

effect. However, for Ep/No > 8 dB, the cross correlation coefficient (Cσ ω) increases, indicating 

there is a strong effect of the damping coefficient on estimation of the imaginary component.  
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Figure 7.16 Cross-correlation coefficient (Cσ ω) between the real and imaginary components of 
the estimated poles recorded for the cluster of the 3rd dominant pole identified in Fig. 7.7 for 

different Ep/No values. 
 

7.4.2 Joint distribution of the real and the imaginary components  
In the previous section, the real and the imaginary components of the estimated poles within the 

cluster of the 3rd order dominant pole of a thin wire scatterer were observed to be uncorrelated 

for high noise levels corresponding to the Ep/No < 8 dB. This observation permits us to make an 

assumption for the joint distribution for high noise levels. If the estimation of the real and the 

 176



imaginary components can be considered independent then their joint distribution is a product of 

their individual distributions [18]:  

   ( ) ( )ωσωσ fff =            (7.5) 

This joint distribution of the real and the imaginary components for the three dominant 

poles of a thin wire scatterer described in Table 6-1 is plotted in Fig. 7.17 for SNR = 0 dB. Note 

that the SNR is sufficiently low to invoke the above-mentioned assumption that the estimated real 

and the imaginary components are independent. 

 

 
 

Figure 7.17 Joint distribution of the real and the imaginary components of the three dominant 
poles of the thin wire scatterer (described in Table 6-1) for SNR = 0 dB. 

 

7.4.3 Enhanced Pole estimation with Fuzzy Clustering 

In Chapter 6, fuzzy poles were presented and compared to the actual poles of the thin wire 

scatterer described in Table 6-1. In this chapter, the fuzzy clustering algorithm described in 

Chapter 6 was used to identify clusters about the dominant poles. The estimated fuzzy poles and 
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the statistical estimates of the dominant poles are compared to the analytically determined poles 

of the thin wire scatterer for SNR = 0 dB and 10 dB in Fig. 7.18. The fuzzy poles correspond to 

the optimal number of 9 clusters (shown in Fig. 6.11 for SNR = 10 dB). The statistical mean 

values of the dominant poles of the thin wire scatterer are estimated from the identified clusters 

about the dominant poles. Note that the estimated statistical mean values after fuzzy clustering 

offer a very close match to the dominant poles of the thin wires for both SNR = 0 dB and 10 dB.  
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Figure 7.18 The estimated statistical mean values with fuzzy clustering and the fuzzy poles for 
SNR = 0 dB and 10 dB compared to the analytically determined complex poles of the thin wire 

scatterer described in Table 6-1. 
 

The Unsupervised Optimal Fuzzy Clustering (UOFC) algorithm can be used to partition 

the estimated poles into clusters as well as determine the cluster centroids. After identifying the 

optimal number of clusters in the complex s-plane, there are two options: estimate the fuzzy 

poles or estimate the statistical mean values within each cluster. Figure 7.18 shows that after 

identifying the clusters, statistical approach offers better estimate of the actual pole. 
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7.5 Chapter Summary  

This chapter presented a statistical investigation of the estimated complex poles of a noisy time-

domain scatterer response. Thin straight wire scatterer responses were numerically analyzed for 

different noise levels. Complex poles cluster formations around the actual poles in the s-plane 

were exploited to determine the probability density distribution of the real and imaginary 

components, separately. A statistical curve fit using the ‘dfittool’ available in Matlab® 7.0.1 

Statistical toolbox was applied to the histogram of real and imaginary components of the 

estimated complex poles within the cluster. The best curve fit was found to be a shifted and 

scaled form of the Student’s t-distribution.   

Based on the estimated statistical parameters such as the mean and the standard deviation, 

the probability density functions are plotted for various noise levels. In this chapter, we 

introduced a novel idea of pole energy to noise ratio (Ep/No) that completely captures the effect 

of noise on pole distribution. The proposed statement that Ep/No parameter completely defines 

the distribution is also validated. Another original contribution is determining a joint distribution 

of the real and imaginary components of the estimated poles in the complex s-plane.  

Some important observations include: 

1. For the same value of Ep/No the probability distribution of any pole is observed to 

be identical validating the proposed idea that epno completely captures the 

effect of noise; see Fig. 7.11. 

2. The standard deviation value increases as the Ep/No value decreases (i.e. as the 

noise level increases); see Fig. 7.12. 

3. The imaginary component is observed to be more susceptible to noise than the 

real component; see Fig. 7.12. 

4. The real and imaginary components of each of the dominant pole pairs are equally 

affected by noise with the standard deviation values slightly greater for the 

imaginary components; see Fig. 7.14.  

5. At high noise level, the estimation of the imaginary component is more 

susceptible to noise than the real component; see Fig. 7.14 and Fig. 7.15. 
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6. For a given dominant pole order, the sharpness of the shape of the distribution 

curve (given by the degrees of freedom ν) for the real and imaginary 

components is similar; see Fig. 7.15. 

7. Because the energy content of the pole is greater for lower pole order, the 

sharpness of the shape of the distribution curve (given by ν), for a given SNR, 

is also observed to be greater; see Fig. 7.17. 

Advances in statistical characterization have promising applications in target 

identification and receiver design for wideband applications. After identification of the optimal 

number of clusters using the fuzzy clustering algorithms, the statistical approach offers better 

estimate of the actual pole compared to the estimated fuzzy poles (see Fig. 7.18).  
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Chapter 8 – System level Performance Improvement using Pole–
Dispersion Scatter Channel Model  

 
 
 
Ultra-wideband (UWB) communication signal reception and channel capacity are limited by 

dispersion effects [1]. The antennas as well as the channel distort the transmitted pulse by 

dispersing (spreading) the signal energy over time, resulting in the performance degradation of 

correlation-based matched filter receivers [1-3]. This chapter presents experimental and 

simulated results demonstrating the advantage of using the pole-dispersion channel model 

proposed in Chapter 4 over conventional frequency-independent UWB channel dispersion 

models. Chapter 2 classified observable UWB channel dispersion into three categories: 

frequency (phase), resonant, and multipath dispersion. Chapter 3 demonstrated the limitations of 

various conventional UWB channel models in modeling all identified dispersion phenomena. 

Chapter 4 proposed a novel pole-dispersion UWB scatter channel model that includes frequency-

dependent scatterer response based on the Singularity Expansion Method (SEM). The proposed 

channel dispersion model permits implementation of optimum matched filtering at the receiver in 

the presence of pulse distortion due to resonant dispersion.  

Resonant dispersion of the incident pulse from scattering objects distorts the transmitted 

signal pulse-shape, reducing the signal-to-noise ratio at the output of the matched filter receiver 

(SNRout) [4]. The proposed pole-dispersion UWB channel model can be used to provide a 

reference template for matched-filter receivers to compensate for the pulse distortion. Although 

channel dispersion cannot be mitigated, accurate modeling of the pulse distortion allows the 

receiver to capture the energy spreading of the distorted pulse. If the pulse distortion is expected 
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at the receiver, then matched filtering can be used to provide maximum achievable signal-to-

noise ratio at the input to the receiver-detector.  

The chapter begins in Section 8.1 with a brief tutorial on matched filtering at the receiver. 

