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ABSTRACT 

The motivation for studying the indoor radio propagation environment is 

spurred on by recent developments in the wireless industry as a whole. New wireless systems 

will need to be portable, light weight, handle a large number of users, and provide a wide 

variety of services. It is expected that over the next several years indoor wireless will be 

heavily used by providers of such services as Internet-enabled cell phones and personal 

digital assistants, paging systems, wireless local area networks, personal communications 

networks, and cordless phones. 

To achieve acceptable and cost effective wireless performance, new systems will 

become increasingly more complex and will continue to push the envelope for symbol 

transmission rate. To be successfbl, system designers will have to contend with the radon 

and complicated nature of indoor radio transmission. This will require an intimate 

knowledge of how the indoor radio propagation channel behaves and this necessity leads to 

characterization and modelling. 

Accurate characterization and good modelling can yield information that is invaluable 

to the radio systems designer. As a result, characterization and modelling of the indoor radio 

environment has received a lot of attention in recent years. 

The work presented in this thesis is in three parts. First a technique is examined for 

measuring the frequency response characteristics of the channel. The more familiar impulse 

response estimate is then available by transformation. Typically, Fourier methods can be 

employed. Second, the radio channel is characterized by extracting interesting information 

directly fiom the measured data. Third, statistical models are constructed base on model 

parameters derived fiom the measured data. 



This thesis shows five different models for the indoor radio propagation channel. 

This is unusual since, traditionally, previous modelling efforts described in the literature 

show one model in a single dissertation or paper. Therefore, this work represents the first 

time a comparison of competing models is set forth. As well, an explanation of the relative 

merits and assumptions of each model is given.. Furthermore, with the exception of the Peak 

Extractor in Chapter Six, the models are all newly applied techniques in the field. The 

addition of newer modelling techniques demonstrates that the traditional Peak Extractor 

model does not model the radio channel accurately. 

In previous modelling work, contributors have not regenerated the channel &om the 

theoretical model for con~parison to the data fiom which the model was derived. As a result, 

the models can only be assumed to be working as expected. In this work, every time a model 

is constructed, the mathematical representation of the model is used to regenerate data and 

then that result is compared to the original empirical measurement to test for validity. 

Therefore, it can be stated with certainty as to how well the model represents the actual data. 

The information reported in this thesis provides characterization information and 

models that will assist communication system engineers and manufacturers in obtaining a 

better understanding of the complex indoor radio environment. 
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CHAPTER ONE 

Introduction 

I. I Motivation 

The motivation for studying the indoor radio propagation environment is spurred on 

by recent development in the wireless industry as a whole. The exceptional acceptance and 

growth in the cellular phone industry is only one example. Other devices such as pagers, 

cordless phones, wireIess modems, RF identification tags, computer network cards, security 

systems, and even car ignition systems are quickly iIxfXtrating all aspects of our lives. What 

was once a luxury is now a commonplace business or residential appliance. Workers who 

depend on information are increasingly out of the office and are becoming more mobile in 

general. Currently, it is estimated that 30% of all American workers are mobile and that in 

the next few years, that number could jump to 50% [Harr98]. Strategis group estimates that 

the current potential mobile data market more than 32 million workers in the United States 

alone[Stra99a]. Moreover, the world-wide mobile data market is expected to be worth $80 

billion by 20 10 and global penetration of wireless mobile devices is expected to growth to 

one billion users or more by 2003 [GrapOO]. More companies are now investigating the use 

of wireless local area networks (WLAN) for both convenience and cost savings and the 

revenues for wireless broadband access will be about $3.4 billion by 2003 [Straggb]. 

Furthermore, the phenomenal growth of the Internet is just now making it's presence felt in 

the wireless arena. The potential for demand for wireless access to the Internet is expected to 

rival all previous wireless successes. Without question, indoor wireless access for Internet, 

WLAN, and other needs will be a major growth area in the next few years. 
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To achieve acceptable and cost effective wireless performance, new systems will 

become increasingly more complex and will continue to push the envelope for symbol 

transmission rate. To be successful, system designers will have to contend with the radon 

and complicated nature of indoor radio transmission. This will require an intimate 

knowledge of how the indoor radio propagation channel behaves and this necessity leads to 

characterization and modelling. 

Accurate characterization and good modelling can yield information that is invaluable 

to the radio systems designer. As a result, characterization and modelling of the indoor radio 

environment has received a lot of attention in recent years. 

In Section 2.5, some of the more important efforts in characterization and modelling 

are summarized. The development of the models presented in this thesis was motivated 

partly to meet the needs outlined here but also to improve and extend on the work that has 

previously been done. For example, the new models contributed in Chapters 4 and 5 

represent a realistic view of when rnultipath components arrive. The multipath phenomenon 

is described in the following section. 

No matter what the motive for characterizing or modelling the radio environment is, 

the careful and accurate output of that effort will be important for fbture industrial and 

consumer RF applications. 

1.2 The Multipath Channel 

Radio propagation inside of buildings cannot be considered to take place in free space 

because walls, doors, and fiuniture exist in the indoor environment and have an extensive 

effect on the received signal. This is because the received signal is actually made up of 

several reflected signal components that are attenuated and delayed with respect to the 



original transmitted signal according to the propagation path length and the characteristics of 

the scatterers. This phenomenon, known as multipath, is depicted in Figure 1.1. 
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Figure 1.1 : Pictorial depiction of the Multipath Radio Channel. 

The received signal is the vectorial sum of the multiple paths and when the 

amplitudes and phases (due to the delays) add in a destructive manner, fading occurs. 

The mathematical representation of the multipath channel can be derived in the 

following way (adapted fiom [Proa89]): 

If ~ ( t )  is the bandpass signal transmitted at the carrier fkequencyfo and s(?) is the 

corresponding complex low pass signal, 

F(~) = Is ( t )e j2d~(~ . t ) ]  (1.1) 

where t is the acquisition time, p is the position in three dimensional space, and R'x] is the 

real part of x. The received band pass signal can be written as 



where a, (p, t )  is the real weight due to reflection, refraction, etc., of the Er'h path with delay 

r, (p, t), and where N@,r) are the number of received paths, all at positionp in three 

dimensional space, and time t. The expression of the received signal in (1.2) may be 

simplified as 

in which y@,t) can be interpreted as the output of a linear time varying filter in three 

dimensional space, 

where 

N ( p * t )  

h(r, p, t) = C a, ( p ,  t)e-j2@ork('~')6[t - r, ( p ,  t)] 
k= l  

is the three dimensional complex low pass impulse response, in which 6 is the Dirac delta 

function. The simplified one dimensional and time invariant representation of (1.6) is given 

by (1.7). This representation is the most common in the reported literature. 

In this form, the at S are the complex amplitude of the low pass impulse response. 



Since rays aniving at multipath components with different delays may be observed as 

arriving at the same time , t, due to limited receiver bandwidth, the expression of (1.3) may 

be further expanded by 

where p, (p) and e-'2gorm(p) are the amplitude and phase of the L subcomponents at position 

p. aniving during the observed time, t. 

Depending on the relative phases in (1.3), the amplitude of F(p,t) can be anything 

fiom zero to the sum of the absolute values of a, (p,t). The phase of the received signal is 

determined from the product f,rk @,t)  in (1.3). This product can be related to the wave 

length, 1, as 

where Yk (p, t) is the path length of the ph path at positionp. and time t, and the carrier 

fi-equencyf, is assumed. From (1.9), a change of A meters changes the phase of the signal by 

2nNA so even a small displacement in space can result in a radical change in the received 

signal delay r ,  b, t )  because of the small wavelength used for indoor measurements. 

Furthermore, if the sampling time of the received signal is large with respect to the carrier 

fi-equency, phase resolution is not possible ( a 1 GHz signal rotates 2n every 1 ns). For these 

two reasons, a received signal will be fading in what appears to be a random way. When 

modelling the multipath chm,sl, these reasons justify the use of a uniform distribution fiom 

[0,27c) to represent the phase of the multipath components in (1.6). The one dimensional, 

time invariant, model of (1.7) is represented pictorially in Figure (1.2). It should be noted 



that the arrival times, the rk 's, in a natural radio environment occur at any arbitrary time. 

Much effort has gone into characterizing and modelling various aspects of the a, ' s and 

Figure 1.2: Graphical depiction of the one-dimensional, time invariant, multipath 
channel of Equation (1.7). 

Finally, the frequency domain representation of the channel is of interest in this work. 

It is equivalent to taking the Fourier transform of (1.6) and is given by, 

Equation (1.10) is ofien called a sum of complex valued sinusoids model. 

1.3 Channel Measurement Systems 

The need for high-speed indoor communications has prompted researchers to 

develop measurement systems with the hope of accurately characterizing the multipath 



phenomenon of the indoor environment. This suggests that improvement of dynamic range 

and temporal resolution would be of value. Also, depending on the nature of the study, 

systems that yield phase information might be more appropriate. 

In this section the three most common types of measurement systems are 

described. This is not a comparison of the systems but is a review of the basic principles in 

the measurement techniques. 

1.3.1 Envelope Detection 

Envelope detection systems yield amplitude information only. These systems 

operate by finding either the continuous wave (CW) envelope (narrowband) or impulse 

response of a channel (wideband). 

One method of approximating the impulse response is to directly measure the impulse 

response by sounding the channel with a radar-like pulse, p(t),of short duration and collecting 

the response. The mathematical representation given in [Sale871 is: 

The received signal, y(t), is the convolution of (1.1 1) and (1.6) from Section 1.2. The 

received signal is detected by a square-law detector which squares the magnitude (and 

removes any phase information). Removing the dependencies of time and location fiom 

equation (1.6), y o ,  can be given as follows: 

This method used in [Sale871 is similar to that used in CRapp87aI. Both systems 

obtained temporal resolutions of 10 ns which is the limiting resolution ofp(t). 



1.3.2 Sliding Correlator 

The sliding correlator method transmits a wideband signal through the channel 

and de-convolutes this signal out of the received response. The wideband signal is generally 

generated by a pseudo random binary sequence (PRBS). In this case, the operation of de- 

convolution reduces to correlation because the autocomelation function of a PRBS 

approximates a delta function [Proa89 pp.8321. This type of system has been used by several 

researchers [Deva84, Bult87, h 9 2 ,  Nie1971. Typical reported temporal resolutions are 25 ns 

[Deva84, Bult87, Lo921 and 33 ns [Nie178]. 

The theory behind a sliding correlator system can be proven in the following 

way. Consider the channel to be a fixed linear filter having an impulse response h ( i .  An 

arbitrary input, xo), to the filter would produce an output 

if x(t) is a WSS random process, the cross correlation of x(t) and y(t) is 

R~ (5)  = R, (48 h(0  (1.14) 

where R , O  is the autocorrelation of x(t) and 8 denotes the convolution operation. If we use 

a PRBS in place of x(t) and we assume that the PRBS is a good approximation of white 

noise, then 

R, (4 = 6 ( ~ )  h(t) 

That is, the cross correlation function Rv(Q is identical to the impulse response of the 

channel at time t. From (1.14) and (1.15) it can be seen that the impulse response ofthe 

channel is acquired by transmitting a PRBS x(t) and cross correlating the received signal, 

y(0, with x(t). 



1.3.3 Stepped Frequency 

The use of a stepped fiequency response measurement system has been reported by 

severaI researchers [Howago, Mon92a, Zagh90, Hash93a, Tho1951. A verification of the 

system validity is given in Chapter Two. By the linear relationship of the Fourier transform, 

measurements made in the frequency domain and transformed to the time domain are 

equivalent to measurements performed in the time domain. The discrete channel impulse 

response estimate is collected in the time domain by methods already described. 

Collecting the channel response as a function of frequency can be performed 

by stepped fi-equency measurements. This is sometimes referred to as the channel transfer 

function, H@, and is given by the following equation: 

where N i s  the number of samples, f, is the initial frequency, and Af is the frequency step 

size. The product NAf determines the bandwidth (BW) of the transfer function. It is seen 

that stepped frequency measurements produce the wideband response of the channel. 

Measurements reported using this system have a BW of 400 MHz [Morrgla, Tho195, 

Hash92al and 200 MHz [Howa90] giving theoretical time domain resolutions of 2.5 ns and 5 

ns respectively. Measurements showing a 1000 MHz BW (theoretical 1 ns resolution) are 

given in [Morr9lb]. Stepped frequency measurement systems have different limitations than 

time domain systems but offer greater dynamic range and resolution. More detail on this is 

explained in Chapter Two. 



1.4 Channel Characterization and Modelling 

Characterization is often performed as a precursor to modelling. Although there is a 

fine line between characterization and modelling, characterization is really the art of analysis, 

where as modelling is the art of parameter extraction after analysis. For example, path loss 

can be determined by direct measurement. The summary of findings fiom the measurements 

provide a characterization of the phenomenon. If the findings are used to determine a 

parameter for a theoretical path loss equation, like the ones found in Section 1.4.1, the 

equation becomes a path loss model. Another way to look at the difference is that 

characterization describes the effect of a phenomenon whereas a model describes the 

mathematical relationship of the phenomenon. Knowing something of the characteristics of 

the radio channel is useful in radio system design. A radio system engineer may be tasked 

with the responsibility to design in robustness to a certain characteristic. A radio systems 

researcher however, may want to investigate a new theoretical method and therefore would 

find a radio channel model to be useful. As an illustration, a radio systems designer may 

want to know the maximum excess delay that would be encountered in the radio 

environment. This number would provide a limit on the transmitted symbol rate in order to 

avoid ISI. A radio systems researcher may want a model of the excess delay to determine the 

effectiveness of a new modulation technique in the presence of variable excess delays. 

Whether the radio propagation channel is characterized or modelled will depend on what is 

needed fiom the data. 



1 "4. I Path Loss 
Path loss in the indoor environment is of great interest since it determines the area 

that a RF communications system can cover. Moreover, if the data rate of the 

communications system is less than the coherence bandwidth of the channel (a flat fading 

model is assumed and no equalization is required), then the large scale path loss becomes the 

most critical factor for system design. This suggests that a consistent model for path loss in 

the indoor environment would be of significant value. Unfortunately, a good deterministic 

model is not yet available and of the available models, there appears to be some 

disagreement. A review of the literature indicates at least five different models. The models 

are briefly described in this section. Although most path loss results are determined fiom 

narrowband CW measurements, wideband measurements can also be used to yield path loss 

results. This is accomplished by determining either the total energy in an impulse response 

measurement or the peak value of the autocorrelation h c t i o n  of a frequency response 

measurement. 

Model 1 is reported in [Howa92,Zagh91, Tho1931 and is an absolute power versus 

distance model. It expresses the increase in pathloss with distance as an exponential 

relationship and is given by (1.17) 

where b is an arbitrary constant related to the transmitted power and system calibration, Pd is 

the power at distance d and n is the exponent that controls the rate of power loss. Path loss is 

mostly expressed in dB which is found by 10log(Pn). Equation (1.17) in dB form is given by 

(1.18): 



On a logarithmic scale, (1.18) corresponds to a straight line slope of the well known fonn of 

y=mx+b. 

The values of n for free space is 2, and for the indoor channel, the value of n varies 

from as small as 1 to higher than 6. Values of n smaller than fiee space usuaIly occur in 

channels where there is a direct (unobstructed) path between the transmitter and receiver. 

This is usually attributed to a waveguideing effect in hallways, or parallel walls. Values of n 

larger than fiee space are due to large attenuation's encountered when the transmitted signal 

passes through many obstructions or the reflected path phases add destructively. An 

excellent reference that summarizes the various values of n for different indoor environments 

can be found in [Molkg 1, Hash93 a]. 

Model 2 is reported in CCox84, Mot1881 and is a modification of model 1 and is 

expressed by (1.19) 

or equivalently in terms of dB, 

P, (dB) = Po (dB) + nl0 log(d) 

where Po is the path loss at 1 meter. Po was added to take into account the performance of 

the antennas (i.e., frequency dependence, height, etc.). 

In Model 3 the received power follows a dn law as in models 1 and 2. The gradient 

n, however, changes with distance. The distance dependent gradient increases with 

increasing distance [Aker88]. 

Model 4 [Hash93a] is dependent on the various types of building materials between 

the transmitting and receiving antennas. It equates logarithmic attenuations to individual 

materials. By adding individual attenuations, the total path loss in dB can be calculated. 



Measurements have shown an attenuation of 1 dB (per meter) for office furnitwe, 2 dB for 

aluminum siding, 3 dB for wood siding, 7 dB for 8 inch concrete block walls, and 12 dB for 

metal walls. 

Model 5 is similar to model 2 except that it uses a correction factor that accounts for 

the attenuation observed in measurements between floors [Mot188]. (1.21) expresses the 

model. 

Pd (dB) + W.; (dB) = Po (dB) + n log(d) (1.2 1) 

where P'is the attenuation (in dB) provided by each floor and k is the number of floors. It 

was reported that for a typical office building the values of P'were 10 and 16 dB for 900 

MHz and 1700 MHz respectively. The same paper [Mot1881 also showed that Po is a 

function. of frequency with an 1 1 dB larger path loss at 1700 MHz than at 900 MHz. 

1.4.2 RMS Delay Spread 

Of interest in assessing the capability of any radio channel to support wideband data 

communications is the severity of multipath propagation on the channel and hence, the 

probability of encountering performance degradation due to intersymbol interference (ISI). 

One measure of multipath severity is the multipath spread of the channeI. This is simply the 

total time over which the equivaIent impulse response for the channel is laown to be non- 

zero. This parameter however, results and only a partial characterization of the channel as it 

is not influenced by the relative power of the impulse response at different excess delays. A 

channel with a multipath component having significant power at a long delay would have the 

same multipath spread as a channel with a lower powered multipath component at the same 

time delay and would therefore be assessed as being equally good for digital 



communications. Since it is known that the performance of the channels are not equivalent at 

high data rates, a more useful descriptor has been sought. 

One good candidate that has been reported by many researchers [Deva87, Sale87, Bult89a, 

Rapp89al is the parameter defined by Bello [Be1163b] is the power weighted RMS width the 

of the channel's average impulse response. In recent years it has been denoted as z, and 

called the RMS delay spread [Cox751 or power weighted RMS delay for the channel 

[Bult89b]. For Bello's original application this was a statistical parameter computed, using an 

ergodicity argument, from the temporal average of the time invariant impulse response of a 

fading channel. In a Taylor series expansion representing the channels average frequency 

response, it is the square root of the ratio of the power of the second term to that of the first. 

More tenns are required to represent an average frequency response as its frequency selective 

characteristics increase, leading to a greater probability for ISI. This ratio was used as an 

indicator of the rapidity of convergence of the Taylor series and hence, the probability of 

frequency selective fading and accompanying ISI. Bello [Be1163a] specified that the binary 

signaling rates on a Gaussian wide sense stationary uncorrelated scatterer (GWSSUS) fading 

radio channel should be maintained so as to be "very much smaller" than the correlation 

bandwidth of the channel, for IS1 to be avoided. Cox indicated the probability of a 

relationship between the RMS delay spread and the correlation bandwidth [Cox75]. Chuang 

has reported that for RMS delay spreads between 0.02 and 0.2 of the symbol rate and phase 

modulation, an order of magnitude increase in z, resuIts in about two orders of magnitude 

increase in error floors on a (GWSSUS) frequency selective fading channels [Chua87]. 

Based on these reports, it is currently accepted that the RMS delay spread on a fading 



channel should be small if high symbol rates are to be transmitted without performance 

degradation due to ISI. 

The RMS delay spread is given by the following, 

where 

where 7, is the mean of the excess delay, t k  is the arrival time of the kh path, and t, is the 

arrival time of the first path. 

A problem in determining 7, is that it is difficult to decide when tk is a valid 

reflection or an artifact of the AWGN. Solutions to this problem have been to use only the 

data above a specified power level, or, use only the data within a specified time. Both of 

these methods are useful but neither are appropriate for removing the most noise while 

preserving the most data because they assume either uniform signal to noise ratios ( S N R )  or 

uniform excess delays. 

The intention in calculatiiig r,  is to sum the powers of the multipath 

reflections and not the noise, so a deterministic method for calculating rrm, for delay profiles 

with differing SNR's would be of value. 

A method given here is statistically based and assumes the noise is Gaussianly 

distributed. The procedure is as follows: First, calculate the mean value and the standard 

deviation of the AWGN. This is obtained from the known noise level that exists on the tail of 

an impulse response profile. Second, assign a power level that is 2.5 to 3.5 standard 



deviations above the mean power value of the noise as a reference level. Finally, calculate 

z, ignoring all idormation below the assigned reference level. 

This method requires no a priori information about either the excess delay or 

the SNR of the impulse response. Additionally, it preserves the largest available SNR. By 

using 2.5 to 3.5 standard deviations above the mean value of the noise as a cutoff level, 

between 99.38% and 99.98% of the noise is removed (assuming AWGN). This does not 

guarantee that reflections will not be removed but if their power is low enough to be 

considered below the cutoff level, it cannot be decided whether it is a true reflection or a 

noise artifact. The only limitation to this method is that it requires a segment of the impulse 

response that is only noise. This is not difficult to obtain as this segment always appears 

beyond the excess delay. An example impulse response estimate showing the first arrival, 

excess delay, and cutoff (as calculated by the above method) is given in Figure 1.3. 

1 , - First Arrival 
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Figure 1.3: Impulse response estimate showing the first arrival, excess delay, and 
cutoff. 



1.4.3 Coherence Bandwidth 
A typical fiequency domain characterization of the indoor channel is the coherence or 

correlation bandwidth and is denoted by the symbol B, which is related to channel spreading 

[Proa89] by: 

where c is a constant value and A, is the excess time delay. Bc is the maximum fiequency 

difference between two frequencies having a strong potential for correlation [Lee82, pp. 181. 

Therefore, the method used for determining B, is to form the autocorrelation function of the 

measured frequency response and find its bandwidth when the autocorrelation function has 

dropped to 90% (or 50%) of the peak value. 

There are only a few reports relating to B, in the literature [HowagOb, Morr92by 

Howa921. This is most likely because of the overwhelming documentation relating to the 

RMS delay spread of the channel, which is a natural effort arising out of time domain 

measurements. Frequency domain measurements are relatively new and therefore B, is not 

familiar to many researchers. In [ModZb, Howa921, Bc was related to the RMS delay 

spread of the channel in a heuristic way. The mathematical form of the relationship is given 

in Equation (1.25) 

In [Howa92] the 50% Bc was used. Values of c ranged fiom 32 to 87 and the 

respective values of P ranged from 0.66 to 0.91. In [Morr92b] the 90% Bc was used and the 

average was shown to follow a normal distribution. It was also shown that Bc has a strong 

dependency on distance. At a transmitter/receiver separation of 5 meters in one building, Bc 



was 9.5 MHz, while at a transmitter/receiver separation of 30 meters, B, was 5.0 MHz. The 

same paper demonstrated a good relationship between the average value of Bc and the 

average value of z,, for several locations. 

1.4.4 Characterization versus Modelling 

Characterization is often performed as a precursor to modelling. There is a fine line 

between characterization and modelling. Characterization is really the art of analysis, where 

modelling is the art of parameter extraction aper analysis. For example, path loss can be 

determined by direct measurement. The summary of findings provides a characterization of 

the phenomenon. If the findings are used to determine a parameter for a theoretical path loss 

equation, like the ones found in Section 1.4.1, then the equation becomes a path loss model. 

In other words, characterization describes the efect of a phenomenon whereas a model 

describes the mathematical relationship of the phenomenon. 

Knowing something of the characteristics of the radio channel is useful in radio 

system design. A radio system engineer may be tasked with the responsibility to design in 

robustness to a certain characteristic. A radio systems researcher however, may want to 

investigate a new theoretical method and therefore would find a radio channel model to be 

usefil. As an illustration, a radio systems designer may want to know the maximum excess 

delay that would be encountered in some radio environment. This number would provide a 

limit on transmitted symbol rate in order to avoid ISI. A radio system researcher may want a 

model of the excess delay to determine the effectiveness of a new modulation technique in 

the presence of variable excess delays. Whether the radio propagation channel is 

characterized or modelled will depend on what is needed from the data. 



I .4.5 Parametric and non-Parametric Models 

This section describes the definition of non-parametric and parametric models. This 

is important to understand because the use of non-parametric techniques to form parametric 

models is by strict definition an erroneous method. Essentially, a parametric model is one 

which the parameters of the model are discovered through methods that have some 

mathematical basis that relates the parameters to the data being modelled. This mathematical 

basis usually makes some assumption about how the data were generated or what type of 

process the data has undergone. A non-parametric method makes no assumption about how 

the data were generated. In other words, a non-parametric method does not assume any 

apriori information. 

In the context of this work, the measured data is a discrete random process x[n] that is 

a sequence of complex random variables (they can also be real), defined for every integer n, 

n=O,l,Z, ..., N-1. If this discrete random process is wide sense stationary (WSS), it's mean is 

given in Equation (1 -26) 

~b[nD = pX 

that does not depend on n and an autocorrelation function (ACF) 

A'-1 

r, (k) = x* (n)x(n + k) 
n=-(N-1) 

which only depends on the lag, k, between two samples, x(n) and x(n + k) , and not their 

absolute position. 

The time response of any system can be acquired fiom its fiequency through its 

Fourier transform (see Chapter Two for an example). This is often referred to as spectral 

estimation because the Fowier transform is often used in estimating the spectral 



characteristics of discrete random processes. The spectral estimate is commonly called the 

Power Spectral Density (PSD) hc t ion .  The auto PSD function which is equivalent to the 

Fourier PSD is denoted as Pxx@ and is given in Equation (1.28). 

Equation (1.28) is known as the Wiener-Khinchin theorem and is also used in the Blackrnan- 

Tukey spectral estimator [Kay88]. 

We therefore have two distinct methods for determining the PSD fkom the samples 

x[n]. One is the direct method which involves computing the Fourier transform of x[n] and 

then taking the magnitude ifx[n] is complex. The second method is to use (1.27) to find the 

autocorrelation sequence of x[nl and then compute its Fourier transform (as in Equation 

(I -28)). 

A formal definition for parametric and non-parametric methods can now be given. A 

parametric technique is one that assumes more knowledge about the spectral estimate than 

the validity of the Wiener-Khinchin theorem [Kay88]. With this definition, Fourier based 

methods are non-parametric [Kay88, Proa891. 

An inherent limitation of non-parametric methods is that they assume that r,[kl is 

zero for Ikl a - I .  This assumption seriously limits the resolution of the spectral estimate. 

Some parametric models extrapolate the values of rXX[kJ for lags Ikl 2N-l because the 

techniques assume some a priori information about either the structure of the data or how it 

was generated. This in effect, eliminates the need for window functions (see Chapter Two) 

or the implied window for lags greater than N-I, thus giving better resolution to parametric 

model based spectral estimators. 



In this work, both non-parametric (Fourier based) and parametric (model based) 

methods are explored and used for characterizing and modelling the indoor radio propagation 

channel. 

1.4.6 Model Validation 

Models are very usefbl in gaining insight into the characteristics of random processes 

such as trends, anomalies, and periodicity's. They are beneficial for radio propagation 

studies in that they provide a method for indoor radio channel characterization that is quite 

different fiom forming statistics of measured data. For example, parametric models can be 

formed from empirical data and those models can be used for random channel simulation and 

radio performance prediction. This type of characterization is very useful when the model is 

valid. 

The process of modelling mostly involves defining a set of parameters that closely 

describes the actual behavior of the process under consideration. How well a model 

performs depends on the modelling method, its assumptions, and the information that the 

model is to predict. Clearly, an accurate model that is based on measured data will closely 

reproduce the measurement fiom just the parameters. Otherwise, the model does not 

faithfully characterize the process that was originally modelled. A model's performance is 

measured by how well it minimizes some error criterion. 

I -4.6. I Error Criterion 

A11 modelling efforts need some measure of goodness-of-fit otherwise the model 

validity could never be verified. A common measure of goodness-of-fit between any series 

{xk}fid and its estimate {i?, }:id where N is the length of each series is the Mean Square 



Error (MSE) which is given in Equation (1.29). 

41% -%f} (1.29) 

Equation (1.29) provides a relative measure error meaning that the error is not 

bounded. Consequently, the MSE is only useful when compared relative to another MSE. 

With this technique, two competing models can be evaluated with respect to one another and 

presumably, the better model would have the lower MSE. 

Another measure of goodness-of-fit is the Root Mean Square Error (RMSE), J. The 

normalized RMSE [Smit82] is shown in Equation (1.30): 

Under normal circumstances, the value of (1.30) is between 0 and I. However, 

(1.30) is not upper bounded by 1. 

In terms of modelling, the RMSE is minimized with respect to some estimated 

parameter vector, 8.  Since the measurements reported in this work were of the frequency 

response of the channel, it is appropriate to measure a model's performance by its predicted 

fiequency response. Equation (1 -30) will be used as the goodness-of-fit criterion and is 

rewritten in (1.3 1) for use with frequency domain data: 

where under normal circumstances. 



1.4.6.2 Regenerated Channels 

ln the previous section, an error criterion was established that provides a goodness-of- 

fit measure between the measured channel and the regenerated channel 

formed by applying the parameters of to the theoretical foundation of the 

model. This important step is mostIy missed in the literature. This means that many 

researchers are modelling the characteristics of the channel but are not modelling the channel 

itself. The error measure of (1.3 1) only works when the model parameters are evaluated 

against a theoretical model so as to produce the regenerated channel. gthe model 

parameters cannot be used to regenerate the original channel, which those parameters are 

supposed to estimate, then the parameters cannot be justified as a model. This most 

commonly occurs when researchers extract data from a measurement without using a 

consistent mathematical technique and then refer to the extracted data as model parameters. 

Extraction of data kom a measurement is often done through thresholding, or binning, or 

some other selection technique. When this happens, the extracted data are just samples of the 

measurement and any data that did not pass the extraction criteria are simply discarded. It 

will be shown later in this work, that a common method of modelling the impulse response of 

a channel is by extracting peak values and discarding all other infomation present in the 

measurement. This is not a true modelling technique but it is widespread.[Turi72, Susu77, 

Hash79, Sale87, Yega9 1, Rapp9 1, Gane9 1, Hash93bl 



1.4.6.3 Model Performance Evaluation 

The goodness-of-fit measure described in Section 1.4.6.1 provides a method in which 

the performance of a model with respect to measured data can be evaluated. Although this is 

an excellent technique for determining which of several competing models work better, it is 

useful for evaluating a model based on a known channel. 

With a known channel, the modelling environment is well controlled and therefore 

the model can be evaluated for suitability. For the models presented in this thesis, a standard 

reference channel is defined. This channel is based on Equation (1.7) and will be valuable in 

determining if a particular modelling technique is appropriate for the assumed channel model 

of (1.10) and (1.7). 

The standard reference channel is a 3 path channel. The time, amplitudes, and phases 

of each path are given in Table 1.1. 

Table 2.1 : Parameters of the Standard Reference Channel 

Time (in ns) 
77.0 
79.0 
100.0 

A graph representing the impulse response of the channel of Table 1.1 is shown in 

Figure 1.4. The frequency response fiom 900 MHz to 1 100 MHz is shown in Figure 1.5. 

This channel will be used to evaluate the various modelling techniques used in this thesis. 

Magnitude 
1 .O 
0.8 
0.5 

Phase (Radians) 
-0.2 
+2.5 
-1 -9 



Figure 1.4: Simulated impulse response for the Standard Reference Channel. 

Figure 1.5: Frequency response derived from the impulse response shown in Figure 
1.4. Simulated &om 900 MHz to 1 100 MHz. 



1.4.7 Statistical Handling of Data 

In this section, statistical independence is defined and several statistical distributions 

are described. These distributions are commonly found in many works relating to 

characterization and modelling of the indoor radio propagation channel. Details regarding 

these distributions, such as calculating their moments, are found in Appendix A. It is 

assumed that the Normal (or Gaussian) and Uniform distributions are familiar and are 

therefore not described here. 

Experimental data are typically binned so that the sample Probability Density 

Function (PDF) or the sample Cumulative Distribution Function (CDF) can be obtained. 

Once acquired, the PDF or CDF are fitted to a theoretical distribution and then some test is 

performed to determine the likelihood that the sample distribution was drawn from the 

theoretical parent distribution. In most cases, researchers do not statistically fit the sample 

CDF or PDF to the theoretical distribution, but simple present an overlaid plot to show the 

comparison [Hash79, Rapp87b, Howa91, Hash92b, Tho1951. In some reports [Morr92b, 

Yegag11 the MSE (see Equation (1.29)) between the sample and theoretical PDFs or CDFs is 

used to determine the best fit. As stated in Section 1.4.6.1, this type of testing is only usehl 

in comparing the fit of one distribution relative to the fit of another. There is no statistical 

validation to these techniques however, so in Section 1.4.7.7, the Kolmogorov-Smimov test 

is presented. 



1.4.7.1 Statistical Independence 

Characterization or modelling of data is often described statistically. This is most 

useful when simulation or prediction of parameters is required. A typical scenario is to 

characterize or model a significant number of independent (non-correlated) data samples and 

then fit the extracted parameters to some theoretical PDF or its corresponding CDF. Since the 

independent samples are drawn from the same sample population, they are termed as 

Independent Identically Distributed (IID). Data samples are required to be IID before the 

PDF or CDF is formed. 

Statistical independence is defined as follows: Events A and B are independent if 

P(AB) = P(A)P(B). Independence does not mean that A and B have nothing to do with each 

other or that A and B have nothing in common. What independence means in simple terms is 

that if knowing B doesn't affect what you know about A, then A and B are independent. 

Therefore, A and B are independent if and only if P(A IB)=P(A) or equivalently 

P(B IA) =P(B). 

In terms of radio propagation samples (measurements or simulations), we can say that 

two samples are independent if knowing the amplitude and phase of the first aniving 

multipath component of one sample does not tell us the amplitude and phase of the first 

arriving multipath component of the second sample. Equivalently, knowing the fkequency 

null location(s) of one sample does not tell us the frequency null location(s) of the second 

sample. In Chapter Three it will be shown when two measurements become independent by 

determining at what point they become de-correlated. 



1.4.7.2 Rayleigh Distribution 

The distribution of the envelope of a complex Gaussian signal with zero mean was 

first derived by Lord Rayleigh rPapo84J. The distribution is hence called Rayleigh and the 

PDF is given in (1.32): 

where , is the envelope of the signal and o is the Rayleigh parameter (the most 

probable value). The Rayleigh PDF for different values of o is shown in Figure 1.6. 

The distribution of (1 -32) is widely used to describe multipath fading because of its 

theoretical justification. If it is assumed that a transmitted signal arrives at a receiver via N 

paths each having a random magnitude and random phase , the received signal is 

represented by 



Figure 1.6: The Rayleigh PDF for a=l, 0=2, and 0=4. 

If the assumption is made that the N components are statistically independent with 

zero mean then in (1.33) tends to becomes Gaussian with zero mean as long as 

In this case, the phase, , is uniformly distributed over [0,2@ (see Section 1.2) and 

the envelope, I-, follows a Rayleigh distribution. 

The assumption that the N components of (1 -33) are statistically independent may be 

unrealistic but the approximation holds when a strong component (such as a line-of-sight 

path) is not present. Many researchers have given empirical justification for use of this 

distribution. Measurements in [Tole921 show that small scale variations are Rayleigh 

distributed. Also measurements in five factory environments [Rapp89b] show that the 

Rayleigh distribution provided a good fit for the small scale variations in non-line-of-sight 

paths. Measurements made with the transmitter and receiver located in and outside of a 

building [HofB2, Cox831 have also shown a good fit to the Rayleigh distribution. 



I A7.3 Rice Distribution 

The Rician distribution exists when there is a strong path relative to the other received 

paths. This occurs when there is a line-of-sight path or a path that undergoes much less 

attenuation than other paths (this would occur when the only obstruction between the 

transmitter and receiver is a soft partition or a pane of glass). When this path exists, the 

received signal is Gaussian with a nonzero mean. In this case, the signal has the following 

distribution [Rice541 : 

where and . pis  the phase and v is the amplitude of the mean of the 

received signal. Moreover, the distribution of the envelope, r, is Rician and the distribution 

of (1 -34) becomes: 

where and la is the zero-order modified Bessel function. It can be seen that in the 

absence (or reduction) of the strong component, , (1.34) becomes the Rayleigh 

distribution of (1.32). When v/obecomes large, a Rician distribution approximates the 

Gaussian distribution. The Rician PDF for v=3 and different values at o is shown in Figure 

1.7. 

Researchers have shown empirical justification for this distribution [Yegagl]. Others 

have shown that even in the absence of a strong line-of-sight component, the Rician 

distribution fit the data better than a Rayleigh distribution [Bult86]. 



Figure 1.7: Rician PDF for v=3, F I ,  -2, and 0-3. 

1 A7.4 Nakagami Distribution 

This distribution, which is sometime called the rn distribution was proposed by 

Nakagami [NakaGO, Pars943. The PDF is given by 

where , m is the shape parameter, and S2 controls the spread of the distribution. The 

Nakagami PDF for m=2 at different values of !2 is shown in Figure 1.8. 



Figure 1.8: Nakagami PDF for m=3, &I, e.5, and e 1 6 .  

Because the Nakagami PDF is a general distribution, it contains some special cases. 

The distribution reduces to Rayleigh when m=l and also to a one-sided Gaussian for m=1/2. 

It also approximates the Rician and Lognormal distributions [Hash93a]. 

Very little empirical justification exists for this. In [Hash93b], the Nakagami distribution was 

used to fit the amplitudes of individual multipath components in a limited number of cases 

but it was shown that the Lognormal distribution had the best fit for the majority of cases. 

One investigator [Laur94] used ray tracing techniques to show that the Nakagami distribution 

fit the amplitudes of multipath components. This was an analytical test. 

I .4.7.5 Weibull Distribution 

There is no theoretical justification for using this distribution on radio propagation 

data. It is popular in systems fault analysis. Radio propagation researchers have used it to 

describe some distributions because of its flexibility in having three parameters, (a,P, v). The 



location parameter v is zero for positive random variable as encountered in radio channels. 

This distribution is similar to the Nakagami distribution in that they both have shape and 

spreading parameters. The PDF is given by 

where , a is the scale parameter, and p controls the spread (shape) of the distribution. 

The Weibull PDF for a=5 and different values of p is shown in Figure 1.9. 

Figure 1.9: Weibull PDF for a=jJ P=IOJ w, and P=O. 01. 

The Weibull distribution contains the Rayleigh distribution (a=1/2) and the exponential 

distribution (#=I) as special cases. 

Researchers have used this distribution to describe fading during movement within 

the channel [Howa91] and also to model the inter-arrival times of multipath components 

[Yegagl] for indoor factory environments. In [Law94], it was shown that Weibull 



distribution provided a good fit to the inter-arrival times of the channel impulse response that 

was theoretically derived kom ray tracing experiments. 

I .4.7.6 Lognormal Distribution 

The Lognormal distribution is often used to describe the amplitude distribution of 

multipath components. A large body of empirical verification for this type of 

characterization exists in the literature [Hash93a]. With this distribution, the Log(r) vaIues 

are normally distributed and, hence, it's name. The PDF is given by 

where p is the mean of log(r) and o is the standard deviation. The Lognormal PDF for 

~ 0 . 2 5  and different values of p is shown in Figure 1.10. 

Figure 1.10: Lognormal PDF for ~ 0 . 2 5 ,  p=O. 5, p=I, and p=1.5. 



Good Lognormal fits to multipath component amplitudes is shown in [Rappgl, Yega91, 

Gane91, Hash92bl. In [HasH92b], both local and global data were used to demonstrate the 

use of a Lognormal distribution. In [Rappgl], the Lognormal also showed a good fit to large 

scale path loss. 

1.4.7.7 KoImogorov-Smirnov Test 

Kolmogorov and Smirnov [Pres88] have approached the problem of the deviation 

between the empirical CDF, denoted as SN(r), and the theoretical CDF, denoted as P(r). 

The null hypothesis states that the theoretical distribution P(r) is the empirical 

distribution SN(Y). It is not actually possible to prove this with statistics but only to show that 

the empirical data is consistent, to some degree of probability, with the theoretical 

distribution. If the empirical data are not consistent with the theoretical distribution then the 

null hypothesis is rejected. The Kolmogorov-Smirnov (K-S) statistic is the accepted test for 

deciding whether to accept or reject the null hypothesis and is given by, 

where sup stands for supremum which roughly means the maximum of the maximum. What 

makes the K-S statistic useful is that it's distribution can be calculated thereby giving the 

significance of any observed values of D. For large N, Kolmogorov found the limit of the 

distribution to be, 

The null hypothesis is rejected if the greatest observed difference IP(r)- &(r)[ is greater 

than E where E is determined fiorn lookup tables or calculated by, 



where p is related to the significance level (I-P) and n is the number of sample points in the 

CDF. This approximation calculated by Smirnov is not as accurate as lookup tables but get 

increasingly more accurate as the sample size, n, increases. The heuristic errors for the 80% 

to 99% significance levels are given in Table 1.2. 

Sample size Error I n 1 % 1  

Unless otherwise noted, results using this test that are reported in this thesis will 

always use sample sizes larger than 30. 

The K-S test has been largely ignored in the field of statistical characterization radio 

propagation data, with one exception: the K-S tests performed by another researcher was 

reported in [Hash92b] and was shown to fit multipath components to the expected 

Lognonnal distribution. However, all other statistical tests in [Hash92b] were accomplished 

by overlays. 

Implicit in using the K-S test is the technique of curve fitting. It is required that the 

CDF of the theoretical distribution be optimally fitted to the empirical data so as to minimize 

D. One method is to calculate the parameters of the various distribution directly fiom the 

sample data (i-e., calculate 0 for the Rayleigh distribution, a and ,8 for the Weibull 

distribution, etc.) and calculate the theoretical CDF fiom them. Details on calculating the 

30 1 
Table 1.2: Heuristic Errors for Equation 1.42 



various parameters based on the sample moments are found in appendix A. This method 

generally provides a good fit but it is not the optimal fit. Getting the optimal fit requires the 

use of non-linear optimization methods that are beyond the scope of this thesis. For the 

present work, these methods are considered to be ancillary and are only described here by 

way of reference. Suffice it to say that the non-linearity is a result of an iterative process that 

seeks to find a global minimum error between a theoretical expression and the empirical data. 

Parameters calculated fiom the sample data may provide a global minimum but it is also 

likely that they will produce only a local minimum on the enor surface. The method used for 

results reported in this thesis are based around the Levenberg-Marquardt search technique 

[More77]. This technique, like many others, requires a seed value. The closer this value is 

to the one that globally minimizes the error surface, the faster the algorithm can converge. 

The seed values are those that are calculated directly (see Appendix A) &om the sample data 

(i.e., the sample a use in the Rayleigh distribution is the seed value to find the optimal value 

for a). 

I .5 Previous Work 

The purpose of this section is to look at some of the related efforts accomplished prior 

to this work. In Section 1.5.1 a brief history of indoor radio propagation studies is presented. 

In Section 1.5.2, the major works in radio channel characterization and modelling are 

discussed. 

1.5.1 History of Indoor Propagation Studies 

Propagation studies in the mobile multipath environment date back to 1952 

when Young performed a narrowband comparison study at 150 MHz, 450 MHz, 900 MHz, 



and 3700 MHz. The measurement procedure consisted of fixing a transmitter to the top of a 

building and recording the magnitude of the received signal envelope fiom a moving vehicle 

tYoun521. 

Young was able to show that the statistical distribution of the signal envelope 

closely agreed with a Rayleigh distribution. Young observed this phenomenon for each of 

the tested frequencies. By use of the central limit theorem, Young was able to conclude that 

the received signal envelope consisted of a large number of reflected signals. This early 

work pioneered what is now an intense interest in mobile communications. 

Propagation studies did not move into buildings until 1958 when Rice 

measured the signal attenuation of 35 MHz and 150 MHz narrowband transmissions into 

office buildings [RiceSg]. Rice found that losses of more than 20 dB between the RF level 

inside a building and the median RF level outside the building can occur. He defined this 

loss as penetration loss and is the same as what is currently called path loss. This may be 

confising as there is always a loss associated with the path whether there is penetration or 

not. 

Rice's work was not expanded on until 1973 when Durante examined path 

loss into buildings at 900 MHz [Dura73] and Shefer did the same at 450 MHz and 900 MHz 

[Shef73]. Durante suggested a relationship between path loss and building material when he 

was able to show that path loss could be reduced on floors with large areas of glass. Studies 

in this area were not aggressively pursued until the early 1980's when Cox along with others 

released several reports on path loss into buildings in the 800 MlIz [Cox83, Cox84, Cox851 

and 900 MHz range [HofBZ]. The apparent lack of interest in the indoor environment before 

1982 can be attributed to: i) the interest in improving outdoor mobile radio telephone 



systems, ii) the lack of suitable technology for developing indoor radio systems, and iii) the 

fact that cellular phones were introduced in the early 1980's and much of the interest was 

focused on them, 

The first wholly indoor channel characterization experiments were reported by 

Kiyoyuki and Kuwabara in 1 977 [Klyo77] and Alexander in 1982 [Alex82, Alex831. In the 

Kiyoyulu-Kuwabara experiment, the propagation frequencies were 250 MHz and 450 MHz. 

This experiment was used for preliminary microcellular evaluations for digital cordless 

telephones. The Alexander experiment was conducted at 900 MHz and was done to evaluate 

the inbuilding environment for existing cellular systems. In both experiments the envelope 

statistics of the channel were characterized using narrowband measurements. 

The first indoor characterizations using wideband measurements were 

reported by Devasirvatharn in 1984 [Deva84]. These measurements were performed at 850 

MHz and gave the magnitude of the indoor channel impulse response. Devasirvatham used 

these measurements to study the delay spread of the channel. 

Devasirvatharn's work was extended in 1987 by Bultitude to include both 

magnitude and phase information for wideband measurements [Bult87]. 

There are many other researchers that have reported important results and 

have not been included in this discussion. This is because this section is intended to 

highlight the chronological progress of measurements for indoor channel characterization and 

not provide a comprehensive report of work to date. A good evaluation of indoor studies is 

found in the references [Molkg 1 ; Hash93al. 



1.5.2 Overview of Previous Modelling Efforts. 

The science of modelling the radio propagation channel has been pursued for 

decades. There are many contributors to this field and the discussion in this section does not 

purport to describe them all. Instead, this section describes the well-known modelling efforts 

in which the contributors try to fully model the indoor radio. 

In [Sale871 Saleh and Valenzuela present a statistical indoor channel model based on 

200 time domain measurements in an office building. Dwing the measurements, the channel 

was assumed to be time invariant. The measurements were made at 1.5 GHz by transmitting 

radar-like pulses that were 10 ns in duration. The measurement system had a dynamic range 

of 60 dB. Excess delays of up to 200 ns and RMS Delay spreads of up to 50 ns were 

reported. The individual received rays were characterized by their delay times, amplitude 

and phase. The model is based upon characterization of peaks extracted from the measured 

impulse response. The phase was determined to be uniformly distributed and the amplitudes 

to follow a Rayleigh distribution. The arrival time distribution was modelled as a Poisson 

distribution. The Authors noted that the rays appeared to arrive in clusters where strong 

signals were grouped together and weak signal later in time showed the same grouping. The 

clusters are speculated to be formed by the building superstructure. In order to fit the data to 

the model, the authors "inflated" some of the weaker components. 

In [Yegagl] Yegani and McGillem, a statistical model for a factory radio channel is 

described. The model is based on characterization of peaks fiom 900 impulse response 

measurements made in several factor floors. The measurements were at 1300 MHz using a 

probing pulse with a 10 ns width. The authors modelled the interarrival times with a Weibull 

distribution. The number of arrivals was modelled with a Beta distribution which is very 



similar to a Normal distribution. The number of multipath components for a LOS channel 

with a 30 dB threshold was found to be between 15 and 30. For the OBS channel the number 

of components was between 25 and 40. The path amplitudes were tested against the 

Rayleigh, Rician and Lognormal distributions with the conclusion that a Lognormal 

distribution provided a suitable model. The measurement system did not report phase 

information. 

In [Rapp91], Rappaport et a1 used the same measurement database as reported in the 

work of [Yegagl] in more detail. The measurements were grouped into 44 different areas 

where each area has 19 closely spaced measurements (each measurement was separated by 

1/4 wavelength on a 1 meter track). It was shown that the measurements were spatially 

correIated (see Section 3.2). Since only signal power was received, the phase distribution 

was assumed to be uniformly random. The model is based on characterizing the amplitudes 

of discrete bins. In each bin, the measured amplitudes were averaged using a linear spline 

interpolator. It is then determined whether a bin had a multipath component (peak) or not. 

An example in shows that the number of resolved multipath components on one track 

measurement is Normally distributed with an average of 14.5 with a standard deviation of 

3.6. The multipath amplitudes were shown to have a Lognormal distribution. The arrival 

times were shown to roughly fit a Poisson distribution. 

In /Howa9 1, Howa921, Howard and Pahlavan use a fkequency domain measurement 

system very similar to the one reported in Chapter Two of this thesis. The impulse response 

estimate is found by taking the windowed and non-windowed Fourier Transform on less than 

900 measurements. The authors also use an Autoregressive estimator on the frequency 

domain data to find the spectral estimate (the impulse response estimate). It is reported that a 



2nd order model is sufficient to represent the important statistical characteristics of the 

channel (like the RMS Delay). The authors conclude that multipath components arrive in 

two significant clusters and therefore the two time domain clusters fiom a 2" order 

autoregressive model characterize this phenomenon. This model only partially models the 

radio channel as it does not have sufficient resolution to determine specific characteristics of 

the impulse response estimate. The report demonstrates that many simulated frequency 

responses derived fkom 2nd order autoregressive models have statistically similar RMS Delay 

spreads as found in the measurements. Similar work on the 2nd order model was reported in 

[Morr92a, Morr92bI. The work in [Morr92a] demonstrated that much higher model orders 

are required to form an accurate impulse response estimate. The work in Chapter Four of 

this thesis goes well beyond the work of Howard and Pahlavan and formally develops a full 

channel model. 

The work of Hashemi [Hash93b] shows a model derived fiom the same 12,000 

measurement database as used in this thesis. The model is based on the traditional technique 

of extracting multipath components (peaks) fiom the impulse response estimate derived fiom 

the windowed Fourier Transform. The measurement database is shown to be spatially 

correlated but no effort was made to use statistically independent measurements prior to 

forming the statistical distributions. Also, the author did not remove invalid data before 

analysis. A discussion on spatial correlation is found in Section 3.2 and a description of the 

identification of bad data is found in Section 2.7.3. The paper reports a model that uses the 

Normal distribution to describe the number of multipath components. The data is shown 

graphically but there is no mention of the distribution parameters. From the authors 

conclusions, the average number of multipath components is 13 for measurements where the 



antennas are separated by 5 meters and 24 for a 30 meter separation. The standard deviations 

are between 3 and 7. The arrival time distribution was shown to fit a modified Poisson 

distribution suggested by Turin [Turi72] and developed by Suzuki [Suzu77]. The path 

amplitudes were shown to fit a Lognormal distribution. 

Other major modelling efforts use stochastic processing to determine clusters for 

multipath arrivals [Nie197] or use ray tracing techniques [Laur94]. There are also 

geometrical modelling techniques as found in [Libe96] and [Libegg]. These techniques are 

quite different fiom the work just described and for the work to be presented in the 

subsequent chapters. They are mentioned here because they highlight the fact that there are 

other ways that a channel can be characterized and modelled. What is perhaps the most 

important aspect of characterization and modelling may not be the techniques themselves 

(although they are important for interpretation), but on how accurately the technique 

represents the process under consideration. 

I .6 Contribution of Dissertation 

'The work presented in this thesis shows five different models for the indoor radio 

propagation channel. This is unusual since all of the previous work described in Section 

1.5.2 show one model in a single dissertation or paper. So this work represents for the first 

time a comparison of competing models and an explanation of the relative merits of each 

model. Careful consideration was placed on ensuring that the data that was characterized and 

modelled was valid and that statistical inferences were made only with independent data. 

Furthermore, with the exception of the Peak Extractor in Chapter Six, the models are newly 

applied techniques in the field. The Autoregressive and Minimum Norm models of Chapters 

Four and Five represent models that have a very attractive interpretation for the radio channel 



and neither model has been used in this context before. In fact, these techniques result in a 

model that is more consistent with the actual multipath phenomenon than other techniques 

that constrain the multipath arrivals (the ) to a fixed delay. In Chapter Six it is shown 

that, even though very popular, the Peak Extraction model is quite poor. An effort to still use 

the modelling technique, although improved, was attempted with some success but the final 

result was still inferior to other models. The Digital Filter model of Chapter Seven is another 

new approach that has certain advantages in extracting frequency domain information. 

In the previous modelling work, the contributors have not regenerated the channel 

from the theoretical model and then compared it to the data from which the model was 

derived. As a result, the models can only be assumed to be working as expected. In this 

work, every time a model is constructed, the mathematical representation of the model is 

used to regenerate data and then that result is compared to the original empirical 

measurement to test for validity. Therefore, it can be stated with certainty as to how well the 

model represents the actual data. Unfortunately, this type of certainty is not available in 

other reports. 

Most of the previous efforts in modelling are really reported as characterizations. The 

reason is that although a theoretical model might be presented for a certain parameter, not 

enough information is disclosed to actually construct a full model. This thesis provides 

enough detail about all the parameters being modelled so that an interested party can 

construct the full channel model and, if desired, a simulator. 

This thesis makes use of many mathematically involved techniques but it is not 

intended that this work be a treatment in mathematics. Instead it is intended to show aspects 

concerning the interpretation of measurement, characterization and modelling of the indoor 



radio propagation environment. Where important mathematics are required, they are given. 

In other cases, they are left to the references. 

Finally, it is noted that this thesis is very heavily results based and some theoretical 

background is left to the references. Consequently, all the work starting in Chapter Two and 

on through to the conclusions is original work performed by the author. 

I .7 Structure of the Dissertation 

As implied by the title of this thesis, the work in the following chapters is about 

measurement, characterization, and modelling. The thesis is organized along that theme. 

Chapter One presents introductory material necessary to understand concepts discussed later. 

Chapter Two discusses a measurement system used to obtain the frequency response of the 

channel. Chapter Three shows results derived fkom characterizing some well-known and 

some not so well-known parameters of the indoor radio channel. Chapters Four through 

Seven are concerned with modelling the channel with various techniques. Chapter Eight 

contains a side-by-side comparison of the different techniques and draws some conclusions 

about which ones to use and why. The thesis is concluded in Chapter Nine. 

An extensive database of empirical measurements was collected with the 

measurement system described in Chapter Two. The analysis, characterization, and 

modelling of this data produced large amounts of results. As such, many important concepts 

and results are displayed in graphs or tables as well as being discussed in the text. Some of 

the more copious amounts of data are placed in the appendices as well as some theoretical 

results. 



CHAPTER TWO 

Experimental Design. 

2.1 Measurement System 

In this section the finction of the individual components of the measurement system 

will be described and the pertinent technical specifications will be given. The basic 

measurement system configuration is shown in Figure 2.1. Photographs taken in Building B 

that show the measurement setup are shown in Figures 2.2a arid 2.2b The system consists of 

a network analyzer with an S-parameter test set, an amplifier, cables, antennas, and a 

personal computer. Although not shown in the hardware configuration, a spectrum analyzer 

is also a usefbl device if available. 

I /  

Figure 2.1 : Measurement system configuration. 
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Figure 2.2a: Photograph of experimental equipment taken after a night of 
measurements (notice that the sun is rising in the east). Measurement 
system is located in a cubicle of Building B. 

- - - - - 

Figure 2.2b: Photograph of measurement system located in a soft partition hallw 



2.1.1 .I HP8753 Vector Network Analyzer 

The HP8753A Vector Network Analyzer is an instrument that measures the transfer 

and/or impedance h c t i o n  of a linear network through sine wave testing. Non-linear testing 

can also be performed but the focus of this work is on linear systems. Both narrowband 

(CW) and wideband (swept fiequency) measurements fkom 300 kHz to 3 GHz are possible. 

The fiequency resolution is 1 Hz and the output power is adjustable fkom - 10 dBm to + 24 

dBm. The dynamic range (limited by input crosstalk) is approximately 80 dB. The network 

analyzer has a magnitude accuracy of A 1 dB and a phase accuracy of &3O with - 10 dBm at 

the input. A complete list of specifications is given in the reference [Hewlgl, pp. 240-2441. 

As implied by the word 'vectort, the HP8753A can filly characterize a Device Under 

Test PUT) by measuring the magnitude and phase of its response to a sine wave stimulus. 

The magnitude is determined from relative ratio measurements that are usually made in dB. 

This is the log ratio of the unknown signal (the response of the DUT) with the reference 

signal (the stimulus). For example, a magnitude of 0 dB means the ratio of the two signals is 

~ t y  while a ratio of A 20 dB means a voltage ratio 10: 1. Phase measurements are also 

relative where the reference signal is considered to have zero phase. The analyzer measures 

the phase difference between the signal transmitted through the DUT and the reference 

signal. 

The HP8753A measures the transfer h c t i o n  of the DUT by stimulating it with a 

high frequency sweep and sampling its response, so an understanding of how this is 

accomplished is beneficial. It is not practical to sample the response of the DUT at RF 

kequencies, as this would require very fast sampling which is difficult to accomplish. A 

simpler method of sampling is to down-convert the RF frequencies to lower frequencies. 



These frequencies are called Intermediate Frequencies (IF). The IF signal is sampled after it 

has been filtered. The filter has an adjustable bandwidth from 10 Hz to 3 kHz. The size of 

the IF bandwidth affects the time it takes to sample the signal (i.e., the lower the IF 

bandwidth, the longer it takes to sample). For the results reported in this work, an IF 

bandwidth of 3 kHz was used. This resulted in a sweep frequency time of 0.5 ms per sample 

(e-g., a measurement consisting of 801 samples would take 400.5 rns). 

The ability of the network analyzer to measure the amplitude ratios and phase 

differences between the reference signal and the unknown signal (either reflected or 

transmitted by the DUT) implies a signal separation device. Such devices include directional 

couplers, bridges, power splitters, and high impedance probes. 

2.1 .I .2 HP85046A S-Parameter Kit 

The HP85046A S-Parameter Test Set is a network analyzer accessory that provides 

the capability to measure reflection and transmission characteristics (including S-parameters) 

of one or two port devices. It contains two bridges, a power splitter, and a solid-state switch 

to allow measurements of a two port device in both directions. A complete technical 

specification is given in the reference [Hew19 1, pp. 2491. It is pointed out here that the S- 

parameter test set introduces a 12 dB loss into the measurement system. 

Scattering parameters or S-parameters were developed to characterize linear networks 

at high frequencies. An excellent discussion of S-parameter design and measurement 

techniques can be found in [Spar72]. A brief summary is presented here. 

S-parameters are used to characterize n-port devices at high frequencies. The number 

of parameters depends on the number of ports and is equal to the square of the number of 

ports in the DUT. 



Since the indoor RF propagation channel can be considered as a linear two 

port network, S-parameters can be used to measure it. Figure 2.3 shows a linear two port 

network with its associated S-parameters 
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Figure 2.3: S-Parameter Model for a Two Port Linear Network 

For a two port device, two linear equations are defined that relate the S-parameters 

and the input ('a') and output ('by) waves, and are given in Equation (2.1): 

Given these equations, any S-parameter can be found in terms of the other known 

parameters. S, and S,, are reflection parameters and S,, and S,, are transmission 

parameters. The two S-parameters of interest are S,, (for antenna cl~aracterization) and S,, 

(for the indoor RF propagation channel characterization). The solution for these parameters 

is given here in Equation (2.2): 

Both the 'a' and 'b' waves are measured in terms of voltage. Therefore the power in 

dB of any S-parameter is determined by ZOLog,,(S-p4rameter). 



2.1 .I .3 SHL2000 Amplifier 

The amplifier shown in Figure 2.1 is an SMC SFL-2000 (type 9037). This amplifier 

has a 1 dB input compression point at -5 dgm and a 1 dB output compression point at +17 

dBm. It has a minimum rated gain of 22 dB (that is flat within k 1.5 dB) and a maximum 

input voltage standing wave ratio (VSWR) of 1.77 fkom 10 MHz to 2000 MHz. Its current 

consumption at +15V is 100 rnA. These specifications were verified using the network 

analyzer and it was found that from 900 MHz to 2000 MHz the amplifier had a gain of 22 dB 

and was flat to within & 0.5 dB. 

2.1.1.4 RG400 Cable 

Approximately 58 m of RG4OO coaxial cable was used in the measurement setup. 

This cable was used due to its popularity (and therefore availability) in microwave RF 

measurements and device connections. It is a high quality 50 S2 cable rated with a nominal 

attenuation of 43 dB per 100 m at 1000 MHz. The velocity of propagation is rated at 0 .69~ 

(c being the speed of light). 

2.1.1.5 Discone Antennas 

The antennas that were used are shown in Figure 2.4. They were manufactured at 

NovAtel Communications Limited in Calgary Alberta specifically for the measurement 

system test frequencies described in this report. The discone antenna was chosen because of 

its ability to propagate signals over a large bandwidth [Sale87]. This is essential for stepped 

frequency measurements. 



Top View 

Figure 2.4: Discone Antenna. 

Side View 

2.1 .2 Experimental Measurement Procedure 

In this section an explanation of the procedure for obtaining measurements is 

presented. Two types of measurements are discussed as well as calibration considerations for 

each. These measurements are applied to a DUT, which for the purposes of this study, is the 

indoor RF propagation channel or sometimes referred to as the channel. This naming 

convention will be held throughout this thesis unless specifically stated otherwise. 

2.1.2.1 Stepped Frequency Measurements 

Collecting the channel response as a function of fiequency is performed by stepped 

fiequency measurements. This is sometimes referred to as the channel transfer function, 

H(f), and is given by Equation (2.3): 



where N is the number of samples, fo is the initial frequency, and Af is the fiequency step 

size. The product NAf determines the bandwidth (BW) of the transfer function (i.e., 801 

samples where Af = 0.5 MHz gives a transfer h c t i o n  with a 400 MHz BW). From this it 

can be seen that stepped fiequency measurements produce the wideband response of the 

channel. 

The indoor RF propagation channel transfer function is measured by placing the 

transmit and receive antennas somewhere in the indoor environment. The network analyzer 

sweeps the channel by transmitting a signal of increasing fiequency and collecting from the 

receive antenna the response to this stimulus. This response is downloaded to a computer for 

post analysis. The varying fiequency signal consists of a sine wave at increasing frequencies 

where the start and stop fiequencies as well as the uniform step size (Af) are determined by 

the user. Figure 2.5 shows the magnitude of a typical indoor channel f?equency response. 

The bandwidth is 200 MHz (900 MHz to 1100 MHz) and Af is 0.5 MHz. A good deal of 

information can be abstracted fiom this type of profile (i.e., path loss, coherence BW, fading 

statistics, etc.). 

The associated phase of the fi-equency response depicted in Figure 2.5 is shown in 

Figure 2.6. It can be seen that the phase has a strong linear trend which is expected. The 

deviation fiom linearity occurs when the magnitude of the channel response is in a significant 

null. For purposes here, a significant null can be termed as a null deep enough to affect 

phase linearity. A more rigorous approach to null definition is found in the references 

[Zaghg 11. 
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Figure 2.5: Log magnitude of a typical stepped frequency measurement. The step 
size is 0.5 MHz and the bandwith is 200 MHz. 
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Figure 2.6: Phase response of swept fkequency measurement shown in Figure 2.5. 
Phase is limited to f. 180 degrees so the graph displays phase as being 
wrapped around. 



2.1.2.2 Calibration 

Essential to the reliability of any measurement system is the carehl consideration of 

calibration. This may seem obvious but it has been noted that this important step is not 

always done [Howa90a]. Unfortunately, system calibration is quite often ignored and for the 

other measurement systems described in Chapter One, calibration was not reported. 

Calibration is a way of removing the unwanted system information fkom the 

measured results. The purpose of the measurement system described in this chapter is to 

obtain a measured response of the indoor channel. However, between port one and port two 

of the network analyzer with the S-parameter test kit, there are actually three channels: the 

cables, amplifier, and transmit antenna; the indoor channel; and the cable and receive 

antenna. Calibration requires that the effects of any channel that is not the indoor channel be 

minimized so as to produce a measured response that is close to the 'true' channel. Three 

methods of calibration were identified and are discussed in the following sections. The basic 

principal for each of them is the same. Essentially a measurement of all components in the 

system with the indoor channel removed is performed. This measurement yields the 

calibration channel. Subsequent measurements with the indoor channel in the measurement 

path are then normalized to this calibration channel. The use of S-parameters makes the 

calibration channel normalization easy to implement. To find S,, of the indoor channel, 

simply divide (complex division) the measured S,, by S,, of the standard channel. 



2.1 -2.2.1 Calibration With Antennas 

Using an anechoic chamber to define the calibration channel produces the best 

results. This is because a true anechoic chamber provides an environment that has a single 

path (i.e., the path between the transmit and receive antennas). The calibration channel is 

measured by placing the two antennas far enough apart that the near field effects are 

negligible and then collecting the response of all components in the measurement system. 

The distance between the antennas must be known as it becomes a part of the calibration 

channel. Measurements normalized to this channel will be fiee of the effects due to cable, 

amplifier, and antenna characteristics as well as effects due to mismatching. There is one 

problem associated with this method however, that is a large anecl~oic is required. In most 

cases this problem will eliminate the practicality of this method. Therefore, an acceptable 

alternate method should be used. Two of these methods will be discussed in the next section. 

2.1.2.2-2 CaIibration Without Antennas 

It is possible to obtain a standard, single-path channel without an anechoic chamber. 

The first method is accomplished by replacing both antennas with a straight-through 

connector and measuring the response. This provides a standard, single-path channel that 

characterizes everything in the system except for the antennas. This is a valid technique 

providing that the return loss fiom the antennas is small enough so that their effects are 

negligible on the measurements when they are in place. 

The second method uses the same concept and the same assumptions about the 

antennas as the first method. The only difference is in the implementation. The first method 

(and the anechoic chamber method) implies measurement of a standard channel to be used 



for calibration in post processing. The method described now uses the network analyzers 

built-in calibration feature for on-the-spot calibration. The antennas are still replaced by a 

straight-through connector and then the network analyzer uses the measured response of this 

channel as a reference against subsequent measurements. 

Both methods produce the same results so the built-in calibration might be more 

convenient if a specific study of the calibration channel is not required. The researcher 

should keep in mind however, that the antenna gain varies as I//Z which may require 

compensation in large sweeps. 

The calibration methods presented in this section were used for the results reported in 

this study. 

2.2 Post Processing 

In this section a description of how the measured data can be processed is given. If 

post analysis of the data is used for fiequency domain characterization and modelling, then 

filtering and decimation for noise reduction may be required. Of coarse, no processing is 

also a viable option since the data were measured in the frequency domain. 

If post analysis of the data require time domain characterization or modelling, 

processing methods involving windowing and Fourier transforms are essential. 

2.2.q The Discrete Fourier Transform 

The Discrete Fourier Transform (DFT) plays an important role in many signal 

processing applications particularly due to the discovery of the Fast Fourier Transform (FFT) 

which makes computing the DFT an efficient process [Coo165]. 



The DFT is recognized as a popular method for transforming discrete signals fkom the 

time domain to the fiequency domain. The transformation of fiequency signals to the time 

domain is referred to as the Inverse Discrete Fourier Transform (IDFT). The familiar 

equations of this analysis/synthesis pair are given here: 

Obviously since the network analyzer measurements are in the fiequency domain, the 

DFT is used to transform the data to the time domain. Some insight can be gained into the 

considerations for processing the measured data by examining each step of the process -- 

fkom sampling the channel to transforming the data. 

Initially, a channel with some continuous transfer function, H(f), and its associated 

impulse response, h(t), is to be measured. This is depicted in Figure 2.7a. 

Figure 2.7a: Continuous Time and Frequency Domains 

Discrete sampling is equivalent to multiplying the continuous spectrum with a comb 

h c t i o n  (sometimes referred to as a delta train). Figure 2.7b sllows the frequency domain 

representation, X(f), and the time domain representation, x(t), of a comb function. The 



sampling is spaced in fiequency by Af. This sampling interval determines the period, T, in 

the time domain by the relationship: T=l/A f. An important consideration must be noted in 

this step. Due to the periodic nature of the IDFT, aliasing in the time domain can take place 

if Af is too large (i.e., T is smaller than the excess delay of the channel). 

Figure 2.7b: Comb Function Time and Frequency Domains 

Figure 2 . 7 ~  depicts the result of sampling the fiequency domain. The continuous 

fiequency spectrum is quantized by the relationship X(f)H(f). The time domain 

representation of the comb function is convolved with the impulse response of the channel ( 

h(t)*x(t) ). From this it is apparent that if the excess delay of the channel is greater than the 

period of x(t), aliasing will occur. This implies that some knowledge of the channel delay 

spread is needed before measurements are performed. The only reliable way to find this is to 

measure the channel with a small Af and observe the excess delay. 

Figure 2 . 7 ~  : Sampled Frequency Domain and Conesponding Time Domain 



Experimental data is necessarily finite. This places an implied window on the data. 

In other words, the finite frequency data can be interpreted as part of an infinitely long data 

record contained within a window that is rectangular by default. This window, W(f), (in the 

frequency domain) and its associated time domain representation, w(t), are given in Figure 

2.7d. The bandwidth, B, of the window is the bandwidth of the sampled frequency response. 

This has a direct relationship to the resolution of the associated impulse response. For 

example, if the bandwidth of the window is 200 MHz, the resolution of its IDFT is l/B or 5 

ns. 

I w(t) 
Time Resolution 
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Figure 2.7d: Window Function Time and Frequency Domain 

Figure 2.7e demonstrates the final result of this process. The sampled, windowed 

transfer function is given by the expression H(f)X(f)W(f). The time domain representation is 

a bandlimited impulse response given by h(t)*x(t)*w(t) (which is difficult to depict 

graphically). A second important consideration needs to be pointed out here. The IDFT of 

windowed data is equivalent to the Fourier Transform of an infinitely long data set convolved 

with the Fourier Transform of the window. Therefore, caution must be exercised when 



processing the data to ensure that the time domain function of the fiequency window does 

not significantly distort the data. 

x(t)*h(t)*w(t) 

DISTORTION 

STDELOBES 

Figure 2.7e: Sampled, Band Limited Frequency Domain and Time Domain 
Representation 

2.2.2 Windows for The Discrete Fourier Transform 

Window hc t ions  play an important role in minimizing the convolution effects of the 

DFT. It was shown in Section 2.2.1 that finite data has a rectangular window by default. 

This window in the fiequency domain (refer to Figure 2.7d) can be expressed by Equation 

(2.6): 

Where N is the number of discrete fiequency samples. The IDFT of this function yields a 

sinc function that is expressed by the following equation: 

This sinc h c t i o n  is shown in Figure 2.8. By convention [Harr78] the resolving 

bandwidth of a window sinc h c t i o n  is defined as the width of the rnainlobe that is 6 dB 

below its peak. The smaller the mainlobe width, the greater the resolving power of the 

function. The resolution of an impulse response obtained fiom a windowed frequency 



response is the inverse of NAf (the bandwidth of the sampled transfer function) times the 

resolving bandwidth of the convolving sinc function. 
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Figure 2.8: Sinc Function of a Rectangular Window. 

The sinc function fkom a rectangular window has an excellent resolving power of 1.1 

bins but it can be seen from Figure 2.8 that the first sidelobe is approximately 13 dB down 

from the mainlobe peak. This means that frequency domain data multiplied by a rectangular 

window can lead to truncation artifacts (spectral leakage) in the time domain response that 

could be misinterpreted as additional reflections. 

These artifacts can be reduced by the application of a window with smoother edges 

than the rectangular window. However, smooth windows increase the main lobe width of the 

convolving sinc function which leads to a loss in resolution. Clearly, the choice of an 

appropriate window involves a careful tradeoff between sidelobe reduction and loss of 

resolution. Indeed, there are a large variety of window functions to choose fiom [Harr78; 

Nutt8 1,Oppe89]. 



2.2.2.1 Minimum 3-Term Blackman-Harris Window 

It was found that the IDFT of the measured results has a large dynamic range (see 

section 2.3.3). This required the use of a window function whose convolving sinc function 

had very low sidelobe levels. The minimum 3-term Blackman-Harris window was chosen as 

a good candidate because of its very low sidelobes (= 70dB). A complete description of this 

window is found in the literature [Ham781 and is summarized here. 

The frequency domain representation of the minimum 3-term Blachan-Harris 

window is shown in Figure 2.9 and is expressed by Equation (2.8): 

[ 2z n] + a, cos [ -%2n]  ~ ( n )  = a, -a, cos - 
N-1 N - 1  

ao=0.42323, a1=0.49755, a2=0.07922 and n=O,l,2,. . .,N-1 

Clearly this window is smoother than the rectangular window but there is an 

associated loss in resolution in the time domain due to the increase in mainlobe width of the 

convolving sinc function. 

From Figure 2.10 it can be seen that the first sidelobe levels are approximately 70 dB 

below the mainlobe peak and that the resolving bandwidth is 2.3 bins. An apparent 

typographical error exists in the literature [Harr78] that states the resolving bandwidth to be 

1.81 bins - many typographical errors that exist in [Harr78j are corrected in [Nutt81]. 



Normalized Frequency 
Figure 2.9: Frequency domain representation of a Minimum 3-Term Blackman 

Hams Window. 
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Figure 2.1 0: Sinc Function (time domain representation) of a Minimum 3-Term 
Blackman-Harris Window. 



2.2.2.2 Hamming Window 

The Hamming window was chosen as a good candidate for the results that require 

better time domain resolution than the Minimum 3-Term Blackman-Harris window and 

where a 43 dB dynamic range is acceptable. For most results reported in this work, 43 dB is 

sufficient. A complete description of this window is found in the literature [Ham781 and is 

summarized here. 

The frequency domain representation of Hamming window is shown in Figure 2.10 

and is expressed by Equation (2.9): 

~ ( n ) =  a, -a ,  cos - lAnl 
~"0.54, al=0.46 and n=0,1,2,. . .,N-I 

This window is also smoother than the rectangular window but again, there is an 

associated loss in resolution due to the increase in mainlobe width of the convolving sinc 

function. 

From Figure 2.12 it can be seen that the first sidelobe levels are approximately 43 dB 

below the mainlobe peak and that the resolving bandwidth is 1.8 1 bins [Har~-781. 
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Figure 2.1 1 : Frequency domain representation of a Hamming Window. 
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Figure 2.12: Sinc Function (time domain representation) of a Hamming Window. 



2.2.3 Results of Calibration and Windowing 

An impulse response obtained from a 200 MHz frequency response that is convolved 

with a Minimum 3-Term Blackman-Harris window has a 6 dB resolution of 1 1.5 ns (5 ns x 

2.3). An example is shown in Figure 2.13. 

-100 0 100 200 300 400 500 
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Figure 2.2 3 : Comparison of windowed and unwindowed impulse responses with 
calibration effects. 

For comparison, an unwindowed (rectangular windowed) and uncalibrated impulse 

response estimate fiom the same frequency response profile that was centered at 1.0 GHz is 

shown on the same axis. This figure shows the importance of calibration and windowing. 

For the case of the unwindowed profile, the high sidelobes of the rectangular window add 

significant distortion to the impulse response. This is especially obvious due to the precursor 



(which cannot physically exist) that is 13 dE3 below the peak of the first arrival. Also, the 

dynamic range (see Section 2.3.3) of the profile has been greatly reduced. 

The effects of calibration are also plainly seen. An uncalibrated profile is delayed in 

time due to the delays in the measurement system. The measurements of Figure 2.13 were 

done with a 5 meter antenna separation. The calibrated profile shows the first arrival at 17 

ns. This agrees well with the 16.7 ns it would take an EM wave to travel through fiee space 

(i.e., 5 m / c - 5 meters divided by the speed of light). This reveals an important point about 

the measurement system - the absolute phase reference in the frequency domain gives an 

accurate time reference in the time domain that is useful in determining the distance of the 

direct and reflected paths between the two antennas. This feature is not found in the 

measurement systems described in Section 1 -3.1 and 1.3.2 

2.3 Measurement System Verification 

2.3.1 Non Ideal Antenna Loss 
The antenna return loss, s I is closely associated with the problem of usable 

bandwidth (i.e., the return loss of the antenna will be small outside of its usable bandwidth). 

The return loss was examined to justiffy the calibration method described in Section 2.1.2.2.2. 

St1 was measured fkom 0.9 GHz to 2.0 GHz for both antennas and the VSWR was 

determined by Equation (2.10): 

s,,l+' VSWR = - 
Is,,, -11 

where S1 1 and VSWR are voltage ratios. 



The return loss response for both antennas is shown in Figure 2.14. The VSWR in 

the fkequency band of interest had a maximum of 1.45 corresponding to a return loss of 

approximately - 1 5 dB. 

It was assumed that a VSWR of less than 2:l would be sufficient for the calibration 

method discussed in Chapter Two [McgigO]. This would result in a transmit power loss of 

0.5 dB. The actual maximum VSWR of 1.45:l results in a power loss of approximately 0.2 

dB. This is considered to be acceptable for removing the antennas in the calibration 

procedure as described in Section 2.1.2.2.2 (i.e., the a n t e ~ a  bandwidth is usable in the range 

of 900 MHz to 2000 MHz). 
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Figure 2.14: Antenna Return Loss Ratios. 



2.3.2 Interference Rejection 

The network analyzer collects the channel transfer function by stepping through a 

specified frequency band, so the measurement may be corrupted by interfering signals. This 

interference would be mostly due to strong in-band signals, but since there is no bandpass 

filtering at the receive antenna, out-of-band signals can also result in interference. 

Tests were performed by transmitting a single tone interferer in the environment 

while data firom a fiequency sweep measurement was acquired. The frequency sweep was 

done from 900 MHz to 1100 MHz and the interfering signal tone was deliberately set to 

968.5 MHz (a sampled fiequency point) to maximize its effect. The level of the interfering 

signal was changed by 5 dB increments fiom approximately 50 dB above the mean level of 

the network analyzer's receive power to 20 dB below it. The effect of the interferer on a 

single sweep as well as on the average of ten sweeps was examined 

Figure 2.15 shows a 200 MHz frequency sweep starting at 900 MHz and the effects 

fiom the interferer that is 25 dB above the network analyzer's receive power level. There is 

an interference spike at 968.5 MHz as expected, but it is approximately 12 dB above the 

transfer hnction power level instead of 25 dB. This improvement is a consequence of the 

interferer not being coherent with the network analyzer due to instantaneous phase 

differences. This results in some interference rejection. 

There are other interference spikes present in the profile - some as large as 15 dB. 

This is due to intermodulation products present in the network analyzer that cause a single 

interferer to create tones across the measured profile which seems to magnify the effect of 

the interference. However, it should be noted that the interference spikes are quite distinct 

making their identification and subsequent removal straightforward. 
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Figure 2.15: Frequency response magnitude of a single measurement showing the 
presence of the interferer. 

Temporal averaging is sometimes employed as a method for improving the SNR in a 

measurement. This is because the noise between any two measurements is generally 

uncorreIated whereas the signal is correlated. Temporal averaging reduces the mean value of 

the noise floor, Nf, by Equation (2.1 1): 

where q is the number of profiles that are averaged. 

Therefore if 77 = 10, the mean value of N/, in the averaged profile would be reduced 

by 10 dB with respect to the mean value of Nfi in the individual (unaveraged) profiles. 

Experiments were conducted by measuring ten individual frequency sweeps in 

succession in the same location. These profiles were then averaged to produce a single 



profile. This is analogous to the averaging done by the network analyzer that measures a 

specified number of sweeps and stores the averaged result. 

Figure 2.16 shows the same channel frequency profile that resulted f?om the average 

of ten consecutive sweeps. The effects of the interferer (still +25 dB above the network 

analyzer's received power level) are still noticeable but the interference spikes have been 

significantly reduced to approximately 2 dB. Also, the fi-equency response appears smoother 

due to the averaging of noise. A comparison with Figure 2.15 shows that the transfer 

function shape and power levels have not been affected by averaging. 
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Figure 2.16: Averaged firequency response magnitude with interferer present. 
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Figure 2.17: Impulse response magnitude (fiom averaged frequency responses) with 
interferer present. 

Figure 2.17 shows the impulse responses (with and without the +25 dB interferer) 

fkom averaged frequency responses. There are some minor deviations between the two 

profiles. The most noticeable effect is the reduction in dynamic range of the impulse 

response with the interferer present. This is not significant, as there still remains 

approximately 40dB dynamic range. 

The experiment reported here was designed to produce worst case interference. In all 

other measurements, interference was not present (at least it was unnoticeable). Also, a 

spectrum analyzer was used to examine the spectrum of interest before measurement which 

demonstrated that normal interference was not a problem. This is not to say that interference 

will not occur, but simply that it doesn't appear to be problematic. 

There are two remarkable results exposed in the experiment. First, the system is quite 

robust when it comes to interference rejection. The reasons for this are as follows: i) the 



interference is not usually coherent with the measurement signal due to instantaneous phase 

differences, ii) the fi-equency sweep is usually slow compared to an interfering transmission 

(this is related to (i) but not exclusively the same thing). This improves the potentiality of the 

network analyzer being blind to the interferer. Second, averaging gives an increased SNR 

and therefore reducing the effects of interference. 