Matched filtering in an ideal communication link with non-dispersive antennas and channel 

provides the maximum achievable signal-to-noise ratio (SNR) at the output of the filter. Section 

8.1.1 develops an expression for the matched filter (MF) impulse response for a non-dispersive 

channel. Section 8.1.2 presents analytical expressions and prepares background for correlation 

based matched filtering in a dispersive channel with distorted received pulse. The matched-filter 

is easily implemented using a correlator, which is discussed in Section 8.1.3.  

Section 8.2 presents matched filtering results for a non-dispersive UWB line-of-sight 

(LOS) channel. The transmit pulse-shape and the received signal pulse-shape for a LOS hallway 

environment are described in Section 8.2.1. The measured output of a correlation based matched 

filter receiver for this LOS UWB channel is presented in Section 8.2.2. In a communication link, 

the correlation peak of the matched-filter output is used as input to the detector. Section 8.2.3 

presents the simulated performance of a measured non-dispersive LOS UWB communication 

link in terms of bit-error-rate (BER) at the output of the detector.  

The received signal pulse-shape is distorted in dispersive channel conditions. Section 8.3 

presents the performance of a correlation based MF receiver in the presence of resonant 

dispersion from finite dimensional scatterers. Section 8.3.1 describes the experimental setup for 

an indoor non-line-of-sight (NLOS) hallway environment that serves as a dispersive UWB 

channel. Section 8.3.2 presents correlation output results at the receiver using empirical data 

demonstrating superior performance of optimal matched filtering (OMF) versus conventional 

matched filtering (CMF). The performance improvement is shown in terms of the correlation-

peak of the CMF and OMF matched-filter outputs. Section 8.3.3 presents performance 

improvement of the UWB communication link using a reference template based on the proposed 

pole-dispersion UWB channel model in terms of the bit-error-rate (BER) at the detector output.  

Section 8.4 describes the susceptibility of the bit-error-rate (BER) performance of a 

UWB communication link using optimal matched filtering (OMF) to error in the channel 

estimation. Section 8.4.1 presents BER performance of OMF receiver using fewer numbers of 

dominant poles in modeling resonant dispersion response from scatterers. The effect of noisy 

channel impulse response (CIR) estimates on the BER performance of a communication link is 
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described in Section 8.4.2. Chapter 6 and Chapter 7 presented fuzzy and statistical approaches to 

model scatterer response in presence of noise with a few pairs of dominant poles. Section 8.4.3 

presents BER performance using the estimated channel impulse response based on the combined 

fuzzy and statistical analysis for various noise levels. Performance improvement in terms of BER 

at the output of the detector is presented for simulated noisy time-domain responses of a thin 

wire scatterer. Finally, Section 8.5 summarizes important insights and observations presented in 

this chapter.  

 

8.1 Matched Filtering Overview 
Matched filtering prior to threshold detection at the receiver gives maximum achievable signal-

to-noise ratio (SNRout) at the input to the receiver detector [5, 6]. Matched filtering is used when 

the received signal pulse-shape is known at the receiver. And for a communication link using 

non-dispersive antennas and operating in a distortionless channel, the received pulse-shape is 

identical to the transmit pulse waveform.  

The objective of the matched filtering approach is to determine the filter impulse 

response h(t) or equivalently the filter transfer function H( f ) such that the SNRout is maximized. 

Matched filtering approach maximizes the achievable SNRout at the receiver by using a filter 

whose transfer function is given by [7] 

( ) ( )
( )

otjR
o e

fN
fSCfH ω−=

*

             (8.1) 

where Co denotes filter gain, e-jω t is the phase shift introduced by the filter, SR( f ) and N( f ) 

indicate the received signal spectrum and the noise power spectral density, respectively.  

Section 8.1.1 presents an overview of matched filtering in a non-dispersive channel, i.e. a 

channel in which the received pulse waveform is not distorted and is identical to the transmit 

pulse waveform. The matched-filter impulse response, its output and achievable SNRout are 

analytically described. Similarly, Section 8.1.2 discusses the conditions under which matched 

filtering can be achieved for a dispersive channel with pulse distortion. Performance degradation 

due to mismatch between the filter impulse response and the distorted received pulse is also 

described. Section 8.1.3 describes correlation implementation of matched filtering. 
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8.1.1 Matched Filtering in a Non-Dispersive Distortionless Channel 

In an ideal communication link with a distortionless channel, the transmitted signal retains the 

pulse shape, and matched filtering provides the maximum achievable signal-to-noise ratio at the 

output of the filter (SNRout) [5, 6]. For a distortionless channel with additive white noise having a 

power spectral density of N( f ) = No/2, the matched-filter transfer function is given by 

( ) ( ) oj
R

o

o efS
N
CfH τω−= *2

            (8.2) 

and the corresponding matched-filter impulse response is given by an inverse Fourier transform 

of the filter transfer function: 

  ( ) ( ){ } ( )ttsKfHFth o −== −1                (8.3) 

where K is a constant (an amplitude scaling factor), to is the peak-signal time instant, and s(t) is 

the known transmit signal waveform arriving at the receiver prior to signal reception. Note that 

the filter impulse response depends only on the known transmit pulse waveform. For simplicity, 

constant K is dropped without affecting the matched filter performance.  

The output of the matched-filter with an impulse response of h(t) matched to the transmit 

signal s(t) for a received signal with white noise is given by [5] 

( ) ( ) ( ) ( ) ( )[ ] ( )dxxthxnxsdxxthxrty
t

x

t

x
∫∫
==

++=+=
00

       (8.4) 
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==

+−++−=
00

         ( ) ( )tyty nsss +=  

where r(t) = s(t) + n(t) is the received signal, yss(t) is the time-autocorrelation function of the 

transmit signal pulse, yns(t) is the time cross-correlation function of the transmit signal pulse and 

the receiver noise n(t). The maximum autocorrelation value is achieved at the time instant to, 

which corresponds to the peak-signal time instant. If both the received signal and the reference 

signal are normalized to unit energy then the correlation peak yss(t) at time-instant t = to has 

maximum achievable value of unity. The sampled matched-filter output at the time instant to is 

used as input to the receiver detector [5] 

( ) ( ) ( )onsosso tytyty +=            (8.5) 
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 In presence of additive white Gaussian noise (AWGN) n(t), a matched-filter with its 

impulse response matched to the transmit pulse waveform maximizes the signal-to-noise ratio at 

its output [5]. The signal-to-noise ratio at the output of the matched filter (SNRout) is given by [8] 

  
( )
( )[ ]ons

oss
out tyE

tySNR 2

2

=            (8.6) 

which can be simplified to give [5]  

( )dttsEwhere
N
ESNR s

o

s
MFout ∫

∞

∞−

== 2
, ,2         (8.7) 

where Es is the energy content of the finite-duration received signal pulse. Expression (8.7) 

shows that the maximum achievable SNRout depends on the energy of the signal and not the shape 

of the signal waveform. The performance of the matched filter receiver improves with the 

transmit signal energy, which can be increased either by increasing the transmit power or by 

increasing the signal duration [9].  