These results show that the measurement system, although not immune to 

interference, has capabilities that give strong interference rejection. In other words, 

measurements obtained in the presence of strong interference are still valid and are therefore 

very useful. 

2.3.3 Dynamic Range 

In this section, the dynamic range of the system is formally defined. The dynamic 

range of the frequency response is different from that of its associated impulse response 

estimate. The reasons for this and the tests that demonstrate the dynamic range are given 

below. 

Tests were performed by placing a variable attenuator in the transmit path (before the 

amplifier). The antennas were placed 3 m apart and the frequency response as a h c t i o n  of 

added attenuation was collected. This was accomplished by attenuating the transmitted 

signal by 5 dB steps (fkom 0 dB to 45 dB) and observing the effects on both the transfer 

functions and their associated impulse responses. 
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Figure 2.18: Frequency response magnitude as a function of added attenuation. 

Figure 2.18 shows the frequency responses as a function of added attenuation: 0 dB, 

15 dB, 30 dB and 45 dB. The profiles are similar to each other except attenuated, as 

expected. An introduction of 0 dB attenuation shows the channel transfer fhction that is 

normally acquired. Progressive attenuations of 15 dB and 30 dB result in transfer fbnctions 

that look similar except for more noise and greater path loss. An introduced attenuation of 

45 dB results in a noisy frequency profile that is dissimilar &om the expected transfer 

function. The profile also appears to have little information content (the lower limit 

truncation is due to instrumentation limits). This dynamic range can be explained as follows: 

the network analyzer has a dynamic sensitivity, D,, of 80 dB, and there is a relative path loss, 

Pi, associated with free space transmissions. The 0.5 dB per meter loss in the cables is 

compensated for by the amplifier and effects fkom both are removed by calibration. 



The dynamic range of the frequency response, D/,  is therefore given by Equation 

(2.12): 

0, =D,,-Iel B ~ O ~ B - I ~ I  (2.12) 

This explains the apparent loss of information when the transmit signal was 

attenuated by 45 dB. The path loss at 1.0 GHz is approximately 40 dB so an additional loss 

of 45 dB places the signal level at the noise level of the network analyzer. It should not be 

forgotten that temporal averaging also plays a role in dynamic range analysis but its most 

significant effects are demonstrated in the time domain which is discussed next. 

Figure 2.19 shows the corresponding impulse responses from the attenuated 

frequency responses. Again, the profiles were similar but with reduced dynamic ranges as 

the attenuation was increased. However, the dynamic range of the impulse response can be 

larger than its respective frequency response. Note for example, that the impulse response 

from the frequency response that was attenuated by 45 dB still contains approximately 26 dB 

of information. 

This enhanced dynamic range is partly due to the noise bandwidth reduction property, 

Nb , of the Fourier transform [Harr78, Gold89, Lyon971 which is given by the following 

equations: 

w[nl are the window coefficients. 
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Figure 2.19: Impulse response magnitude fiom the attenuated frequency responses 
shown in Figure 2.1 8. 

Equations (2.1 3) and (2.14) state that the mean value of N/ of the impulse response 

will be lowered by Nb . Therefore, an impulse response profile that was obtained fiom a 401 

point sweep will have its dynamic aperture increased by 26 dB. When this is combined with 

temporal averaging as described in Section 2.3.2, the dynamic aperture is increased by 36 dB. 

This is not a trivial result as the dynamic aperture that results fiom Nb and averaging alone 

equals or surpasses the dynamic range of the other measurement systems described in 

Sections 1.3.1 and 1.3.2. The dynamic range of Dfmust also be added in along with a minor 

processing loss, W[, due to windowing. A Minimum 3-sample Blackman-Harris window has 

a processing gain of 0.42 [Harr78] which introduces a loss of approximately 4 dB. The 

dynamic range of the impulse response, Dir , is given by the following expression: 



Impulse response profiles fiom the measurements showed this relationship to be 

correct. For example, in the case where the fiequency response was not attenuated, PI at 1.0 

GHz (the center frequency) is approximately 40 dB. Therefore, 

Dir FT 8OdB - 40dB + 26dB - 4dB + IOdB = 72dB 

This closely agrees with the dynamic range of the unattenuated impulse response in 

Figure 2.19 of 68 dB (fiom a peak of -47 dB to the mean value of Nf of -1 15 dB). 

This experiment demonstrated a very powerfbl aspect of acquiring impulse responses 

fiom measured transfer hctions.  The resulting available dynamic range is large. The 

greatest reduction in dynamic range is due to Pf which can be compensated for by 

amplification and therefore increasing the dynamic range further. As in the case of 

interference rejection, the benefit fiom acquiring an impulse response by taking the Fourier 

transform of the transfer function is significant. 

2.3.4 Sliding Correlator Comparison 

During the period of research for this report, there was an opportunity to compare the 

fiequency domain measurement technique with a well known time domain system. The 

measurements were performed independently at the Communications Research Center 

(CRC) in Ottawa, Ontario, and the resuIt were made available. 

The measurement was performed by placing the antennas in approximately the same 

locations for both systems. The channel response of 120 different locations was collected 

(the fiequency response was collected using the network analyzer and the impulse response 

was collected by a system using the sliding correlator technique). The transfer function was 

collected over a 100 MHz bandwidth so that the resolution of the resulting impulse response 

(after windowing) would closely match that of the sliding correlator. 



The dynamic range of the frequency domain system was established in Section 

2.1.1.1 to be limited by the cross talk rejection of the network analyzer. This is quite 

different for the sliding correlator that has a dynamic range limitation of 201og10 (L), where 

L is the code length. The sliding correlator system in this experiment used a code length of 

63 giving a dynamic range of 36 dB. 

The 30 dB half-window resolution (the width from the peak to the first null of the 

window function at 30 dB) of the fkequency domain system is 2.4(1/8). B is the bandwidth 

of the fiequency sweep which in this case, is 100 MHz giving a 30 dB resolution of 24 ns. 

The theoretical half window resolution of the sliding correlator is I/R, where R is the chip 

rate of the code which, in this case, is 40 MHz giving an approximate 30 dB resolution of 25 

ns. 

The time of data acquisition of the frequency domain system has been previously 

presented and is 0.5 ms per point. The data acquisition time per bit of the sliding correlator is 

I&, where fd is the difference fiequency which is 4 kHz giving an acquisition time of 250 

ps. The total acquisition time for the experiment here is as follows: the network analyzer 

collected 10 sweeps of 201 points each requiring 1 s (100 rns per sweep), the sliding 

correlator collected 3 measurements of 63 bits each requiring 47.25 ms (15.75 ms per 

measurement). 
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Figure 2.20: Comparison of impulse responses obtained &om a sliding correlator 
measurement system and a the network analyzer measurement system. 

Figure 2.20 shows the comparison of the resulting impulse response from a typical 

measurement. The sliding correlator response does not give a relative time base so using the 

first arrival as a reference the profiles were aligned. The time base from the network 

analyzer method was preserved. 

It can be seen that the two profiles match closely except that the impulse response 

obtained from the frequency domain system has a larger dynamic range. Variation in the 

profiles peaks and nulls can be attributed to the setup time between the measurements (up to 

1 hour). An interesting feature that can be seen in these profiles is the presence of a distant 

reflector with an excess delay of approximately 420 ns. This means the path of the reflector 

is approximately 64 meters longer than the path of the first arrival. The largest dimension of 



the building in which the measurements were taken is 38 meters so the reflector is external to 

the building. Therefore, indoor communications can be influenced by external surroundings. 

Clearly there are many tradeoffs between the two systems. The sliding correlator is 

much faster at data acquisition which makes it better for measurements where channel 

stationarity might be a concern (the network analyzer may not be the optimal fiequency 

collection device for data acquisition speed). However, the frequency domain system can be 

easily implemented and provides a straightforward method for getting an impulse response 

with high resolution and excellent dynamic range. Also, faster fiequency sampling 

techniques may make this method faster than that of the sliding correlator. 

2.4 Environment Verification 

2.4.1 Channel Stationarity 

The HP network analyzer requires a finite time interval to sweep a fiequency band 

(i.e., 0.5 ms per sample), so the issue of channel stationarity is raised. The results of this 

thesis assume the indoor chamel to be slowly time varying, (i.e., it does not change 

significantly during a measurement sweep). This assumption is also used by other 

researchers ESale87, Yega89; Gane891. Furthermore, measurements were performed at 

times (nights and weekends) when there were no moving objects in the channel and also, ten 

consecutive sweeps were made at each location and the averaged result was used. Figure 2.21 

shows the Doppler spectrurn from a 1.0 GHz continuous wave measurement made during 

these times. 
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Figure 2.2 1 : Doppler spectrum of a 1.0 GHz CW measurement. 

The bin resolution after windowing is 0.46 hertz (0.2 hertz * 2.3 from using a 

minimum 3-term Blackman-Harris window). The entire spectrum is contained within one 

bin that indicates that the assumption of stationarity is valid. Other measurements taken at 

different frequencies and for different time intervals showed the same result (i.e., the Doppler 

spectnun was contained within one sample bin). 

2.4.2 Channel Reciprocity 

Channel reciprocity studies are performed when the channel is characterized for 

wireless duplex communications. Although it is generally assumed that reciprocity holds for 

indoor channels, findings of other researchers indicate that this phenomenon may not always 

be observed [LafogO]. 



A problem associated with reciprocity measurements is the need to reverse the order 

of transmission while the channel is relatively stationary and without changing the location 

of the antennas. In other words, what was the receive antenna becomes the transmit antenna 

and vice-versa. 

The network analyzer is excellent for this type of measurement as it can perform S,, 

as well as S,, measurements. This means that channel transfer functions fiom these two 

parameters can be quickly collected one after the other without changing the system setup 

(note that the amplifier in Figure 2.1 was removed before performing any measurements). 

Frequency and impulse responses from both measurements can then be compared [Morr9la]. 

Figure 2.22 shows the impulse responses fiom S,, and S,, measurements. It can be 

seen that the measured channel is observed to be reciprocal down to the noise level. 
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Figure 2.22: Impulse responses from S,, and S,, measurements. 



2.5 Measurement Plan 

The goal of any measurement plan is to acquire data that is representative of real life 

situations. In the case of indoor wireless communications, real life can be an individual 

talking on a wireless phone or a computer using a wireless local area network. In the case of 

a mobile phone user, variations in both the immediate area (small scale) and distance from 

the base station (medium and large scale) are of interest. In the case of a computer which 

usually has a static distance with respect to the base station, medium and large scale 

variations are of interest. The definitions for small, medium, and large scale variations are 

given in this section. 

2.5.1 Large Scale Channel Variations 

Large scale changes are large variations in antenna separation between the mobile and 

the base station. Gross changes in the channels characteristics occur with large scale 

variations because the structure of the channel and hence, the number of scatterers can 

radically change. One result of this variation is changes in the path loss characteristic. It is 

well known that an increase in antenna separation results in an increase in path loss. The 

measurement plan accounts for these variations by collecting frequency responses at antenna 

separations of 5 meters, 10 meters, 20 meters, and 30 meters. 

2.5.2 Medium Scale Channel Variations 

Medium scale variations account for changes in statistics when the antenna separation 

between the mobile and base station is the same. For example, data collected in a hallway 

can be very different from data collected in a partitioned office even though the distance 



between the transmitter and receiver is the same. This results in variations of path loss and 

fkequency selectivity. The measurement plan accounts for these variations by collecting 

fi-equency responses at 20 different locations for each antenna separation. 

2.5.3 Small Scale Channel Variations 

Channel measurements collected in a small local area are grossly similar because the 

channel has little variation between the mobile and the base station. Frequency responses (or 

impulse responses) are roughly the same due the fact that the number scatterers are 

approximately constant. The measurement plan accounts for these variations by collecting 

75 frequency responses spaced at 2 crn intervals in each of the local areas. 

2.6 Measurement Sites 

Two measurement sites were selected to perform the study. The sites were in two 

modem but dissimilar office buildings in Calgary, Alberta, Canada. The sites were selected 

based on the probability that they would be typical of areas where wireless persona1 

communication devices or wireless LANs would be deployed. The nature of the offices did 

not allow for the medium scale measurements to be performed from one fixed base station 

location so the base station locations were varied for each of the large scale antenna 

variations. This is actually more realistic because in an indoor wireless environment, there is 

more than one base station servicing the local area. 

In selecting the transmitter (base station) and receiver (mobile) sites, care was taken 

to ensure that the sites were representative of typical base station an mobile locations. Both 

LOS and OBS sites were included. There was more potential for LOS sites a smaller 

distances because the number of obstructing objects decreases with decreasing antenna 



separation. Also, the sites were chosen to avoid potentiaI reflections from objects outside the 

building dimensions. 

2.6.1 NovAtel (Building A) 

The NovAtel building is a three story T-shaped office that is located in N.E. Calgary 

in a medium density industrial area. This site was chosen because it is representative of 

many office structures in modem industrial parks. Hard partitioned hallways, offices, and 

large rooms (laboratories) characterize the interior of the building as well as soft partitioned 

office cubicles in large open areas. The construction of the building consists of concrete slab 

outer walls (254 mm), carpeted concrete slab floors (254 rnm), large windows (1-2.5 meters), 

and a standard suspended ceiling that covers wiring and ducts. Hard partitioned walls are 

constructed of gypsum (13 rnrn) over metal studs (406 rnm spacing). The measurements were 

conducted on the first and third floors. 

2.6.2 Telus (Building B) 

The Telus building is a 27 story office building that is located in downtown Calgary. 

This site was chosen because it is representative of many downtown office structures in 

modern cities. Measurements were conducted only on the 1 gth floor. Hard partitioned outer 

walls and soft partitioned cubicles in large open spaces characterize this floor. The 

construction of the building consists of concrete slab outer walls (305 mm), carpeted concrete 

slab floors (305 mm), large windows (1-2.5 meters), and a standard suspended ceiling that 

covers wiring and ducts. Hard partitioned walls are constructed of gypsum (1 3 mm) over 

metal studs (406 mrn spacing). 



2.7 Measurement Database 

The measurement database consists of 12,000 individual fiequency responses 

measured fi-om both buildings. There are 6000 measurements per building (75 small scale 

measurements x 20 medium scale locations x 4 large scale antenna separations). This 

database is shown pictorially in Figure 2.23. 

This database can also be converted, by way of Fourier Transform, to the time 

domain. Depending on what characteristics are needed f?om the impulse response profile, 

the windows shown in Section 2.2.2 should be employed. 

2.7.1 File Naming Convention 

To assist in keeping track of which data came from what location, a file naming 

convention was established. This convention supports a domain code, building code, antenna 

separation code, and location number. The files are stored in a 'signal file format' that was 

created by Grant McGibney of TRLabs. Matlab can read this fonnat as well as other C based 

programs. The storage in this format is for convenience as it was used with existing 

programs. The database was also stored in native Matlab format. 

A typical file name is: fbl017.sff. The first letter is the domain code (f means 

fiequency, t means time). The second letter is the building code (a means NovAtel, b means 

Telus). The next two numbers are the antenna separation code (valid numbers are 05, IO,20, 

and 30). The last two numbers are the location code (valid numbers are 1-20). The 'sff 

extension means the file is stored in signal file format (valid extensions are 'sff and 'mat'). 
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2.7.2 Measurement Location Classification 

The measurement locations for Building A and B can be generally classified as LOS 

or OBS. Three other classifications are also added: Glass (only obstruction to LOS is glass), 

Part (only obstruction to LOS is a cubicle partition), PLOS (partial LOS - only obstruction is 

a corner of a LOS hallway). The various classifications for the measurement locations is 

given in Table 2.1. 

Table 2.1 : Measurement Classification by Location and Building 

Location 

Number 

01 

02 
03 
04 

05 
06 
07 

08 
09 
10 
11 

12 
13 

14 

15 
16 
17 

18 

19 
20 

30m 

OBS 
OBS 
OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 
OBS 

OBS 

OBS 

OBS 

OBS 

OBS 
LOS 

OBS 

OBS 

013s 

5m 

LOS 
OBS 
Glass 

OBS 

Glass 

Part. 
OBS 

Part. 

Part. 
Part. 
LOS 

OBS 

OBS 
OBS 

OBS 

OBS 
LOS 

OBS 
OBS 

OBS 

5 rn 

LOS 
Part. 
Part. 

OBS 

OBS 

LOS 

LOS 

OBS 
OBS 

OBS 

LOS 
PLOS 

OBS 

LOS 
Part. 

LOS 
LOS 
Part. 

OBS 

LOS 

BUILDING 

lorn 

LOS 
OBS 

LOS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

PLOS 
0BS 

OBS 

OBS 

OBS 

OBS 

0BS 
Part. 

OBS 

OBS 

BUILDING 

lorn 

Glass 
OBS 
OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

013s 

OBS 

OBS 
LOS 

OBS 
OBS 

OBS 

B 

20m 

OBS 
PLOS 
OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 

OBS 
OBS 

LOS 
OBS 
OBS 

OBS 

A 

20m 

OBS 
LOS 

OBS 

OBS 

OBS 

PLOS 

OBS 

OBS 

OBS 

OBS 

OBS 

LOS 

OBS 
OBS 
OBS 

OBS 
OBS 

OBS 
0BS 

OBS 

30m 

OBS 
OBS 
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OBS 

OBS 

OBS 
PLOS 

OBS 

0BS 
OBS 
OBS 

OBS 

LOS 

OBS 

OBS 

OBS 

OBS 
OBS 
OBS 

OBS 



Using the file naming convention of the previous section, it can be seen that the file 

named fa0504.sff would be the 75 local area fiequency responses of a location in Building A 

classified as OBS. A file named fb 1017.sff would be the fiequency responses of a location in 

Building B classified as LOS. 

2.7.3 Data Rejection 

As with any measurement campaign, there can be problems that may invalidate the 

data. This is the case here. Experiences during the campaign and in post processing reveal 

grounds for rejection of some of the data. During the second night of the measurement 

campaign in Building B, one of the antennas shorted out (the disc radiator was electrically 

connected to the ground-plane cone). This resulted in a repeat of measurements that were 

taken on that second evening. It was found later in post processing that the measurements 

taken the previous night (the first night of the Building B campaign) all exhibited path losses 

that were greater than what could be accounted for in the environment. On average, those 

path loss values were 20 dB greater than the average path loss values fi-om their similar 

counterparts. These measurements are the first 5 locations for 5 meter and 10 meter data (see 

Table B.3). For example, the average path loss for the data file fb0504.sff is 66 dB. The 

average path loss for the data file fb0508.sff was 46 dB. Indeed, the average path loss for 

locations 6-20 at 5 meter separation is 48 dB where as the average path loss for locations 1-5 

at a 5 meter separation is 67 dB. Similar results are present in the first 5 locations of the 10 

meter data. The average path loss for location 6-20 is 55 dl3 where as the average path loss 

for location 1-5 is 76 dB. It is unfortunate that this was not recognized until long after the 

measurement campaign was completed. It can only be assumed that the antenna short of the 

second night was a concrete manifestation of a damaged antenna of the first night. The 



subsequent loss was 750 profiles. Path loss results for all locations are given in Chapter 

Three. 

Data is also rejected based on insufficient dynamic range. This is not to say that the 

data should be rejected but simply that care should be exercised to ensure that there is 

sufficient dynamic range to validate the characterization or modelling results. For example, 

the RMS delay spread of the channel (see Section 1.4.2) requires approxiinateiy 30 dB of 

dynamic range to be available in the time domain otherwise incorrect values would be 

reported. An experiment was conducted to look at the RMS delay values as a h c t i o n  of 

dynamic range. The experiment was conducted by finding the RMS delay spread for 

successive dynamic ranges fkom 2 dB to 40 dB for all profiles in Building B that met the 

following criteria: 

0 The dynamic range was at least 40 dB. 

ii) The profiles were spatially separated by 20 cm. 

iii) The profiles were not part of the measurement conducted on the first 
night of the measurement campaign. 

The reason for the 20 cm spatial separation is to preserve statistical independence. 

More will be said on this topic in Chapter Three. Figure 2.24 shows the average results of 

this experiment for each of the large scale antenna separations. Plainly, the RMS delay 

spread changes quite rapidly until there is sufficient dynamic range of approximately 30 dB. 

This phenomenon is independent of antenna separation. 
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2.24: The average RMS delay spread as a hnction of dynamic range 
for Building B. 

(cutoff) 

While dynamic range is important for characterization of the RMS delay spread or for 

modelling multipath components, it is not important for characterization of large scale path 

loss. Therefore data is rejected based on dynamic range only when it is appropriate to do so. 

Given a requirement of a 30 dB minimum dynamic range for the time domain, an experiment 

was conducted to determine how many measurements exhibited at least this much dynamic 

range. The results are summarized in Table 2.2. The results do not include data fiom the 

first night of the Building B campaign. 



Table 2.2: Number of Measurements with at least 30 dB Dynamic 
Range in the Time Domain and Number of Measurements 
Rejected for Insufficient Dynamic Range. 

Number of Profiles >30 dB 

Number of Profiles < 30 dB 

The 1508 rejected measurements fiom Building A are firom the 20 meter and 30 meter 

antenna separation locations. The 198 rejected measurements from Building B are fiom the 

BUILDING A 

4492 

1508 

30 meter antenna separation locations. When included with the 750 previously reject 

BUILDING B 

5052 

198 

measurements fiom Building B, the 12,000 measurement database is reduced to 9,544 

measurements. For statistical independence, measurement de-correlation (shown in Chapter 

Three) requires a spatial decimation of approximately 8: 1 which hrther reduces the data set 

to around 1000 independent measurements. 



CHAPTER THREE 

Channel Characterization 

3.1 Introduction 

In this chapter, empirical results &om some of the more common radio channel 

characterizations found in the literature are reported. As described in Section 1.4, 

characterization is often performed as a precursor to modelling. It is also important when 

knowledge of specific radio channel characteristics are needed to assist the radio systems 

designer. 

3.2 Spatial Correlation 

The relative distance at which a measurement becomes unconelated with a previous 

measurement is important for designing systems that employ antenna diversity and 

equalization. When one measurement is acquired with a small spatial separation relative to a 

previous (or next) measurement, both measurements are grossly similar because the channel 

structure has not changed significantly between the transmitter and receiver. This 

phenomenon is called spatial correlation and results in measurements that do not observe 

statistical independence (see Section 1.4.7.1). Spatial correlation was observed in [Rappgl] 

and [Hash, 92b, Hash92c, Hash93b, Tho195, McDo981. In [Rappgl], some individual 

multipath components at the same time delay for a local area showed strong correlation. It 

was reported that the multipath components became uncorrelated for antenna separations of 

h/2 (1 1.5 cm) and slightly anticorrelated for separations of 2.5h to 3h (58-69 cm). In 

[HashgZb, Hash93b1, the first arriving multipath component showed strong spatial 



correlation at antenna separations less than approximately 14-18 cm (h = 27 cm). It was also 

reported that multipath components arriving more than 25 ns later became de-correlated at 

antenna separations of 10 cm or more. In [Hash92c, Tho1951 is was shown that the RMS 

delay spread values were correlated when the antenna separation was less than 1Ocm. 

To date, spatial correlation has not been reported for fi-equency domain data. 

Antenna Position in cm 

Figure 3.1 : Spatial representation of the continuous fiequency response of the 
indoor radio propagation channel. Taken fkom location FB05 17. 

Irl Figure 3.1, the continuous fi-equency surface, interpolated from the discrete 

measurements, in three-dimensional space is shown. This is only a small section taken from 

the local area of Building B for measurement FB05 17 which is classified as LOS. The fill 

local area measurement has an antenna span of 150cm and a frequency span from 900 MHz 

to 1300 MHz. It is necessary only to examine a smaller span in both directions to get some 



idea of what the surface measurement looks like. The smooth contours are evidence of 

strong correlation. It can be seen that as the antenna position moves through space, there are 

only gradual changes to the magnitudes for any given frequency. The change becomes less 

gradual in the region of a null. 

An example of a site that is classified as OBS is given in Figure 3.2 which is taken 

fiom site FB3012. 

1100 
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Antenna Position in crn 

Figure 3.2: Spatial representation of the continuous Frequency Response of the 
Indoor Radio Propagation Channel. Taken from location FB30 12. 

Notice the increase in variability over the LOS site. This is expected because the 

transmit/receive antenna separation has increased thereby illuminating more obstructions, 

which leads to more frequency selectivity. The magnitude changes for any given fi-equency, 



however, are still gradual except in the region of a null (of which there are more due to the 

OBS topography). 

It is instructive to look at the discrete impulse response estimates corresponding to the 

frequency response measurements shown in Figures 3.1 and 3.2. Consecutive impulse 

response estimates for site FB05 17 and FB3012 are given in Figures 3.3 and 3.4. It is plainly 

demonstrated that a high degree of correlation exists for either the LOS or OBS locations. 

Clearly, if statistical independence is to be preserved, the samples must be drawn fiom 

antenna positions that are separated by more than the minimum measurement distance of 2 

cm. It now remains to discover at what point measurements in a local area become 

sufficiently de-correlated so that statistical characterization and modeling can be 

accomplished. 
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Figure 3.3: Spatial representation of LOS impulse response estimates separated by 2 
cm. Taken from location FB05 17. 
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Figure 3.4: Spatial representation of OBS impulse response separated by 2 cm. 
Taken from location FB3012. 

An experiment was conducted to determine the degree of spatial correlation between 

the complex magnitudes of consecutive fiequency response measurements for a local area. 

The Pearson's linear correlation coefficient, p,, between one fiequency response 

measurement, H, (f) , and another, H, (f) , is defined as (3.1): 



The first measurement in a local area (of 75 measurements) was used as a reference 

measurement. This measurement was assigned as antenna position 0 cm. The measurement 

was then correlated with itself and all subsequent measurements at antenna positions (2 cm, 4 

cm, 6 cm, . . ., 150 cm). The experiment also examined the degree of correlation for local 

areas grouped in the four global categories (5m, lorn, 20m, and 30m). 

The coefficients, p, , for all 20 local areas for a 20 meter transmitterlreceiver 

antenna separation in Building A is shown in Figure 3.5. 

0 20 40 60 80 100 
Antenna Position in cm 

Figure 3.5: Linear correlation coefficients, p, , for all 20 meter locations in 
Building A. 

It is seen that the first 20-30 cm of relative antenna position that the complex 

fi-equency magnitudes are correlated. It is difficult to determine at what point de-correlation 

occurs. It can be seen from Figure 3.5 that the relative antenna position where de-correlation 

first appears is at about 10 cm but some location do not spatially de-correlate as quickly. 



It was decided to examine the average correlation coefficient, Fob, to find out where 

on average spatial de-correlation takes place. Figure 3.6 shows pa, as a fhction of relative 

antenna position and global transmitterheceiver distance for Building A. As a further 

explanation, the 20 meter line in Figure 3.6 represents the average correlation coefficient, 

pa, , for all the correlation coefficients, paby given in Figure 3.5. the average correlation 

coefficient, paby for Building B is given in Figure 3.7. 

5 meter 
- - 10 meter 

- - - -  - 20 meter 
- - - - - - - - -  30 meter 

Antenna Position in cm 

Figure 3.6: Average Linear Correlation Coefficients, paby for all locations at Sm, 
lorn, 20m, and 30m for Building A. 
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Figure 3.7: Average Linear Correlation Coefficients, pa,, for all locations at 5m, 
IOm, 20m, and 30m for Building B. 

Observation of for Building A and Building B clearly demonstrate that the spatial 

correlation does not dependent on transmitterh-eceiver antenna separation. This is expected 

since the spatial characteristics in a local area are related to only small changes in the receive 

antenna movement (or the transmit antenna movement since the radio channel is reciprocal - 

see Section 2.4.2). Low values of correlation of the complex kequency response magnitudes 

occur at relative antenna positions of 16 cm or greater for both buildings at all global 

distances. Therefore, the radio channel is sufficiently de-correlated at relative antenna 

positions of 16 cm. Using measurements spaced closer than this distance for the purpose of 

statistical characterization or modelling is not appropriate as statistical independence is not 

preserved since correlated data is not IID. In previous reports [Rappgl, Hash 92b, Hash92c, 

Mor192b,Hash93b, Tho1951, correlated data was used for statistical characterization, 



However, only in [Rapp91, Hash92by Hash92c, Hash94, Tho1951 was the data shown to be 

correlated prior to statistical characterization. In [Hash92cy Hash941 it was acknowledged 

that the data were not independent but the justification for forming statistical distributions 

with correlated data was that others CRapp91, Suzu77, Sale871 had done the same. 

Examination of [Sale871 does not show any observance of spatial correlation in .the 

measurements. 

Figure 3.8 shows the impulse response estimates for location FB05 15 with a 16 cm 

separation. 

. + . .  . .  . . .  
. . . . 

80 150 Time in ns 

Antenna Position in cm 

Figure 3.8: Spatial representation of LOS impulse response estimates separated by 
16 cm. Taken from location FB05 17. 



It can be seen that the measurements, although from the same sample, are 

independent (compare Figure 3.3 for 2 cm separation - the measurements are not 

independent). 

In Section 2.7.3 it was stated that some measurements were not used due to error in 

measurement, insufficient dynamic range, or being spatially correlated. It is now stated that 

for all results based on characterization or modelling, the analyzed data consists of 

measurements separated by at least 16 cm for each local area as well as passing the criteria 

set forth in Section 2.7.3. 

3.3 Path Loss 

The mean large scale path gain as a function of distance for Building A and Building 

B is shown in Figures 3.9 and 3.10 respectively. The term path gain is used to describe the 

graphs as the values are negative (a negative gain is a loss) but during general discussion the 

term path loss is used. The distance was calculated by measuring the delay of the first 

significant multipath component. This may not always be the first anival in an OBS 

measurement. Also, when there was less variety of locations it is possible that some 

locations were spaced further out. Although measuring the first significant arrival is not the 

only way (or even the most accurate way) to determine the precise distance, for the purposes 

of this report it will suffice. 

It is seen that the mean path loss values are strongly correlated with distance. A 

linear regression fit has a correlation coefficient of p = 0.96 for Building A and p = 0.95 for 

Building B. Both LOS and OBS data were included in the analysis. From this 

characterization, a model of the fonn y=mx+b can be derived. The parameters m and b are 



derived fiom the straight line fit as depicted in the graphs. The model for Building A as 

depicted by the straight line in Figure 3.9 is given in Equation (3.2): 

P, = (- 1.69). d - 33.58 dB (3 -2) 

The path loss model for Building B as depicted by the straight line in Figure 3.10 is shown in 

Equation (3 -3): 

4 = (-1.05)ad-41.41 dB (3.10) 

It is noted that there is a path loss threshold in both Buildings. The threshold occurs 

when the path loss appears to become more severe. In Building A (Figure 3.9) there is a gap 

between the 20 meter and 30 meter data. In Building B (Figure 3.10) that gap occurs 

between 10 meters and 20 meters. This is explained by the differences in the two 

environments. In Building A, the environment is more cluttered and is partitioned with hard 

walls. Apparently, at some point between 20 and 30 meters, enough walls or other 

obstructions get between the transmit and receive antennas to create a greater path loss 

characteristic. In Building B, the more uniform environment with soft partitions does not 

dramatically affect the path loss characteristic until the transmit and receive antennas are 

separated by more than 20 meters. It is likely that at this distance, more hard partitions are 

obstructing the radio channel. 

The statistical details of the path loss, including mean, standard deviation, minimum, 

and maximum, for all measurement locations in both buildings are given in Appendix B. 

The shaded area given in Table B.3 represents data that were not included in the formal 

analysis. As explained in Section 2.7.3, these data were discovered to have problems as a 

result of a shorted antenna the day following the measurement. 



Distance in meters 

Figure 3.9: Mean values of the Large Scale Path Gain as a function of distance for 
all measurement locations in Building A. 
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Figure 3.10: Mean values of the Large Scale Path Gain as a f ic t ion of distance for 
all measurement locations in Building B. 



Examination of Table B.3 in Appendix B shows that the data measured right before 

the antenna failure (the shaded area) exhibit 20 dB more path loss than all other data. This is 

the primary reason for rejecting the data from analysis. 

3.4 RMS Delay Spread 

During indoor experiments performed primarily for the purpose of characterizing 

temporal wide band channel variations, several authors have noted results that indicate a 

relationship between RMS delay spread and the transmiureceive antenna separation [Bultg 1, 

Bult93, Hash93bl while several others have submitted that no relationship exists [Sale87, 

Rapp89b, Rappgl]. This section reports an investigation of this by analyzing the change in 

RMS delay spreads computed from single statistically independent impulse response 

estimates. As explained in Section 1.4.2, the RMS delay spread gives a quantitative 

assessment to the severity of multipath propagation on channels. If future work shows that 

system performance estimates can be made based upon knowledge of the RMS delay spread 

or its statistics, such results would be extremely usefbl in communications system design. 

Related to communications systems design is the excess delay which is defined as the 

maximum delay that multipath can be resolved above the noise threshold or some artificially 

induced threshold. An artificial threshold of 30 dB was used to determine one type of excess 

delay while the noise threshold, whatever it may be, was used to determine another type of 

excess delay. Of the two types, the 30 dB is probably the most useful. This is because it 

defines a target sensitivity that a system designer can work with to determine the potential for 

ISI. In other words, if a receiver is sensitive to IS1 above a 30 dB threshold, then the 

maximum 30 dB excess delay will determine the transmitted symbol rate. 



Although the analysis that proceeds has been partially published before [Mon92a, 

Morr93, Morr941, these results observe statistical independence and the database was 

"cleaned" prior to analysis so that it conformed with the criteria set out in Sections 2.7.3 and 

3.2 (only good data with sufficient dynamic range and statistical independence). 

3.4.1 Distribution of the RMS Delay Spread and the Excess Delay 

The distribution of the RMS Delay Spread, rMs, is expected to be Gaussian 

(Normal). This is a consequence of the "fbzzy" central limit theorem [Wies98] that states 

that "data which are influenced by many small and unrelated random effects are 

approximately normally distributed". This fact is also related to the central limit theorem 

that states that the "average of independent random variables are normally distributed". In 

Section 1.4.2 the RMS Delay Spread was defined by Be110 [Be1163b] to be the "power 

weighted RMS width of the channel's average impulse response". Equation (1.22) also 

shows that s,, is calculated as variations around the average excess delay, zg, and would 

therefore have a Normal distribution. 

The 30 dB excess delay, v3,, , is, by the fuzzy central limit theorem, also expected 

to be approximately normally distributed. This is because this delay is defined as the 

maximum delay around some threshold. Given the random nature of the radio channel, it is 

expected that sf,, will take on values around some average point for similar data. In this 

case, 5 meter data, for example, wouId be expected to have 30 dB excess delay values that 

are similar but with some variability around that value. It is not expected that T would 

be similar between the 5 meter data and say the 20 meter data. 
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Figure 3.1 1 shows the CDF's that are optimally fitted to a theoretical normal 

distribution for the RMS Delay Spread for the 5, 10,20, and 30 meter locations for Building 

A. The 30 dB Excess Delay CDF's are given in Figure 3.12. It is seen that 7, and z,,,, 

are well modelled by a normal distribution. This is particularly true for s,, which shows a 

high degree of confidence. The model parameters and goodness-of-fit criteria are given in 

Table 3.1. 

RMS Delay in ns 

Figure 3.1 1 : The CDF's showing the Normal Distribution of the RMS delay &om 
Building A 
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Figure 3.12: The CDF's showing the Normal Distribution of the 30 dB Excess Delay 
for Building A 

Table 3.1 : The Normal Distribution Parameters and Goodness-of-Fit Criterion for 
Figures 3.1 1 and 3.12 showing the RMS Delay, z,, , and the 30 dB 

Excess Delay, zl,,, , for Building A. 

5 meters 

*MS 

*f 3 0 d ~  

10 meters 

5 s  

* f 3 0 d ~  

20 meters 

 IS 
* / 3 0 d ~  

30 meters 

TRMS 

* / 3 0 d ~  

Confidence level 

.9 1 

.83 

K-S 

.0930 

.I136 

0 

4.18 

28.78 

P 

16.70 

125.54 

-1129 

.I477 

.84 

-53 

3.80 

25.46 

20.88 

164.63 

,0858 

,1172 

.98 

.80 

5.70 

47.49 

24.52 

189.00 

.0836 

.I178 
i 

.98 

.79 
9.91 

89.96 

29.99 

255.26 



Figures 3.13 and 3.14 depict the CDF's and theoretical optimal fits to a normal 

distribution for r,, and qMdB for Building B. Again, both parameters are well modelled 

by a normal distribution. The associated model parameters and goodness-of-fit criterion are 

given in Table 3.2. 

It is noted that there appears to be a statistical relationship between r,, and I/ , , ,  

and antenna separation. As the transmit and receive antennas become farther apart, the mean 

values, and to a lesser extent, the maximum values, increase. This implies that on a statistical 

basis, both r, and rI,, are con-elated to antenna separation. This does not imply 

however, that this relationship holds for individual measurements. 

The individual Iocation statistics for the RMS delay spread for all locations in both 

buildings are contained in Tables C. 1 to C.4 given in Appendix C. The individual mean, 

standard deviation, minimum, and maximum values are shown. Data shown in the table that 

was not used in the analysis is shaded even though values are calculated. The tables in 

Appendix C demonstrate that in general, the mean value for I,, increases with distance. 

This is not a firm rule however since the mean z,, for location FA3002 (30 meters, 

Building A) is 15.6 ns and the mean s, for location FA2006 (20 meters Building A) is 

30.6 ns. 

The CDF's are useful since they show the maximum values of for z,, and T ~ ~ ~ ,  for 

the actual measurements. Although the model is interesting, it is doubtfhl that a simulation 

of either parameter would be useful. This is because a system designer would only like to 

know the rnaxitnurn value that must be accounted for in order to determine potential ISI. 



Although the mean values are correlated with distance, the average potential for IS1 is 

unlikely to be of concern in radio systems design. 

The Excess Delay for the measurement database that uses the noise floor as a 

threshold may also be of interest. It is not shown here but is given in Appendix C where 

Figures C.1 and C.2 show the CDF's as optimally fitted to a theoretical normal distribution. 

Table C.5 gives the model parameters and goodness-of-fit criterion. 

5 meter --+ 

+-- 30 meter 

0 ,  . . . . . . . . . . . . . . . . . . . . . . . . .  . . ,  
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R M S  Delay in ns 

Figure 3.13 : The CDF's showing the Normal Distribution of the RMS delay fiom 
Building B 
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Figure 3.14: The CDF's showing the Normal Distribution of the 30 dB Excess Delay 
for Building B 

Table 3.2: The Normal Distribution Parameters and Goodness-of-Fit Criterion for 
Figures 3.13 and 3.14 showing the RMS Delay, rMs , and the 30 dB 

Excess Delay, T ~ ~ ~ ,  , for Building B. 

5 meters 

TRMS 

' f 3 0 d ~  

10 meters 

~ R M S  

' f 30di3 

20 meters 

Z;PMs 

r f 3 o d a  

30 meters 

~ R M S  

'f 3 0 d ~  

K-S 

,0808 

.0971 

Confidence level 

.99 

.94 

o 

3.81 

25.96 

P 

17.59 

131.97 

.0958 

.lo57 
.9S 
.89 

3.9 

26.81 

.77 

-76 

20.83 

156.96 

4.25 

27.19 

24.34 

180.39 

.0972 
-1338 

.94 

.65 

.I207 

.I217 

5.03 

32.52 

25.53 

192.02 



3.4.2 RMS Delay versus Distance 

There is some confusion in the literature about the relationship between r,, and 

distance. In [Sale87, Rapp89b, Rappgl] it is reported that there is no interdependence while 

in [Bultgl, Bult93, Hash93bJ a correlated relationship is reported. This section looks at the 

relationship and attempts to resolve the confusion. 

The RMS Delays for each individual measurement in the database are plotted on a 

scatter plot against distance. This give a way to visually inspect for correlation patterns. The 

results fiom Building A are shown in Figure 3.15 and the results fi-om Building B are shown 

in Figure 3.1 6 .  

In Figure 3.15 the individual measurements show a nice grouping in terms of the 

distance parameter. There are four distinct groups corresponding to the four global 

measurement distances. This is not the case for Building B as shown in Figure 3.16. The 

global distance grouping distinction is only partially evident. This is a consequence of 

having less variety of measurement locations in Building B. Measurements in Building A 

had the advantage of two different floors and each floor was larger than the one floor in 

Building B. Furthermore, many of the global distance measurements in Building B had to be 

made approximate due to obstructions (walls, desks, etc.) at the desired measurement 

location. 