 

8.1.2 Matched Filtering in a Dispersive Channel with Pulse Distortion 

Frequency-dependent pulse scattering in a dispersive UWB channel distorts the transmitted pulse 

waveform. The resonant dispersion observed in the time-domain response of the scatterer (see 

Chapter 2) causes pulse distortion. If s(t) were the transmitted pulse waveform, then the distorted 

received signal is given by 

( ) ( ) ( ) ( )tntsthtr c +⊗=            (8.8) 

where hc(t) is the frequency-dependent channel impulse response, and ⊗ is the convolution 

operator. A conventional matched-filter (CMF) receiver uses the transmit pulse-shape as the 

reference template as given by (8.2) and (8.3). The CMF does not provide optimal results 

because the distorted received signal no longer matches the transmit pulse shape.  

The output of the CMF with an impulse response of hCMF(t) matched to the transmit 

signal s(t) for a distorted and noisy received signal is given by [5] 

( ) ( ) ( )dxxthxrty
t

x
CMF∫

=

+=
0

               (8.9) 
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where s’(t) = hc(t) ⊗ s(t) is the distorted received pulse-shape, ys’s(t) is the time cross-correlation 

function of the received distorted pulse and the transmit signal pulse, and yns(t) is the time cross-

correlation function of the receiver noise n(t) and the transmit signal pulse. The maximum value 

of the CMF output is sub-optimal, i.e. for both the received signal and the reference signal 

normalized to unit energy; the correlation peak is less than maximum achievable value of unity. 

This mismatch reduces SNRout, and the CMF is no longer an optimal filter.  

The signal-to-noise ratio at the output of the conventional matched filter (SNRCMF) is 

given by [8] 

  
( )
( )[ ] ( )dttsEwhere

N
E

tyE
tySNR s
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∞
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=== 22
2

2
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where ξ (0 ≤ ξ < 1) is the mismatch factor that corresponds to the match in pulse-shape between 

the received distorted signal and the transmit signal. However, optimal implementation of the 

matched-filtering in a dispersive channel is possible if the frequency-dependent channel impulse 

function is known. The conventional channel models are frequency-independent and hence, use 

conventional matched-filter for distorted received signal. A frequency-dependent channel model 

that incorporates scatterer response can be convolved with the transmit pulse shape to provide 

the optimal matched filter impulse response. 

An optimal matched-filter (OMF) uses an impulse response that is obtained by 

convolving the transmit signal pulse-shape with the estimated frequency-dependent channel 

impulse response (CIR). The OMF provides optimal results because the received signal 

distortion is incorporated in the filter impulse response. An accurate estimate of the frequency-

dependent channel impulse response gives an exact match between the distorted received signal 

and the reference signal. The impulse response of the OMF is given by 

( ) ( )ttsth oOMF −= ''                     (8.11) 
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where s’’(t) = hc’(t) ⊗ s(t) is an estimate of the distorted received pulse-shape s’(t), and hc’(t) is 

the estimated channel impulse response (CIR). The CIR estimate includes the frequency-

dependent scatterer response that causes pulse distortion. The output of the OMF with an 

impulse response of hOMF(t) matched to the convolution of the transmit signal s(t) and the 

estimated CIR for a distorted and noisy received signal is given by  

( ) ( ) ( )dxxthxrty
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where ys’s’’(t) is the time cross-correlation function of the received distorted pulse-shape and its 

estimate, and yns’’(t) is the time cross-correlation function of the estimated received signal pulse 

and the receiver noise n(t). The correlation peak of the OMF output is close to the optimum value 

of unity depending on the accuracy of the channel estimate. For both the received signal and the 

filter impulse response normalized to unit energy; the correlation peak is close to the maximum 

achievable value of unity.  

The signal-to-noise ratio at the output of the optimal matched filter (SNROMF) is given by  

  ( )dttsEwhere
N
ESNR s

o

s
OMF ∫

∞

∞−

== 2
'

'2 ',2γ        (8.13) 

where γ (→1) is the fraction of received signal energy captured using the reference template 

signal corresponding to the channel impulse response estimation error. The optimal 

implementation of the matched-filtering in a dispersive channel is possible only if the frequency-

dependent channel impulse can be accurately estimated. Frequency-dependent pole-dispersion 

channel model based on the singularity expansion method (SEM) can be used to estimate the 

channel impulse response. 
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8.1.3 Matched-Filter Implementation using Correlation Detection 

Matched filtering can be implemented using a variety of receivers, most popular being the 

correlation type receiver [5]. The previous sections described the matched-filter impulse 

response given by (8.3) and (8.11) as a time reversed version of the expected received pulse 

delayed by the pulse-duration for causality [10]. The matched filter being a time-invariant linear 

filter, its output is given by convolution of the input and the filter impulse response. The 

convolution process involves time-reversing either the input pulse or the filter impulse response. 

If the matched-filter impulse response is time reversed during the convolution process then the 

output of the filter is actually a cross-correlation of the received signal and its expected version at 

the receiver. Hence, a correlation-based receiver that correlates the received signal pulse-shape 

with the expected version of the received signal is a valid matched filter receiver [11]. Figure 8.1 

illustrates correlation-based implementation of matched-filter receiver. 

The correlation based matched-filter receiver uses a reference template to correlate with 

the received signal waveform. For a non-dispersive distortionless channel, a correlation based 

matched-filter receiver uses the transmit signal waveform as the reference template waveform. 

This is equivalent of having a filter with its impulse response matched to the transmit signal 

waveform as given by 

 ( ) ( ) ( ) ( )tstvttsth refoMF =⇔−=       (8.14) 

where hMF(t) is the matched-filter impulse response, vref(t) is the reference template 

waveform for correlation based matched-filter, and s(t) is the transmit pulse waveform. 

Similarly, for a dispersive channel with distorted received signal, a correlation-based optimal 

matched filter is realized by 

( ) ( ) ( ) ( ) ( ) (tsthtstvttsth cOMFrefoOMF ⊗ )==⇔−= ''''' ,    (8.15) 

where hOMF(t) is the optimal matched-filter (OMF) impulse response, vref,OMF(t) is the 

reference template waveform for correlation based OMF, s’’(t) is the estimated distorted 

received pulse waveform, and hc’(t) is the estimated channel impulse response. 
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Figure 8.1 Correlation-based implementation of matched-filter (MF) receiver. 

 

8.2 Matched Filtering in a Non-Dispersive LOS UWB Channel 
The previous section introduced matched filtering for both distortionless and dispersive channels. 

Matched filtering implementation using a correlation type receiver with a reference template that 

is correlated with the received signal waveform is briefly described. This section presents 

experimental results for matched filtering in a non-dispersive distortionless UWB channel. 

Section 8.2.1 describes an indoor line-of-sight (LOS) hallway environment over a short distance 

that is chosen to represent a distortionless UWB channel. The received signal waveform in a 

LOS condition inside a hallway environment is an attenuated and delayed version of the 

transmitted signal waveform retaining the transmit pulse shape.  
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Section 8.2.2 describes the output of the correlation type implementation of matched 

filter receiver. Section 8.2.3 describes the performance of the matched filter receiver in a 

distortionless UWB channel in terms of the achievable bit-error-rate (BER) at the output of the 

detector.  

 

8.2.1 Experiments in an Indoor LOS Hallway Environment 

An indoor hallway environment over a short distance can be considered to be a non-dispersive 

channel. Figure 8.2 shows an illustration of an indoor line-of-sight (LOS) hallway environment 

with a separation of 0.95 m. Two TEM horn antennas are used with a frequency range of 500 

MHz to 12 GHz. The TEM horn antennas for transmission and reception are mounted on a 

pedestal at a height of 0.83 m.  
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0.83 m
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Figure 8.2 Measurement setup using two planar TEM horn antennas mounted on pedestals in a 

hallway environment oriented for direct line-of-sight (LOS). 
 

Frequency-domain measurements are conducted using a vector network analyzer (HP-

VNA #8510) over the frequency range of 50 MHz to 20.05 GHz. The inverse Fourier transform 

of the step frequency-domain measurements of the transmit signal is a Gaussian pulse with 50-

psec duration and is shown in Fig. 8.3. The peak of the Gaussian transmit pulse is normalized to 

unity and shown over a 1 nsec time-window. 
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Figure 8.3 The Gaussian pulse of duration 50-psec at the input to the transmitting antenna 
obtained after IFFT of the measured frequency-domain response using an HP-8510 vector 

network analyzer (VNA).   
 

The received signal waveform in a LOS condition inside a hallway environment is an 

attenuated and delayed version of the transmitted signal waveform. If s(t) is the transmitted 

signal, then the received signal is given by 

( ) ( ) ( )tnc
dtsAtr o +−=               (8.16) 

where Ao is the attenuation introduced by the channel, d is the separation and c is the speed of 

light. For the transmitted pulse waveform shown in Fig. 8.3, the received signal is an attenuated, 

noisy and delayed version of the transmit pulse and is shown in Fig. 8.4.  
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Figure 8.4 Received pulse in an indoor hallway environment at a distance of 0.95 m from the 
transmit antenna for the experiment setup shown in Fig. 8.2 and transmit pulse-shape shown in 

Fig. 8.3. 
 

8.2.2 Correlation based Matched Filter Receiver 

For a non-dispersive distortionless channel, a correlation based matched-filter (MF) receiver uses 

the transmit signal waveform as the reference pulse template as given by (8.14). The received 

signal shown in Fig. 8.4, and the reference signal based on the transmit pulse shown in Fig. 8.3 

are normalized to unit energy to evaluate the performance of MF receiver. In this experiment in a 

LOS distortionless channel, the output of the matched filter receiver given by (8.4) is shown in 

Fig. 8.5, with the correlation peak equal to the maximum achievable value of unity. This 

maximum value of matched-filtering correlation output of unity is obtained only when the 

transmitted signal wave shape is maintained, i.e. the pulse is undistorted. 
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Figure 8.5 Correlation-based matched-filter output given by (8.4) for ideal distortionless channel 
conditions using the reference template waveform as the transmitted signal pulse-shape as given 
by (8.14). The received signal shown in Fig. 8.4 and the reference signal shown in Fig. 8.3 are 

energy normalized before matched-filtering. 
 

8.2.3 Bit-Error-Rate Performance in a Distortionless UWB Channel 

In a communication link, the correlation peak of the matched-filter output, given by (8.5), is used 

as input to the detector. The performance of a matched filter receiver is usually quantified using 

bit-error-rate (BER). Figure 8.6 illustrates the bit-error-rate (BER) simulation of a UWB 

communication link based on the measured transmit and received signals in an indoor LOS 

hallway environment. The measured received signal shown in Fig. 8.4 is phase modulated using 

random binary bits generated by the data source. This received signal is then corrupted with 

noise corresponding to various levels of Eb / No, i.e. the ratio of pulse energy to the noise power 

spectral density.  
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The correlation based matched-filter receiver cross-correlates the noisy corrupted 

received signal with the transmit pulse-shape as the reference signal as shown in Fig. 8.1(b). The 

sampled output of the matched filter at the time instant to, corresponding to the peak signal 

instant is used as input to the threshold detector. The detected data bits dest are compared to the 

randomly generated data bits d to estimate the probability of error or the bit-error-rate (BER).  
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Figure 8.6 Block diagram of a UWB communication link simulated to determine bit-error-rate 
(BER) based on the measured transmit and received signals respectively shown in Fig. 8.3 and 

Fig. 8.4 in an indoor LOS hallway environment.  
 

The BER performance of binary phase modulation in a distortionless AWGN channel is 

given by [7] 
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where Eb is the energy content of the received signal waveform, and Q function is given by  [7] 
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−

= 2
2

2
1

         (8.18) 

The bit-error-rate (BER) performance of correlation based matched filter receiver inside a 

LOS distortionless hallway environment for phase modulation is shown in Fig. 8.7. Note that 

performance is close to optimal with negligible deviation from the analytically determined 

performance due to measurement and numerical errors. This near-optimal performance as seen in 

Fig. 8.7 is because the maximum value of matched-filtering correlation output is close to unity as 

seen in Fig. 8.5. 
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Figure 8.7 Bit-error-rate (BER) performance of a communication system simulated with binary 
phase modulation shown in Fig. 8.6 using measured transmit pulse (Fig. 8.3) and receive pulse 
(Fig. 8.4) waveforms in a distortionless UWB channel. The simulated BER performance from 

measured signals is shown by dashed line and the analytically determined BER given by (8.17) is 
shown by solid line. 
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8.3 Matched Filtering in a Dispersive NLOS UWB Channel 
The previous section presented the performance of matched filtering in a distortionless line-of-

sight UWB channel in terms of the matched filter output and bit-error-rate (BER). This section 

presents experimental results for matched filtering in a dispersive UWB channel where the 

received signal is significantly distorted. Section 8.3.1 describes an indoor obstructed non-line-

of-sight (NLOS) path around a corner in a hallway to form a dispersive UWB channel. The 

experimental setup and observed pulse distortion due to resonant scattering from a fire 

extinguisher as a scatterer is also described.  

Section 8.3.2 describes the output of the correlation type implementation of matched 

filter receiver for both a conventional matched filter (CMF) and an optimal matched filter 

(OMF). Section 8.3.3 describes the performance of the CMF and OMF receivers in terms of the 

achievable bit-error-rate (BER) at the output of the detector. Improvement in BER performance 

of the UWB communication link using reference template based on the proposed pole-dispersion 

UWB channel model is demonstrated. 

 

8.3.1 Indoor NLOS Hallway Environment 

The indoor hallway environment with obstructed conditions caused by a corner shown in Fig. 8.8 

was used to form a dispersive channel. A fire extinguisher was present, creating a finite-

dimensional scatterer. The TEM horn antennas for transmission and reception, mounted on a 

pedestal at a height of 0.83 m, are placed about 1.15 m from the scatterer. The scatterer presented 

here is a fire extinguisher of diameter 13 cm, and height 43.25 cm. Scatter response was 

measured in the frequency-domain using a vector network analyzer (HP-VNA8510) over the 

frequency range of 50 MHz to 20.05 GHz.  
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Figure 8.8 Measurement setup using two planar TEM horn antennas mounted on pedestals in a 

non-line-of-sight (NLOS) around a corner hallway environment. 
  

For the transmitted signal waveform shown in Fig. 8.3, the received signal waveform in 

an obstructed (NLOS) condition inside a hallway environment with a fire extinguisher as a 

scatterer, is a significantly distorted version of the transmitted signal waveform. Figure 8.9 

shows the received signal after subtracting for the unwanted responses from doorknobs and 

doorframes, and after deconvolving for the antenna response. The scatterer response was isolated 

using time gating of the received signal, which is described in Section 4.2. The received signal 

pulse-shape consists of a specular component (negative spike in Fig. 8.9) followed by the 

resonant dispersion component. 
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Figure 8.9 Received distorted pulse from a fire extinguisher of diameter 13 cm, and height 43.25 

cm around a corner in an indoor hallway environment for the transmitted pulse shown in Fig. 
8.3, with obstructed condition between antennas as shown in Fig. 8.4.  