Although Section 3.4.1 demonstrated that r,, is statistically correlated to distance, 

the individual z,, values are much less so. In both Figures 3.15 and 3.16 it is observed 

that although there is a trend towards increasing z,, with increasing distance, the 

relationship does not hold on a measurement-by-measurement basis. For example, drawing a 

vertical line at the 20 ns location on either graph will result in an intersection with 



measurements fkorn all four distances. Furthermore, a single z,, value can be picked for 

any given distance that is smaller than a z,, value picked fiom a smaIler distance. 

Generally speaking, the z,, values for a given distance appear to be "all over the place". 

So is rWS correlated with distance? The answer is that for any given individual 

measurement, no. This is clearly depicted in Figures 3.15 and 3.16. Are the moments of the 

z, distributions correlated with distance? That answer is yes. This is shown in Table 3.3 

which summarizes the means (moments) fiom the theoretical distributions (see Figures 3.11 

and 3.12) of the z,, values versus distance. 

Therein lies the confusion in the reported literature; authors who report that z, is 

not correlated with distance are correct because the individual measurements show this to be 

true. Authors who report that r, is correlated with distance are less correct since it is only 

correlated with distance on average. 

Table 3.3: Global Averages of the RMS Delay Spread versus Distance for Building 
A and Building B. Data shows a Correlation between the First Moment 
of z,, and Distance. 

5 meter 
10 meter 
20 meter 
30 meter 

Building A 
17.9 ns 
21.9 ns 
25.5 ns 
32.3 ns 

Building B 
18.5 ns 
21.5 ns 
24.7 ns 
26.1 ns 



RM S Delay in ns 

Figure 3.15: RMS Delay Spread versus Distance for all measurements fiom Building 
A. 

Figure 3.16: RMS Delay Spread versus Distance for all measurements from Building 
B. 
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3.5 Coherence Bandwidth 

The Coherence Bandwidth, Bc , is not often reported in the literature. This is likely 

because most studies have focused on time domain systems and fiequency domain systems 

are relatively new. Since B, represents the maximum fiequency difference that two 

fi-equencies have for a strong potential for correlation, it is of interest to radio system 

designers who are working with Frequency Division Multiplexing (FDM) schemes. Because 

of the lack of information on this characteristic, it will be examined here. Section 1.4.3 notes 

that a relationship between t,, and Bc theoretically exists. That relationship is explored in 

the following sections. 

Although not shown here, the distribution ofBc can be modelled as normal. A 

normal distribution for the mean values of Bc were reported in [Morr92b]. Since there 

seems to be two methods of determining Bc (see Section 1.4.3), results fiom both methods 

are reported in Appendix D (Tables D.l to D.4). The appendix shows the mean, standard 

deviation, minimum, and maximum values for both the 50% and 90% B, parameters for all 

locations in Building A and Building B. 

3.5.1 Coherence Bandwidth versus Distance 

The Coherence Bandwidth is characterized in a similar manner to the RMS Delay 

with respect to distance. Table 3.4 shows the global mean of the 90%B, versus distance. 

Table D.5 in Appendix D shows a similar result for the 50% B, . Clearly from these tables, 

the global mean o f 4  becomes smaller with increasing distance. This establishes a 

statistical relationship between Bc and distance. 



Figures 3.17 and 3.18 show the 90% B, values for each measurement versus distance 

for both buildings. Like r,, , on a measurement-by-measurement basis, the individual Bc 

values are not correlated with distance. It is noted that in general, there is a trend in Figure 

3.17 (Building A) towards a decreased B, with increasing distance. In the more uniform 

environment of Building B, B, is mostly the same at all distances. 

5 meter 
10 meter 
20 meter 
30 meter 

Figure 3.17: The Coherence Bandwidth versus Distance for all measurements from 
Building A. 

+ 

Table 3.4: Global Averages of Coherence Bandwidth versus Distance for Building 
A and Building B. 

BuiIding A 
9.5 MHz 
7.8 MHz 
4.6 MHz 
4.4 MHz 

- -- o 

Building B 
9.1 MHz 
7.8 MHz 
7.5 MHz 
5.9 MHz 

- 
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Figure 3.18: The Coherence Bandwidth versus Distance for all measurements from 
Building B. 

3.5.2 Coherence Bandwidth versus RMS Delay 

The relationship between the Coherence Bandwidth and the RMS Delay of a radio 

channel is explored in this section. It was noted in Section 1.4.3 that a theoretical 

relationship exists. A relationship between z,, and B, was reported in [Morr92b]. 

Figure 3.19 shows the average 90% 4 versus the average z,, for all locations in 

Building A. It is seen that the exponential relationship described by Equation (1.25) does 

exist. The model for this dependence then, for Building A is given in Equation 3.4: 

The coefficient of correlation between the theoretical model and the data is p=0.92 which 

implies a good fit. 



The same type of relationship for the Building B measurements is portrayed in Figure 

3.20. The mode1 is given in Equation 3.5. 

The Building B relationship also has a good fit with a coefficient of correlation between the 

theoretical model and the data of p=0.94. 
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Figure 3.19: The mean Coherence Bandwidth versus the mean RMS Delay for all 
measurement locations in Building A. 



RMS Delay Spread in ns 

Figure 3.20: The mean Coherence Bandwidth versus the mean RMS Delay for all 
measurement locations in Building B. 

3.6 Characterization of Nulls in the Frequency Domain 

The radio propagation channel can also be characterized in the fiequency domain. 

Again, this type of characterization is seldom reported. The parameters of interest here are 

the null characteristics. A null is the minimum amplitude that a signal exhibits during a fade. 

Generally speaking, a signal's amplitude will fade down into a nu11 at some fiequency, and 

then rise out of the null as it moves away fiom that fiequency. Another term for this 

behavior is Frequency Selectivity. For example, if a radio channel were to fade at a 

frequency of 937 MHz, a null (a fade) would occur at 937 MHz and it could be characterized 

by how deep the fade was. There are other parameters in the fiequency domain that could be 

examined but that is best left for a more detailed treatment. 



3.6.1 Distribution of the Number of Nulls 

The first parameter of interest is the distribution of the number of nulls in a given 

measurement. This gives the system designer some idea of how many times a fade will 

occur for the given bandwidth (in this case the measurement bandwidth is 400 MHz). 

Figure 3.21 and 3.22 show the empirical CDF's and an optimally fitted theoretical 

Normally distributed CDF for all measurement location in Building A and Building B. Table 

3.5 gives the parameters of the theoretical distribution as well as the goodness-of-fit criterion. 

It is seen that the number of nulls for a 400 MHz bandwidth measurement can be modelled 

with a Normal distribution. It is also noted that the number of nulls is statistically dependent 

on distance. As the distance between transmitting and receiving antennas increase, the 

likelihood of more fading increases as well. In Building A (Figure 3.21) it is shown that the 

number of nulls is similar for the 5 and 10 meter locations. The 20 and 30 meter locations 

are similar to each other as well. In Building B (Figure 3.22) the 5, 10, and 20 meter 

locations are all very similar whereas the 30 meter locations have more nulls. It appears that 

&om a statistical fading perspective, there is a distance threshold where the channel begins to 

undergo more fading. This threshold is between 10 and 20 meters for Building A and 20 and 

30 meters for Building B. This threshold is also noted in the path loss results of Section 3.3. 

The implication is that the number of null occurrences increases with increasing path loss. 
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Figure 3.2 1 : The empirical and theoretical Normal CDFs for the number of nulls in 
measurements from all distance locations in Building A. 
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Figure 3.22: The empirical and theoretical Normal CDFs for the number of nulls in 
measurements fiom all distance locations in Building B. 



Table 3.5: Parameters for a Normal Distribution for the Number of Nulls at Sm, 
lorn 20m and 30m for Building A and Building B. K-S Sample Size=30. 

Building A 
5 meter 

10 meter 

20 meter 

30 meter 

3.6.2 Distribution of Null Depths 

The distribution of null depths is presented in this section. The results here 

demonstrate an exercise in statistical fitting. The reason is that the distribution of the null 

depths is unknown and so several candidate distributions are attempted and their results 

examined. The null depth is defined as the log magnitude of the null below the log RMS 

power. The null depth could also be defined as the log magnitude below a maximum value 

or some other set point. By choosing the RMS power, all null depths are then nonnalized 

making a comparison possible. 

Table 3.6 shows the optimaIly fit parameters of five different distributions as fitted to 

the empirical null depth distribution for the measurements of Building A. The same effort 

for Building B is shown in Table 3.7. The goodness-of-fit criterion is used to evaluate the 

confidence level in rejecting the null hypothesis (see Section 1.4.7.7). It would appear that 

Confidence level 

.64 

.83 

.94 

.99 

P 

20.99 

23.09 

32.08 
37.33 

--- 

0 

2.78 
2.52 

7.35 

12.28 

Building B 
5 meter 

10 meter 

20 meter 

30 meter 

K-S 

.I356 

.I134 

.0968 

.0788 

20.72 

22.32 

23.41 

30.89 

.lo66 

.I333 

.0677 

,1315 

-88 

.66 

.94 

.68 

2.90 

2.59 
2.49 

8.03 



the Normal distribution does not fit the null depth distribution as well as some other 

distributions. The Weibull distribution provides a good fit but since there is no theoretical 

reason to use the Weibull, other distributions are considered. The Ralyleigh, Nakagami, and 

Rice distribution are the remaining choices. As noted in Section 1.4.7.4, the Nakagami 

distribution approaches a Rayleigh distribution as m approaches one. This appears to be the 

case for both Buildings but the m parameter is not actually one. The Rice distribution also 

approaches a Rayleigh distribution as it's v parameter approaches zero. This happens for 

both buildings for the 5, 10, and 20 meter data. At 30 meters the Rice distribution takes on 

it's own characteristic. It would appear that all three of the distributions would make a usefil 

model. 

Since the Rice and Nakagami distributions contain the Rayleigh as a special case, it 

might be argued that the null depth distribution is actually drawn from a Rayleigh 

distribution. 



I Confidence level I P(I) I P(2) I K-S I 
I I I I 

I 5 meter I 
Normal 

1 

.53 1 7.75 1 12.55 1 .I468 1 
I Nakagarni I .70 

I Weibull I .79 1 .0099 1 1.7120 1 .I191 1 
I Rayleigh I .50 1 10.45 1 I ,1512 1 

Rice I 
1 10 meter I 

Normal 

Nakagami 

Weibull 

Rayleigh 

1 20 meter I 

I I I 

.70 

.85 

.9 1 

.67 

Rice 

I Weibull I 

.82 1 10.66 1 .0072 1 .I150 

Normal 

Nakagami 

I Rayleigh I 

8.04 

3938 
.0078 

11.08 

1 30 meter I 

13.33 

235.19 

1.7642 

.7 1 

.87 

I I I I 

,1286 

.I108 

.lo20 

.I321 

13.01 

217.33 

7.41 

.9840 

Rice 

I I I 

Rice .79 1 9.58 1 10.13 1 .I186 ( 

.I275 

,1089 

-88 1 10.40 1 -0018 1 .lo64 

Normal 

Nakagarni 

Table 3.6: Parameters of Several Distributions Fitted to the Null Depth Data for 
Building A. The Parameters are as follows: Normal - P(l)=o, P(2)=p; 
Nakagami - P(l)=m, P(2)=S2; Weibull - P(l)=a, P(2)=P; Rayleigh - 
P(1)- o; Rice - P(l)=o, P(2)=u. K-S sample size =30. 

.I314 

.I128 

-1096 
.I131 

15.17 

292.96 --- 
Weibull .86 .0026 

Rayleigh .84 12.44 

.68 

.84 

2.0779 

7.87 

1.1273 
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5 meter 
Normal 

Nakagarni 

Weibull 

Rayleigh 

Rice 

I Weibull 
I I I I 

.98 1 .0058 1 1.8605 1 .0870 

10 meter 
Normal 

Nakagami 

I Rayleigh I 

Confidence level I P(I) I P(2) I K-S 

I Rice 1 .95 1 10.98 1 .0032 1 .0945 

.8 1 

.94 

.97 

.83 

.94 

.83 

.97 

1 20 meter I 
I Normal I .68 1 7.99 1 13.84 1 .I305 1 

7.83 

-8913 

.0080 

10.83 

10.47 

I I 1 I 

Nakagami I -87 1 .9447 1 252.94 1 .lo89 

.I136 

.0905 

7.82 

.9350 

I Weibull I .95 I .0058 I 1.8498 1 .I033 1 

13.04 

226.18 

1.7679 

.0039 

13.58 

245.98 

I Rayleigh I .77 

.I163 

.0962 

.0877 

,1144 

.0975 

I Rice ] .87 1 11.16 1 .OOlO I .I081 

I I 1 I 

Weibull I .80 1 .0035 1 2.0183 ( .I173 

30 meter 
Nonnal 

Nakagami 

I I I I 

Rayleigh I .80 1 11.71 1 1 .I175 

Rice I .65 1 9.92 1 7.5435 1 .I340 1 
Table 3.7: Parameters of Several Distributions Fitted to the Null Depth Data for 

Building B. The Parameters are as follows: Normal - P(l)=o, P(2)=p; 
Nakagami - P(l)=m, P(2)=R; Weibull - P(l)=a, P(2)=9; Rayleigh - 
P(l)= a; Rice - P(l)=o, P(2)w.  K-S sample size =30. 

.I410 

-1238 

.59 

.75 

7.53 

1.1212 

14.23 

251.12 



The CDFYs of the null depth distributions for measurements at different antenna 

separations for Building A are plotted in Figure 3.23. 

0 5meter 
10meter 

0 20 meter 
A 30 meter 

1 

Null depth in dB below the RMS power 

Figure 3.23: Empirical distribution of null depths below RMS power for all distances 
in Building A. 

It is immediately obvious that the null depth distribution is not related to distance. 

Although not shown here, the same result was determined for Building B. This interesting 

discovery implies that, for example, a mobile system that is robust to a certain null depth will 

remain at the same level of robustness regardless of the distance it is from the transmitting 

antenna. It is interesting to note that even though the number of occurrences of fading 

increases with distance, the probability that those occurrences are below a certain depth 

remains constant. 

Since the interdependency between null depth and distance is not apparent, the null 

depths for all measurements in both buildings were combined and fitted to a theoretical 



Rayleigh distribution. This fit is illustrated in Figures 3.24 and 3.25 for Building A and 

Building B respectively. Examination of the graphs and associate parameters reveals that 

both distributions are identical. Indeed, performing a two-sample K-S test [Pres88] gives a 

99% confidence that the distributions are fkom the same population. This means that the null 

depth distribution is independent of distance and location. 

Rayleigh 

0 10 20 30 40 50 60 
Nu11 depth in dB below the RMS power 

Figure 3.24: Distribution of all null depths below RMS power for Building A fitted to 
the theoretical Rayleigh distribution. Confidence level = 0.73,o=l1.33, 
K-S=. 1252. 



Rayleigh 
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Null depth in dB below the RMS power 

Figure 3.25: Distribution of all null depths below RMS power for Building B fitted to 
the theoretical Rayleigh distribution. Confidence level = 0.78, ~ ~ 1 1 . 3 6 ,  
K-S=. 1213. 

3.6.3 Distribution of Null Frequencies 

It is expected that fading can occur at any frequency. If that is true, then the 

distribution of null fiequencies (the frequency at which a null occurs) should be Uniform. 

The empirical verification of this expectation is given in Figures 3.26 and 3.27 which show a 

Uniform distribution for the 5 meter measurements from Building A and the 10 meter 

measurements from Building B respectively. Since the mid-scale measurements all have 

Uniform distributions, the global measurements will also have the same distribution. This is 

shown in Figure 3.28 that shows a Uniform distribution for all measurements from Building 



Fig 
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3.26: Uniform distribution of null fiequencies for the 5 meter meas 
fkom Building A. 

Null fiequencies in MEIz 
3 -27: Uniform distribution of null fiequencies for the 10 meter measurements 

fiom Building B. 
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Figure 3.28: Uniform distribution of null fiequencies for all measurements from 
BuiIding A. 



CHAPTER FOUR 

Auto Regressive Channel Modelling 

4.1 Model Technique and Assumptions 

Autoregressive (AR) models are well known for time series data where the data may 

be represented by a sequence x[n] that is a linear regression on itself with some error term 

v[nl. The general form of the model is given in (4.1) where ark] are the model coefficients 

andp is the order of the model (the number of model parameters). 

This model can be interpreted as a linear filter whose output is x[nl when the input is driven 

by v[n] (which is also called the driving noise process). Therefore, the present values of an 

AR process is expressed as a weighted sum of past values plus a noise term, vfn], that is 

usually assumed to be white with a PSD of cr2 . The PSD of (4.1) is given by (4.2). 

where A@ is the Fourier transform of the pth order AR coefficients (a,, a,, a, --.a, ). By 

convention the a, term is divided through so that the first coefficient is unity. The z- 

transform representation, excluding the scaling factor due to the noise driving process, is 

given in (4.3) 



ThepkJs are the roots of thep" order polynomial whose coefficients are the ak 's. Therefore, 

an AR(p) process can be represented by the location ofp  poles which is why the AR model is 

also referred to as an all-pole model. 

The solution to the model (the fitting of the model to data) requires the discovery of 

the AR coefficients, the a k  's. This is accomplished by solving the equations that explicitly 

relate the model parameters to the ACF of the data. This relationship [Kay88, Haykg21 is 

given by (4.4). 

1 - a -  for it21 

I-Aa[ l ]r , [ - l ]+a2 for k = O  

Equations (4.4) have been termed the Yule- Walker equations which, when given the ACF, 

can be solved through a set of linear equations given by (4.5): 

There are several techniques to solving (4.5) and they can be found in the literature [Marp87, 

Kay88, Hayk921. For the work reported here, the technique that is used as the Forward 

Backward method Wtt761 or the Least Squares method [Ulry76]. Spectral line splitting, 

which gives rise to artifacts that are not present in the PSD but are added by the modelling 

technique by splitting one spectral peak into two peaks, has never been observed using this 

method [Kay79, Kay88 J . 



The AR estimator is also known as a Super-Resolution estimator. This term follows 

fiom the fact the AR estimators achieve spectral estimation with better resolution than the 

traditional Fourier estimator. This is a consequence of the implied extension of the measured 

ACF. A proof is found in [Kay881 which essentially shows that the estimated ACF of the 

AR spectral estimate matches the known ACF of the data up to lagp, and the remaining ACF 

estimates for k>p are extrapolated by the recursive difference equation given in the first part 

of (4.4). In other words, a Fourier estimate of the PSD is formed by taking the Fourier 

transform of the measured ACF but the AR estimator uses an extended ACF and therefore 

has better resolution. Since the AR estimator assumes more knowledge than just the Wiener- 

Khinchin theorem of (1.28), the AR estimator is aparametric estimator. 

The AR estimator has not been widely used in the field of modelling radio channel in 

the indoor environment. The only reported are in [HowagOb, Howa91, How92, Morr92b, 

Morr93, Morr94, Nie197, Mom981 In [Howa90b, Howa91, How92, Morr92b1, the AR 

estimator was not used as a super-resolution estimator. Instead, the smoothed envelope of the 

channel impulse response estimate was predicted with a low order model (i.e., a 2nd order 

model was reported) so as to estimate the arrival of clusters of multipath components. This 

was done in support of the two-cluster model shown in [Sale87]. In [Morr92a] the model 

order was increased to estimate the magnitudes and arrivals of significant multipath 

components. In [Morr93, Morr94, Mon981, the super-resolution AR estimator was used to 

accurately model the frequency response of the indoor radio channel. In [Nie197], clusters of 

multipath arrivals of the indoor channel impulse response were modeled through an AR 

process. Again the work reported in [Nie197] did not use the AR estimator as a super 

resolution estimator. 



Only in CMorr93, Morr94, Morr981 was the measured channel reconstructed fiom the 

AR model for evaluation as to how well the model performed. An interesting use of the AR 

estimator for modelling the simpler 2-path microwave channel is given in [Hewi89]. In 

[Hewi89] the model orders are much lower than those required for the indoor multipath 

channel reported in [Morr93, Mor~-981 but the technique is similar. A proof for the validity 

for using the AR estimator on the fkequency response of a radio channel is given and an 

expanded version is shown in Equations (4.6) to (4.1 6). 

That the fi-equency response of a radio channel can be modelled by an AR estimator 

is intuitive in light of Equations (4.2) and (4.3) which show that the PSD of the AR estimator 

is characterized by having a peaked (on impulsive) nature. This follows from the all-pole 

assertion previously discussed. This is a good description of the radio channel impulse 

response when it is viewed as the spectral estimate of the radio channel fiequency response. 

The mathematical justification for using this model now follows: 

Equation (1.7) used to describe the multipath channel is the starting point and is 

repeated in (4.6) 

The Fourier transform of (4.6) gives the channel kequency response N(o) 

The measurements are made at a set of evenly spaced frequencies w, = w, + n A o  (see 

Section 2.1.2.1) so the fkequency response samples, H,  , are 



The value a,e-j"~'~ can be represented by the complex amplitude ck and zk equals e'jA'" SO 

(4.8) can be written as 

Let Sn represent the weighted sums of N+I samples of H, , Hn -,,ae -X ,  , with weights Am 

which after multiplying Equation (4.9) by z:/z: can be written as 

which can now be rearranged as 

(4.12) can also be written as 

where PN(z) is the polynomial whose coefficients are the weights Am . PN(Z) is defined as that 

poIynomia1 whose roots are the zk 's, i.e., 

then the sums S, are all zero. From (4.14), 4 = 1 (implied f?om the product of z-zk ) and 

Equation (4.10) is rewritten as 



which when rearranged is 

Therefore, assuming the rnultipath impulse response model of equation of (4.6) is equivalent 

to assuming the frequency response samples, H, , have a n  AR structure. In other words, each 

frequency response sample, H,  , can be expressed as a linear weighted combination of past 

samples. This is not precisely the same model as (4.1) since the error term is not present but 

never-the-less, the structure of the frequency response is AR and (4.16) would be identical to 

(4.1) if the output error terms are zero. Based on this analysis, the AR estimator is a good 

choice for modeling the fkequency response of the indoor radio channel. It should be noted 

that although the modelling method is appropriate, the AR estimator can model either 

narrow-band or broad-band components. The model of (4.7) is a sum-of-sinusoids model 

and so the AR estimator which, strictly speaking can only model sinusoids as the limit of a 

narrow-band process [Kay88], is not the optimal model. 

The AR model returns an estimated minimum-phase (MP) polynomial parameter 

vector, 8, ofpth order given by (4.17). The vector coefficients can also be considered as tap 

weight of a linear filter. 

8 = l+ri,r-' +ci,ze2 + - - - , + ( i p ~ - P  (4.1 7) 

Evaluation of the AR PSD (the impulse response estimate) is typically done by taking 

the reciprocal of the inverse Fourier transform of (4.17) and scaling the result by cr2. Two 

problems exist with this method: 1) the solution is MP, which is usually not the case but, can 

often be ignored, and 2) for large model orders the magnitude estimate becomes erratic. The 

reason for this can be seen from Equation (4.3). As the model order increases, the pole 



values (thepk)S in (4.3)) migrate towards the unit circle. This is also true for poles 

representing noise values in the PSD. Clearly, aspk approaches unity, G(z) becomes very 

large. 

These problems are overcome by using Equation (4.18) which is a matrix 

reformulation of (4.7). N is the number of complex points of the measured fiequency 

response, p is the order of the model or number of delays (the number of reflectors in the 

multipath environment), and z, and a, are the delay times and amplitudes of thep 

components in the impulse response estimate of the channel. Therefore, Equation (4.18) 

consists of a Nxp delay matrix, apx l  amplitude vector, and a Nxl known fiequency response 

vector. Since p << N , (4.18) is an over determined system of equations with a unique 

solution that is solved in the least squares sense. 

In (4.18), H(w)  is known but either the a's or z's must be solved by substituting in 

estimated values for one or the other. 

Since the AR estimator does not give reliable amplitude estimates, the estimated z's 

are selected and (4.18) is used to solve for the a 's .  The z's can be determined by finding the 

delays associated with the peak of the reciprocal inverse Fourier transform but this limits the 

accuracy to the Fourier resolution. A better method is to use Equation (4.19) which relates 

the delay time to the angle of the roots of (4.17). 

A 



d,, is the angle of the nth root of (4.17) and Am is the frequency response step size. 

Importantly, is should be realized that determination of the rkls in accordance with (4.19) 

results in a model whose parameters (spectral peaks) have arbitrary delays. For this reason, 

the AR estimator gives a model that can be termed as an arbitrary delay peak extractor. 

The modelling procedure can now be summarized as follows: 

1) Determine the AR parameter vector 6 based on an appropriate model order 

(to be discussed in Section 4.2) by solving the Yule- Walker equations. 

2) Factorize 8 to obtain the a's and use Equation (4.19) to find the delays, s, . 
3) Substitute the estimated z, values into Equation (4.18) and solve for the 

unknown fzk '27. 

4) Using (4.7) calculate the reconstructed frequency response and compare this 

to the original measured fkequency response using the error criterion given by 

(1.31) to determine the success or failure of the model. 

4.2 Model Order Determination 

One of the most important aspects in the use of the AR model is the selection of the 

orderp. Selection of an order that is too low will result in a spectral estimate that is 

smoothed (loss of spectral detail) whereas selection of an order that is too high will result in a 

spectral estimate with spurious peaks and general statistical instability. This problem has 

received considerable attention [Akai7O, Akai74, Parz74, Land771 and many techniques have 

been proposed. It has also been observed that for data corrupted by noise, the model order 

chosen is usually not sufficient to resolve the spectral details[Land77]. This is a direct 

consequence of the noise consuming poles within the model that results in a smoothed AR 

spectral estimate. The proposed methods for model order determination rely on the premise 

that the AR model is a Iinear filter whose output is white noise when the input sequence is an 



AR process. Therefore, when the spectral estimate of the model approaches the spectrum of 

the measured data, the output noise power will decrease. Since as the model order is 

increased the output noise power decreases, a large order model will have a low output noise 

power and accordingly it seems that a large order model will suffice. This is not advisable 

because minimum order models are usuaIly desired and large order systems introduce 

spurious detail. The task of the model order predictor function then is to find a minimum 

noise power level but to also assign some penalty for increasing model order. The optimal 

model order is selected when the predictor function reaches a minimum. 

Two methods proposed by Akaike adhere to this philosophy. The first one, terned 

the Akuike Information Criterion (AIC) [Akai74] is defined in (4.20) 

where p is the model order, Nis  the data record length, and 6: is the estimate of the white 

noise variance (output noise power). The first term of (4.20) decreases with the noise power 

but the second tenn assigns a penalty for increasing model order. The AIC has also been 

shown to be functionally equivalent to minimizing the distance between the assumed PDF 

and the true PDF of the measured data [Kay88, pp. 2351. Consequently, this method is more 

general and not limited to only AR processes. 

A second method is termed the Final Prediction Error (FPE) [Akai74] and is defined 

by (4.21): 

It is seen that whereas 6; decreases with increasingp, the tern (iV+p+l)/@-p-1) increases 

withp. For short data records, AIC is recommended [Ulry79] but as N + , both FPE and 



AIC with yield the same estimates. Ulrych and Ooe [Ulyr79] demonstrated that for large N 

the relationship given in (4.22) is factual. 

N ln FPE(p) = AIC(p) (4.22) 

In other words, minimizing AIC is equivalent to minimizing FPE. 

A third method proposed by [Par2741 is termed the Criterion Autoregressive Transfer 

(CAT) function and is define in (4.23): 

- - 

where 

The model orderp is chosen to minimize CAT. 

4.3 Model Verification 

In Section 1.4.6.3 a standard known channel (a reference channel) was defined. h 

this section the frequency response of that channel is modelled. This is done to verify that 

the modelling technique is appropriate. The model is also applied to two measured channels. 

4.3.A Reference Channel 

It is known a priori that the minimum order of the reference channel must be 3. This 

is very usefhl in evaluating how well any modelling technique works. It was shown in 

Section 4.2 that both FPE and AIC will give the same order estimate so only AIC and CAT 

will be applied to the reference channel. The results from these two predictors as applied to 

the reference channel with a 50 dB SNR is shown in Figure 4.1. It is seen that AIC reached a 



minimum of 2 thereby under-predicting the model order. CAT, on the other hand, reached its 

minimum at 5 thereby over-predicting the model order. This demonstrates that model order 

estimation may only be approximate, particularly when noise is present. Experimental 

results fiom other researchers [Kay88, Land771 have confirmed that model order selection 

criteria do not always yield definitive results. For example, experiments in those references 

showed that FPE (AIC) tended to underestimate the model order. 

-0.2 : : : ~ : : ~ ~ ~ : : ~ : ~ : l : : : ~ ~ ~ : ~ ~ ~ ~ : ~ ~  
0 2 4 6 8 10 12 14 

Model Order 

Figure 4.1 : AIC and FPE model order estimates for the reference channel. 

It should be noted that the modelling technique given in Section 4.1 does not 

conclude with only the results fiom the AR model. In fact, the AR model is really just an 

intermediate step to the desired results. The amplitude estimates, the ak 's, fiom the AR 

estimator are actualIy discarded and new amplitude estimates derived from fitting only the 

estimated r, delays to the original data. In this way, it is safe to overestimate the model and 



simply discard the and z, parameters that are associated with the noise. With this in 

mind, Table 4.1 shows the results of modelling the fi-equency response of the Reference 

Channel by using a 5" order AR model and then keeping only the parameters whose a k ' s  are 

greater than the noise level. It is shown that the AR technique provides and excellent 

reconstruction of the known channel parameters but that in the presence of noise, the 

estimates will degrade. This is particularly true of the phase estimate. 

Reference Channel 

I I 1 

Time (in ns) 
77 

Model Order = 5 

The purpose of modelling a simulated channel is to provide a reality check on the 

-0.1995 SNR = 50 dB 

SNR = 10 dB 
Model Order = 5 

modelling technique. Clearly the AR model provides information that can be used to model 

Magnitude 
1 .O 

78.999 
100.000 

empirical data which is the topic of the next section. 

Phase (in Radians) 
-0.2 

77.000 

Table 4.1 : Results fiom Modelling the Reference Channel with a 5th order AR 
Model. 

76.730 
79.284 
100.055 

4.3.2 Measured Channels 

1.003 
0.80 1 
0.500 

In this section the AR technique will be applied to two candidate measurement. The 

2.5003 
-1.8999 

0.8397 
0.6359 
0.4972 

channels were arbitrarily chosen; one fiom the 5 meter database fiom Building B and one 

-1.8191 
-2.09 17 
-1 25580 

from the 30 meter database fiom Building A. The 5 meter channel is designated as LOS 

VB5017 measurement 54) and the 30 meter channel is designated as OBS (FA3002 



measurement 12). These channels are considered representative of most channel in the 

database. 

AIC and CAT estimates for the 5 meter channel are shown in Figure 4.2. Both 

estimators reach a minimum at 6 and the CAT estimator shows a near minimum at 13. 

0.8 

0 5 10 15 20 25 30 
Model Order 

Figure 4.2: AIC and CAT model order estimates for the measured channel FB05017 
location 54. 

Since the AR model is attempting the find the peaks in the spectral (time) domain, a 

priori information can be found by examining the Fourier estimate given in Figure 4.3. 

Clearly there are more than 6 or 13 peaks so a new strategy for model order selection must be 

adopted. Since the model order can be set high and then reduced in subsequent processing as 

demonstrated in the previous section, a iule of thumb will be to use a model order that is N/3 
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Figure 4.3: Impulse response estimate of FB05 17 (location 54) on a dB scale. 

The general technique for using the AR model has already been described but some 

specific details are now presented here. It was shown in [Morr92a] that the AR estimator is 

very sensitive to noise. For this type of data it is important to reduce the noise before 

attempting to model. Figure 4.3 shows a time base of 0 to 600 ns but the actual time base of 

the measurement is 0 to 2000 ns (I/ 0.5 MHz). Therefore, approximately 85% (300 to 2000 

ns) of the measurement is noise. This noise can be significantly reduced by filtering the 

frequency response with a low delay pass filter and then decimating the data. In [Mon92a] a 

Kaiser filter was used but for the results in this chapter a 1 7 ' ~  order Butterworth filter is 

applied. The data is then decimated by 3 and the pre and post filter transients are removed. 

This results in a 256 sample fkequency response measurement (from 908.5 MHz to 1291 

MHz) whose samples are separated by 1.5 MHz which results in a spectral time base of 0 to 

667 ns. The model order is then initially chosen to be 125. To reduce this model to a more 



optimal order, some criteria must be used to reject unnecessary parameters. This involves a 

two pass approach. 

In the first pass, valid and extraneous time delays are used in (4.18) to solve for the 

complex amplitudes. For statistical stability, the lower limit for minimum delay separation is 

arbitrarily set to 0.5 ns. Any delay that is closer than this to another delay is discarded. This 

is done to protect against the possibility of spectral line splitting (although this should not 

happen with the modified covariance technique used here). Some extraneous delays can be 

removed by taking advantage of some apriori information. From Appendix C we know, for 

example, that there are no delays in excess of 370 ns for the 5 meter data fiom Building B 

(see Figure C.2). If the 30 dB excess delay is used, then there are no delays beyond 1 80 ns 

for the same data (see Figure 3.14). Since the data in Section 3 -4.1 is based on the Fourier 

estimate, it is not valid to strictly apply those excess delay times. Instead, any excess delays 

beyond 500 ns can be safely removed before evaluating Equation (4.18) for the first pass. 

In the second pass, all remaining time delays associated with parameters whose 

magnitudes are within 30 dB of the maximum parameter magnitude are kept and these values 

are used to create the delay matrix of (4.18). The second evaluation of (4.18) then results in 

a constrained least squares solution because the parameters associated with the discarded 

delay values are assumed to be zero. After the Sk 's and ik 's have been determined, the 

fiequency response is reconstructed so as to match the construction of the original 

measurement (i.e., 900 MHz to 1300 MHz in 0.5 MHz steps). The fiequency response 

results of this technique being applied to the 5 meter channel are shown in Figure 4.4. The 

differential phase of the fkequency response is shown in Figure 4.5. 
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Figure 4.4: Plot of the measured and modelled fkequency response for FB5017 
(location 54). ~ ( d ) =  0.28 andp = 23. 
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Figure 4.5: Plot of the measured and modelled differential phase of the frequency 
response for FB5017 (location 54). 



The fit to the original data is quite reasonable with an error, ~ ( 4 )  = 0.28, and a model 

order, p, of 23. The fit to both the magnitude and phase of the fkequency response is not 

perfect but the model does give a result that is generally consistent with the original data. 

Figure 4.6 shows an overlay of the Fourier impulse response estimate and the AR 

impulse response estimate. It is seen why the AR estimators are referred to as super 

resolution estimators since the AR mode1 gives an impulse response estimate that has finer 

resolution. For this sample, the minimum inter-arrival distance between any two paths is 1.6 

ns compared to the 4.5 ns of the Fourier estimate (A Hamming window was used prior to 

taking the Fourier estimate resulting in a 6 dB resolution of 1.8 1 *2.5 ns). 

50 100 
Time in ns 

Figure 4.6: Fourier and AR impulse response estimates overlaid for comparison. 
The AR impulse response estimate has superior resolution. 

The same modelling technique is applied to the 30 meter measurement (FA3002 

location 12). The frequency response and the overlaid time responses are shown in Figures 



4.7 and 4.8 respectively. There is an RMS error, ~ ( 6 )  = 0.43, and a model order,p, of 50. 

The smallest inter-arrival time for the AR model is 0.8 ns. The performance of the model on 

the 30 meter data is not as good as that of the 5 meter data. This is actually expected because 

the 30 meter data has a reduced SNR due to path loss and the AR estimators sensitivity to 

noise results in a higher variance on the delay estimates. The order of the model is also 

larger as expected due to the fact that there are more reflectors between the transmitter and 

receiver at 30 meters than there are at 5 meters. 

Frequency in MHz 

Figure 4.7: Plot of the measured and modelled fkequency response for FA3002 
(location 12). J(d)= 0.43 andp = 50. 
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Figure 4.8: Fourier and AR impulse response estimates of measurement FA3002 
(location 12) overlaid for comparison. The AR impulse response 
estimate has superior resolution with a minimum interarrival time of 0.8 
ns. 

4.4 Statistical Error Distribution from AR Modelling 

In this section the RMS error (see Equation (1.3 1)) fiom statistical modelling of the 

data is examined. The actual distribution of the error is not particularly important but the 

range and average value is usekl in determining the performance of the model over the 

whole database. The actual magnitudes of the error sequence are only usefhl relative to 

themselves for the same type of data, or relative to another modelling technique. As 

explained in Section 1.4.6, the error between different modelling techniques is useful in 

determining the performance of the various models. 

Figure 4.9 shows the CDF's of the RMS errors resulting from AR modelling the 

fiequency data fiom Building A. The error sequence shows an excellent fit to the normal 



distribution. This same type of result for Building B is shown in Figure 4.10. Table 4.2 

gives the actual parameters for the distributions of Figures 4.9 and 4.10 as well as the 

goodness-of-fit criterion which shows a very high confidence level on the fit. It is seen that 

the mean values of the distributions increase with distance for both buildings implying that it 

is easier to accurately model frequency responses of shorter transmitter/receiver separations. 

Although fewer parameters are required at smaller separations (see Section 4.3.2), the 

increased error with distance is primarily associated with the SNR performance of the model. 

Because of path loss, the SNR of the measurements decreases with distance making it 

difficult for the AR estimator to find the correct delays for a given multipath component. 

This is especially true for weak multipath components with large excess delay. It is 

interesting to note that the error distributions are very similar between both buildings (i.e., 

the 5 meter data has the same distribution, as does the 10, 20, and 30 meter data). This 

suggests that the modelling technique gives equivalent performance for both buildings and is 

therefore independent of building environment. 
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Figure 4.9: The CDF's of the error resulting from AR modelling of the Building A 
database. 

f-- 30 meter 

0.1 0.2 0.3 0.4 0.5 0.6 

RMS Error, J (8) 

Figure 4.1 0: The CDF's of the error resulting fi-om AR modelling of the Building B 
database. 



1 20 meter I 0.72 1 0.091 1 0.330 1 0.1267 1 

Building A 
5 meter 

10 meter 

1 30 meter I 0.94 1 0.082 1 0.370 1 0.0974 1 

I Building B I I I I I 

Confidence level 

0.95 

0.89 

1 I 1 I 

10 meter I 0.95 1 0.102 1 0.333 1 0.0940 

0 

0.095 

0.092 

I 1 I I 

I I 

20 meter I 0.97 1 0.084 1 0.349 1 0.0906 

5 meter 

1 30 meter I 0.98 1 0.085 1 0.372 1 0.0857 1 

P 

0.283 

0.321 

0.99 1 0.091 1 0.307 1 0.0775 

Table 4.2: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the RMS Error Sequence for Building A and Building B. 
CDF's of Empirical Data and Theoretical Fits are Given in Figures 4.9 
and 4.10. 

K-S 

0.0952 

0.1071 

4.5 Statistical Characterization of Model Parameters 

4.5.1 Distribution of the Model Order 

The AR model order, p, is directly identical to the number of multipath components 

for a given measurement. Therefore, the distribution of the model order is also the 

distribution of the number of multipath components resolvable by the model technique. This 

type of infomation is 11seh1 for both characterization and simulation. It is expected that the 

model order should be normally distributed because the multipath components are a result of 

randomly placed scatterers within the indoor environment (see Section 1.2). The number of 

scatterers can range from a few for LOS topographies to many for heavy OBS topographies. 

The distribution of model order versus distance for Building A is shown in Figure 

4.1 1 and the distributions for Building B are given in Figure 4.12. Table 4.3 gives the 



parameters for the distributions of Figures 4.1 1 and 4.12 as well as the goodness-of-fit 

criterion which shows a very high confidence level on the fit to a normal distribution. 

Examination of the data shows that there is a clear dependence between the number of 

multipath components and distance. This is expected since as the transmitter-receiver 

separation increases, so does the probability that transmitted signal will be obstructed and 

reflected off of more objects. This is particularly true of the 30 meter separation in Building 

A. Interestingly, the mean values for the 5, 10, and 20 meter separations for both buildings 

are similar but the standard deviations are higher in Building A. This can be explained by the 

larger variability of the environment in Building A (see Section 2.6). The environment of 

Building B was very similar for all distances and so the standard deviations for all four 

distances in that building are comparable which is seen by the similar shape of the 

distributions in Figure 4.12. With the exception of the 30 meter data from Building A, the 

number of multipath components is always greater than 10 and less than 50. Because the 

path loss at 30 meters for Building A is so great (see Section 3.3), which also results in much 

of the measurements being unusable, some of the model parameters could still be associated 

with noise. This is in spite of the fact that the only data with a dynamic range of 30 dB was 

modelled. This can be explained since 30 dB is just about the maximum dynamic range 

(cutoff) of the 30 meter data for Building A, and the dynamic ranged is determined 

statistically (see Section 1.4.2), some noise components may be present within that range. 