 
The resonant dispersion component observed after the specular reflection component is a 

frequency dependent phenomenon that cannot be modeled using conventional channel models. 

The received signal after subtracting for the unwanted scatter responses and after deconvolving 

for the antenna response is processed using the SEM approach to determine poles and residues 

associated with the scatterer response. The Matrix Pencil Method (MPM) of Section 4.1.3 is used 

to extract the poles and the corresponding residues from the transient response as described in 

Section 4.2.2 and Section 4.2.3. The dominant pair of complex conjugate poles based on the 

energy content as described in Section 5.3 and their corresponding residues are shown in Fig. 

8.10.  
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Figure 8.10 Dominant pairs of complex conjugate poles of a fire extinguisher of diameter 13 cm, 
and height 43.25 cm, and the corresponding residue amplitudes found by processing the received 

signal shown in Fig.8.9 using the Matrix Pencil Method (MPM) described in Section 4.2.  
 

The received signal, after post-processing as described in Section 4.2, and the modeled 

response using the 4 dominant pairs of complex-conjugate poles is shown in Fig. 8.11. The 

specular component observed in Fig. 8.11 results from scatter-reflection off the fire extinguisher 

and retains the transmit pulse shape. The late-time response after the specular component is due 

to the resonant dispersion phenomena. This late-time response can be modeled using the 

singularity expansion method (SEM) described in Section 4.1. 
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Figure 8.11 Received pulse from a fire extinguisher of diameter 13 cm, and height 43.25 cm 
after post-processing to remove unwanted scatterer and antenna responses. The modeled 

response uses 4 dominant pairs of complex-conjugate poles extracted using Matrix Pencil 
Method outlined in Section 4.2. 

 

8.3.2 Conventional and Optimal Matched Filtering  

This section demonstrates matched-filter receiver performance improvement by incorporating 

the resonant dispersion from finite-dimensional scatterers into the reference signal of the 

matched-filter using the pole-dispersion channel model. The output of the conventional matched 

filter (CMF) receiver given by (8.9) is shown in Fig. 8.12(a) for the transmit pulse shown in Fig. 

8.3 and the distorted received pulse shown in Fig. 8.9. The peak correlation output of the CMF 

receiver given by the sampled value of (8.9) at time instant to using the transmit pulse-shape as 

the reference signal is 0.72. In comparison, the optimal matched-filter (OMF) uses a reference 

signal available from the pole-dispersion channel model given by (8.11) and shown in Fig. 

8.11(b). The peak correlation output of the OMF receiver given by the sampled value of (8.12) at 

time instant to is 0.97.  
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Figure 8.12 Correlation output of the matched filter given in Section 8.1.3 using (a) CMF 
receiver with the transmit pulse-shape (shown in Fig. 8.3) chosen as the reference signal, and (b) 

OMF receiver with the reference signal (shown in Fig. 8.11) and given by (8.15).  
 

The peak signal-to-noise ratio at the output of the matched filter receiver (SNRout) is 

larger for the optimal matched filter using a reference signal based on the pole-dispersion 

channel model than when using the conventional matched filter. The high correlation peak at the 

output of the matched filter receiver illustrates how closely the received signal is matched to the 

reference signal. This illustrates that the resonant channel model provides a closer matched to the 

dispersive channel response. The reference signals and the received signals are energy 

normalized such that the ideal correlation peak output is unity. However, an ideal correlation 

peak of 1.00 was not achieved using the pole-dispersion resonant scatter channel model because 

the complex pole representation of the scatterer using P = 4 pairs of dominant poles offered a 

fairly accurate, but not an exact, match to the pulse distortion. 
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8.3.3 Bit-Error-Rate Performance in a Resonant Dispersive UWB Channel 

The correlation peak of the matched-filter receiver as shown in Fig. 8.12 is indicative of the 

performance of a communication link in a dispersive channel. The performance of a matched 

filter receiver can also be described in terms of the bit-error-rate (BER) using the matched-filter 

output as input to the detector. Figure 8.13 describes a hybrid approach to simulate the bit-error-

rate (BER) performance of a UWB communication link using the measured transmit and 

received signal waveforms, which is similar to the approach described in Fig. 8.6.  
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Figure 8.13 Block diagram of a UWB communication link simulated to determine bit-error-rate 
(BER) based on the measured transmit and distorted received signals respectively shown in Fig. 

8.3 and Fig. 8.9 in an indoor NLOS hallway environment around a corner using a fire 
extinguisher as a scatterer.  

 
The distorted received signal corrupted with additive white receiver noise is the input to 

the CMF and OMF receivers. The correlation based matched filter receivers (CMF and OMF) 

correlate the noisy corrupted received signal with the corresponding reference signals. The 

sampled output of the matched filter at the time instant to, corresponding to the peak signal 

instant is used as input to the threshold detector. The detected bits are compared to the randomly 
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generated bits to estimate the probability of error. The bit-error-rate (BER) performance of a 

communication link using phase modulation and the correlation based CMF and OMF receivers 

for an obstructed NLOS dispersive UWB channel is shown in Fig. 8.14.  
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Figure 8.14 Bit-error-rate (BER) performance of a UWB communication system simulated with 
binary phase modulation in a NLOS dispersive channel shown in Fig. 8.13. The simulated BER 
performance curves for CMF and OMF receivers are respectively given by circular and square 
marks. The simulation uses the measured transmit pulse (Fig. 8.3) and receive pulse (Fig. 8.9) 

waveforms. The analytical performance of the conventional matched filter (CMF) receiver given 
by dotted line is from (8.19) using the measured value of ξ 2 = 0.73. The optimal performance is 

given by solid line and calculated from (8.17). 
 

The BER performance of the CMF correlation receiver in Fig. 8.14 is significantly worse 

than the optimum achievable BER performance given by (8.17) and shown as the solid line. The 

poor performance of the CMF receiver is because of the signal energy loss due to mismatch in 

the pulse shape between the reference signal and the distorted received signal. The BER 
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performance of the CMF receiver follows from (8.10) with ξ 2  = 0.73, corresponding to the 

correlation peak shown in Fig. 8.12 (a), and is given by 
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where Eb is the energy content of the received signal waveform, and Q function is given by 

(8.18). In comparison, the BER performance of the OMF correlation receiver in Fig. 8.14 is close 

to optimal with little deviation from the analytically determined performance due to 

measurement and numerical errors and is given by 
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where γ approaches unity because the OMF reference signal given by (8.15) closely matches the 

distorted received signal.  

 

8.4 Optimal Matched Filtering with Noisy Channel Estimate 

This section describes the susceptibility of a UWB communication link using optimal matched 

filtering (OMF) to the errors in channel estimation. An error in channel estimation occurs if an 

insufficient number of poles and their corresponding residues are selected to model resonant 

dispersion. Section 8.4.1 presents BER performance of OMF receiver using fewer dominant 

poles in modeling resonant dispersion response from scatterers.  