However, this cannot be confirmed as valid multipath components are buried within the noise 

as well. 
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Figure 4.1 1 : The CDFs showing the distribution of Model Order, p, (the number of 
multipath components) for Building A. 
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Figure 4.12: The CDFs showing the distribution of Model Order, p, (the number of 
multipath components) for Building B. 



4.5.2 Distribution of Arrival Times 

Building A 
5 meter 

10 meter 

20 meter 

30 meter 

Building B 
5 meter 
10 meter 

20 meter 

30 meter 

Arrival times of multipath components are purely random since they are the resultant 

delays from randomly placed scatterers. This does not imply normally distributed however 

Table 4.3: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
CDFys of the Model Order Estimates for Building A and Building B. 
CDFys of Empirical Data and Theoretical Fits are Given in Figures 4.11 
and 4.12. 

Confidence level 

0.95 

0.85 

0.97 

0.97 

0.95 

0.96 

0.60 

0.88 

because the first arrival is a finction of the transmitter-receiver separation which is also 

random with respect to a mobile (but only pseudo-random for the modelled database) but the 

o 

4.902 

5.948 

8.91 1 

1 1.134 

5.151 

4.773 

5.607 

6.089 

remaining delays have a limit (i.e., the excess delay). This results in a random distribution 

that has a sharp increase in frequency initially and then decays in frequency until the excess 

P 

24.228 

30.568 

34.458 

41.996 

26.534 

29.405 

34.402 

36.229 

delay is reached. It is important to realize that due to the random nature of the channel, the 

K-S 

0.0955 

0.1 11 

0.0882 

0.0890 

0.0942 

0.0918 

0.1391 

0.1066 

rnultipath component delays can occur at any time after the first arrival and up to the excess 

delay. The fiequency histograms for the arrival times, s, , for the 30 meter location in 

Building A and the 5 meter locations in Building B are shown in Figures 4.13 and 4.14 

respectively. 
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Figure 4.13: Histogram showing the frequency of Arrival Times, z, , for all the 30 
meter locations in Building A. 
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Figure 4.14: Histogram showing the frequency of h-ival  Times, r, , for all the 5 
meter locations in Building B. 



As expected, the excess delay for the 30 meter data of Building A is slightly greater 

than 350 ns and around 200 ns for the 5 meter data of Building B. There are also arrivaIs 

before the main increase which is due to first arrivals being weak in an OBS topography and 

also a few model parameters being associated with noise. Clearly, this is not a normal 

distribution (but it may be a one-sided normal distribution). A popular distribution because 

of it's general fit characteristics is the Weibull distribution. As discussed in Section 1.4.7.5, 

the Weibull distribution has been used to describe the probability of inter-arrival times. Here 

it is used to model the direct arrival times. The distributions for the 5, 10,20, and 30 meter 

locations for Building A and Building B are shown in Figures 4.15 and 4.16 respectively. 

Table 4.4 gives the parameters for the distributions and also shows the high confidence level 

for the fits. The Pparameter controls the spread of the distribution (see Equation (1 -38)). 

From Table 4.4 it is apparent that the spread of the distribution increases with increasing 

distance for both buildings. This also resuIts in the CDF's becoming more flattened as the 

distance increases. This is because as the distance increases, the first arrivals have less 

power relative to later arrivals which is a phenomenon of path loss. This reduction in 

dynamic range results in an apparent spreading of the arrival times since more of the distant 

scatterers are within the 30 dB cutoff (relative to the peak power). The distant scatterers are 

still present at smaller antenna separations but they do not show up in the models because at 

small distances the dynamic range is greater and so the arrival times associated with those 

scatterers are below the 30 dB threshold. The allowable threshold could be increased to 

include these scatterers but this would introduce some negative results. Namely, the model 

order would increase but the error performance would not improve. Also, more data would 



be excluded since the dynamic range of much of the 20 & 30 meter data in Building A is 

around 30 dB. Since little improvement in error performance is gained by increasing the 

threshold, the 30 dB criterion remains sufficient for modelling purposes. 

0 0.1 0.2 0.3 0.4 0.5 

Arrival Time, T~ , in ps 

Figure 4.15 : The CDFs showing the distribution of Arrival Times, z, , of the 
multipath components for Building A. 
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Figure 4.16: The CDFs showing the distribution of Amval Times, z, , of the 
multipath components for Building B. 

of Empirical Data and Theoretical Fits are Given in Figures 4.1 5 and 
4.16. 

BuiIding A 
5 meter 

10 meter 

20 meter 

30 meter 

Building B 

5 meter 

10 meter 

20 meter 
30 meter 

Table 4.4: Weibull Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the Arrival Times, r, , for Building A and Building B. CDF's 

Confidence level 

0.76 

0.9 1 

0.97 

0.95 

0.78 

0.96 

0.98 

0.99 

a 

63.823 

64.534 

65.595 

45.335 

55.673 

79.459 

108.63 

129.57 

P 

1.669 

1.963 

2.349 

2.585 

1.644 

2.025 

2.604 

3.087 

K-S 

0.1216 

0.1018 

0.0904 

0.0952 

0.1194 

0.0873 

0.0849 

0.0787 



4.5.2.1 Distribution of Global Inter-Arrival Times 

The inter-arrival time sequence is of interest when looking for trends in the 

probability of a multipath component arriving within a certain time of another multipath 

component. The inter-arrival time sequence in other reports has usually been done with 

discrete fixed time intervals [Hash79, Hash93b, Suzu77, Turi72, Sale871 to model the 

probability of occupancy of a component arriving in a sample bin. Some reports [Yega89, 

Yega91, Lau~-941 have used continuous density hc t ions  on fixed time data. Other 

modelling efforts [Rappgl] have ignored inter-arrival times. The AR model does not 

constrain the data to arrive at fixed time intervals and so a discrete density fhction is not 

appropriate. 

The inter-arrival time also gives some measure of the effective resolution of the 

modelling technique. The 6 dB Fourier resolution for the modelled data using a Hamming 

window is calculated as 1.8 1/(1291 MHz - 908.5 MHz) = 4.7 ns. The resolution using a 

Minimum 3-term Blackman-Harris window is 6.0 ns. The fi-equency histogram in Figure 

4.17 shows the distribution of inter-arrivals from 0 to 10 ns for Building A. It is plainly seen 

that the AR model can resolve components with spacings of only 0.5 ns. This is an artificial 

resolution limit because modelling technique actually places a lower limit on this sequence of 

0.5 ns (see Section 4.3.2). Never the less, it is clear that the AR model is a super-resolution 

estimator. The resolved components with super resolution inter-arrival times are primarily 

the strongest components. This is because, as previously stated, the AR estimator is sensitive 

to noise and its resolution is greatly affected by it. Marple [Marp77] has shown that the 

resolution of the AR spectral estimator is approximately, 



f o r p p 1 0 ,  where 7 is the SNR of a single multipath component. The resolution of 

the Fourier estimator is, 

where N is the number of samples of the data (there is no dependence on the SNR). The 

resolutions are compared by the following relationship: 

where a value of ygreater than 1 indicates a superior resolution for the AR estimator. If a 

model order of 30 is assumed (the mean of the I0 meter data for both buildings) then, 

For the two spectral estimators to have the same resolution, the S N R  need to be, 

10Log,,q = -62.2 + 32.2Logl,N (4.29) 

Therefore, since the N = 256, the SNR of a single multipath component would need to be 

greater than 15 dB. Obviously, many of the early aniving multipath components would 

possess this SNR but the later arriving compoilents would not since it is known that the 

magnitude of the channel impulse response decays with time. This also provides an 

explanation as to why the model performance is always better at shorter antenna separations 

(see Table 4.2); as the antenna separation is increased, the SNR decreases due to path loss, 

and the model performance degrades. 



The frequency distribution of Figure 4.17 is an approximate Normal distribution with 

a mode around 5 ns. That there are inter-arrival times greater than the expected Fourier 

resolution is not interpreted as inferior resolution as much as the fact that that is the actual 

inter-anival time between two components. It can be inferred however, that at most of the 

inter-arrivals have better resolution than that of the Fourier estimator. 

The distribution for the inter-arrival times for both buildings is fitted to a theoretical 

Normal distribution. The CDF's of both fits are shown in Figure 4.18 and the parameters and 

goodness-of-fit criteria are given in Table 4.5. The inter-arrivals are definitely not related to 

building environment as the distributions fiom both buildings show an excellent fit to the 

same theoretical distribution. 

0.5 2 3.5 5 6.5 8 9.5 
Inter-Arrival Time in ns 

Figure 4.17: Histogram showing the frequency of Inter-Arrival Times in the region of 
0 to 10 ns for all locations in Building A. 
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Figure 4.18: CDF's of Inter-Anival Times in the region of 0 to 10 ns for all locations 
in Building A and Building B. 

4.5.3 Distribution of Magnitudes 

Building A 

Building B 

The distribution of the magnitude of the multipath components, the a, ' s  , has been 

investigated by many researchers. A tutorial review of the indoor channel by Hashemi 

Table 4.5: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the Inter-Arrival Times for Building A and Building B. CDF's 
of Empirical Data and Theoretical Fits are Given in Figure 4.18. 

[Hash93a] states that there is overwhelming empirical justification for the use of the 

K-S 
0.0705 

0.0690 

Confidence level 
0.99 

0.99 

Lognormal distribution to model the magnitudes of multipath components. In the work of 

[Yegagl], it was demonstrated that the Lognormal distribution gave a good fit to the 

o 
2.107 

2.041 

P 
5.020 

5.031 



amplitude sequence for both LOS and OBS channels. It was also concluded that when more 

than 25 dB of dynamic range was available, a single distribution could model both LOS and 

OBS channels. h this work, no attempt has been made to separate the LOS and OBS 

channels since a more general model is desirable. The work of Rappaport [Rappg 11 on the 

same channels as reported in [Yegagl] confirms the use of the Lognormal model. Given the 

previous research on modelling this type of data, a Lognormal distribution is optimally fitted 

to the la, 'sl and the results are presented here. 

In order to model the rnultipath component magnitude distributions, the la, 'sl must 

be grouped into a range of times since, unlike previous reports of other researchers, the t,'s 

do not occur on uniform sample bins but, instead, are arbitrary. The idea is to model the 

magnitudes across all modelled measurements for a small time interval. This way, a model 

that chooses the arrival times randomly fiom the Weibull distribution (Section 4.5.2), can 

have the magnitudes assigned by choosing them &om the Lognormal distribution for the 

appropriate time interval. The results of fitting the log magnitude sequence to a normal 

distribution for the 20 meter locations of Building A are shown in Figure 4.14 and the 

corresponding parameter and goodness-of-fit information is given in Table 4.6. The same is 

presented for the 10 meter locations of Building B in Figure 4.20 and Table 4.7. The time 

intervals were chosen to be 20 ns for the first 100 ns fiom the first arrivaIs, 25 ns for the next 

100 ns , and 50 ns for the remaining times up to the excess delay. Tables 4.6 and 4.7 only 

contain information for the time intervals that are graphically displayed in Figures 4.19 and 

4.20 respectively. The optimal fit parameters and goodness-of-fit criteria for time intervals 

not shown as well as all other locations in Buildings A and B are given in Appendix E. 
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Figure 4.19: Global CDFs of the signal magnitude at various time delays for the 20 
meter locations in Building A (see Table 4.6). The discrete symbols are 
the empirical data and the solid lines are theoretical Lognormal 
distributions. 

Time Interval 

Table 4.6: Parameters of the Lognormal CDF's of Figure 4.19 for the Various Time 
Slots Shown. Also Given are the Goodness-of-Fit Criteria; the 
Confidence Level and the K-S Critical Value. 

Confidence level I 1  l K - S I  
20 meter 
65-85 
85-105 

0.76 
0.66 

7.789 
5.082 

-80.418 
-80.525 

0.1219 
0.1328 
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Figure 4.20: Global CDFs of the signal magnitude at various time delays for the 10 
meter locations in Building B (see Table 4.7). The discrete symbols are 
the empirical data and the solid lines are theoretical Lognormal 
distributions. 

Table 4.7: Parameters of the Lognormal CDF's of Figure 4.20 for the Various Time 
SIots Shown. Also Given are the Goodness-of-Fit Criteria; the 
Confidence Level and the K-S Critical Value. 

P 

-66.3 19 
-68.743 
-72.558 
-76.576 
-80.524 
-83.954 
-88.018 
-91.596 

o 

6.867 
4.559 
4.629 
4.477 
4.08 1 
4.033 
3.697 
2.984 

Time Interval 
(in ns) 

10 meter 
30-50 
50-70 
70-90 

90-1 10 
110-130 
130-155 
155-1 80 
180-205 

K-S 

0.0942 
0.1032 
0.1120 
0.1 123 
0.1 1 16 
0.0904 
0.0921 
0.0970 

Confidence level 

0.95 
0.9 1 
0.84 
0.84 
0.85 
0.97 
0.96 
0.94 



The data here and in Appendix E show a high confidence level for the fit of a 

Lognormal distribution for the la,'sl. It is also clear that the distributions are dependent on 

the time interval. The mean values of the distributions decrease with increasing time which 

is expected since the impulse response estimate decays with time. The standard deviation 

also decreases with time. This is explained by the fact that the later time arrivals are 

generally more similar as they are "weaker" that the early arrivals. The increased standard 

deviation for the initial time intervals are larger because both LOS and OBS channels are 

grouped together and hence there is a greater variability in the magnitudes. 

Since there was no normalization with respect to time (e.g., using time intervals with 

respect to the first arrival as was done in [Has93b]) or magnitude (e-g., magnitudes with 

respect to the strongest components as was done in [Hash93b]), then implicit in the 

distribution parameters are the real delays values for the different antenna separations and the 

actual path loss of the respective time intervals. Also, the average rate of decay for the 

different antenna separations for both buildings is contained within the data since it is simply 

extracted as the mean of the distributions. It is observed fiom the tables in Appendix E that, 

in general, the magnitude sequence decays by approximately 30 dB in the first 200 ns for all 

antenna separations for both building environments. 

4.5.4 Distribution of Phase 

For reasons stated in Section 1.2, the expected distribution of the phase of the 

rnultipath components, the La, 's  , is Uniform. Presented here is simply the empirical 

verification of the expected result. Figure 4.21 shows a histogram of the frequency of the 

phase for all locations in Building A and Figure 4.22 gives the same for all locations in 



Building B. It is plainly seen that the La, 's are Uniformly distributed on an interval . 

Figure 4.22 shows more components overall than Figure 4.21. This is due to the fact that 

there was more statistically independent data with a 30 dB dynamic range available from 

Building B than there was fkom Building A. 
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Figure 4.21: Histogram showing a Uniform distribution for the Phase of the 
Multipath Components for all locations in Building A. 
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Figure 4.22: Histogram showing a Uniform Distribution for the Phase of the 
Multipath Components for all locations in Building B. 



CHAPTER FIVE 

Minimum-Norm Modelling 

5.1 Model Technique and Assumptions 

The Minimum-Norm (MN) technique is a super resolution estimator that, much like 

the AR estimator, results in only the arbitrary delay estimates of the spectrum of the channel 

frequency response. Therefore, the MN estimator also belongs to the class of arbitrary delay 

peak extractors. It also assumes more information than the Wiener-Khinchin theorem of 

(1.28) so it is aparametric estimator. Because the MN estimator results in an autoregressive 

polynomial as the output vector, much of the discussion given in Chapter 4 also applies. 

Therefore, after a brief introduction to the theory, the modelling results will be presented 

with little discussion. 

The MN technique is based on the singular-value decomposition (SVD) of a data 

matrix of the observed signal that consists of sinusoidal components compted by additive 

white noise. Therefore this class of estimator is well suited to the model presented in 

Equation (4.6). A complete description of the MN technique is found in [Hayk92] but the 

essential material is presented here. 

There is no unique method of formulating the data matrix so for the purposes of the 

modelling reported here, the data matrix configuration as given in [Hayk92, pg. 4501 is used. 

This data matrix, A, is given in Equation 5.1 and is a Forward-Backward representation of 

the frequency response of the measured channel. 



4 0 )  * * *  x(M-I) x(M) 
forward half 

x(N-M+1) x ( N - 2 )  x (N-1)  

A = !  

x*(M) .-• x* (1) 

% backward half 

x'(N-1) a-• x*(N-M+2) x*(N-M+1) 

where N is the length of the data record and M +I is the length of a transversal filter whose 

A 

tap weights represent some estimated AR coefficient vector, 8 , whose roots are the spectral 

delays. The optimal length of M was found in [Tuft821 to be 3N/4 so the data matrix A is 

underdetermined by a factor of 3/4. Consequently the data matrix has no unique solution, so 

a parameter vector is found where the Euclidean nonn is minimum; hence, the name of the 

method. A similar technique was used in [MorrgZa] to compare arrival times to those of a 

Fourier estimator. 

Although various estimation methods based on eigendecomposition (Pisarenko, 

MUSIC, ESPRIT) are available, the Minimum-norm solution was used because it has been 

shown to have slightly higher resolving ability [Hayk92] although other estimators like 

MUSIC have a smoother spectrum. Also, in [Hayk92) it is shown that the MN estimator is 

the optimal AR estimator in the presence of infinite SNR. 

Discussion of the different methods is lengthy and is left to the references EKay88, 

Wayk921. However, the underlying principles are similar and are briefly stated here. 

Singular value decomposition of the observed data matrix separates the principal 

eigenvectors into two orthogonal sets. One vector set, V, =[vl, . . . , vp] (of orderp - the 

minimum order required forp complex sinusoids), spans the signal plus noise subspace, 

while the other vector set, VN =[vp+,, . . . , vM+]], spans the noise subspace. There is then a 



multiplicity of minimum singular values, oP+, , up+, , - -  -, o,+, , in the noise subspace that 

makes it easier to identify the larger singular values, o,, 02, - a, crp, attributed to the signal 

subspace. The determination ofp  may be difficult if the noise level is near that of the signal. 

However, when a clear separation of the signal plus noise eigenvalues fiom the noise 

eigenvalues is available, the model order is determined as the number of eigenvector in the 

vector V,. 

To find the Minimum-norm solution [Hayk92, Tuft821, the matrix is partitioned as 

follows: 

where g: is a row vector consisting of the first elements of Y, and the matrix G, has the 

remaining elements. The AR coefficient vector, 6 ,  is calculated by (5.3). 

The solution of 8 can also be expressed in terms of the elements of VN and can be found in 

the references [Hayk92]. 

The MN modelling procedure can now be summarized as follows: 

1) Set up the data matrix A using Equation (5. I )  

2) Compute the p largest singular values, ol, 02, - ., crp , using SVD and identify 

the eigenvectors v,, . . . , v, that constitute the matrix V, . 
3) Partition the matrix in accordance with Equation (5.2) 

4) Determine the AR parameter vector 6 by solving (5.3). 

5) Factorize 8 to obtain the s's and use Equation (4.19) to find the delays 7, . 



6 )  Substitute the estimated 7, values into Equation (4.18) and solve for the 

unknown ak 's. 

7) Using (4.7) calculate the reconstructed frequency response and compare this 

to the original measured fiequency response using the error criterion given by 

(1.3 1) to determine the success or failure of the model. 

It should be noted that the MN technique is computationally heavy because of the 

large order AR polynomial that must be factorized (step 5 above). The evaluation of 

Equation (5.3) results in an AR polynomial of order 3N/4. Using the data handling 

procedures of Section 4.3.2, a channel fiequency response of 256 samples that is modelled 

with the MN technique will result in an AR polynomial of 3(256)/4 = 192. The 191 roots of 

this polynomial will have delays associated with both the signal and the noise. Therefore, if 

the optimal model order is 50, then 141 of the delays will be extraneous. 

5.2 Model Order Determination 

As mentioned in Section 5.1, the model order, p, is equal to the number of eigen 

vectors in the eigen matrix h. The difficulty arises in determining the number of eigen 

vectors that belong to versus those that belong in VN . The method reported here is based 

on the principle that there is a one-to-one correspondence between the ratio of the maximum 

singular value and the singular values associated with the noise to that of the ratio between 

the maximum value of the spectral estimate and the spectral noise floor. The singular values 

are arranged in descending order so that o, is the maximum singular value and a,,, is the 

minimum singular value. The model order, p, is the number associated with o, that is 

determined by 



where laMa/ is the maximum magnitude of the Fourier spectral estimate and la,,oisel is noise 

cutoff magnitude (Section 1.4.2). For modelling purposes, a 30 dB cutoff is used. In other 

words, op is equal to that a which is 30 dB below a, . 

Since, like the AR estimator in Chapter 4, there will be a two pass approach in using 

Equation (4.18), it is a good idea to slightly over model and include some of the noise 

subspace in the matrix V, . Any 7,'s associated with the noise will be suppressed by the 

solution of (4.18) and then eliminated in the second pass. 

5.3 Model Verification 

5.3.1 Reference Channel 

The PSD resulting from the AR polynomial of the Reference Channel is shown in 

Figure 5.1. There is no attempt by the MN technique to obtain magnitude infomation. This, 

of course, is not a problem as only the delay information is required. 

The results fiom modelling the Reference Channel with an SNR of 10 dB are given in 

Table 5.1. Even in the presence of noise, the MN estimator provides and excellent fit to the 

known data. The results in Table 5.1 demonstrate that the complex amplitudes, the q ' s ,  

were correctly resolved. This is not too surprising since the MN technique is optimal for the 

data that was modelled (i.e., sinusoidal components in additive white noise). Clearly, the 

MN technique provides a good candidate model that can be used to model real data. 
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Figure 5.1: The PSD estimate of the Reference Channel. The AR polynomial was 
derived from Minimum Norm modelling 

I Reference Channel 

Table 5.1 : Results &om Modelling the Reference Channel with the Minimum Norm 
Technique. 

SNR = 10 dB 

5.3.2 Measured Channels 

Time (in ns) 
77 

The two candidate measurements of Section 4.3.2 will be modelled in this section by 

the MN technique. The channels are FB05 17 measurement 54 (a LOS channel) and FA3002 

measurement 12 (an OBS channel). 

The model order is chosen based on the singular value criterion described in Section 

5.2. A plot of the singular values versus model order is given in Figure 5.2. For comparison, 
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the singular values have been normalized with respect to the first singular value. This does 

not affect mode order determination since only the ratio (Equation (5.4)) is of interest. 

- - -  - - - _ _ _  

- - - - -  FA3002 - 30 meter 
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Figure 5.2: Singular Values versus Model Order on a dB scale. 

The difficulty in separating the signal plus noise singular values fiom the noise 

singular values is evident. The singular values do "flatten out" indicating the multiplicity of 

singular values associated with noise but the regions of flatness are allied with high model 

orders. Furthermore, the larger dynamic range of the 5 meter data means that the noise floor 

is further away (in tenns of minimum model order) then that of the 30 meter data. This 

problem is corrected by using a 30 dB limit for the model order. As previously discussed, 

the 30 dB ratio for singular values corresponds to 30 dB of dynamic range in the spectral 

estimate. Therefore, fiom Figure 5.2, the model order for the 5 meter channel is 21 and the 

model order for the 30 meter channel is 48. 

The specific details of the MN model technique are similar to those described in 

Section 4. f for the AR technique where handling the AR polynomial is concerned (e.g., the 



same procedures for eliminating extraneous delays using apriori information and using a two 

pass approach to solving Equation (4.18)). The data is not filtered however but for 

computational considerations, the data is reduced by decimating the fiequency response by a 

factor of 3. This means that the modelled frequency response has now been sampled at 1.5 

MHz instead of 0.5 MHz. The operation of decimation folds the noise of the spectral 

estimate into the signal subspace but the robust noise properties of the MN estimator is not 

affected by this. 

There are other practical considerations as well. The minimum allowable delay 

separation was set to 0.5 ns. This was required because the MN estimator left unchecked 

would give estimates with spectral line splitting. When this occurred, it was found that the 

line splitting resulted in minimum delays that were less than 0.1 ns so a threshold of 0.5 ns 

was sufficient to avoid this problem. The model order was initially set slightly higher than 

the 30 cU3 order estimate. This heuristic technique worked well as any extraneous delays 

introduced by this procedure were filtered out by the solution of Equation (4.18). Finally, the 

apriori information about the maximum excess delay was followed closely. It was found 

that the inclusion of unrealistic delay times (i.e., times well beyond the excess delay) 

occasiona~ly gave spectral estimates strong multipath components at large delays. The result 

being large errors between the modelled and measured fkequency responses. 

The fiequency response magnitude results of modelling the 5 meter and 30 meter 

candidate channels are shown in Figures 5.3 and 5.4 respectively. The differential phase of 

the fiequency response for the 30 meter channel is given in Figure 5.5. 

The MN technique appears to perform well. The RMS error for the 5 meter data is 

similar to that of the AR estimator. The model orders are similar as well indicating that both 



models do well with the 5 meter data. However, comparison between Figures 4.4 and 5.3 

shows that the shape (variations between the peaks and nulls) of the frequency response 

magnitude is better modelled by the MN estimator. Indeed, nulls and broad peaks occur at 

the same frequencies but the scaling is slightly different. In Figure 4.4 some of the peaks and 

nulls are missing but the scaling is closer. 

The MN estimator showed exceptional performance when modelling the noisy 30 

meter data. In fact, the RMS enor is only 0.13 which is better than that of the 5 meter data. 

It should be kept in mind that these results are not genera1 and represent a one-off indication. 

Still, the MN estimator does out perfonn the AR estimator when the SNR is poor even 

though both estimators used a similar model order. 
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Figure 5.3: Plot of the measured and modelled fie uency response for FB05 17 
(location 54) fiom MN modelling. J ( 4  = 0.28 andp = 24. 
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Figure 5.4: Plot of the measured and modelled fiequency response for FA3002 
(location 12) from MN modelling. ~(8) = 0.13 and p = 49. 
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Figure 5.5: Plot of the measured and modelled differential phase of the fi-equency 
response for FB3002 (1ocationl2) fkom MN modelling. 



5.4 Statistical Error Distribution from MN Modelling 

In this section the RMS error (Equation (1.3 1)) from MN statistical modelling is 

examined. As previously discussed, the theoretical distribution that the error is drawn fiom 

is not important. What is of interest is mean value of the errors and their CDF's. The CDF 

provides infomation that the mean cannot. Specifically, the CDF gives the probability of the 

model performing below a certain error (the abscissa). 

The errors are fit to a theoretical Normal distribution. Although this distribution is 

acceptable, the errors are more closely related to a Weibull distribution because of the heavy 

weighting near the Iower error values but as stated, this is not important. The CDF's of the 

RMS errors for Building A and Building B are shown in Figures 5.6 and 5.7 respectively. 

Table 5.2 gives the associated parameters. 

It is immediately obvious that the RMS error from the MN technique is not strongly 

related to antenna separation. The mean and standard deviation of the errors are similar for 

all distances and in both building environments. In Section 4.4 it was seen that the RMS 

errors resulting fiom AR modelling were related to distance due to decreasing SNR. The 

robustness of the MN technique to noise is evident since the decrease in SNR due to 

increasing antenna separation did not have a detrimental effect on the model performance. 

Furthennore, the average magnitudes of the errors are smaller than those derived fiom the 

AR technique. In fact, all the average errors from the MN technique are smaller than the 

smallest average error fiom the AR technique irrespective of antenna separation. Clearly, the 

MN technique has superior error performance to that of the AR method. 



+ 30 meter 

0 0.1 0.2 0.3 0.4 0.5 

RMS Error, J (8) 

Figure 5.6: The CDF's of the RMS error resulting from MN modelling the Building 
A database. 
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Figure 5.7: The CDF's of the RMS error resulting fiom MN modelling the Building 
B database. 
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Table 5.2: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the RMS Error Sequence for Building A and Building B. 
CDF's of Empirical Data and Theoretical Fits are Given in Figures 5.6 
and 5.7. 

0.86 1 0.096 ( 0.190 1 0.1010 

5.5 Statistical Characterization of Model Parameters 

5.5.1 Distribution of the Model Order 

The MN model order, p, is directly identical to the number of multipath components 

for a given measurement. Therefore, as mentioned in Section 4.5.1, the distribution of the 

model order is also the distribution of the number of resolvable multipath components. It is 

expected that the model order should be normally distributed because the multipath 

components are a result of randomly placed scatterers within the indoor environment (see 

Section 1.2). The number of scatterers can range from a few for LOS topographies to many 

for heavy OBS topographies. 

The distributions of model order versus distance for Building A is shown in Figure 

5.8 and the distributions for Building B are given in Figure 5.9. Table 5.3 gives the 



parameters for the distributions of Figures 5.8 and 5.9 as well as the goodness-of-fit criterion 

which shows a very high confidence level on the fit to a normal distribution. Examination of 

the data shows, as expected, that there is a clear dependence between the number of 

multipath components and distance. This is because as the transmitter-receiver separation 

increases, so does the probability that transmitted signal will be obstructed and reflected off 

of more objects. In all cases the model order increases with increasing distance. It is also 

noted that the MN model orders are higher than that given by the AR technique but the 

accuracy of the MN technique is much better. This implies that the accuracy of a modelling 

technique is dependent on the model order. This is generally true because if a modelling 

technique can resolve more of the fine detail scatterers (or more large scale scatterers for that 

matter), the corresponding channel reconstruction will improve. 

The variability between the two office environments is evident fiom the model order 

data. Building A, which has much more variability than Building B, requires a mean model 

order at 30 meter antenna separation that is more than double that of the mean model order 

required for 5 meter separation. Also, with the exception of the 5 meter data, all of the mean 

model orders in Building A are greater than that of Building B. However, even though the 

mean model order of Building B at 5 meters is greater than that of Building A, the standard 

deviation of Building A is greater meaning more variability at that separation than Building 

B. 

The standard deviations around the mean for all antenna separations of Building B are 

very similar so the environment is similar at all distances. This is not the case for Building A 

which has comparable standard deviations to those of Building B for the 5 and 10 meter 

distances but has much larger standard deviations at the 20 and 30 meter separations. The 



large standard deviations means that the effects of heavy clutter or obstructions in OBS 

channels versus the LOS channels are more pronounced. 

5 meter + 

f--. 30 meter 
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Figure 5.8: The CDF's showing the distribution of Model Order, p, for Building A. 
Distribution parameters are given in Table 5.3. 
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Figure 5.9: The CDF's showing the distribution of Model Order, p, for Building B. 
Distribution parameters are given in Table 5.3. 
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Table 5.3: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
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5.5.2 Distribution of Arrival Times 

In this section the distributions for the MN modelled arrival times are given. As in 

Section 4.5.2, the Weibull distribution is used to fit the empirical data. A fi-equency 

histogram for the arrival times, z, , for the 20 meter location in Building B shown in Figure 

5.10. It is interesting to note that in this case the anival times between 75 ns and 185 ns have 

a nearly uniform distribution. This distribution then tails off as the arrival times increase 

giving an overall distribution that is Weibull. The interpretation of this is simply that there is 

a broad area of time after the first arrival that multipath components can arrive with equal 

frequency (this does not imply that they have equal power however). In other words, there 

appears to be as many scatterers within say 5 ns of the transmitting antenna as there are 

within more than 100 ns. 

The distributions for the 5, 10,20, and 30 meter locations for Building A and 

Building B are shown in Figures 5.1 1 and 5.12 respectively. Table 5.4 gives the parameters 

for the distributions and also shows the high confidence level for the fits. The 30 dB excess 

delays for both buildings appear to be roughly grouped by antenna separation. In Figure 5.1, 

the separation of the mean anival times is similar between the 10,20, and 30 meter locations 

but overall, the largest gap between the CDF's appears between the 10 and 20 meter Iocation. 

A similar effect is observed for Building B in Figure 5.12. This is simply a loose observation 

that the 20 and 30 meter data have more in common with each other than they do with either 

the 5 meter or 10 meter data. Conversely, the same observation holds for the 5 and 10 meter 

data. This approximate grouping is also evidenced by the a parameters of the theoretical 

fits which show approximate groupings for the 5 and 10 meter data and approximate 

groupings for the 20 and 30 meter data. The grouping is more pronounced in Building A. 



The ,O parameter controls the spread of the distribution (see Equation (1.38)). From Table 

5.4, as expected (see Section 4.5.2), the spread of the distributions increase with increasing 

distance for both buildings. 
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Figure 5.10: Histogram showing the fkequency of Arrival Times, z, , for all the 20 
meter locations in Building B 
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Figure 5.1 1 : The CDF's showing the distribution of Arrival Times, z, , of the 
multipath components for Building A. 
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Figure 5.12: The CDF's showing the distribution of Arrival Times, z, , of the 
multipath components for Building B. 
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Table 5.4: Weibull Distribution Parameters and Goodness-of-Fit Criterion for the 
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5.5.2.1 Distribution of Global Inter-Arrival Times 

The inter-arrival sequence was discussed in Section 4.5.2.1 and is used to determine 

the probability of a multipath component arriving within a certain time of another multipath 

component. It also gives a measure of the effective resolution of the modelling technique. 

Figure 5.13 shows a firequency histogram of the global inter-arrival times in the region of 0 

ns to 10 ns for Building B. The mode of the distribution is around 3.5 ns which is superior to 

the that of the Fourier estimator and is also better than that of the AR estimator (see Section 

4.5.2.1). Both the AR and MN estimators have artificial minimum time resolutions of 0.5 ns 

implying the ability to resolve multipath components with that minimum inter-arrival time. 

However, the MN estimator's mode is 1.5 ns smaller than the AR estimator meaning the MN 

estimator can resolve finer multipath structure for the same measured channel than that of the 

AR estimator. The AR estimator is not as robust at lower SNR (see Section 4.5.2.1) and the 



inter-arrival distribution of Figure 5.13 is a confirmation of that assertion. The ability of the 

MN estimator to resolve finer multipath structure is the principle reason for the improved 

error performance of the technique. It is also why the model orders are higher since finer 

resolving capability results in the illumination of more scatterers. 

The distribution of the global inter-arrival times for both buildings is fitted to a 

theoretical Normal distribution. The CDF's of both fits are shown in Figure 5.14 and the 

parameters and goodness-of-fit criteria are given in Table 5.5. The inter-axrivals are not 

related to building environment because the distributions from both buildings show a good fit 

to the same theoretical distribution. The Normal distribution cannot be an exact fit because 

the lower limit is artificial. Also there are a small number of inter-arrival times beyond 10 ns 

that occur due to scatterers at larger time delays. None the less, the Normal distribution 

provides a usehi model for global inter-arrival times. 
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Figure 5.13: Histogram showing the frequency of Inter-Arrival Times in the region of 
0 ns to 10 ns for all locations in Building B. 
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Figure 5.14: CDF's of Inter-Anival Times on the region of 0 ns to 10 ns for all 
locations in Building A and Building B. 
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Table 5.5: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 

CDF's of the Inter-Arrival Time Estimates for Building A and Building 
B. CDF's of Empirical Data and Theoretical Fits are Given in Figure 
5.14. 
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5.5.3 Distribution of Magnitudes 

As discussed in Section 4.5.3 the distribution of the magnitude of the multipath 

components, the a,' s, has been investigated by many and there is extensive empirical 

justification for the use of the Lognormal distribution to model the magnitudes of multipath 

components. The log magnitudes of the multipath components are grouped into a range of 

times and then fit to a theoretical Normal distribution. In this way, a model that chooses the 

arrival times randomly from the Weibull distribution of Section 5.5.2, can have the Log 

magnitudes assigned by choosing them from the Normal distribution for the appropriate time 

interval. 

The results of fitting the log magnitude sequence to a normal distribution for the 5 

meter locations of Building A are shown in Figure 5.15 and the corresponding parameter and 

goodness-of-fit information is given in Table 5.6. The same is presented for the 30 meter 

locations of Building B in Figure 5.16 and Table 5.7. The time intervals were chosen to be 

20 ns for the first 100 ns from the first arrivals, 25 ns for the next 100 ns , and 50 ns for the 

remaining times up to the excess delay. Tables 5.6 and 5.7 only contain information for the 

time intervals that are graphically displayed in Figures 5.15 and 5.16 respectively. The 

optimal fit parameters and goodness-of-fit criteria for time intervals not shown as well as all 

other locations in Buildings A and B are given in Appendix F. 

The data here and in Appendix F demonstrate a high confidence level for the fit of a 

Lognormal distribution for the la,'sl . It is also clear that the distributions are dependent on 

the time interval. The mean value of the distributions decreases with increasing time, which 

is expected since the impulse response estimate decays with time. The standard deviation 



also decreases with time. As explained in Section 4.5.3, the later time arrivals are generally 

more similar as they are "weaker" than the early arrivals. The increased standard deviation 

for the initial time intervals are larger because both LOS and OBS channel are grouped 

together and hence there is greater variability in the magnitudes. 

There is no normalization with respect to time or magnitude, so the distribution 

parameters are the real delays values for the different antenna separations and the actual path 

loss of the respective time intervals. Also, the average rate of decay for the different antenna 

separations for both buildings is contained within the data since it is simply extracted as the 

mean of the distributions. It is observed from the tables in Appendix F that, in general, the 

magnitude sequence decays by approximately 30 dB in the first 200 ns for all antenna 

separations in both building environments. 



- 100 -90 -80 -70 -60 -5 0 -40 
Magnitude, I ak I, in dB 

Figure 5.15: Global CDFs of the Signal Magnitude at Various Time Delays for the 5 
Meter Locations in Building A (see Table 5.6). The Discrete Symbols 
are the Empirical Data and the Solid Lines are Theoretical Lognormal 
Distributions. 
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20-40 
40-60 
60-80 

cr 
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P 
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-63.871 
-68.202 ---. 
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170-1 95 

Table 5.6: Parameters of the Lognormal CDF's of Figure 5.15 for the Various Time 
Slots Shown. Also Given are the Goodness-of-Fit Criteria; the 
Confidence Level and the K-S Critical Value. 
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0.0923 
0.0936 
0.1 167 
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0.98 
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0.8 1 
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4.1 14 
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4.822 
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Figure 5.1 6: Global CDFs of the signal magnitude at various time delays for the 30 
meter locations in Building B (see Table 5.7). The discrete symbols are 
the empirical data and the solid lines are theoretical Lognormal 
distributions. 

Time Interval Confidence level I IK-V 
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180-200 
200-225 

0.9 1 
0.95 
0.95 

225-250 
250-275 
275-300 

5.650 
5.241 
4.984 

Table 5.7: Parameters of the Lognormal CDF's of Figure 5.16 for the Various Time 
Slots Shown. Also Given are the Goodness-of-Fit Criteria; the 
Confidence Level and the K-S Critical Value. 
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5.5.4 Distribution of Phase 

For reasons stated in Section 1.2, the expected distribution of the phase of the 

multipath components, the L a k l s  , is Uniform. Presented here is simply the empirical 

verification of the expected result. The results are similar to those shown in Section 4.5.4. 

Figure 5.17 shows a histogram of the frequency of the phase for all locations in Building A 

and Figure 5.18 gives the same for all locations in Building B. It is plainly seen that the 

L r r , ' s  are Uniformly distributed on the interval [0,2z) . 
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Figure 5.17: Histogram showing a Uniform distribution for the Phase of the 
Multipalh Components for all locations in Building A. 
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Figure 5.18: Histogram showing a Uniform distribution for the Phase of the 
MuItipath Components for all locations in Building B. 



CHAPTER SIX 

Peak Extraction Modelling 

6.1 Model Technique and Assumptions 

The Peak Extractor (PE) method is widely used by many researchers [Turi72, Susu77, 

Hash79, Sale87, Yega91, Rapp91, Gane91, Hash93bI and is the preferred model to 

implement. The reason for this is because it is easy to understand and simple to implement. 

There is no mathematical basis for the PE model. Instead, the underlying fundamentals are 

simply that of observation. Given an impulse response estimate of the channel (whether by 

direct measurement or by Fourier transform of the frequency response), the idea is to "look" 

for peaks in the profile and extract only that information. This, of course, throws away any 

information that is not a peak. It is also undesirable to include peaks due to noise so some 

threshold is applied and all information below that threshold is discarded. This technique is 

consistent with the model of Equation (1.7) since it explicitly models peaks as a sum of Dirac 

deltas at different .r,'s. The technique dates back to the early 1970's when Turin [Turi72] 

characterized the Urban radio channel with real measurements. The measurements were 

stored on what are now archaic computer cards and later processed. The computing power 

and availability at that time would not have been sufficient for the more modern techniques 

like the AR and MN presented in Chapter 4 and Chapter 5. However, the PE model has 

persisted to the present day. 