Another source of error in channel estimation is the presence of noise. The effect of noisy 

channel impulse response (CIR) estimates on the BER performance of a communication link is 

described in Section 8.4.2. A combined fuzzy-statistical approach described in Chapter 6 and 

Chapter 7 improves scatterer response modeling in presence of noise using only a few pairs of 

fuzzy poles. Section 8.4.3 presents BER performance results using the estimated channel impulse 

response based on the combined fuzzy and statistical analysis for various noise levels. 

Performance improvement in terms of BER at the output of the detector is also presented for 

simulated noisy time-domain responses of a thin wire scatterer.  
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8.4.1 Experimental Investigation of Resonant Dispersion Channel Modeling 
Error  

Section 8.3.3 presented BER performance of the OMF receiver in presence of pulse distortion 

due to dispersive scatterer response. Near-optimal results of the optimal matched filter (OMF) 

are because the reference signal is given by the convolution of the transmit pulse-shape and the 

estimated channel impulse response; see (8.15). The correlation peak value at the output of the 

OMF depends on the accurate estimation of the frequency-dependent channel impulse response 

given by hc’(t).  

Chapter 4 described singularity expansion method (SEM) based modeling of the 

frequency-dependent resonant dispersion response of finite dimensional scatterers. The channel 

impulse response with resonant dispersion can be modeled as a sum of damped exponentials as 

given by  

( ) ( ) ( ) ( ) ( )pn
ts

rf

P

m
mnn

j
nC tueReah pnmnn ∆−−ΩΩ+−=′ ∆−−

=
∑ ττττδτ ττθ ,,
2

1
,     (8.21) 

where P, sα, and Rα(φ,θ) indicates the number of complex conjugate pole pairs, complex pole, 

and the corresponding aspect-dependent residue, respectively. The pole-dispersion channel 

parameters are extracted from the received signal r(t) using the method outlined in Section 4.2. 

An error in channel estimation occurs if insufficient number of dominant pair of poles P is 

selected to model resonant dispersion. Figure 8.15 shows BER performance degradation of a 

communication link using OMF receiver with decreasing number of dominant pole-pairs used in 

modeling scatterer response.  

The communication link used in experiment is the non-line-of-sight indoor hallway 

environment around a corner using a fire extinguisher of diameter 13 cm, and height 43.25 cm 

(see Fig. 8.8). As expected, performance degrades with fewer numbers of poles P used in 

modeling resonant dispersion because four dominant resonances are present in the response of 

the fire extinguisher. Using fewer poles lead to increasing error in resonant dispersion channel 

estimation, which creates mismatch between the distorted received signal r(t) and the correlator 

reference signal vref,OMF(t); see (8.15). This mismatch reduces the maximum correlation peak of 

the OMF receiver given by (8.12). Using more than P = 4 pairs of dominant poles does not offer 

significant improvement in BER performance as seen in Fig. 8.15 by using P = 8 pairs of 

dominant poles. The BER curves are obtained analytically using (8.20) with the values of the 
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mismatch factor γ obtained by the cross-correlation peak of the received signal r(t) shown in Fig. 

8.9 and the reference signal obtained from (8.15) using the estimated CIR given by (8.21).  
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Figure 8.15 BER performance of a phase modulated dispersive UWB communication link 
shown in Fig. 8.13 using optimal matched filter (OMF) for various estimates of the channel 
impulse response (CIR) with the increasing number of dominant pole-pairs P. The mismatch 

factor γ is obtained by the measured correlation peak of the received signal r(t) (shown in Fig. 
8.9) and the reference signal obtained from (8.15) using the estimated CIR given by (8.21). The 

optimum performance is given by solid line and calculated from (8.17). 
 

8.4.2 Investigation of BER Performance for Resonant Dispersion Channel 
Estimation Error due to Noisy Received Signal 

The pole-residue parameters for the pole-dispersion channel model are estimated from a 

measured or simulated snapshot of the channel impulse response. Section 4.2 described in detail 

the process of estimating the pole-residue channel parameters. Pole positions in the complex 

frequency plane deviate due to noise [12, 13]. Section 6.1 describes the effect of noise on the 
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resonant dispersion channel impulse response estimation. The estimated residues corresponding 

to the spurious poles have incorrect values resulting in a poor match to the time-domain 

response. The bit-error-rate (BER) performance of a phase modulated communication link is 

investigated for resonant-dispersion channel-parameter estimation error due to noisy received 

signal.   

An analytically determined response for a thin wire scatterer described in Table 6-1 is 

used instead of the fire extinguisher as scatterer to investigate the effect of noise [14]. Additive 

Gaussian noise is added to the thin wire scatterer response to investigate how does the noise 

affect channel impulse response (CIR) estimation, which in turn affects the overall performance 

of the communication link. The noise-corrupted response of the thin wire scatterer is processed 

using the Matrix Pencil extraction method (MPM) to extract the poles and residues for the pole-

dispersion channel model as described in Section 4.2. Since the estimated poles are not accurate 

in the presence of noise there is a corresponding mismatch between the true CIR hc(t) and its 

estimate hc’(t), which is determined from the poles extracted using MPM in presence of noise.  

The reference signal of the OMF receiver vref,OMF(t) given by (8.15) no longer matches 

the distorted received signal due to the error in CIR estimation hc’(t) due to noise. This mismatch 

between the received signal and the reference signal reduces the correlation peak output γ2 of the 

OMF receiver given by (8.12). This degrades the BER performance of a communication link 

using OMF receiver as given by (8.20) with the mismatch parameter γ measured at the output of 

the optimal matched filter (OMF). Figure 8.16 plots the BER performance degradation calculated 

using (8.20) due to decreasing SNR of the available received signal from which the channel 

dispersion parameters are estimated.  
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Figure 8.16 BER performance of a phase modulated UWB communication link calculated using 

(8.20) for decreasing SNR of the received signal. Noise causes error in resonant dispersive 
channel model estimation based on the received signal as described in Section 4.2. The resulting 

reference signal of the OMF receiver vref,OMF(t) given by (8.15) and cross-correlated with the 
distorted received signal r(t), gives the OMF receiver output γ2 given by (8.12). The optimum 

performance is given by solid line and calculated from (8.17). 
 

8.4.3 Investigation of BER Performance for Fuzzy-Statistical Estimation of 
Resonant Dispersion Channel  

Noise severely limits accurate resonant dispersion channel estimation resulting in poor 

performance of matched-filtering in a communication link as demonstrated in the previous 

section. In Chapter 6, a fuzzy approach was proposed to circumvent the effect of noise. Cluster 

formation about the actual poles due to noise was exploited to represent the noisy transient 

response with a small number of fuzzy poles. Section 6.4 presented simulated as well as 

measured results demonstrating a close match of the estimated fuzzy poles to the actual poles of 

 210



thin wire and conducting sphere scatterers. This estimation was further improved in Chapter 7 by 

incorporating the statistical behavior of the estimated poles in presence of noise.  

Figure 7.18 in Chapter 7 compares the fuzzy-statistical poles estimated from noisy 

channel impulse responses with theoretically determined poles of a thin wire scatterer described 

in Table 6-1. The estimated pole positions in the complex frequency-domain using the combined 

fuzzy-statistical approach offered a very close match to the dominant poles of the thin wires for 

SNR = 0 dB and 10 dB. Based on the estimated poles of the thin-wire using the combined fuzzy-

statistical approach, the corresponding residues and the resonant dispersion channel impulse 

response were calculated.  