When using the PE technique, real measurements are required in some form. The 

measurements are either sampled at uniform time intervals, called "bins", or at uniform 



frequency intervals (then the uniform time interval impulse response estimate is derived fiom 

a Fourier transform). The resolution of the measurement system determines the size of the 

sample interval. The smaller the sampling interval, the finer the resolution and the greater 

the "peak" resolving power will be. Obviously, greater peak resolving ability is important to 

be able to see as many peaks as possible. Herein lie two fimdarnental problems; 1) the PE 

method assumes that all multipath components arrive in a sampled time bin and 2) there is 

only one multipath component per bin. These assumptions of course are unrealistic so the 

resulting model is, at best, an approximation of the channel. It is accepted that there can be 

more than one multipath component per bin (see Section 1.2) but the measurement can only 

see one. There are also issues with requiring the multipath components to arrive on uniform 

sample bins. When a multipath component anives exactly on a sample bin time, it's 

magnitude and phase can be extracted precisely. However, when it does not arrive at the 

exact sampling time, some of its energy is spread across to other sample bins as sidelobes. 

This is seen in Figure 6.1 which shows the magnitude of Fourier impulse response estimate 

fkom a 900 MHz to 1300 MHz frequency response that was created from two simulated 

multipath components. This type of channel is commonly referred to as a two-ray channel. 

The two rnultipath components were both given a magnitude of 1.0 and random phase. The 

arrival times are 28 ns and 150 ns. The bandwidth of the simulated frequency response gives 

a sampling interval in the time domain of 5 ns (see Section 2.1). Using the PE technique, the 

multipath component at 150 ns is extracted exactly as it is a multiple of 5 ns. The multipath 

component at 28 ns would be extracted at 30 ns with the incorrect magnitude and phase and 

the sidelobe information would be discarded due to thresholding. The channel reconstruction 



(i.e., the calculated frequency response) from the extracted peaks would be erroneous 

because the magnitude and phase of the first multipath component is inaccurate. 

0 50 100 150 200 
Time in ns 

Figure 6.1 : Sampled two-ray channel derived from the Fourier transform of a 
simulated fkequency response. 

One other consideration for the PE technique is that real measurements usually 

involve some type of band-limiting filter on the input of the measurement apparatus. In the 

case of stepped frequency measurements, the input filter is narrowband (see chapter 2) and 

the wideband frequency response is made up of a series of narrowband responses at 

individual fi-equencies. The band-limiting filter is then applied in post processing. As 

discussed in Chapter Two, a Hamming window (or filter) is used throughout this report but 

any filter could be used. In a time domain measurement system, the input band-limiting filter 

is part of the overall system and is included in the measured data. This means that the 



acquired impulse response estimate, h"(t) , is comprised of the input filter's impulse response, 

h, ( t )  , convolved with the channel's impulse response, h(t) . This is given in Equation (6.1): 

In the frequency domain, the acquired fi-equency response estimate, &o),  is comprised of 

the input filter's frequency response, H ,  (o) , multiplied with the channel's fiequency 

response, H(w)  . This is given in Equation (6.2): 

k ( w )  = H,(w)X(o) (6-2) 

It is easy to see that a greater choice of filters are available for frequency domain data since 

they are applied in post processing and are not part of the measurement system as is the case 

of the time domain data. 

The PE technique is sensitive to the type of input filter used. An example of this is 

shown in Figures 6.2 and 6.3. In 6.2 a Hamming filter was applied in post processing to 

measurement FA0509 location 3 (this is equivalent to using a Hamming fiIter as the input 

band-limiting filter on a time domain system) and the impulse response estimate was 

calculated. The same measurement is shown in Figure 6.3 except that in this case, a 3rd order 

Chebychev was applied before determining the impulse response estimate. Observation (the 

fundamental of the PE technique) of the two impulse response estimates reveals significant 

differences between the magnitudes and locations of the peaks. Indeed, a non-peak location 

at approximately 50 ns in Figure 6.2 is a peak location in Figure 6.3 yet the impulse response 

estimates were derived from the same channel measurement. Much of the differences can be 

attributed to the roll-off characteristics of the different filters as the effective bandwidth of 

the original measurement and hence, the resolution in the time domain, is altered. This 



simply points out that the PE technique will produce different models for the same channel 

depending on the input filter of the measurement system (time domain) or the filter applied in 

post processing (fkequency domain). 

In light of this section's preceding discussion, it is impractical to refer to the Peak 

Extractor as a mathematical model but it can still be designated as a modelling technique. 

The technique then results in a faed delay peak extractor that makes no assumptions other 

than the validity of the Weiner-Kiinchin theorem. Therefore the resulting model is also 

classified as nonpararnetric. 
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Time in ns 

Figure 6.2: Impulse response estimate of measurement fiom FA0509 location 3 as 
seen through a Hamming filter. 
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Figure 6.3: Impulse response estimate of measurement fiom FA0509 location 3 as 
seen through a 3" order Chebychev filter. 

6.2 Model Order Determination 

Model order determination is straightforward. The order of the model is the number 

of observable peaks above a certain threshold of the impulse response estimate. Figure 6.4 

graphically depicts the modelling technique. The impulse response estimate fiom 

measurement FB3018 location 22 was observed. It was observed that 19 peak locations exist 

above a 30 dB threshold (the threshold is 30 dB down from the maximum amplitude). 

Therefore the model order is 19. The resulting model, consistent with Equation (1.7) is 

shown in Figure 6.5. It is clearly seen that any information above the cutoff that is not a peak 

is discarded. 
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Figure 6.4: Impulse response estimate fi-om measurement FB3018 location 22. 
Figure depicts peak location above a 30 dB cutoff. Model order is 
(1 9 peaks observed). 
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Figure 6.5: Impulse response model of measurement FB3018 location 22 resulting 
fkom the Peak Extraction technique. 



6.3 Model Verification 

6.3.1 Reference Channel 

The PE technique is applied to the Reference Channel. It is expected beforehand that 

the PE technique will fail. This is because the non-parametric PE technique has no 

knowledge beyond the Weiner-Kinchin theorem and consequently, its resolution is Fourier 

limited. The Reference Channel has a bandwidth of 200 MHz so the time resolution is 5 ns. 

The first two components of the Reference Channel are separated by only 2 ns so the PE 

technique, which assumes only one arrival per bin, will see only a single multipath 

component that is the combined result of the two actual multipath components. This is 

plainly demonstrated in Figure 6.6 which is the impulse response estimate of the Reference 

Channel that is derived by taking the inverse Fourier transform of the Reference Channels 

frequency response. The PE technique erroneously models the channel with only two peaks. 

It is seen from Figure 6.6 that the first peak is broader than the second. This is due to two 

reasons. First, the initial peak really contains two components which expands the peak while 

the second peak contains only a single component. Second, sidelobes are present in the first 

peak because the arrival times (77 ns and 79 ns) of the actual components are not exactly on 

an integer sample bin where as the second peak has no sidelobes because it is at an integer 

sample bin location (1 00 ns). 

Using the model derived from the PE technique, the frequency response is calculated 

and compared to the known fi-equency response. The results are shown in Figure 6.7 where it 

is seen that the modelled channel does not represent the known channel. The RMS error, 

~ ( d ) ,  is quite large at 1.41 which is not unexpected since the model order is incorrect. 
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Figure 6.6: Impulse response estimate of the Reference Channel. Estimate obtained 
by taking the inverse Fourier transform of the Reference Channel's 
simulated fiequency response. 
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Figure 6.7: Comparison of the simulated fiequency response and the modelled 
fiequency response derived fiom the PE technique. The RMS error, 
~ ( d ) ,  is 1.41. 



6.3.2 Measured Channels 

Results fiom the previous section suggest that the PE model will fail for measured 

data as well. The results of modelling the 5 meter candidate channel with the PE technique 

are shown in Figure 6.8. 

- - - - -  Modelled 

Figure 6.8: Plot of the measured and modelled fiequency response of FB05 17 
(location 54) fiorn PE modelling. ~ ( 6 )  = 1.02 and the model order is 14. 

-100 

The modelled result depicted in Figure 6.8 was actually rescaled to compensate for 
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the processing loss associated with the Hamming window (see Section 2.2.2.2). This 
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processing loss merely results in an additional 4 or 5 dB path loss across the frequency band. 

The rescaling was necessary in order to overlay the model on the measurement for 

comparison and to reduce ~(6). It is seen that the resulting model produces a frequency 

response that does not represent the actual measured channel very well. The RMS error, 



~ ( b ) ,  is 1.02 and the model order is 14. The high RMS error can be viewed as a direct result 

of the low model order. The model order is low because the PE technique is limited to the 

Fourier resolution. The result of modelling the 30 meter candidate channel is shown in 

Figure 6.9 where similarly poor results are reported: the model order is 3 1 and ~ ( d ) =  1.36 . 

- - - - -  Modelled 

Figure 6.9: Plot of the measured and modelled fkequency response of FA3002 
(location 12) from PE modelling. ~ ( 8 )  = 1.36 and the model order is 3 1. 
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The PE models performance is clearly inferior to either the AR or MN models. In 
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fact, despite its wide spread use, it can be argued that the PE technique does not really model 
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the channel at all. The problems with this technique are obvious but the main responsibility 

for the dismal performance lies in the fact that the model order is unrealistically low. 

Although low order models are always desirable, they are not to be pursued at the expense of 

throwing away information! 



Some improvement to the PE technique can be made however. Although not reported 

in the literature, an alternate PE technique called the Modzfied Peak Extractor (MPE) is 

presented here. The MPE technique, like the PE technique still does not have any 

mathematical basis (it is still based on observation) but improvement is gained through an 

optimized fit of the model parameters. By adopting the philosophy of the AR and MN 

techniques, the MPE uses only the extracted 7,'s and recovers the associated magnitude and 

phase information by invoking Equation (4.18). Using this technique, the model order 

remains the same because the process of observation has not changed. Since the inodel order 

is stilI unrealistically low, even the optimized results (the new magnitude and phase) will still 

end in a model with poor performance. 

The results of modelling the 5 meter and 30 meter reference channels are shown in 

Figures 6.10 and 6.1 1. The order of the models have not changed but ~ ( 8 )  has been 

improved to 0.80 and 0.74 for the 5 meter and 30 meter data respectively. This is still 

inferior to that of the AR and MN techniques and much of the channel information is missing 

but the MPE does offer a better peak extraction method than the its PE ancestor. 
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Figure 6.10: Plot of the measured and modelled fkequency response of FB05 17 
(location 54) fiorn PE modelling. ~ ( d )  = 0.80 and the model order is 14. 
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Figure 6.1 1 : Plot of the measured and modelled fkequency response of FA3002 
(location 12) f?om MPE modelling. ~ ( 8 )  = 0.74 and the model order is 
31. 



6.4 Statistical Error Distribution from PE Modelling 

It was seen in Section 6.3.2 that there was a marked improvement in error 

performance when using the MPE method over the traditional PE method. In this section a 

more carefilly considered study is accomplished. As with previous modelling techniques, 

the error distribution is fitted to a theoretical Normal distribution. In this way, the minimum, 

maximum, and mean error is exposed for each of the four antenna separation for both 

buildings. In order to preserve space only results from Building B are shown graphically but 

the tabular results for the goodness-of-fit criterion and distribution parameters are given for 

both buildings. The CDF's of the RMS errors for Building B fiom modelling with the PE 

and MPE techniques are shown in Figures 6.12 and 6.13 respectively. 

It is demonstrated in the figures and tables of this section that the MPE technique is 

clearly superior to the PE technique although both methods are inferior to the AR and MN 

techniques. Tables 6.1 and 6.2 show a significant improvement in error is achieved by the 

MPE technique. The mean errors for the PE technique are approximately 1.4 even though an 

attempt was made to normalize the maximum error to 1.0 (see Section 1.4.6.1). The mean 

errors for the MPE technique, at approximately 0.7, are close to one half the mean errors of 

the PE technique. Also, the maximum errors for the MPE CDF's are in the order of the 

minimum errors of the PE CDF's. The error sequence for both the PE and MPE techniques 

shows very little relationship to antenna separation. This is not surprising as both techniques 

are based on observation and the same observational threshold was applied to all 

measurements. One final comment, the minimum errors from the MPE technique are of the 

same order as the mean-to-maximum errors for the AR and MN techniques. This seems to 

imply that in a small number of cases, the MPE technique works as well as the AR and MN 



methods. This is not a correct implication because the comparison is based on applying the 

best case performance of the MPE techniques to the average-to-worst case performance of 

the AR and MN models. In reality, even though the MPE method is highly improved over its 

PE predecessor, it still performs poorly. Consequently, the PE method (and to a lesser 

extent, the MPE method) exhibits an entirely defective performance. 
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Figure 6.12: The CDF's of the RMS error sequence resulting from PE modelling for 
the Building B database. 
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Figure 6.13: The CDF's of the RMS error sequence resulting from MPE modelling 
for the Building B database. 

Building B (PE) 

5 meter 

10 meter 

20 meter 

30 meter 

Building B (MPE) 
5 meter 

10 meter 

20 meter 

30 meter 
Table 6.1 : Normal Distribution Parameters and Goodness-of-Fit Criterion for the 

CDF's of the RMS Error Sequence for Building B from Modelling with 
the PE and MPE Methods. CDF's of Empirical Data and Theoretical 
Fits are Given in Figures 6.12 and 6.13. 
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0.081 

P 
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0.0977 



1 20 meter I 0.94 1 0.186 1 1.395 1 0.0970 1 

Building A (PE) 
5 meter 

10 meter 

30 meter 

I I I I 

20 meter I 0.92 1 0.119 1 0.722 1 0.1009 

Confidence level 

0.42 

0.91 

Building A (MPE) 
5 meter 

10 meter 

I 

I 30 meter 0.90 1 0.080 ( 0.753 1 0.1040 

P 

1.386 

1.453 

t~ 

0.187 

0.175 

0.83 

Table 6.2: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the RMS Error Sequence for Building A fkom Modelling with 
the PE and W E  Methods. 

K-S 

0.1600 

0.1026 

0.92 

0.92 

6.5 Statistical Characterization of Model Parameters 

0.144 

Before proceeding with the statistical characterization of the model parameters, a few 

comments are in order. In this chapter two modelling methods, namely, the PE and MPE, are 

presented. This leads to a doubling in some of the parameters reported (much like the 

doubling of the error sequence report of the previous section). Although there are two 

methods to report, only a few of the parameters have changed. What have not changed are 

the model order, arrival time sequence, and inter-arrival time sequence. Since only the 

complex magnitudes are different between the PE and MPE methods, the only parameters 

that have dual reporting are the magnitude sequence and the phase sequence. 

0.122 

0.111 

1.446 0.1143 

0.704 

0.742 

0.1004 

0.1014 



6.5.1 Distribution of Model Order 

As usual, the model order is based i,n the number of resolvable peaks (multipath 

components). I t  is expected that the model order will increase with antenna separation 

because the number of obstructions will increase. It is also expected that due to the random 

nature of the placements of the obstructions, the model order will have a normal distribution. 

The distributions of model order versus distance for Building A is shown in Figure 

6.14 and the distributions for Building B are given in Figure 6.15. The associated parameters 

are given in Table 6.3 that show a good fit to the normal distribution. It is observed that the 

model order is indeed dependent on the antenna separation and that for larger separations, the 

model order of Building A is slightly higher than that of Building B. It is also noted that the 

model orders are considerably lower than the model order estimates for AR and MN 

modelling. The low order is a result of the inferior resolution of the PE and MPE techniques, 

which results in the poor error performance shown in Section 6.4. The standard deviation of 

the model order is larger, for the 20 and 30 meter separations, for Building A than Building 

B. This is simply a restatement of the increased variability in the environment of Building A. 
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Figure 6.14: The CDF's showing the distribution of model order for the PE and MPE 
methods for Building A. 
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Figure 6.15: The CDF's showing the distribution of model order for the PE and MPE 
methods for Building B. 



6-52 Distribution of Arrival Times 

The distribution of the arrival time sequence for the PE and MPE techniques is given 

in this section. The approach is similar to that of Sections 4.5.2 and 5.5.2 in that a Weibull 

distribution is used but it should be noted that other candidate distributions could be used. 

For example in [Rappgl] a Poisson distribution was used to describe the arrival time 

sequence for a fixed delay model and in [Hashgfb] a modified Poisson distribution was used. 

Both distributions are useful for this type of data (i.e., discrete, fixed delay) but the Weibull 

distribution is selected as it allows for direct comparison to other models reported in this 

work. It is understood that the arrival times f?om the PE and MPE methods are not arbitrary 

though as in the AR and MN techniques. 
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30 meter 

Building B 
5 meter 

10 meter 

20 meter 

30 meter 

Table 6.3: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the Model Order Estimates from PE and MPE Modelling for 
Building A and Building B. CDF's of Empirical Data and Theoretical 
Fits are Given in Figures 6.14 and 6.15. 
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The distributions for the 5, 10,20, and 30 meter antenna separations for Building A 

and Building B are shown in Figures 6.16 and 6.17 respectively. Table 6.4 gives the 

associated parameters for the distributions and the goodness-of-fit criterion. The goodness- 

of-fit tests indicate a high level of confidence for the fits. As in the AR and MN models, it is 

seen fi-om Table 6.4 that the spread of the distribution, the ,B parameter, increases with 

distance. A comparison of Table 5.4 showing the Arrival Time parameters fiom MN 

modelling and Table 6.4 show a general agreement in the distribution sequence. The fits are 

not exactly the same but the general trends in the parameters are similar. This suggests that 

even though the PE and MPE methods have poor error performance, the arrival time 

sequence is consistent with better models. 
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Figure 6.16: The CDF's showing the distribution of Arrival Times, z, , of the 
multipath components from PE and MPE techniques for Building A. 
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Figure 6.17: The CDF's showing the distribution of Arrival Times, z, , of the 
multipath components fkom PE and MPE techniques for Building B. 
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Building B 
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Table 6.4: Weibull Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the Arrival Time Estimates for Building A and Building B. 
CDF's of Empirical Data and Theoretical Fits are Given in Figures 6.16 
and 6.17. 
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6.5.2.1 Distribution of GIobal Inter-Arrival Times 

In Section 4.5.2.1 and 5.5.2.1 the global inter-arrival sequence was examined to 

determine the resolution capabilities of the modelling method. This is not strictly required 

for the PE and MPE methods since the inter-arrival time are at fixed delays. The original 

frequency data has a bandwidth of 400 MHz that translates into a time domain resolution of 

2.5 ns. However, for reasons discussed in Section 2.2.2, a Hamming window is applied 

before taking the Fourier transform that results in a loss of resolution. The actual 6 dB 

resolution is 2.5 ns * 1.81 which equals about 4.5 ns. Since the time domain sampling 

interval is in 2.5 ns bins, it is expected that the best resolution is 5 ns. 

Figure 6.18 shows the frequency histogram of the global inter-arrival times in the 

region of 0 ns to 10 ns for Building A. The histogram for Building B is nearly identical and 

is therefore not shown here. The histogram of Figure 6.18 is on the same scale as those 

shown in Figures 4.17 and 5.13 but is not continuous because the arrival times are not 

arbitrary so times between the sample bins are not allowed. However, some comparisons can 

be made. It is seen that the minimum inter-arrival time is indeed 5 ns and that the mode of 

the distribution is 7.5 ns. This is significantly larger than the 5 ns mode of the AR model and 

more than double the 3.5 ns mode of the M N  model. The inferior resolution of the PE and 

MPE technique is manifestly confirmed. 
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Figure 6.18: Histogram showing the f'requency of Inter-Arrival Times in the region of 
0 ns to 10 ns resulting fiom PE and MPE modelling for Building A. 

6.5.3 Distribution of Magnitudes 

As discussed in Section 4.5.3 and 5.5.3 the distribution of the magnitude of the 

multipath components, the a, 's , has been investigated by many and there is extensive 

empirical justification for using the Lognormal distribution to model the magnitudes of the 

multipath components. The log magnitudes of the multipath components are grouped into a 

range of times and then fit to a theoretical Normal distribution. The grouping of data into 

time ranges is slightly different for fixed delay models fiom the grouping procedure of the 

arbitrary delay models. With arbitrary time delays models it is possible to have multipath 

components within some arbitrary time of the interval boundary. This is not the case for 

fixed time delay models because they have known (or fixed) delay intervals. From Section 

6.5.2.1 it is known that the minimum time interval for the PE and MPE models are 5 ns. 



Therefore, the boundaries of the time ranges will be separated by 5 ns. This time interval 

grouping is apparent in Tables 6.5 and 6.6 as well as Appendix G. 

The results of fitting the log magnitude sequence to a nonnal distribution for the 5 

meter locations of Building A for both the PE and MPE model are shown in Figures 6.19 and 

6.20. The corresponding parameter and goodness-of-fit information is given in Tables 6.5 

and 6.6 which contain only the information for the time intervals that are graphically 

displayed in Figures 6.19 and 6.20 respectively. The optimal fit parameters and goodness-of- 

fit criteria for time intervals not shown as well as all other locations in Buildings A and B are 

given in Appendix G. The reason to show only the 5 meter data from Building A is to allow 

comparison between the PE and W E  techniques as well as that of the MN technique given 

in Section 5.5.3 (although the appendices would serve this purpose well for all data). The 

immediate comparison between the PE and MPE model is that the mean values of the 

distribution are different in that the MPE has mean values that are approximately 4 dB higher 

at all time intervals. This would imply that the correction imposed by the MPE method is to 

simply increase the amplitudes of the PE method. This is not correct because the models 

derived from the PE technique were increased in magnitude by 4 dB in an attempt to reduce 

the error, ~ ( 4 ) .  The MPE method actually corrects both the magnitude and phase of the 

multipath components. Furthermore, comparison of Tables 6.5 and 6.6 show that the 

standard deviations of the distributions are dissimilar after 55 ns fiom the first arrival. A 

close examination of the tables contained in Appendix G show that both the magnitude and 

standard deviations for identical data are different between the PE and MPE technique 

(compare Table G.4 and Table G.8 for example). 



The data here and in Appendix G demonstrate a high confidence level for the fit of a 

Lognormal distribution for the la, 'sl with the exception of the 5 meter and 10 meter data of 

Building B fiom the PE technique. There is no explanation for the poor fits in these areas 

other than that the PE technique itself is a dysfunctional modelling technique. Further 

investigation might be warranted if it were not for the fact that the PE method does not 

provide a desirable model anyway. 

The distributions are dependent on the time interval. The mean value of the 

distributions decreases with increasing time, which is expected since the impulse response 

estimate decays with time. But, unlike the AR and MN models, the standard deviations do 

not show a general decrease with increasing time. As explained in Section 4.5.3, the later 

time arrivals are generally more similar as they are "weaker" than the early arrivals. The 

increased standard deviation for the initial time intervals are larger because both LOS and 

OBS channel are grouped together and hence there is greater variability in the magnitudes. 

The standard deviations of the PE and MPE magnitude distributions are generally more 

similar at all time intervals. It is likely that this is due to the decreased resolution of the 

model that would "lump sum" many multipath components into a single bin thereby giving 

greater variability at all time intervals. 

Finally, there is no normalization with respect to time or magnitude so the distribution 

parameters are the real delay values for the different antenna separations and the actual path 

loss of the respective time intervals. Also, the average rate of decay for the different antenna 

separations for both buildings is contained within the data since it is simply extracted as the 

mean of the distributions. It is observed fiom the tables in Appendix G that, in general, the 



magnitude sequence decays by approximately 30 dB in the first 200 ns for all antenna 

separations in both building environments. 
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Figure 6.19: Global CDFs of the signal magnitude at various time delays from PE 
modelling for the 5 meter locations in Building A (see Table 6.5). The 
discrete symbols are the empirical data and the solid lines are theoretical 
Lognormal distributions. 

Slots Shown. Also Given are the Goodness-of-Fit Criteria; the 
Confidence Level and the K-S Critical Value. 
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Table 6.5: Parameters of the Lognormal CDF's of Figure 6.19 for the Various Time 
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Figure 6.20: Global CDFs of the signal magnitude at various time delays from MPE 
modelling for the 5 meter locations in Building A (see Table 6.6). The 
discrete symbols are the empirical data and the solid lines are theoretical 
Lognormal distributions. 
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Table 6.6: Parameters of the Lognormal CDF's of Figure 6.20 for the Various Time 
Slots Shown. Also Given are the Goodness-of-Fit Criteria; the 
Confidence Level and the K-S Critical Value. 
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6.5.4 Distribution of Phase 

The phase from both the PE and MPE techniques is expected to be Uniformly 

distributed. The empirical verification is shown in Figures 6.2 1 and 6.22 which respectively 

show the phase sequence distribution for both the PE and MPE techniques for Building A. 

Results fkom Building I3 demonstrate the same relationship. It is interesting to note that 

although the PE phase sequence was altered by the MPE technique, its distribution was not. 

This is not surprising since for reasons stated in Section 1.2, the phase sequence is always 

expected to be Uniformly distributed on the interval [0,2n). 

-180 -120 -60 0 60 120 180 
Phase, Lak , in Degrees 

Figure 6.2 1 : A Uniform distribution for the Phase of the multipath components 
derived from the PE technique for Building A. 
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Figure 6.22: A Uniform distribution for the Phase of the multipath components 
derived fiom the MPE technique for Building A. 



CHAPTER SEVEN 

Digital Filter Modelling 

7.1 Model Technique and Assumptions 

The Digital Filter (DF) model is closely related to the PE and MPE models of Chapter 

Six. The purpose of this method is to provide fd delay model that has a better 

representation of the channel than the PE or MPE models. The DF model, unlike PE 

methods, does not look for peaks exclusively. It was discussed in chapter six that the PE 

technique throws away any information in the impulse response estimate that is not a peak. 

The DF technique makes no assumption about what or where a peak is. It uses all 

information within a sample bin to construct the model. In this way, infonnation that is part 

of the channel characteristics is not discarded simply because it does not confom to the 

definition of a peak. The channel still is represented as a linear filter with equispaced tap 

delays whose weights represent the infonnation in a sample bin of the impulse response 

estimate. This definition does confom to the channel model of Equation (1.7) but in this 

case the a, 's represent the amplitudes (real or complex) of the sample bin regardless of 

whether that bin contains a peak, the sum of several peaks, peak sidelobes, or no peaks. 

Digital filters are usually used to provide a flat frequency response in some band of 

interest and suppress frequencies outside the band. They can also be used to match a 

frequency band characteristic as is done in channel equalization. Typically they are not used 

in the context of modelling as presented here. Exceptions to this are found in [Smit83] where 

a digital filter was used to model a violin and in [Schog 1 ] where a more general theory for 



fiequency response modelling by digital filter matching is presented. A closely related topic 

to that presented here is found in [Fatt93] where the channel frequency response is matched 

to an MP FIR filter by zero placement. The resulting filter is phase corrected and channel 

equalization is performed. 

The general form of a linear time invariant filter is given by the difference equation in 

(7.1) where x(n) is the filter input and y(n) is the filter output. The b k ' s  and ak's are the filter 

tap weights. The order of the filter is the larger of ?zb or n, 

The filter transfer function, NF(m), which is extended by a bulk delay term is then given by 

& = I  

The filter bulk delay e-juQ is equivalent to the group delay of the measured 

fiequency response and is used to lower the filter order. 

In the context of modelling the measured channel frequency response with a filter 

given by (7. I), x(n) is the transmitted signal and y(n) is the received signal. Since the 

received signal, y(n), is not dependent on past values of itself (i.e., there is no feedback in the 

channel), the a k ' s  for k>O are all zero. The filter transfer function, HF(w), given in (7.2) is 

then reduced to that given in (7.3): 



This special case of the general filter transfer function has the form of a FIR filter 

whose tap weights are the filter impulse response as given by (7.4): 

b,, O l  n l (M -1) 
0, otherwise 

A carehl inspection of (7.3) and (1.7) show the equations to be the same when is zero, the 

arbitrary zk is replaced by a sampled value k, N=Ml and b,=a,. Consequently, the channel 

model given in (1.7) can be represented as a FIR filter with either arbitrary tap spacing as in 

the AR and Minimum-norm solutions or with uniform tap spacing as with the least squares 

filter design method that will be presented shortly. Since a FIR fiIter represents the channel, 

the following generalization is made: 

If, 

IT,(@)= x(D), OS@ _<z (7-5) 

then, 

R(t), o s n 5 (M -1) (7.6) 

where - denotes sampled. Accordingly, if a FIR filter has the same frequency response as 

the channel, then the filter impulse response will represent the sampled channel impulse 

response. 

The solution of the filter tap weights, bk, is given with a slight modification to (4.18). 

First, the zls in the delay matrix are chosen at uniform sample intervals. The sample interval 

for results presented later is 1/2B (1.25 ns) or I/B (2.5 ns) where B is equal to 400 MHz. 

Second, each term in the frequency response vector is multipIied through by the bulk delay 

term, e-jmrb , and each term in the delay matrix is multiplied through by the bulk delay 



conjugate, eiarb . Finally, the amplitude vector now contains the filter tap weights, bk. This 

modified version of (4.18) is shown in (7.7) and is solved by least squares: 

An equivalent method for FIR filter design found in [Srnit83] is known as the 

Equation Error Method which finds the filter tap weights from a matrix inversion of three 

correlation hctions.  This method is used in the context of system identification and is not 

discussed here. 

An important distinction between the complex parameters of the AR and Minimurn- 

norm methods and the filter tap weights, the bk 's, is that under the conditions of ( 7 3 ,  the 

filter tap weights are real. This is because the filter design makes use of the symmetry 

between and HF*(-w) . In other words, if the filter was evaluated over the whole unit 

circle (on the interval 0 I w I 2n), HF (4 would be generated on the interval 0 I w I n , 

and H/(-w) would be generated on the interval n S w i 2x. Accordingly, if 

H,(u) = H(CU), o 5 w s 27~ (7.8) 

then the filter tap weights, the bk's, are complex. 

One statement can quickly sum up the preceding discussion: Since the channel is 

often represented as a digital filter, a digital filter that represents the channel makes a good 

model. The mathematical technique that is used to derive the digital filter makes no 

assumptions other than the validity of the Weiner-Kinchin theorem (implied in (7.3)). 

Therefore, the DF model, like the PE and MPE models is classified as nonparametric. 



7.2 Model Order Determination 

The model order, M, is determined in a two-pass process similar to the constrained 

least squares amplitude estimation for the AR and MN techniques. Initially, a Fourier 

estimator is used to determine the valid range of the impulse response estimate. This range is 

that which encompasses all information above a 30 dB threshold. This threshold is shown in 

Figure 6.4 for measurement FB3018. The ideal model order would be equal to the number of 

sample bins that contain information above this cutoff (not just the sample bins with peaks in 

them as shown in Figure 6.4). It should be noted that the number of sample bins before the 

first bin with significant information is used to determine the bulk delay time z,. Ignoring 

the bulk delay time (.t,=O) does not affect the model order except that the resulting filter 

would have a different phase delay than the modelled channel. Since phase is often ignored, 

the different delay is of no consequence. 

7.3 Model Verification 

7.3.1 Reference Channel 

In Section 6.3.2 it was seen that a non-parametric estimator (the PE and MPE 

methods) failed due to Fourier resolution and the discarding of information that is not a peak. 

The non-parametric DF method's resolution is also Fourier limited but all available 

information is used. The Reference Channel has two peaks that are smaller than the Fourier 

interval but it will be seen that the DF method does not need to make the distinction because 

all the significant information is preserved thereby resulting in a successfbI model. 



Since the DF model can be represented by both real and complex tap weights, the 

Reference channel model is constructed by both methods. First the complex model is 

examined in Section 7.3. I. 1 and then the real model in Section 7.3.1.2 

7.3.1 .I The Complex Filter 

The complex filter corresponds to Equation (7.8). This means that &(@)is evaluated 

on the interval of 0 I w r 2n. Figure 7.2 shows the simulated frequency response of the 

Reference Channel versus its modelled fi-equency response that was derived fiom a complex 

filter. It is obvious that the DF technique produces excellent results in matching the channel 

fiequency response. Indeed, the RMS error, ~ ( d ) ,  is only 0.087. This gives the best fit of all 

the models presented so far but the modelling assumptions are quite different. The DF 

technique is not apeak extractor like the AR, MN, and PE techniques. This fact is obvious 

when observing the complex filter tap weights (or channel impulse response estimate). This 

is shown in Figure 7.1 where it is seen that nearly every bin has information. The 

information consists of both peaks and sidelobe response. Each component is complex but 

the phase components are not shown since they are random (see Section 1.2). The dominant 

sidelobes are present because this model was created from a Reference Channel fiequency 

response that was not windowed. It is interesting to note that the impulse component at 100 

ns is estimated correctly and this is for the same reasons that it was estimated correctly in the 

PE and MPE method, namely, the sample time falls exactIy on a sample bin. The impulse 

components at 77 and 79 ns are not resolved and since they fall on time intervals that are not 

integer sample intervals, leakage (or Gibbs phenomenon) is present. However, the model 

uses all the information to reconstruct and accurate representation of the frequency response 



of the channel and therefore, by the fundamental Fourier theory, an accurate representation 

of the impulse response as well. 

The problem with not windowing the data before modelling is that the model order 

becomes increasingly high. The model order for the results in Figures 7.1 and 7.2 is 42 

complex taps. This can be significantly improved by windowing. Theses results are shown 

in Figures 7.3 and 7.4. 

Figure 7.4 shows the windowed Reference Channel fi-equency response and the 

modelled frequency response from a complex filter derived by the same technique. The 

model order has been decreased to just 7 and the fit of the fi-equency response is still 

excellent with the RMS error, ~ ( d ) ,  equal to 0.027. The error has actually decreased but that 

is a result of the data being of smaller value towards the windows edges. The error is 

actually in the same order of magnitude especially when compared to the other techniques 

presented in earlier chapters. Figure 7.3 shows the effect on the channel impulse response 

estimate that results £?om windowing the fiequency response. The side lobes have been 

removed. The filter tap weights look different but that is because they have now been 

convolved with the window's sinc function. The fact that the modelled response is 

windowed is of no concern since the window function is known and can be deconvolved out 

of the time estimate or divided out of the frequency estimate. 

Since the DF technique does not explicitly extract peaks in the time domain, what 

information does it extract to form the channel representation? That answer is shown in 

Figure 7.5 which shows the roots of the filter taps. The closer the root magnitude is to the 

unit circle, the deeper the null in the frequency domain. The root location (the angle), r, , 

corresponds to a specific frequency of the channel fiequency response. Therefore, if a root is 



close to the unit circle, it would be expected that a null of some magnitude exists in the 

frequency response that corresponds to the root location. Since the complex filter is 

evaluated on the interval 0 5 m < 27r, the unit circle corresponds to frequencies fiom 900 

MHz to 1100 MHz. The angle of the root then determines the fkequency by the following 

relationship: 

where f is in MHz and re is in degrees. 

Figure 7.5 graphically shows five dominant roots from the 7" order model and Table 

7.1 gives their numerical magnitudes and fkequency locations that were derived fkom 

Equation (7.9). Since there are roots whose magnitudes are larger than I, the DF model is 

not minimum phase. The two most dominant roots correspond to fiequency locations at 

930.5 MHz and 1004.7 MHz. Observation of Figure 7.2 confirms the existence of two 

dominant nulls in those locations. Table 7.1 shows the fkequency locations of three weaker 

nulls that again, are observed in Figure 7.2. 

From the preceding discussion it is clear that the DF technique models the channel 

well and that the resulting model is a null extractor. 
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Figure 7.1: Complex filter tap weights, h,(n), that represent the channel impulse 
response estimate of the Reference Channel. The filter frequency 
response is shown as the Modelled response in Figure 7.2. 
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Figure 7.2: Comparison of the simulated fiequency response and the modelled 
fiequency response of the reference channel. Model is derived fiom the 
complex-tap DF technique. The RMS error, ~( i ) ,  is 0.087 and M=42. 



Figure 7.3: Comparison of the simulated frequency response and the modelled 
fkequency response of the windowed reference channel. Model is 
derived from the complex-tap DF technique. The RMS error, ~ ( d ) ,  is 
0.027. 
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Figure 7.4: Complex filter tap weights, h,(n), that represent the channel impulse 
response estimate of Figure 7.3. 
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Figure 7.5: The Roots of the complexfilter tap weights, h,(n). The plot 
demonstrates that the DF method results in null extraction in the 
fiequency domain. Compare with the null locations depicted in Figure 
7.3. 

Root Magnitude 

1.022 

1.169 

1.008 

Magnitudes Closest to the Unit Circle and their Associated Frequencies. 
The Complex Filter was Derived from the Windowed Reference 
Channel. 

Root Angle in MHz 

930.5 

967.4 

1004.7 

I 0.781 1098.7 

Table 7.1 : Table of the Five Complex Filter Roots (see Figure 7.5) with 



7.3.1.2 The Real Filter 

This section is almost identical to the preceding section except that the real filter 

ftequency response is restricted to the interval 0 I w I n . The filter tap weights do not have 

phase information and take on both positive and negative values. Because the real filter 

makes use of information fkom both HF(w) and H,G*(-w), the filter taps correspond to a 

sampling interval of 1.25 ns (2.5ns / 2). The result fkom modeling the windowed Reference 

Channel frequency response is given in Figures 7.6 and 7.7. 

Figure 7.6 shows the filter tap weights that result in a 14th order model. Evaluating 

this filter in the interval of 0 I w I n results in the modelled firequency response shown in 

Figure 7.7. The RMS error, ~ ( 8 ) ~  is 0.025 which is similar to the complex case. 

Figure 7.8 and Table 7.2 show the root information. The equation to calculate the 

frequency locations based on the root location is similar to Equation (7.9) and is given in 

(7.10). 

where f is in MHz and r, is in degrees. 

The symmetry between H'(w) and HHF-W) is shown in Figure 7.8. The root 

locations on the interval of 0 I w I n are reflected by the root locations on the interval 

n I w I 0 . There is nothing new about the real DF model as it is simply the real 

representation of a complex filter. It does look like the real filter requires a higher order but 

since it has no phase component, the order is really the same as the complex case. 



Figure 7.6: Real filter tap weights that represent the channel impulse response 
estimate of the windowed Reference Channel. The filter fiequency 
response is shown as the Modelled response in Figure 7.7. 
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Figure 7.7: Comparison of the simulated frequency response and the modelled 
fiequency response of the windowed reference channel. Model is 
derived fkorn the real-tap DF technique. The RMS error, ~(i), is 0.025. 



1004.7 MHz 

Figure 7.8: The roots of the real filter tap weights, h,(n). The plot demonstrates 
that the DF method results in null extraction in the frequency domain. 
Compare with the null locations depicted in Figure 7.7. 

Root Magnitude 

1.014 

1.079 

1.005 

0.935 

0.912 

Root Angle in MHz 

930.5 

967.4 

1004.7 

1048.0 

1091.5 

Table 7.2: Table of the Five Real Filter Roots (see Figure 7.8) with Magnitudes 
Closest to the Unit Circle and their Associated Frequencies. The Real 
Filter was Derived firom the Windowed Reference Channel. 



7.3.2 Measured Channels 

The DF technique is applied to the two candidate channels. The results of modeling 

the 5 meter channel are shown in Figures 7.9 and 7.11. Figure 7.9 depicts the magnitude of 

the complex filter tap weights. There are 39 taps so the model order is 39. The profile is 

typical for a LOS channel. Evaluating this fiIter gives the modelled frequency response 

depicted in Figure 7.1 1. As in the simulated case, the measured data is modelled 

exceptionally well by the complex DF technique. The RMS error, .I@), is only 0.044. The 

real technique was also applied to the same data, The filter taps weights are given in Figure 

7.10. The real filter results in a model order of 73 and although not shown, the modelled 

frequency response has an RMS error, ~ ( d ) ,  of 0.042. The profile of filter tap weights 

depicted in Figure 7.9 is very similar in its decay to that of Figure 7.10. The only difference 

is that the filter of Figure 7.10 has both negative and positive weights whereas the filter of 

Figure 7.9 has random phase components. 

A 391h order model implies that there are 38 nulls in the modelled response and 

therefore 38 nulls in the measured response. There may be more nulls but the model is only 

catching those that are significant as well as some very weak nulls. The kequency response 

magnitude in Figure 7.11 indicates that there might be 28 or so significant nulls and the rest 

are too small to notice by observation. 

The DF technique was applied to the much noisier OBS 30m candidate channel. The 

results are given in Figures 7.12, 7.13 and 7.14. In 7.12, the 88 complex filter tap weights 

are shown. The higher model order is expected for two reasons. One, there are more 

reflectors between the transmitting and receiving antennas and although the DF model does 

not extract peaks, the peak information is still there. Two, there are significantly more nulls 



in the 30m data (expected from Section 3.6.1) and accordingly, a higher order filter is 

required. Figure 7.13 shows the fit to the frequency response. Again there is excellent 

correlation between the model and the measured result. The RMS error, ~ ( 6 ) ~  is 0.070 for 

the complex filter and 0.078 for the real filter. The real filter order is 147. It would be 

expected to be approximately double that of the complex filter but the difference is explained 

by the cutoff threshold. There are many weak tap weights in the tail of the 30m filter that are 

barely captured in the complex algorithm but are missed in the real algorithm. Depending on 

the data, numerical rounding issues can also account for some discrepancies. Since the RMS 

errors are similar, both model algorithms are perform well and the model orders are actually 

similar (note that the error increased slightly with the real model order). 