In comparison to the channel estimation from a single snapshot of corresponding signal-

to-noise ratios, channel estimation from the combined fuzzy-statistical approach offers a closer 

match to the distorted scattered signal received from the thin wire scatterer. This is evident at the 

output of the correlation-based matched-filter receiver given by (8.12) with the correlation peak 

value closer to unity. For energy normalized input and reference signals the correlation output 

peak corresponds to γ2.  

The estimated CIR hc’(t) from the poles extracted using the combined fuzzy-statistical 

approach (described in Section 7.1) is more accurate than the estimated CIR from the poles 

extracted directly in presence of noise (described in Section 4.2). The reference signal of the 

OMF receiver vref,OMF(t) given by (8.15) using hc’(t) from the combined fuzzy-statistical 

approach offers a better match to the distorted received signal compared to hc’(t) calculated 

directly from the noisy received signal. This increases the correlation peak output γ2 of the OMF 

receiver given by (8.12), resulting in the BER performance improvement of a communication 

link given by (8.20) with the mismatch parameter γ measured at the output of the optimal 

matched filter (OMF). Figure 8.17 plots the BER performance improvement calculated using 

(8.20) due to improved dispersion channel estimation from the combined fuzzy-statistical 

approach for two noise levels corresponding to SNR = 0 dB and 10 dB. 
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Figure 8.17 BER performance of a phase modulated UWB communication link calculated using 

(8.20) for improved dispersion channel estimation hc’(t) from the combined fuzzy-statistical 
approach for SNR = 0 dB and 10 dB. A thin wire described in Table 6-1 is used as a scatterer. 

The reference signal of the OMF receiver vref,OMF(t) given by (8.15) is cross-correlated with the 
distorted received signal r(t) to give the OMF receiver output (8.12). The optimal performance is 

given by solid line and calculated from (8.17). 
 

8.5 Chapter Summary 
This chapter presented simulated and measured results demonstrating the advantage of using the 

proposed pole-dispersion channel model (introduced in Chapter 4 and validated in Chapter 5) 

over the conventional frequency-independent channel models in modeling the UWB channel 

dispersion. The proposed pole-dispersion UWB scatter channel model includes frequency-

dependent scatterer response and permits implementation of optimum matched filtering at the 

receiver in the presence of pulse distortion.  

The chapter described correlation-based implementation of matched filtering using the 

expected received pulse-shape as the reference signal. Expressions for matched filter impulse 
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response or equivalently the reference template signal for correlation type implementation were 

developed in Section 8.1 for a non-dispersive as well as a dispersive UWB channel. Some 

important observations include: 

1. The received signal waveform in a non-dispersive LOS indoor hallway environment 

is an attenuated and delayed version of the transmitted signal waveform; see 

Fig. 8.4. 

2. For a non-dispersive channel, the correlation-peak of a correlation based matched-

filter receiver equals maximum achievable value of unity; see Fig. 8.5. The 

received signal and the reference signal are normalized to unit energy. 

3. The bit-error-rate (BER) performance of correlation based matched filter receiver 

inside a LOS distortionless hallway environment for phase modulation is close 

to optimal with negligible deviation from the analytically determined 

performance given by (8.17); see Fig. 8.7.  

4. The received signal waveform in an obstructed (NLOS) condition inside a hallway 

environment with a fire extinguisher as a scatterer is significantly distorted 

version of the transmitted signal waveform; see Fig. 8.9.  

5. The resonant dispersion channel model provides a closer match to the dispersion 

channel response with the reference signal available from the pole-dispersion 

channel model presents a correlation peak of 0.96. In comparison, the output of 

the conventional matched filter (CMF) receiver using transmit pulse-shape as 

the reference signal presents a correlation peak of 0.72; see Fig. 8.12.  

6. The BER performance of the OMF correlation receiver is close to optimal 

compared to that of the CMF correlation receiver, which follows (8.10) with γ2  

= 0.73; see Fig. 8.13.  

7. The BER performance of a communication link using OMF receiver degrades with 

decreasing number of dominant pole-pairs used in modeling resonant dispersion 

response from scatterer; see Fig. 8.15. 

8. The pole-residue parameters for the pole-dispersion channel model are estimated 

from available channel impulse response through channel sounding. The BER 

performance of a communication link using OMF receiver degrades with 

increase in noise levels of the available channel snapshot; see Fig. 8.16. 
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9. The combined fuzzy-statistical approach improves channel estimation offering a 

close match to the distorted received signal and hence, improving the BER 

performance of a matched-filter receiver; see Fig. 8.17. 

A significant contribution of this chapter is a demonstration that the pole-dispersion 

channel model proposed in Section 4.4 improves the BER performance of a communication link 

using matched-filter. Advances in accurate modeling of channel dispersion stands to benefit not 

only the UWB microwave communications but also in improving the performance of UWB 

based radar, and wideband acoustic signaling in dispersive ocean environment.  
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Chapter 9 – Conclusions  
 
 
 
Ultra-wideband (UWB) is expected to revolutionize high data-rate, short-distance wireless 

communications, but UWB data-rate capacity is severely limited by pulse distortion due to 

resonant channel dispersion. Resonant channel dispersion can be modeled with the singularity 

expansion method (SEM) with limited accuracy in presence of noise. A novel pole dispersion 

channel model was introduced in Chapter 4 based on the SEM to include resonant dispersion. 

This dissertation demonstrated improvement in the communication link under dispersive channel 

conditions.  

An empirical investigation supports our claim that a correlation type matched-filter 

receiver using a template signal based on the pole dispersion channel model overcomes 

distortion related losses. The bit-error-rate (BER) performance improvement of a communication 

link in a resonant dispersive channel depends on the accurate channel modeling. A combined 

fuzzy-statistical analysis of simulated and empirically determined scatterer response allows near 

optimal performance of a correlation based matched-filter receiver. The advances in the 

characterization of resonant channel dispersion modeling will contribute to the development in 

ultra-wideband communications, surveillance, and radar systems. 

 

9.1 Resonant Dispersion Modeling and Advantages 

Ultra-wideband applications are performance limited by dispersion due to pulse distortion. For 

UWB communication systems, resonant dispersion follows multipath dispersion in limiting 
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achievable performance. This dissertation presented resonant channel dispersion modeling to 

improve the performance of a UWB communications system. The research approach consisted of 

four stages: 

Channel Dispersion Classification 

There is a lack of common understanding about channel dispersion. Chapter 2 identified 

three types of dispersion mechanisms such as multipath, frequency, and resonant channel 

dispersion. This initial study on dispersion was followed by a literature review of indoor and 

outdoor UWB channel in Chapter 3.  

Resonant Channel Dispersion Modeling 

A novel dispersion channel model was proposed in Chapter 4 as an extension to Turin’s 

conventional channel model to include frequency-dependent dispersion effects. The 

frequency-dependent resonant scatterer response is modeled using the singularity expansion 

method (SEM) that is verified using canonically shaped scatterers such a sphere and a thin 

wire scatterer in Chapter 5.  

Robust Modeling in Presence of Noise   

Chapters 6 and 7 covered the topics on accurate resonant channel modeling in presence of 

noise. The pole-residue resonant dispersion modeling based on SEM is very susceptible to 

noise. Multiple noisy time-domain snapshots of the scatterer response were processed using a 

blind fuzzy clustering approach to significantly improve resonant dispersion modeling in 

Chapter 6. A combined fuzzy-statistical approach was proposed in Chapter 7 to improve the 

robustness of resonant dispersion channel modeling in presence of noise. The modeling error 

is significantly reduced for the estimated pole-residue signatures of canonically shaped 

scatterers and analytically available pole-residue signatures.  