The differential phase response of the measured and modelled frequency response for 

the 30m data is given in Figure 7.14. Since the IRMS error is so low, the excellent fit is 

expected. Like the frequency response magnitude, the DF technique tracked the differential 

phase response (frequency domain) quite well. 

In the next several sections, the DF model will be statistically characterized. 

Although it is interesting to look at the real DF model, to be consistent with the models 

presented in previous chapters, only the complex DF model will be characterized. This is 

sufficient since the information contained in the real model is also contained in the complex 

model. 



Time in ns 

Figure 7.9: Magnitude of the complex filter tap weights, h,(n), that represent the 
channel impulse response estimate of FB05 17 (location 54). The 
frequency response of this filter is shown as the Modelled response in 
Figure 7.1 1. 
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Figure 7.10: Normalized real filter tap weights that represent the channel impulse 
response estimate of FB05 17 (location 54). 
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Frequency in MHz 
Figure 7.1 1 : Plot of the measured and complex DF modelled fl-equency response of 

FB05 17 (location 54). ~(8)=0.044 and M=39 for the complex filter. 

~(8)=0.042 and M=73 for the real filter. 
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Figure 7.12: Complex filter tap weights, h,(n), that represent the channel impulse 
response estimate of FA3002 (location 12). The fiequency response of 
this filter is shown as the Modelled response in Figure 7.13. 
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Figure 7.13: Plot of the measured and complex DF modelled firequency response of 
FA3002 (location 12). ~(6)=0.070 and M=88 for the complex filter. 

5(8)=0.078 and M=147 for the real filter. 
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Figure 7.14: Plot of the measured and modelled differential phase of the frequency 
response using the complex DF method for FA3002 (location 12). 



7.4 Statistical Error Distribution 

In this section the statistical error sequence for the complex DF model is examined. 

From previous discussions it is known that the real DF model gives the same order of error. 

In either case, the mean errors are significantly less than a11 previously discussed techniques. 

To preserve space, only the error sequence fiom BuiIding B is presented graphically but the 

tabular results for the goodness-of-fit criterion and distribution parameters for both buiIdings 

are given in Table 7.3. The CDF's for the RMS errors for Building B f?om modeling with 

the complex DF method are shown in Figure 7.15. 

As expected, the error increases with increasing antenna separation. This is a result 

of information below the 30 dB threshold not being modelled. As the antenna separation 

increases, the dynamic range of the measurement decreases making the smaller multipath 

components more important. However, the errors are very low in all cases indicating an 

excellent fit to the data. This was demonstrated in Section 7.3.2 for the 5 meter and 30 meter 

candidate measurements. When comparing the DF model performance to other models it 

should be noted that all other previously presented models made some attempt to distinguish 

signal fiom noise. The DF model uses all information above the 30 dB threshold including 

noise. This underscores the fact that the DF model makes no assumptions about the data and 

simply seeks to make a filter whose fiequenc y response is the same as the measurement. The 

small means and small standard deviations of the error sequences confirm that the attempt is 

successful. 
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Figure 7.15: The CDF's of the RMS error resulting fiom DF modelling the Building 
B database. 

Building A 
5 meter 

10 meter 

20 meter 

30 meter 

Building B 
5 meter 

K-S 

0.1085 

0.1307 
0.1434 

0.1158 

0.1013 

Confidence level 

0.87 

0.68 

0.57 

0.8 1 

0.92 

0.1002 

0.1353 

0.1176 
Table 7.3 : Normal Distribution Parameters and Goodness-o f-Fit Criterion for the 

CDF's of the RMS Error Sequence for Building A and Building B fiom 
Modelling with the DF Method. CDF's of Empirical Data and 
Theoretical Fits for Building B are Given in Figure 7.15. 
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7.5 Statistical Characterization of Model Parameters 

7.5.9 Distribution of Model Order 

Unlike the previous models, the model order is not based on the number of multipath 

components but is related instead to the maximum 30 dB excess delay. The reason for this is 

simply that the 30 dB excess delay is defined as the maximum delay in which there is still 

valid information in the impulse response estimate that is above 30 dB. This is the same 

criterion that determines the filter tap weights. In Section 3.4.1, Figures 3.12 and 3.14 show 

the 30 dB excess delay for Building A and Building B respectively. It is seen that the 

maximum 30 dB excess delay increases with antenna separation but the relationship is Iess 

pronounced for Building B. This observation is similar to the model order distributions in 

which the model order increases with antenna separation but only by a small amount for 

Building B. In fact, the similar environment in Building B results in model orders that are 

very similar. The model orders for Building A do follow the pattern of increased order with 

increasing antenna separation but so does its maximum 30 dB excess delay (see Figure 3.12). 

The variability in the Building A environment gives a better distinction between the antenna 

separation and model order as well as the standard deviation of the distribution. As seen 

before, there is a grouping in the Building A data that suggests that the 5 meter and 10 meter 

data are similar and that the 20 meter an 30 meter data are similar. 

The CDF's for the model order versus distance for Building A is shown in Figure 

7.26 and the CDF's for Building B are given in Figure 7.17. The CDF's were fitted to a 

theoretical normal distribution and the distribution parameters and goodness-of-fit criterion 

are given in Table 7.4. It is observed that the model order sequence is well modelled by a 

normal distribution. 



The model orders for the DF method are generally higher than the AR, MN and PE 

models. This is expected since, as explained earlier, the DF Model uses the peak information 

as well as other information. The payoff for the increased model order is better performance 

as demonstrated by the decreased RMS error. As seen before, higher order models give 

better estimates (assuming the modelling technique is appropriate), and lower order models 

have poor performance. Caution should be exercised when making comparisons to the 

previous models since the modelling assumption of the DF technique is different. 
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Figure 7.16: The CDFYs showing the distribution of Model Order, M, for Building A 
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Figure 7.17: The CDF's showing the distribution of Model Order, M, for Building B. 
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Building B 
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30 meter 

Table 7.4: Normal Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the Model Order Estimates for Building A and Building B 
fiom Modelling with the DF Method. CDF's of Empirical Data and 
Theoretical Fits are Given in Figures 7.16 and 7.17. 
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7.5.2 Distribution of Arrival Times 

The distribution of the arrival time sequence for the DF technique is given in this 

section. The approach is similar to that of Sections 4.5.2, 5.5.2 and 6.5.2 in that a Weibull 

distribution is used but as noted in Section 6.5.2, other candidate distributions for fixed delay 

modelling could be used. The Weibull distribution is selected here as it allows for direct 

comparison to other models reported in this work. It is understood that the arrival times from 

the DF method is not arbitrary as in the AR and MN techniques but occurs at discrete 2.5 ns 

delay times. 

A histogram showing the frequency of tap delay times for the 20 m data in Building 

A is depicted in Figure 7.18 and shows that between 40 and 160 ns, the filter taps have 

generally the same opportunity of being assigned a non-zero value. Before 40 ns and beyond 

160 ns , the frequency decreases although the decrease is much sharper at small delay times 

thereby giving the Weibull shape to the distribution. 

The distributions for the 5, 10,20, and 30 meter antenna separations for Building A 

and Building B are shown in Figures 7.1 9 and 7.20 respectively. Table 7.5 gives the 

associated parameters for the distributions and the goodness-of-fit criterion. The goodness- 

of-fit tests indicate a high level of confidence for the fits. As in the AR, MN, and PE models, 

it is seen from Table 7.5 that the spread of the distribution, the pparameter, increases with 

distance. A comparison of Table 5.4 showing the Arrival Time parameters fiom MN 

modelling and Table 7.5 for example, show a general agreement in the spreading of the 

distribution sequence. The fits are not identical but the general trends in the parameters are 

similar. 
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Figure 7.18: Histogram showing the frequency of Filter Tap Delay Times (Multipath 
Arrival Times), r, , of the filter taps for the 201x1 data fiom Building A. 

Arrival Time, rk , in ps 

Figure 7.19: The CDF's showing the Weibull distribution of Filter Tap Delay Times 
(Multipath Arrival Times), r, , derived fiom DF modelling for Building 
A. 
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Figure 7.20: The CDF's showing the Weibull distribution of Filter Tap Delay Times 
(Multipath Arrival Times), z, , derived from DF modelling for Building 
B. 

Building A 
5 meter 

10 meter 

20 meter 
30 meter 

Building B 
5 meter 

10 meter 
20 meter 

30 meter 

Table 7.5: Weibull Distribution Parameters and Goodness-of-Fit Criterion for the 
CDF's of the Filter Tap Delay Times (Multipath Anival Time) 
Estimates for Building A and Building B. CDF's of Empirical Data and 
Theoretical Fits are Given in Figures 7.19 and 7.20. 
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a 

1 1 1.799 
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44.591 
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P 

1.973 

2.272 

2.334 

2.653 

1.953 

2.307 

3.270 

3.770 



7.5.2.1 Distribution of Global Inter-Tap Delay Times 

The global inter-tap delay corresponds to the inter-anival times of the multipath 

components of the AR, MN, PE, and MPE models. However, the meaning of the inter-tap 

delay is not the same. In the other models presented, the inter-arrival time modelled the time 

between adjacent multipath arrivals (peaks). The DF technique does not look for these 

components and simply models everything. This results in adjacent components (filter tap 

weights) in every delay time slot (bin). This is because the peak information spreads out into 

adjacent bins whenever the peak does not arrive exactly on a sample time, which is mostly 

the case. As a consequence, virtually all discrete sample time delays have information in 

them. Since the bandwidth of the measured sample is 400 MHz, the sample resolution is 2.5 

ns. Therefore, it would be expected to have most adjacent components spaced in time by 2.5 

ns. That is the case as depicted in Table 7.6. It is clearly seen that 94% of Building A's filter 

tap weights have a non-zero filter tap weight in the adjacent tap (2.5 ns apart). For Building 

B, the percentage is 96. These results indicate that a simple model for assigning a non-zero 

value to a filter tap is to make the assignment in nearly every case. Indeed, the incident of a 

zero valued tap is rare and empirically occurs towards the tail of the filter. This is because in 

the region of the filter tail, the threshold cutoff causes some weak components to be missed 

thereby creating a 'gap' between adjacent weak components. 



I Time in ns 1 Frequency 
Building A 

2.5 

Table 7.6: The Frequency of Occurrence of Filter Tap Delays. The Frequency 
Number Represents How many Times the Next Non-zero Tap Weight 
Occurred within a Specific Tap Delay Interval. 

25265 

Building B 
2.5 

7.5.3 Distribution of Magnitudes 

27852 

The distribution of the log magnitude of the filter coefficients, the b,'s, is expected to 

be normal. This expectation was discussed in Sections 4.5.3, 5.5.3, and 6.5.3. The log 

magnitudes were grouped into a range of discrete delays and then the CDF's were fit to a 

theoretical normal distribution. The grouping of data into delay times is similar to that 

discussed in Section 6.5.3 except that the delay time boundaries occur in integer multiples of 

2.5 ns. This grouping is evident in Tables 7.7 and 7.8 as well as Appendix H. 

The results from fitting the log magnitude sequence to a normal distribution for the 20 

meter locations of Building A and Building B are shown in Figures 7.21 and 7.22 

respectively. The goodness-of-fit criterion and distribution parameters are given in Tables 

7.7 and 7.8 that contain information only for the graphical depictions of the associated 

figures. The optimal fit parameters and goodness-of-fit criterion for delay time intervals not 

shown as well as for all other locations in Building A and Building B are given in Appendix 



H. The data in Tables 7.7 and 7.8 as well as Appendix H show a high degree of confidence 

in the fits to a Lognormal distribution. 

The distributions are dependent in the delay time interval. The mean value of the 

distributions decreases with increasing delay. This is expected since the impulse response 

estimate of the measurement decreases with time and so matched filter impulse response will 

also decay with time. The standard deviations within a group of measurements is relatively 

constant showing a slight decrease with increasing time. The reason is that as the filter 

impulse response decays, the tap weights become smaller and more similar. The larger 

standard deviation in the initiaI time interval is a result of mixing LOS and OBS 

measurements in the same database thereby resulting in more variability in signal strength at 

the first arrival locations. 

Finally, there is no normalization wit11 respect to time or magnitude so the distribution 

parameters are the real delay values for the different antenna separations and the actual path 

loss of the respective time intervals. Also, the average rate of decay for the different antenna 

separations for both buildings is contained within the data since it is simply extracted as the 

mean of the distributions. It is observed fi-om the tables in Appendix H that in general, the 

magnitude sequence decays by approximately 30 dB in the first 200 ns for all antenna 

separations in both building environments. This is consistent with the other observations in 

Sections 4.5.3, 5.5.3, and 6.5.3 (and hence, the Fourier transform). 



Magnitude, I q I, in dB 
Figure 7.21 : Global CDF's of the signal magnitude at various Filter Tap Delays fiom 

DF modelling for the 20 meter locations in Building A (see Table 7.7). 
The discrete symbols are the empirical data and the solid lines are 
theoretical Lognormal distributions. 

I Time Interval I Confidence level I 0 I p 1 K-S I 
-- 

20 meter 

Slots Shown. Also Given are the Goodness-of-Fit Criteria; the 
Confidence Level and the K-S Critical Value. 

240-262.5 0.99 1 3.607 1 -108.412 1 0.0737 1 
Table 7.7: Parameters of the Lognormal CDF's of Figure 7.21 for the Various Time 
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Figure 7.22: Global CDFs of the signal magnitude at various Filter Tap Delays fiom 
DF modelling for the 20 meter locations in Building B (see Table 7.8). 
The discrete symbols are the empirical data and the solid lines are 
theoretical Lognonnal distributions. 

Time Interval Confidence level o %S 

20 meter 
85-102.5 

Slots Shown. Also &en are the ~oodneis-of- it Criteria; the 
Confidence Level and the K-S Critical Value. 

190-2 12.5 
21 5-237.5 

105-122.5 0.72 5.730 -90.406 0.1270 
- 0.76 

Table 7.8: Parameters of the Lognonnal CDF's of Figure 7.22 for the Various Time 
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7-5.4 Distribution of Phase 

The phase of the complex filter tap weights, the bk's,  is expected to be uniformly 

distributed. The empirical verification of this is shown in Figures 7.23 and 7.24. These 

Figures show the global phase distribution as a result of DF modelling Building A and 

Building B. 

-180 -120 -60 0 60 120 180 
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Figure 7.23: Histogram showing a Uniform distribution for the phase of the complex 
Filter Taps derived from DF modelling for Building A. 
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Figure 7.24: Histogram showing a Uniform distribution for the phase of the complex 
Filter Taps derived from DF modelling for Building B. 



CHAPTER EIGHT 

Model Comparison 

8.1 Introduction 

In Chapters 4 through 7 the AR, ME, PE, MPE, and DF models were presented. 

Some comparative analysis was made where appropriate but a summary is in order. That is 

the purpose of this chapter; to compare the different model performances, the parameters, 

and to draw some conclusions about which model to use and for what purpose. 

Since this type of exercise is all but ignored in the literature (comparing the merits of 

different models) on radio propagation studies, the results are both interesting and valuable. 

It is possible to find all the information presented in this chapter elsewhere in this thesis but 

the assembly of relevant information in one place is useful. There is more information 

available for comparison presented in the previous chapters than will be covered here. The 

comparisons made in this chapter are thought to be the more significant and interesting parts 

fkom the modelling experiments. 

8.2 Comparison of Model Assumptions 

The different models presented to this point all have a common point and that is 

Equation (1.3 1) which is repeated in (8.1): 

This model has been used to describe the impulse response of the multipath channel and was 

used explicitly for the AR, MN, PE, and MPE methods. It was also shown to be equivalent 



to a FIR filter response as used in the DF method. It is important to understand that the r,'s 

represent arbitrary arrival times for the parametric AR and MN methods and fixed delay 

times for the non-parametric PE, MPE, and DF methods. 

The fixed delay models are not realistic to the actual radio environment since if the 

radio channel can be modelled as a sum of delta functions, the arrival of those deltas are 

random and do not conveniently occur on delay times that are integer multiples of some 

sampling rate. However, the fixed delay models are useful from a radio system design 

perspective since digital radio systems must sample the channel at fixed times. Also, 

measurement systems designed to measure the radio channel are usually of a time-based 

nature and again, fixed sampling is used. Even in the case of the frequency response 

measurement system used in this work, the impulse response estimate is discretized into 

fixed delays. 

The AR and MN models offer a model that is more in keeping with the actual 

environment but the complexity of the techniques is also greater. The AR technique assumes 

an extended autocorrelation fhction to obtain better resolution than the Fourier-based 

methods used in PE, MPE, and DF models but cannot specifically model delta functions. It 

can only approach them as a limit of a narrow-band process (see 4.1). The AR method can 

model broader spectral components but that is not required by the model of (8.1). Hence, the 

AR technique is only used to model the 5 ' s  and the a,'s are found in another step. It is 

interesting to note that the model of (8.1) may not filly describe the radio channel since the 

delta fimction cannot describe diffuse scattering fi-om rough surfaces. Indeed, the 

phenomenon of diffuse scatter is well known and attempts to characterize it have been 

reported [Kloc98]. In the presence of diffuse scatter, the spectral response of the frequency 



domain would indeed have broader components thus making the AR estimator a good choice. 

Unfortunately, as described in Section 4.5.2.1, the radio channel impulse response decays 

into noise and AR estimator's perfomance becomes increasingly poorer with decreasing 

S N R .  

The MN technique used in Chapter Five is precisely in keeping with the model of 

(8.1). The MN techniques used SVD, a robust technique design to extract sinusoids from 

noise. Of course, this technique cannot model diffuse spectral reflections since, as applied to 

this work, it simply models the z,'s of the respective delta functions. The akls are found 

through further processing. 

The PE and MPE techniques model both the z, 's and the ar, 's but the 5's are 

restricted to occur only at specific intervals. Accordingly, both techniques conform with the 

mode1 of (8.1) as long as the 5 ' s  of (8.1) are restricted in the same fashion. The MPE 

technique is more sophisticated than the PE technique as it only uses the r, parameters and 

determines the akls through firther processing. As discussed in Section 6.3.2, this was done 

in an attempt to optimize the model performance since the 5's are fixed. The Tk model 

parameters are firrther restricted to take on values only when an observable peak can be 

identified. This technique of "pick-and-choose" represents the most simplistic of all the 

modelling methods discussed. 

The DF technique models the q ' s  (called bk 's in filter jargon) and assumes the z, 's 

on every sample interval. This is quite different fiom the PE technique which only models 

the 5's in the presence of an observable peak. The DF technique uses the same information 

that the PE and MPE methods use as well as information that the PE and MPE techniques 



threw away. By assuming an ak at every r, , the problem now becomes one of determining 

what value the a, should take on. Consequently, the DF technique is also consistent with 

the model of (8.1) with the understanding that the 5's are restricted to fixed intervals and 

some value (including zero) of a, is assigned to every z, . 

8.3 Comparison of Model Regenerated Channels 

In this section, a side-by-side comparison is made between all the models in terms of 

how well they perform and how they extracted the parameters. The comparison of the phase 

estimates of the akfs  are not reported since they all have the expected uniform distribution. 

Also, the global inter-arrival times are not compared since the different models use different 

assumptions for this parameter. As previously discussed, the AR and MN methods have 

arbitrary inter-arrival times and the PE, MPE, and DF methods have fixed inter-arrival times 

(delays). Information regarding this parameter for the different modelling techniques is 

found in the respective chapters. 

8.3.1 Model Error Performance 

The RMS error, J($), was defined in Section 1.4.6.1. This parameter was used to 

gauge how well a model performed at reconstructing the data that it was attempting to model. 

The lower the error, the better the model represents the original data. This criterion is all but 

ignored in radio propagation literature. Exceptions to this are shown in [Hewi89, Morr93, 

Morr94, Mor~-981. Generally, those who have modelled the radio channel have done so by 

assuming a method and then reporting the parameters that have resulted fiom that method. 



Consequently, without channel reconstruction, there is no way to determine if the modelling 

technique produces valid results. 

Table 8.1 shows the mean of ~(6) from the fitted theoretical normal distribution for 

all modelling methods as applied to the data fiorn Building A and Building B. 

I 5 meter 1 0.283 1 0.201 1 1.386 1 0.704 1 0.045 1 
I Building A 

1 10 meter 1 0.321 1 0.234 ( 1.453 1 0.742 1 0.052 1 

I Building B ( I I I I I 

DF 

30 meter 

1 5 meter 1 0.307 1 0.19 1 1.346 1 0.719 1 0.038 1 

AR PE MN 

0.370 

MPE 

10 meter 

0.227 

20 meter 

Table 8.1 : The Mean RMS error, ~(41, for all Modelling Techniques as Applied to 
all Measurements in Building A and Building B. 

0.333 

30 meter 

Some important observations can be made from examining Table 8.1. First, the PE 

method is unacceptable when compared to other methods. The MPE method attempted to 

correct for this and good success was obtained. However, both methods fail to produce 

useful results when compared to other available techniques. The DF method has an error 

performance that is generally an order of magnitude better than any other technique. This is 

because it makes no assumptions about the nature of the channel (i.e., only peaks) and uses 

all the data above a set threshold. 

1.446 

0.349 

0.213 

0.372 

0.753 

0.204 

0.061 

1.427 
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1.385 

0.737 

2.439 

0.046 

0.758 0.080 

0.767 0.121 



The arbitrary delay estimators, the AR and MN techniques, produced good results 

with the MN model outperforming the AR model. 

In all cases except for the defective PE technique, ~(6) generally increased with 

increasing antenna separation. This is due to decreased S N R  and the presence of more 

scatterers between the antennas. Both these phenomena impact the modelling technique's 

ability to resolve distinct multipath components. 

8.3.2 Model Order 

The model order is important for efficient models. A higher order model requires 

more processing in a simulation environment but generally it also produces a more accurate 

representation of the data. Although low order models are desirable, the model order has to 

be sufficient for accurate representation of the data being modelled. Sacrificing valid 

information for the sake of a low model order is a flawed approach if accuracy is at all 

important. Table 8.2 shows the mean model order fiom the fitted theoretical normal 

distribution for all modelling methods as applied to the data from Building A and Building B. 



As stated in Section 6.3.2, the model orders for the PE and MPE methods are the 

Building A 

5 meter 

10 meter 

20 meter 

30meter 

Building B 

5 meter 

10 meter 

20 meter 

30 meter 

same. This is shown in Table 8.2 only to remind the reader that the assumptions that lead to 

selecting the model orders are the same. 

Table 8.2: The Mean Model Order for all Modelling Techniques as Applied to all 
Measurements in Building A and Building B. 

The model orders for the AR, MN, PE and MPE methods always increase with 

AR 

24.228 

30.568 

34.458 

41.996 

26.534 

29.405 

34.402 

36.229 

antenna separation. This is expected since there are more multipath components to model 

PE 

13.961 

18.387 

22.405 

25.822 

14.502 

16.823 

19.107 

21.760 

MN 

28.693 

36.224 

45.68 1 

57.048 

30.069 

34.465 

42.482 

46.225 

with increasing antenna separation. This is generally true for the DF model but is not always 

the case since the DF model order is related not to the number of muftipath components 

MPE 

13.961 

18.387 

22.405 

25.822 

14.502 

16.823 

19.107 

21.760 

(since it doesn't model these) but to the maximum 30 dS excess delay (see Section 7.2). 

DF 

44.651 

53.665 

64.667 

76.260 

47.969 

52.996 

5 1 -63 1 

50.873 

Herein lies the problem with not evaluating the model by regenerating the data that it was 

trying to model. The PE and MPE methods look like they are working since the increase in 

order with antenna separation is the expected result. Even worse is the fact that the models 

look to be the most efficient too! From the previous section it is known that these models do 



not work but the efforts of the previous section are seldom perfarmed. Ignoring the PE and 

MPE model orders, it is seen that the most efficient model that is valid is the AR. This 

efficiency comes at a cost of reduced performance as seen in Section 8.3.1. The least 

efficient model is the DF but it is also the most accurate. This trade-off is not surprising 

since in general, the more model parameters (valid parameters only), the more accurate the 

model. Depending on what is desired fi-om a model, efficiency or accuracy will be more 

important. In a simulation environment, efficiency may be more important than accuracy. 

But if modelling is performed in order to identify specific features, accuracy takes 

precedence. 

8.3.3 Arrival Time Distribution 

The Weibull distribution was used in every case to model the arrival (delay) time 

sequence. This distribution is a two-parameter distribution and is very flexible which is why 

it is used in a variety of disciplines. For the purposes of this section, only the P will be 

compared. This parameter controls the shape or spread of the distribution and it turns out 

that it is correlated to antenna separation. The a parameter is a scaling parameter that is 

important for correct identification of the distribution and it is given in the respective 

chapters. Table 8.3 shows a comparison of the Pparameter for all modelling methods as 

applied to the data from Building A and Building B. 



Table 8.3: The PPararneter fiom the Weibull Distribution for all Modelling 
Techniques as Applied to all Measurements in Building A and Building 
B. 

Building A 

5 meter 

10 meter 

20 meter 

30 meter 

Building B 

5 meter 

10 meter 

20 meter 

30meter 

There is nothing particularly revealing in Table 8.3 other than the fact that the ,B 

parameter increases with increasing antenna separation. As explained in Section 1.4.7.5, the 

Weibull distribution has no theoretical explanation in radio propagation theory but it has 

found use in several areas of radio propagation modelling. This distribution simply falls into 

the category of "fit it and use it". The fit of this distribution is exceptional as evidenced by 

Tables 4.4,5.4,6.4, and 7.5. Therefore, the distribution provides a good model for the 

anival time sequence. 

8.3.4 Magnitude Distribution 

The log magnitudes of the impulse response estimates fiom the various modelling 

techniques fit well to a normal distribution. As explained in Section 4.5.3, there is 
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overwhelming justification to use this distribution on empirical data. In fact, the distribution 

models the data quite well. There is a large amount of data required to describe all the model 

parameters and a complete description of that data is provided in Appendix E through 

Appendix H. 

For the sake of model comparison, only a few time intervals fiom the 20 meter data 

fiom Building B will be examined. That information is given in Table 8.4 that compares the 

mean and standard deviation from a theoretical normal distribution fitted to the log 

magnitudes. 

~ o r m a i  ~istribution Fitted to the Log Magnitudes for Selected Data 
from Building B. 

The mean magnitude information contains the path loss data for the delay times 

given. It is observed that the means and standard deviations for the AR and MN techniques 

Table 8.4: A Comparison of the Mean and Standard Deviation fiom a Theoretical 

DF 

are nearly identical. The means for the MPE technique are close as well but that is due to the 
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MPE 

a,'s being derived through similar methods. The standard deviations of the MPE model are 
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-100. 
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not that similar to the AR and MN models indicating less variability. Since it is known that 
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the PE and MPE models have an unrealistically low model order, the smaller variability in 
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magnitude may be a consequence. The PE means are lower because of the loss associated 

with the window function and the a k t s  being extracted "as they were". This only means that 

there is a scaling factor in the mean values. 

The DF model has lower means but has standard deviations more similar to the AR 

and MN models. The lower means are a direct result of the DF model using all the weak 

components that surround a peak in its modelling technique. These weak components 

(usually due to sidelobes fkom the peaks) pull the average value down. 

In all cases, the mean magnitudes fade about 14 dB as the delay increases for the data 

shown and only a scaling of the mean values is different. It is expected that the standard 

deviations wouId decrease with increasing delay since the fading components get weaker and 

are therefore more similar to each other. This is the case for the AR, MN, and DF models. 

This is not the case for the PE and MPE models. The failure of the PE and MPE models to 

conform to the expected result is simply another manifestation of a model order that is too 

low. This is an indicator that data is missing. 

8.4 Computational Efficiency 

Computational efficiency is of consideration when modelling large amounts of data. 

Computer power is always increasing so reporting the time it takes for a specific operation is 

useful onIy as a snap shot of the current situation. A more meaningfbl number is the amount 

of MFLOPS required (1 MFLOPS is 1 million floating point operations). The modelling 

reported in this work was carried out with the assistance of a mathematical analysis tool 

called MatlabTM. This tool allows the user to determine the precise MFLOPS number. The 

number of MFLOPS required for each of the modelling methods as reported in this work is 

applied only to the 30 meter candidate measurement and are given in Table 8.5. These 



numbers are only indicators since the choice of model order, the decision to pre-filter, and 

data decimation can have a dramatic effect on the number of operations required. Still, it is 

instructive to examine the modelling method complexity based on the number of 

computations required. 

I Method I MFLOPS I 

Table 8.5: Number of MFLOPS for Each Modelling Method for the 30 Meter 
Candidate Measurement. 

MPE 

The AR and MN techniques require more processing than the fixed delay techniques. 

6.29 

The PE, MPE, and DF methods are Fourier based and the FFT is computationally efficient. 

The PE and MPE models have the least amount of processing but then their final results are 

wholly unimpressive. 

8.5 Summary of Modelling Techniques 

Finally, the question of which modelling technique is best and which is worst. The 

answer to which model is best is really dependent on what information is required from the 

model. 

If a fixed delay model is wanted, then the obvious choice is the DF model. The MPE 

model has very high errors and an unrealistically low model order while the PE model really 

doesn't work at all. 

If an arbitrary time delay model is required for a realistic representation of the 

channel, then the choice is less obvious. Both the AR and MN models are excellent 



candidates but they look for different things. If the model is looking for sinusoids in noise 

(the delta functions of model (8.1)) and computational efficiency is not a concern, then the 

MN model provides the best results. If the SNR of the measurement is low then the MN may 

be the only choice. If the model needs to model broader spectral components, or only 

dominant sinusoids (ones with good SNR), or needs computational efficiency, then the AR is 

a good choice. 

In any event, the decision as to what model to select will rest on what the desired final 

output is. The requirements for simulation are very different from the objectives of analysis. 

The AR, MN, and DF model are three useful techniques that provides a toolkit for a broad 

range of modelling requirements when working with radio propagation data. 



CHAPTER NINE 

Conclusion 

9.1. Summary 

This thesis presented research work relating to the measurement, characterization, and 

modelling of the indoor radio propagation channel. The work involved both a hardware 

measurement system implementation and mathematical analysis. The database of 

measurements for this work was extensive and originally numbered 12,000 measurements 

but after some post analysis, some data were discovered to be unreliable and were rejected. 

Further analysis revealed strong spatial correlation between adjacent measurements and after 

characterizing the phenomenon, the database was further decimated in order to preserve 

statistical independence between the measurements that were subsequently analyzed and 

modelled. Details on why data were rejected and how they were decimated are found in 

sections 2.7.3 and 3.2 respectively. 

To keep this summary consistent with the order in which the work was presented, 

each of the three major sections is summarized separately in the following sections. 

9.1 1 Measurement 

A novel measurement system that acquired the channel fkequency response was 

presentedin Chapter Two. The measurement system was shown to be robust in many ways 

and to be very reliable. Even a comparison to a time domain based system showed good 

agreement for the impulse response estimate. Perfect measurement systems however, do not 

exist so naturally there will be disadvantages. Problems that are common to all RF 



measurement systems are not considered disadvantages because they are not system specific. 

Two problems unique to the frequency domain measurement system are the long cable and 

the measurement time. The requirement of a long cable connection is not necessarily a 

disadvantage but it does limit the system to strictly indoor measurements. In most cases, this 

also confines both transmit and receive antennas to the same floor. It should be noted though 

that the cable system is largely responsible for the accurate phase. The measurement time for 

wideband measurements may be too slow for rapidly varying channels. This problem is 

overcome by performing measurements at times (e.g., nights and weekends) when the 

environment is less time varying. Neither of the disadvantages is serious as both can be 

managed by carehl planning of the measurement experiment. 

The measurement system was shown to have certain unique advantages as well and 

these are given here. The implementation of the system is straightforward. Although the HP 

network analyzer is a complex piece of equipment, it reduces the overall equipment count of 

the measurement system. The system is also accessible to a large number of researchers 

because a network analyzer is a standard piece of test equipment in RF laboratories. This 

means that the system is not dedicated for one purpose and therefore presents an economical 

method for channel characterization studies which is not true for the specialized or 

complicated measuring systems used in time domain systems. 

The measurement system is very flexible as it is not restricted to either narrowband or 

wideband measurement studies. Additionally, it is not limited to a specific fkequency or 

sampling bandwidth. This is convenient for studies at different fkequencies and for those 

requiring narrowband and wideband statistics on the same channel. 



An outcome fiom determining impulse responses by the Fourier transform results in 

an extended dynamic range. In most cases, an increased dynamic range of two to three times 

over what was previously available in time domain systems can be achieved. Since the 

system yields both magnitude and phase of the fiequency response, the complex impulse 

response estimate is acquired. 

Reciprocity studies can be conducted quickly and conveniently without changing the 

experimental setup. Also, it was demonstrated that the interference rejection in wideband 

measurements is good which may not be true for systems transmitting a narrow pulse at a 

specific frequency. 

The advantages of the frequency domain measurement system are significant as they 

represent an advance in some aspects of current indoor measurement techniques. 

Consideration must be given to the pros and cons of any measurement system or technique. 

The fact that the advantages of the fi-equency domain measurement system weigh heavily 

against its disadvantages makes it an attractive system for indoor RF propagation studies. 

9.1.2. Characterization 

Analysis of some of the channels characteristics was presented in Chapter three. 

Initially, the channel was shown to be spatially correlated, meaning that adjacent 

measurements were similar to each other. Spatial correlation is interesting if that is the 

phenomenon that is to be characterized. However, it is problematic if statistical 

independence is to be preserved. The results fiom characterizing the spatial correlation 

suggested that a spatial separation of approximately 16 cm (approximately A./2 ) between 

adjacent measurements preserved independence. 



The path loss models were developed for both Building A and Building B and these 

models are given in equations (3.2) and (3.3). It was shown that the path loss in Building A 

is greater at antenna separation of more than 10 meters than that of Building B. 

The RMS Delay Spread and Excess Delay were characterized for both buildings A 

and B. The expected model showing a Normally distributed RMS Delay Spread was 

confirmed and graphically shown in Figures 3.1 1 and 3.13. The Nonnal model also 

described the Excess Delay. The relationship between the RMS Delay Spread and distance 

was explained. It was shown that the central moments of the distribution were correlated 

with distance (see Table 3.3) and that the RMS Delays Spreads of individual measurements 

were not (see Figures 3.1 5 and 3.1 6). 

The Coherence Bandwidth had similar results in that the central moments of its 

distributions were correlated to distance (see Table 3.4) but the Coherence Bandwidth of 

individual measurements were not (see Figures 3.1 7 and 3.18). 

The expected exponential relationship between the RMS Delay Spread and the 

Coherence Bandwidth was demonstrated using average values. The models are given in 

Equations (3.4) and (3.5). 

The nulls in the frequency domain were characterized. This is rarely reported in the 

literature and the results are interesting. The number of nulls was found to be Normally 

distributed with the mean value increasing with increasing distance. The locations of the 

nulls were Uniformly distributed around the measurement band. The distribution of null 

depths was fitted to several candidate distributions which tended to move toward a Rayleigh 

distribution. It was found that the null depths were not correlated with distance and that the 

same distribution modelled the null depths for all distances and both buildings. 



9.1.3. Modelling 

Several modelling techniques were shown in the thesis. This type of comparison has 

not previously been performed. The AR, MN, MPE, and DF models are new models in the 

field of indoor radio propagation studies. The PE mode1 is a popuIar older model. A detailed 

summary of findings and recommendations based on these models is found in Chapter Eight 

so discussion here will be brief 

The model performance was determined by measuring the RMS error between the 

original channel measurement and a regenerated channel fiom the theoretical model. The 

lowest errors gave the best performance. This type of comparison between the original data 

and the regenerated data is practically ignored in radio propagation studies. It is an important 

step however since it gives a good indication as to how well the modelling technique 

perfoms. The results of this testing (summarized in section 8.3.1) show that the AR, MN, 

and DF models performed well but that the PE and to a lesser extent, the W E ,  models do not 

work at all. 

The AR and MN methods gave channel-realistic models with an arbitrary delay time 

for the multipath components. The DF method gave a very accurate model that is based on 

multipath components with a fixed (or assigned) delay. Unlike the AR and MN models, the 

multipath components in the DF model cannot be exclusively attributed to multipath 

reflections. Instead, the components at the fixed time delays are a result of multipath 

reflections and sidelobe information that is a consequence of a fixed sampling rate model. 

The MPE model was introduced to try to improve the defective results obtained from the PE 

model. Although there was significant improvement, the MPE could not overcome the 

assumptions of the PE modelling technique and so even the improved performance was poor. 



The basic flaw in the PE model is that the multipath reflections are constrained to arrive at 

integer times of the fixed sampling rate. This is an unrealistic assumption for the radio 

environment. The consequence is that the sidelobe information is ignored and thus, the 

model order is much too low. 

The model parameters associated with model order, arrival times, multipath 

amplitudes and phase for all techniques were modelled and the results are given in the 

appropriate sections and appendices. 

9.2. Future Work 

The work in this thesis is wide in scope in that it gives results to a variety of radio 

propagation studies. One area yet to be explored is that of simulation. Contained within this 

work are all the parameters necessary to construct a radio channel simulator based on several 

models. But much like forming a model without doing a performance check, forming a 

simulator without a reference would be of questionable use. If using the models presented 

here, the simulator would be useful on its own without a performance check (assuming the 

simulator is built correctly) since the models are shown to be accurate. However, if the 

simulator designer has access to a database of measurements then a performance check can 

be done. 

One technique would be to make use of classical Bit Error Rate (BER) simulations. 

Although time consuming and computer intensive, the BER could be determined for the 

original measurements. The measurements could then be modelled based on one or more of 

the techniques given in this work. BER analysis would then be performed on the modelled 

channels, which is much more efficient than doing a BER analysis on the measured channels. 

The results of the BER analysis for the measured and modelled results could then be 



compared to see which mode1 gives the most realistic output. At that point, the successful 

simulator would be a valuable tool for theoretical studies. 

The information provided in this dissertation is sufficient to build a channel 

simulator. A simulator can be quickly constructed by first selecting the modelling technique 

fiom which the model parameters will be chosen and then use the statistical results to form 

the simulated channel. As an example, if a 5 meter channel was to be simulated consistent 

with the results of the MN technique, a simple simulation can be constructed as follows: 

1) choose the number of multipath components from the Normal distribution of 

Model Order in section 5.5.1. 

2) select the arrival times of these components fiom the appropriate Weibull 

distribution in section 5.5.2 (a joint distribution with the inter-arrival times may 

also be appropriate), . 

3) using the arrival times for each multipath component, choose the magnitude of the 

component for the appropriate Lognormal distribution found in Appendix F. 

4) add a random phase to each multipath component chosen fiom a Uniform 

distribution. 

At this point, an impulse response estimate for a 5 meter multipath channel has been 

constructed. 

The area of characterization will always merit future work since the results based here 

are for two types of building only. There will always be other indoor environments (i.e., 

factories, tunnels, stadiums, etc) that will have different characteristics and therefore distinct 

requirements for wireless communications. Researchers will continue to expand the base of 



knowledge and system designers will make use of that knowledge to deliver new wireless 

systems based on the uniq~e demands of the consumer. 

Measurement systems will continue to improve. For example, the frequency domain 

measurement system has many attractive features but improvements to measurement time 

and methods to circumvent the cable issues would be of assistance to future researchers. 

The areas of measurement, characterization, and modelling are all areas where careful 

thought and creativity are essential. Carehl thought must be given to assumptions and 

techniques. Creativity is then applied to the task of finding new methods and solving 

problems. It is hoped that the results of this thesis qualify in these respects. 

h some cases it is important to verify the technique against some reference as was 

done by comparing measured data fkom two different systems or as was done by comparing 

theoretical channels to the measured channels they were based on. In other cases, simply 

reporting the data with an interpretation or explanation of why it is important is sufficient as 

was done with the characterization results. 

The results of this work have been carefully researched and presented. The radio 

system designer or researcher will find them useful in their various areas of work. Those 

who are interested in accurate models will have a solid base in which to make decisions and 

choose techniques. Although this work is not complete (like any work in RF propagation 

research), it is encompassing and it provides methods related to several research areas in the 

field of radio propagation studies. 
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APPENDIX A 

Probability Distribution Functions 

In this Appendix, mathematical descriptions of several probability distribution 

fictions are presented. The distribution hc t ions  are used through out the thesis for 

statistical modelling. Where they have been used for curve fitting (i.e., fitting the theoretical 

CDF to the empirical data) and hypothesis testing, seed values were inputted into an 

optimization routine supplied with MatlabTM. The Matlab programs that determined these 

seed values are given with the distribution. Note that in many cases, the seed values are 

sufficient for statistical fitting and further optimization may not be required. 