System Level Improvement 

Chapter 8 presents the final part of the research demonstrating that a matched-filter (MF) 

receiver achieves near-optimal performance. The applicability of the proposed dispersive 

channel model of Chapter 4 was evaluated using the optimal matched filtering (OMF). An 

optimal receiver is a matched-filter (MF) if the received signal pulse-shape is known at the 

receiver. Prior to transmitting pulses modulated by data bits, a communication channel must 

allow channel sounding to model dispersion using a correlation type MF receiver. Correlation 
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type MF receiver design should use a reference signal obtained from convolution of the 

transmit pulse and the estimated resonant channel dispersion model.  

 

9.2 Summary of Contributions 

In this dissertation a novel approach is proposed to model resonant dispersion from scatterers 

with application to indoor ultra-wideband communications. The proposed combined fuzzy 

clustering and statistical approach is shown as a solution to improved resonant dispersion 

channel estimation in presence of noise. The improved pole-residue based dispersion modeling 

improves the performance of a communication link using matched-filter receiver.  

Scattering wave propagation mechanisms, especially the response of scattering objects to 

ultra-wideband pulse excitation, have not been comprehensively investigated. Chapter 2 

described multipath and phase dispersive characteristics of outdoor and indoor ultra-wideband 

channels. An original contribution is an identification and classification of various types of 

observed dispersion mechanisms [1]. 

Most UWB channel models have been proposed by simply extending conventional 

wideband channel models. Chapter 3 presented a brief overview of various UWB channel 

models with special emphasis on frequency dependent UWB channel dispersion models. 

Limitations of all conventional UWB channel models in modeling all identified dispersion 

mechanisms were briefly discussed.  

Chapter 4 described the Singularity Expansion Method (SEM) and the numerical 

techniques used for determining the pole-residue scatter signatures. The measurement setup and 

transient response analysis using the Prony’s method, and the Matrix Pencil Method (MPM) is 

also described. A novel pole-dispersion channel model is introduced that includes resonant and 

multipath dispersion effects [1].  

Chapter 5 validated the SEM based pole-residue dispersion modeling that is used in the 

proposed pole-dispersion channel model. The pole-residue dispersion characteristics of scatterer 

response are validated through comparison of the estimated complex-pole positions from 

measured data and the complex-pole positions available analytically for two types of canonical 

objects: a conducting sphere and a thin wire scatterer. In presence of noise, a dominant pole 

selection process based on the pole energy content is proposed to avoid selecting spurious poles.  
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Chapter 6 presented fuzzy pole representation of the estimated complex poles of a noisy 

time-domain scatterer response. Simulated results for two extreme cases of noise levels indicate 

that with increasing noise levels the optimal number of clusters needed to represent the noisy 

data increases. An original contribution is a modified fuzzy clustering approach to determine the 

optimal representation of the noisy data using fuzzy cluster centroids or fuzzy poles [2]. This 

permits an alternate approach to represent the dispersion of scatterer response in terms of a small 

number of equivalent fuzzy poles [3]. 

Chapter 7 presented a statistical investigation of the estimated complex poles of a noisy 

time-domain scatterer response. Complex poles cluster formations around the actual poles in the 

s-plane were exploited to determine the probability density distribution (pdf) of the real and 

imaginary components. In this chapter, a novel idea of pole energy to noise ratio (Ep/No) is 

proposed that completely captures the effect of noise on pole distribution in the complex 

frequency domain and is verified using simulated results. Another original contribution is 

determining a joint distribution of the real and imaginary components of the estimated poles in 

the complex s-plane [4].  

The proposed pole-dispersion UWB scatter channel model includes frequency-dependent 

scatterer response and permits implementation of optimum matched filtering at the receiver in 

the presence of pulse distortion. Chapter 8 described correlation-based implementation of 

matched filtering using the expected received pulse-shape as the reference signal. The resonant 

dispersion channel model provides a closer match to the dispersion channel response with the 

reference signal available from the pole-dispersion channel model presents a correlation peak of 

0.96. In comparison, the output of the conventional matched filter (CMF) receiver using transmit 

pulse-shape as the reference signal presents a correlation peak of 0.73. The BER performance 

degradation with decreasing number of dominant pole-pairs and with increasing noise levels in 

the channel estimation is also presented. A significant contribution of this chapter is a 

demonstration that the proposed pole-dispersion channel model improves the BER performance 

of a communication link using matched-filter.  

 Overall, this dissertation investigates improvement in UWB signal reception achieved by 

compensating for the distortion due to resonant channel dispersion.  
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9.3 Opportunities and Future Work 

This doctoral research opens several research avenues by showing how the singularity expansion 

method (SEM) can be extended to severely noise-corrupted data. The SEM approach models the 

time-domain response of an unknown object (target) in terms of natural resonances. The natural 

resonances, also known as the poles, are indicative of the target size and can be used as target 

signature.   

In this dissertation, a modified fuzzy clustering approach was proposed as a solution to 

overcome the effect of noise. Advances in identification of clusters using fuzzy algorithms have 

offered an alternative approach to study the distribution of the estimated poles about the actual 

complex poles within the cluster in presence of noise. The estimated fuzzy poles offer a close 

match to the actual poles determined from the simulated and measured responses of a thin wire 

scatterer. Advances in accurate target response modeling in terms of its unique signatures 

promise to offer significant improvement in buried landmine detection as well as early detection 

of breast tumors.  

A combined fuzzy-statistical approach proposed in Chapter 7 offers near-accurate 

estimation of the target pole-residue characteristics. Because the approach is based on a blind 

partitioning algorithm that does not require any a-priori information of the scatterer dimensions, 

it simplifies target identification. If the target pole-residue signature is available for table look-up 

then it permits classification of UWB radar targets into friendly and hostile categories. Overall 

the results presented in Chapter 6 and Chapter 7 indicate that fuzzy-statistical characterization 

has promising application in target identification and discrimination, which uses noisy time-

domain UWB radar responses. Hostile aircraft identification using noisy time-domain data from 

UWB short pulse radar stands to gain tremendously from this research on target signature 

estimation. 

Inter-symbol interference (ISI) due to resonant pulse distortion was not investigated in 

this dissertation. Increasing symbol rates for high data-rate transmission capacity requires 

smaller time spacing between transmitted symbols. There is a strong possibility that resonant 

dispersion extends the pulse duration beyond the symbol time, i.e. the distorted pulse has not 

decayed before the next symbol arrives resulting in ISI. All communication links are designed to 

avoid ISI because it causes irreducible error floor in the bit-error-rate (BER) performance. There 
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is a potential for significant research in the investigation of inter-symbol interference from 

resonant dispersion due to various types of scatterers.  

However, measurement noise limits the achievable benefits for these applications. Noise 

leads to estimation of false (or spurious) poles, which in turn leads to an inaccurate signature 

with high probability of false alarm. There are four potential research topics for future work: 

(a) Radar target identification,  

(b) Ground penetration radar for buried landmine detection, and  

(c) Breast tumor detection 

(d) Inter-symbol interference from resonant dispersion in communication 

systems. 
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