A. 1. Rayleigh Distribution 

A description of the Rayleigh distribution can be found in Section 1.4.7.2. 

The Rayleigh PDF is define by Equation (A. 1.1). 

The CDF is given by (A. 1.2). 

The mean of the distribution can be found by Equation (A. 1.3). - 
The distribution variance is given by Equation (A. 1.4). 

The Rayleigh parameter, o, is found fiom Equation (A. 1.5). 



Matlab code to find the Rayleigh parameter o is shown below: 

function sigma=rayleighparams (r) ; 
% 
% USAGE: sigma=rayleighparams(r) 
% 
% This function finds the parameter of a RAYLEIGH distribution 
% based on the linear, unbinned, data vector x .  
% 
% G. Morrison 
% 

A.2. Rice Distribution 

A description of the Rice distribution is found in Section 1.4.7.3. 

The PDF of the Rice distribution is defined by Equation (A.2.1). 
,2,,2 

I. is the bessel h c t i o n  of order 0 

The CDF of the distribution is given by (A.2.2). 

The mean of the distribution is given by (A.2.3) where H is a hypergeometric fimction whose 
series is given by Equation (A.2.4) 

ECrl = 

The mean square value of the distribution is given by (A.2.5) 
&?[r2]= a2 + 202 (A. 10) 

Matlab code to solve for the Rice parameters cs and cr is given below. In the programs, cr is 



denoted as the letter v. The hyperF function is called by the riceparams function. 

function [sigma, v, good-flagl =riceparams (r, search-type) ; 
% 
% USAGE: [sigma v good-f lag] =riceparams (r) 
% 
% This function finds the parameters of a RICE distribution 
% based on the linear, unbinned, data vector r. 
% 
% This is done by solving for gammasq and then finding sigma and 
% s. The good-flag indicates if the fit is possible (i.e.,l->yes) . 
% 
% G. Morrison 
% 

mu=mean(r) ; 
musq=mean (r. "2) ; 
[Y,X] =hist (r,25) ; 
[maxval, idxl =max (Y) ; 

if (exist ( search-type ) -=I) search-type=O ; end 

if (search-type-=O) 
sigma=rayleighparams(r) ; %just use the rayleigh approximation 
v=X (idx) ; %approximate max value of the distribution 

else %default 
sigma=sqrt ( (musq- (X (idxV2) ) /2) ; %approximate 
gammasq= (X (idx) ) *2/ (Z*sigma*sigrna) ; 

low=O;%This is the lowest value of gammasq 
high=S*gammasq;%This is the highest value of gammasq 

Sl=sprintf ( %l6.l6f ',mu) ; 
S2=sprintf ( %16.16f ,musq) ; 
rnineqn=['ab~(~,Sl, t0.S*sqrt((pi*1,S2, ')/(l+x)) ... 
*exp(x) *hyperF(l.S,l,x)) '1 ; 
gammasq=fmin (mineqn, low, high, [ O  le-41) ; 
sigma=sqrt (rnusq/ (2* (I+gammasq) ) ) ; 
s=sqrt(gammasq*2*sigma*sigma); 

end; 

function F'value=hyperF (alpha, beta,x) ; 
% 
% USAGE : Fvalue=hyperF (alpha, beta , x) ; 
% 
% This function returns the value of the HYPERGEOMETRIC function 
% needed for finding the moments of a rice distribution. It returns 
% when the individual components of the summation are less than 
% le-10. 
% 
% Gerald D. Morrison 
% 
TOL=le-10; 

beta-const=gamma (beta) ; 



while ( (old>TOL) & (cntrclol) ) 
vect (cntr) = (gamma (alpha+cntr)*beta-const*xAcntr) / . . . 

(alpha-const*gamma (beta+cntr) *fact (cntr) 1 ; 
old=abs (vect (cntr) ) ; 
cntr=cntr+l ; 

end ; 

Fvalue=surn (vect) ; 

A.3. Nakagami Distribution 

A description of the Nakagarni distribution can be found in Section 1.4.7.4. 

The PDF of the Nakagarni distribution is defined by Equation (A.3.1) 

The mean of the distribution is given in (A.3.2). 

The mean square value is defined by (A.3.3) 

~ [ r '  ] = R 

The variance is given in Equation (A.3.4) 

It is interesting to note the relationship in (A.3.5). 

(A. 1 1) 

(A. 12) 

(A. 13) 

(A. 1 4) 

(A. 15) 



Matlab code to solve for the parameters m and R is given below. 

function [m, omega, good-f lag] =nakagamiparams (r) ; 
% 
% USAGE : [m omega good-f lag] =nakagamiparams (r) 
% 
% T h i s  function finds t h e  parameters of a NAKAGAMI (or m) 
% distribution based on the linear, unbinned, data vector r. 
% The good-flag i s  true ( i - e . ,  good-flag=l) if m>= 0.5. 
% 
% G. Morrison LMD September 3 1993. 
% 

if (mz=0.5) 
good-flag=l; 

else 
good-flag=O; 

end 

A.4. Weibull Distribution 

A description of the Weibull distribution is found in Section 1.4.7.5. 

The PDF of the distribution is defined by Equation (A.4.1). 

The CDF is given by (A.4.2) 

The mean of the distribution is given by Equation (A.4.3) 

The mean square value is shown in Equation (A.4.4) 

(A. 1 6) 

(A. 17) 

(A. 1 8) 

(A. 1 9) 



The variance is then given by (A.4.5) 

By using (A.4.3) and (A.4.4) we can write (A.4.6) 

This gives the relationship in (A.4.7) 

By minimizing (A.4.7) the parameter P can be found and then a is solved by substitution into 
one of the other equations (i.e., (A.4.3) or (A.4.6)). Matlab code to solve for the a and P 
parameters is given below. 

f.unction [alpha, beta, good-f lag1 =weibullparams (r-e) ; 
% 
% USAGE : [alpha, beta, good-f lag] =weibullparms (r) 
% 
% This function finds the parameters of a WEIBULL distribution 
% based on the linear, unbinned, data vector r. 
% 
% This is done by solving for beta and then finding alpha. The 
% good-flag indicates if the fit is possible (i.e.,l->yes). 
% 
% G. Morrison 
% 

if (exist ( I search-type ) 1 search-type=O; end; 

low=O.l;%This is the lowest value of beta 
high=le4;%This is the highest value of beta 
mu=mean (r) ; 
musq=mean (r. "2) ; 
Sl=sprintf ( I %l6.16f ',mu) ; 
S2=sprintf ( ' %l6.16f ',musq) ; 

if (search-type-=0) %use the fmin function 
mineqn=[labs(l,S1, 1./gamma(l+l./x)-sqrt(,~2, / g a m m a l + 2 / x  ' I ;  
x=fmin (mineqn, low, high) ; 

else %default 
mineqn= [Sl , I . /gamma (l+l. /x) -sqrt ( I , $2 , . /gamma (l+2./x) 1 I ; 
x=low; f low=eval (mineqn) ; 



x=high; fhigh=eval (mineqn) ; 
if sign (flow) ==sign (fhigh) 

f inish=l; 
good-flag=O; 

else 
finish=O ; 
good-flag=l; 

end 

while f inish==O 
x= (low+high) /2 ; 
x-i ter=eval (mineqn) ; 
if sign (f low) ==sign (x-iter) 

low=x; 
flow=x-iter; 

else 
high=x; 
fhigh=x-iter; 

end 
if abs (x-iter) cle-10 

finish=l; 
end 

end 
end 

beta=x; 
alpha= (gamma (l+l/beta) /mu) ̂beta; 



APPENDIX B 

Path Loss Statistics 

This Appendix gives the mean, standard deviation, minimum, and maximum values 

for path loss for all measurement locations in Building A and Building B. See section 3.3 for 

a complete description. For a description of the locations, see section 2.6. For an 

explanation of file naming conventions see section 2.7.1. 



Building A. Values are Given in dB. 

a 

2.27 

1.1 1 

2.60 

1.76 

1.02 

0.82 

1.03 

0.74 

1.01 

1.07 

1.77 

0.86 

0.85 

0.86 

1.00 

0.92 

0.57 

1.30 

1.63 

0.89 

10 Meter 

Max 

-38.1 

-41.6 

-46.5 

-43.7 

-46.5 

-41.4 

-40.7 

-49.5 

-42.6 

-47.0 

-38.7 

-47.1 

-49.6 

-42.7 

-44.8 

-42.2 

-42.9 

-45.4 

-57.5 

-40.1 

Values 

Location 

FA0501 

FA0502 

FA0503 

FA0504 

FA0505 

FA0506 

FA0507 

FA0508 

FA0509 

FA0510 

FA0511 

FA0512 

FA0513 

FA0514 

FA0515 

FA0516 

FA0517 

FA0518 

FA0519 

FA0520 

Table 

Min 

-49.7 

-59.8 

-49.5 

-62.1 

-59.6 

-59.7 

-55.0 

-55.5 

-63.6 

-59.0 

-56.4 

-56.5 

-57.1 

-63.7 

-63.4 

-55.8 

-52.5 

-56.5 

-54.3 

-51.6 

Locations 

cr 

2.70 

0.50 

1.1 1 

1.11 

1.36 

1.00 

0.51 

1.97 

1.60 

1.32 

2.34 

0.84 

1.30 

1.02 

1.72 

1.47 

2.50 

1.01 

1.61 

1.56 

Table of 

p 

-42.2 

-42.3 

-47.7 

-45.2 

-48.7 

-42.8 

-41.4 

-53.2 

-45.3 

-49.1 

-42.2 

-48.4 

-51.5 

-44.2 

-46.5 

-44.2 

-46.0 

-46.9 

-60.2 

-42.4 

B. 1 : 

Max 

-43.6 

-56.2 

-42.2 

-57.1 

-56.9 

-57.3 

-51.9 

-53.5 

-61.2 

-56.0 

-51.6 

-54.3 

-54.9 

-61.0 

-60.5 

-53.2 

-50.6 

-52.6 

-50.0 

-49.0 

in 

Location 

FA1001 

FA1002 

FA1003 

FA1004 

FA1005 

FA1006 

FA1007 

FA1008 

FA1009 

FA1010 

FA1011 

FA1012 

FA1013 

FA1014 

FA1015 

FA1016 

FA1017 

FA1018 

FA1019 

FA1020 

for the 5 

Min 

-45.3 

-43.1 

-49.7 

-47.1 

-50.4 

-44.2 

-42.2 

-55.3 

-47.4 

-50.8 

-46.2 

-49.5 

-53.4 

-45.7 

-49.5 

-47.0 

-50.6 

-48.4 

-63.1 

-44.9 

Path Loss 

p 

-46.2 

-57.2 

-45.9 

-58.8 

-58.1 

-58.7 

-53.0 

-54.5 

-62.2 

-57.0 

-54.4 

-55.6 

-55.9 

-62.2 

-61.5 

-54.4 

-51.6 

-54.5 

-52.3 

-50.6 

Meter and 



Max 

-97.0 

-76.1 

-97.8 

-98.9 

-92.1 

-83.1 

-100 

-105 

-102 

-105 

-93.4 

-82.8 

-96.1 

-95.9 

-93.3 

-82.3 

-103 

-103 

-93.3 

-82.3 

in 
Building A. Values are Given in dB. 

Min 

-99.5 

-80.0 

-99.4 

-101 

-95.9 

-91.9 

-102 

-107 

-104 

-107 

-95.9 

-86.7 

-99.2 

-97.3 

-95.3 

-92.5 

-108 

-105 

-97.5 

-92.5 

Locations 

Min 

-66.7 

-61.9 

-71.5 

-70.9 

-67.0 

-69.8 

-72.5 

-69.7 

-68.5 

-75.2 

-59.7 

-64.9 

-75.7 

-71.7 

-71.1 

-68.1 

-65.2 

-70.3 

-72.7 

-103 

Path Loss 

G 

1.36 

3.48 

8.91 

1.00 

2.16 

0.77 
-- 

0.76 

0.98 

1.29 

0.65 

2.67 

1.48 

0.47 

1.23 

0.76 

2.12 

3.05 

0.92 

0.76 

17.30 

Table of 

Location 

FA2001 

FA2002 

FA2003 

FA2004 

FA2005 

FA2006 

FA2007 

FA2008 

FA2009 

FA2010 

FA2011 

FA2012 

FA2013 

FA2014 

FA2015 

FA2016 

FA2017 

FA2018 

FA2019 

FA2020 

Table 

p 

-65.1 

-54.5 

-60.1 

-70.0 

-62.3 

-68.5 

-71.5 

-67.7 

-66.3 

-74.3 

-56.1 

-62.7 

-74.8 

-69.9 

-70.0 

-65.7 

-60.6 

-69.3 

-71.9 

-92.7 

B.2: 

Max 

-63.1 

-50.7 

-51.4 

-68.1 

-60.4 

-67.2 
---------- 

-70.2 

-66.4 

-64.5 

-73.4 

-52.1 

-60.7 

-74.3 

-67.6 

-68.7 

-62.6 

-57.2 

-68.1 

-70.8 

-63.7 

Values 

Location 

FA3001 

FA3002 

FA3003 

FA3004 

FA3005 

FA3006 

FA3007 

FA3008 

FA3009 

FA3010 

FA3011 

FA3012 

FA3013 

FA3014 

FA3015 

FA3016 

FA3017 

FA3018 

FA3019 

FA3020 

for the 20 

p 

-98.2 

-78.2 

-98.6 

-99.6 

-94.0 

-87.0 

-101 

-106 

-103 

-106 

-94.7 

-84.4 

-97.6 

-96.7 

-94.1 

-86.2 

-105 

-104 

-95.1 

-86.2 

Meter and 

cr 

0.80 

1.64 

0.65 

0.75 

1.37 

3.68 

0.44 

0.73 

1.10 

0.77 

1.03 

1.32 

0.94 

0.45 

0.66 

3.63 

1.56 

0.56 

1.76 

3.63 

30 Meter 



Location 

FB0507 

FB0508 

FB0509 

FBOSlO 

FBO511 

FB0512 

FB0513 

FB0514 

FB0515 

FB0516 

FB0517 

FB0518 

FB0519 

FB0520 

Max p 

Table B.3: Table of Path Loss Values for the 5 Meter and 10 Meter Locations in 
Building B. The Shaded Measurements are Those which were not used 
for the Analysis. Values are Given in dB. 

-53.0 

-46.3 

-47.9 

-45.5 

-42.2 

-47.6 

-48.3 

-47.2 

-43.1 

-53.3 

-44.3 

-49.1 

-47.9 

-48.1 

Min o 

0.62 

0.95 

0.89 

1.22 

1.88 

1.69 

0.98 

0.98 

1.41 

1.11 

1.88 

1.57 

1.59 

1.29 

Location 

-54.1 

-47.8 

-48.9 

-47.8 

-45.1 

-49.8 

-50.4 

-48.4 

-45.6 

-54.7 

-47.8 

-51.1 

-50.5 

-50.5 

p 

-52.0 

-45.0 

-46.6 

-44.0 

-39.1 

-44.6 

-47.1 

-45.7 

-40.9 

-51.8 

-41.9 

-46.4 

-45.2 

-46.0 

o 

FBI007 

FBI008 

FBI009 

F'B1010 

FBlOll 

FBI012 

FBI013 

FBI014 

FBI015 

FBI016 

FBI017 

FBI018 

FBI019 --------- 
FBI020 

Max Min 

-51.7 

-52.8 

-54.7 

-56.2 

-49.9 

-57.8 

-54.4 

-56.7 

-55.3 

-60.7 

-48.7 

-56.2 

-51.9 

-52.1 

1.17 

1.19 

0.98 

0.91 

1.10 

0.68 

1.60 

0.67 

2.24 

1.25 

1.88 

1.03 

0.65 

0.73 

-53.6 

-55.5 

-56.4 

-57.6 

-51.5 

-59.0 

-57.8 

-57.8 

-58.0 

-61.8 

-52.8 

-58.1 

-52.8 

-53.4 

-50.5 

-51.8 

-53.5 

-54.8 

-48.8 

-56.9 

-52.8 

-55.4 

-51.8 

-58.7 

-47.0 

-55.0 

-51.0 

-51.1 



Building B. Values are Given in dB. 

Location 

FB2001 

FB2002 

FB2003 

FB2004 

FB2005 

FB2006 

FB2007 

FB2008 

FB2009 

FB2010 

FB2011 

FB2012 

FB2013 

FB2014 

FB2015 

FB2016 

FB2017 

FB2018 

FB2019 

FB2020 

Table 

0 

0.80 

2.68 

1.09 

1.50 

1.09 

1.03 

1.40 

0.76 

1.91 

0.80 

0.91 

0.79 

1.04 

1.48 

0.82 

0.62 

2.03 

1.45 

1.11 

1.04 

Table of 

p 

-79.4 

-83.0 

-74.9 

-67.5 

-72.9 

-84.6 

-79.3 

-91.3 

-88.3 

-78.0 

-80.0 

-78.1 

-81.1 

-81.6 

-76.1 

-80.8 

-56.2 

-78.6 

-75.3 

-79.9 

Meter and 

p 

-66.0 

-62.3 

-63.7 

-69.8 

-67.6 

-68.9 

-68.2 

-65.9 

-68.6 

-69.0 

-72.2 

-70.9 

-69.3 

-63.7 

-69.3 

-71.5 

-49.2 

-66.3 

-70.5 

-69.0 

B.4: 

Max 

-79.8 

-83.9 

-77.3 

-72.9 

-76.4 

-87.0 

-80.5 

-92.5 

-89.3 

-80.1 

-81.7 

-81.7 

-81.9 

-83.3 

-77.6 

-83.8 

-61.4 

-80.9 

-78.8 

-81.2 

Locations 

o 

0.36 

0.68 

1.45 

2.34 

1.72 

1.07 

0.84 

0.90 

0.57 

1.47 

1.00 

1.87 

0.47 

0.99 

0.92 

2.27 

2.80 

1.24 

3.17 

0.61 

30 Meter 

Min 

-78.8 

-82.0 

-73.1 

-65.5 

-70.8 

-83.4 

-78.0 

-89.6 

-87.6 

-76.3 

-78.8 

-76.1 

-80.3 

-79.8 

-74.6 

-76.7 

-53.3 

-77.3 

-70.7 

-79.2 

in 

Max 

-67.1 

-66.8 

-65.7 

-71.9 

-69.6 

-70.2 

-69.8 

-67.5 

-71.4 

-69.9 

-74.0 

-71.9 

-71.1 

-66.4 

-70.4 

-72.2 

-53.2 

-69.3 

-72.1 

-70.7 

Path Loss 

Min 

-64.5 

-59.2 

-62.4 

-66.7 

-65.9 

-67.8 

-65.7 

-65.1 

-66.7 

-67.7 

-71.1 

-69.8 

-68.4 

-62.0 

-68.1 

-70.5 

-47.2 

-64.2 

-69.3 

-67.4 

Values 

Location 

F'B3001 

FB3002 

FB3003 

FB3004 

FB3005 

FB3006 

FB3007 

FB3008 

FB3009 

FB3010 

FB3011 

FB3012 

FB3013 

FB3014 

FB3015 

F'B3GIS 

FB3017 

FB3018 

FB3019 

FB3020 

for the 20 



APPENDIX C 

RMS Delay Statistics and Distribution 
of the Excess Delay. 

This Appendix gives the mean, standard deviation, minimum, and maximum values 

for RMS Delay for all measurement locations in Building A and Building B. See section 3.4 

for a complete description. For a description of the locations, see section 2.6. For an 

explanation of file naming conventions see section 2.7.1. 

The shaded areas in the Tables are data that were not used in the analysis of Section 

3.4. In the case of the 5 meter and 10 meter data in Building B, that data was discovered to 

be bad due to an antenna rnalhction (see section 2.7.3). All other rejected data was because 

of insufficient dynamic range. The importance of dynamic range in the analysis of the RMS 

delay was shown in section 2.7.3. 

The distribution of the Excess Delay is also given in this appendix. The related 30 dB 

Excess Delay is discussed in section 3.4.1. The theoretical fit to a normal distribution is 

given and the parameters and goodness-of-fit criterion are shown in an accompanying table. 



1 Location 

FA0501 

FA0502 

FA0503 

FA0504 

FA0505 

FA0506 

FA0507 

FA0508 

FA0509 

FA0510 

FA0511 

FA0512 

FA0513 

FA0514 

FA0515 

FA0516 

FA0517 

FA0518 

FA0519 

FA0520 

Table 
Building A. The Shaded Measurements are Those which were not used 
for the Analysis. Values are Given in ns. 

p 

12.7 

15.1 

18.4 

17.0 

20.4 

12.5 

11.4 

19.6 

14.1 

17.3 
---- 

13.3 

17.9 

16.5 

16.7 

18.8 

17.0 

17.9 

18.2 

25.1 

14.0 

C. 1: 

a 

4.7 

2.0 

2.1 

3.1 

2.8 

1.2 

0.9 

3.3 

3.4 

2.9 

3.6 

1.8 

3.7 

1.7 

2.1 

3.2 

4.7 

2.0 

3.7 

2.6 

Table of 

Min 

7.5 

12.5 

15.5 

12.7 

15.8 

11.3 

10.3 

13.8 

8.1 

13.0 

10.0 

15.3 

11.4 

14.5 

16.6 

11.1 

13.7 

15.9 

21.3 

9.5 

RMS 

Max 

20.4 

17.8 

21.6 

22.0 

23.5 

14.7 

12.8 

24.7 

18.8 

21.1 

21.2 

20.5 

21.7 

20.2 

23.2 

20.5 

26.8 

21.3 

29.8 

17.6 

Delay Values 

Location 

FA1001 

FA1002 

FA1003 

FA1004 

FA1005 

FA1006 

FA1007 

FA1008 

FA1009 

FA1010 

FA1011 

FA1012 

FA1013 

FA1014 

FA1015 

FA1016 

FA1017 

FA1018 

FA1019 

FA1020 

for the 5 

p 

12.7 

21.4 

12.1 

21.1 

23.7 

22.1 

18.8 

17.9 

24.0 

21.2 

23.3 

23.8 

22.4 

19.9 

21.7 

25.1 

22.8 

19.7 

20.3 

19.4 

Meter and 

a 

1.6 

3.5 

3.2 

3.3 

2.0 

2.3 

1.9 

1.4 

3.7 

2.8 

3.4 

2.0 

1.7 

2.0 

2.0 

1.7 

2.2 

2.9 

3.1 

2.5 

10 

Min 

10.9 

17.8 

7.3 

17.3 

20.2 

18.0 

15.9 

15.7 

19.9 

16.9 
-- 

20.1 

20.8 

19.6 

16.6 

18.4 

22.7 

19.4 

15.2 

15.7 

14.1 

Meter 

Max 

15.2 

28.9 

15.8 

26.2 

26.4 

25.1 

21.9 

19.3 

29.5 

25.3 

30.3 

26.3 

25.1 

22.5 

24.4 

27.4 

25.7 

25.0 

23.8 

21.9 

Locations in 



Table C.2: Table of RMS Delay Values for the 20 Meter and 30 Meter Locations in 
Building A. The Shaded Measurements are Those which were not used 
for the Analysis. Values are Given in ns. 

Location 

FA2001 

FA2002 

Min 

21.3 

9.5 

p 

21.6 

16.3 

Max 

21.9 

22.4 

CT 

0.4 

6.0 

Max 

37.5 

23.1 

Location 

FA3001 

FA3002 

p 

32.2 

15.6 

a 

2.9 

4.4 

Min 

29.1 

10.6 



Location I p I o 1 Min I Max I Location I p I o I Min ( Max 

FB0506 

FB0507 

FB0508 

FB0509 

FB0510 

FBO511 

FB0512 

FB0513 

20.0 

21.7 

16.3 

17.1 

15.9 

12.1 

15.7 

17.8 

2.3 

2.0 

2.2 

4.1 

1.9 

2.9 

2.0 

3.2 

Building B. The Shaded Measurements are Those which were not used 
for the Analysis. Values are Given in ns. 

1.7 

2.6 

2.1 

2.6 

3.0 

2.7 

2.4 

15.1 

19.1 

12.2 

11.9 

12.7 

8.3 

12.3 

13.4 

Table C.3: 

FB0514 

FBO515 

FB0516 

FB0517 

FB0518 

FB0519 

F'BOS20 

Table of RMS Delay Values for the 5 Meter and 10 Meter Locations in 

14.2 

9.3 

17.1 

9.0 

14.3 

13.4 

14.8 

16.9 

13.1 

20.6 

12.7 

20.2 

17.5 

17.6 

22.0 

24.5 

19.4 

25.4 

18.9 

16.8 

18.7 

23.5 

19.1 

17.7 

22.7 

17.7 

24.1 

22.3 

20.8 

FBI006 

FBI007 

FB1008 

FBI009 

FBI010 

FBlOll 

FBI012 

FBI013 
--------- 

FBI014 

FBI015 

FBI016 

FBI017 

FBI018 

FBI019 

FBI020 

24.2 

18.1 

19.5 

21.2 

20.7 

13.8 

21.4 

20.0 

18.8 

21.4 

24.8 

12.1 

23.7 

18.7 

19.0 

1.6 

4.5 

2.0 

2.2 

2.0 

3.3 

2.0 

2.1 

1.5 

2.9 

3.0 

3.1 

2.0 

3.2 

2.4 

21.9 

11.7 

17.7 

17.3 

18.1 

9.6 

18.1 

16.5 

26.3 

24.4 

24.1 

23.5 

23.4 

19.6 

22.9 

23.3 

16.5 

17.8 

21.0 

7.0 

20.9 

11.5 

16.2 

21.3 

25.4 

29.8 

15.6 

26.5 

20.9 

23.5 



Location 

FB2001 

FB2002 

FB2003 

FB2004 

FB2005 

PB2006 

Table C.4: Table of RMS Delay Values for the 20 Meter and 30 Meter Locations in 
Building B. The Shaded Measurements are Those which were not used 
for the Analysis. Values are Given in ns. 

p 

26.0 

19.2 

24.7 

22.9 

22.1 

25.7 

0 

1.8 

4.0 

3.0 

3.5 

1.9 

2.1 

Min 

22.9 

13.9 

20.1 

19.5 

19.5 

21.5 

Max 

28.7 

24.3 

28.1 

29.8 

25.3 

27.9 

Location 

FB3001 

F'B3002 

FB3003 

FB3004 

FB3005 

FB3006 

p 

20.8 

27.6 

25.1 

22.7 

27.2 

31.3 

cr 

1.1 

2.4 

1.4 

2.2 

4.2 

4.1 

Min 

19.7 

24.7 

23.1 

20.6 

20.6 

26.5 

Max 

23.1 

30.5 

27.3 

27.3 

32.9 

34.0 



100 200 300 400 500 600 700 800 
Excess Delay in ns 

Figure C. 1 : The CDF's showing the Nomal Distribution of the Excess Delay for 
Building A. 

5 meter 

Excess Delay in ns 
Figure C.2: The CDF's showing the Normal Distribution of the 30 dB Excess Delay 

for Building B. 



I Confidence level I I p I K-S ( 
1 5 meters I I 
I Building A I 

I 

Building A I .72 1 46.37 1 283.45 1 ,1261 

Building B 
10 meters 
Building A 
Building B 
20 meters 

I I 1 I 

Building B 1 .92 1 28.18 1333.82 1.1016 

I 30 meters ( 

-46 1 34.14 ( 297.56 1 .I554 

.9 1 

.9 1 

Building 8. 

Building A 
Building B 

74.81 
50.28 

Table C.5: The Nonnal Distribution Parameters and Goodness-of-Fit Criterion for 
Figures C.1 and C.2 Showing the Excess Delay, sf, for Building A and 

.SO 

-89 

322.78 

312.67 

.lo22 

,1028 

154.43 

25.05 

425.86 

296.79 

.I511 

,1063 



APPENDIX D 

Normal Distribution Parameters for the 3 dB and 90% 
Coherence Bandwidth. 

This Appendix give tables of statistical values for the 3 dB and 90% Coherence Bandwidth 

for each measurement location in Building A and Building B. See Section 3.5 for more 

details. Table D.5 gives the global average for the 3 dB Coherence Bandwidth verses 

antenna separation. The same table for the 90% Coherence Bandwidth is given in Table 3.4. 

I FA0520 1 103.2 1 70.97 1 33.0 ( 240.0 1 FA1020 ( 30.38 ( 4.03 1 25.0 1 36.0 1 
Table D. 1 : Table of 3 dB Coherence Bandwidth Values for the 5 Meter and 10 

Location 
FA0501 

Meter locations in Building A. Values are Given in MHz. 

P 
178.5 

CT 

133.3 
Max 

313.0 
Min 

30.0 
Location 
FA1001 

P 
145.9 

o 
48.82 

Min 
81.0 

Max 
205.0 



Table D.2: Table of 3 dB Coherence Bandwidth Values for the 20 Meter and 30 
Meter locations in Building A. Values are Given in MHz. 



Table D.3: Table of 3 dB Coherence Bandwidth Values for the 5 Meter and 10 
Meter locations in Building B. Values are Given in MHz. 



Table D.4: Table of 3 dB Coherence Bandwidth Values for the 20 Meter and 30 
Meter locations in Building B. Values are Given in MHz. 

5 meter 

30 meter I 19.5 MHz 1 28.1 MHz 
Table D.5: Global Averages of 3 dB Coherence Bandwidth verses Distance for 

Building A and Building B. 

10 meter 
20 meter 

Building A 
70.2 MHz 

Building B 
46.8 MHz 

39.3 MHz 
32.1 MHz 

37.0 MHz 
35.8 MHz 



Table D.6: Table of 90% Coherence Bandwidth Values for the 5 Meter and 10 
Meter Locations in Building A. Values are Given in MHz. 

Location 
FA0501 
FA0502 
FA0503 

P 
13.25 
10.50 
8.63 

CJ 

4.68 
1.07 
0.74 

Max 
20.0 
12.0 
10.0 

Min 
8.0 
9.0 
8.0 

Location 
FA1001 
FA1002 
FA1003 

Min 
10.0 
5.0 
8.0 

Max 
25.0 
9.0 
23.0 

P 
16.37 
7.50 
12.75 

o 
4.90 
1.20 
5.37 



Table D.7: Table of 90% Coherence Bandwidth Values for the 20 Meter and 30 
Meter Locations in Building A. Values are Given in MHz. 



Table D.8: Table of 90% Coherence Bandwidth Values for the 5 Meter and 10 
Meter Locations in Building B. Values are Given in MHz. 



Table D.9: Table of 90% Coherence Bandwidth Values for the 20 Meter and 30 
Meter Locations in Building B. Values are Given in MHz. 



APPENDIX E 

Lognormal Distribution Parameters for the Magnitude 
Sequence from AR Modelling 

This Appendix gives the parameters and goodness-of-fit criteria for the Lognormal 

distributions of the Magnitudes, the la, 'sl, for various time intervals for Building A and 

Building B derived fiom AR modelling. See section 4.5.3 for a complete description. 



Time Interval 
(in ns) 

5 meter 
10-20 
20-40 
40-60 
60-80 

80- 100 
100-120 
120-145 
145-170 
170- 195 
195-220 
220-270 
10 meter 

10-30 
3 0-50 

Confidence Ievel 

0.85 
0.70 
0.94 
0.74 
0.86 
0.81 
0.89 
0.92 
0.99 
0.52 
0.16 

0.8 1 
0.83 

50-70 
70-90 

90-1 10 
110-130 
130-155 
155-1 80 
1 80-205 
205-230 
230-280 
280-330 

CT 

6.813 
5.979 
5.270 
4.579 
4.603 
4.122 
4.118 
4.403 
4.367 
4.452 
4.355 

6.175 
7.455 

Table E. 1 : Parameters and Goodness-o f-Fit criteria for the Lognormal 
Distributions of the Magnitudes, the la; 4, for the 5 and 10 
Meter Locations of  Building A. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

0.75 
0.77 
0.79 
0.90 
0.96 
1 .OO 
1-00 
0.83 
0.68 
0.26 

P 

-78.861 
-58.696 
-63.273 
-67.812 
-7 1.854 
-75.634 
-79.007 
-82.615 
-86.703 
-90.458 
-93.612 

-90.170 
-66.479 

K-S 

0.1 1 1 1 
0.1290 
0.0967 
0.1247 
0.1099 
0.1 163 
0.1060 
0.1015 
0.0832 
0.1490 
0.2044 

0.1167 
0.1137 

4.995 
5.072 
4.870 
4.886 
4.565 
4.61 1 
4.391 
5.029 
3.888 
3.543 

-69.490 
-73.387 
-77.000 
-80.441 
-84.535 
-87.858 
-90.58 1 
-92.700 
-95.432 
-97.201 

0.1229 
0.1206 
0.1 186 
0.1046 
0.0934 
0.0703 
0.0749 
0.1133 
0.1305 
0.1845 



20 meter 

Time Interval 
(in ns) 

Confidence level 

3 15-365 
30 meter 

Meter Locations of Building A. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

400-450 
450-550 
550-600 

CT 

0.10 

Table E.2: Parameters and Goodness-of-Fit criteria for the Lognormal 
Distributions of the Magnitudes, the la; 4, for the 20 and 30 

0.96 
0.86 
0.99 

P 

1.902 

K-S 

3.548 
3.441 
3.017 

-1 12.345 0.223 1 - 

-132.370 
-132.991 
-133.882 

0.0920 
0.1 095 
0.0740 



Time Interval 
(in ns) 

5 meter 
10-20 
20-40 
40-60 
60-80 
80-1 00 
100- 120 
120-145 
145-170 
170- 195 
195-220 
220-270 

i G  ~ueter 
10-30 
30-50 
50-70 
70-90 

90-1 10 
110-130 
130-155 
155- 180 
180-205 
205-230 
230-280 

Table E.3: Parameters 
Distributions of the Magnitudes, the la,' sl , for the 5 and 10 
Meter Locations of Building B. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

Confidence level 

0.61 
0.92 
0.79 
0.92 
0.97 
0.98 
0.95 
0.99 
1 .OO 
0.77 
0.15 

0.61 
0.95 
0.91 
0.84 
0.84 
0.85 
0.97 
0.96 
0.94 
0.66 
0.16 

and Goodness-of-Fit 

cr 

3.879 
5.665 
4.297 
4.3 12 
4.168 
3.922 
3.359 
3.064 
2.538 
1.037 
6.164 

5.391 
6.867 
4.559 
4.629 
4.477 
4.08 1 
4.033 
3.697 
2.984 
2.616 
5.629 

criteria 

P 

-82.95 1 
-59.774 
-63.823 
-68.643 
-72.861 
-76.744 
-80.208 
-84.065 
-88.305 
-90.642 
-92.076 

-88.706 
-66.319 
-68.743 
-72.558 
-76.576 
-80.524 
-83.954 
-88.01 8 
-9 1.596 
-94.563 
-94.583 

for the 

K-S 

0.1392 
0.1000 
0.1 189 
0.101 1 
0.0907 
0.0854 
0.0936 
0.0785 
0.0705 
0.1205 
0.2066 

0.1385 
0.0942 
0.1032 
0.1 120 
0.1 123 
0.1 1 16 
0.0904 
0.0921 
0.0970 
0.133 1 
0.2043 

Lognormal 



Time Interval Confidence level 1 
1 20 meter I 

Table E.4: Parameters and Goodness-of"Fit criteria for the Lognormal 
Distributions of the Magnitudes, the laid, for the 20 and 30 
Meter Locations of Building B. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

3 15-365 
30 meter 

10-50 
50-100 

0.10 

0.84 
0.62 

1.902 

3.481 
10.243 

-1 12.345 

-117.244 
-1 12.587 

0.223 1 

0.1126 
0.1374 



APPENDIX F 

Lognormal Distribution Parameters for the Magnitude 
Sequence from MN Modelling 

This Appendix gives the parameters and goodness-of-fit criteria for the Lognormal 

distributions of the Magnitudes, the la, 'sl , for various time intervals for Building A and 

Building B derived from MN modeIling. See section 5.5.3 for a complete description. 



Time Interval 
(in ns) 

5 meter 
10-20 
20-40 
40-60 
60-80 
80- 100 
100-120 
120-145 
145-170 
170-195 
195-220 
220-270 
10 meter 

10-30 
30-50 
5 0-70 
70-90 
90-1 10 
110-130 
130-155 
155-180 
180-205 
205-230 
230-280 
280-330 

Table F. 1 : Parameters 
Distributions of the Magnitudes from &IN Modelling, the la; sl , 
for the 5 and 10 Meter Locations of Building A. Distributions 
are for Various Time Intervals up to the 30 dB Excess Delay. 
The Bolded Distribution Represents the Time Interval of the 
First Arrivals. 

Confidence level 

0.62 
0.69 
0.90 
0.93 
0.94 
0.98 
0.96 
0.95 
0.8 1 
0.55 
0.15 

0.95 
0.78 
0.92 
0.86 
0.95 
0.95 
0.93 
1 .OO 
0.92 
0.46 
0.86 
0.92 

and Goodness-of-Fit 

0 

5.952 
6.343 
5.676 
4.887 
4.747 
4.1 14 
4.127 
4.822 
5.222 
3.964 
4.807 

7.272 
6.608 
5.358 
5.156 
5.030 
5.213 
4.462 
4.467 
4.320 
6.979 
4.462 
1.88 1 

criteria 

P 

-76.017 
-58.914 
-63.871 
-68.202 
-72.341 
-76.1 19 
-79.527 
-83.545 
-88.134 
-91.432 
-96.3 14 

-86.228 
-67.315 
-71.139 
-74.730 
-78.492 
-8 1.933 
-85.591 
-89.201 
-92.275 
-93.673 
-95.5 13 
-98.294 

for the 

K-S 

0.1373 
0.1296 
0.1034 
0.0992 
0.0967 
0.0844 
0.0923 
0.0936 
0.1 167 
0.1449 
0.2066 

0.0944 
0.1200 
0.1000 
0.1098 
0.0938 
0.0952 
0.0988 
0.0721 
0.101 1 
0.1552 
0.1096 
0.1014 

Lognormal 



Distributions 

Time Interval 
(in ns) 

20 meter 
30-65 
65-85 
85- 105 
105-125 
125-145 
145-165 
165-190 
190-2 15 
2 1 5-240 
240-265 
265-3 15 
3 15-365 
365-415 
30 meter 

10-50 
- -- 

50- 100 
100-120 
120-140 
140-160 
160-1 80 
180-200 
200-225 
225-250 
250-275 
275-300 
300-350 
350-400 
400-450 
450-550 

TabIe F.2: Parameters 
of the Magnitudes fiom MN Modelling, the la; 4, for the 20 and 30 
Meter Locations of Building A. Distributions are for Various Time 
Intervals up to the 30 dB Excess Delay. The Bolded Distribution 
Represents the Time Interval of the First Arrivals. 

Confidence level 

0.08 
0.79 
0.99 
0.97 
0.95 
0.96 
0.97 
0.92 
0.86 
0.98 
0.89 
0.69 
0.96 

0.84 
0.57 
0.92 
0.71 
0.98 
0.96 
0.90 
0.95 
0.98 
0.97 
0.97 
0.97 
0.90 
0.96 
0.84 

and Goodness-of-Fit 

CT 

20.027 
7.480 
7.020 
5.990 
5.572 
5.405 
4.688 
4.373 
4.192 
3.208 
3.01 1 
2.633 
2.555 

2.711 
7.1663 
11.471 
8.508 
6.496 
5.972 
6.557 
5.71 8 
5.059 
4.805 
4.605 
4.629 
4.504 
3.060 
2.999 
criteria 

P 

-92.465 
-76.382 
-79.559 
-82.694 
-85.684 
-88.568 
-92.212 
-95.292 
-97.977 

-1 00.655 
-102.894 
-103.844 
-103.821 

-232.057 
-128.435 
-104.890 
-105.435 
- 109.249 
-1 12.193 
-114.715 
-1 16.990 
-120.561 
-124.261 
-126.577 
- 129.12 1 
-129.594 
-132.443 
-131.570 

for the Lognormal 

K-S 

0.2330 
0.1 187 
0.0806 
0.0883 
0.0944 
0.0930 
0.0878 
0.0998 
0.1093 
0.0867 
0.1052 
0.1297 
0.0931 

0.1125 
0.1429 
0.1000 
0.1272 
0.0867 
0.0917 
0.1033 
0.0939 
0.0848 
0.0877 
0.088 1 
0.0879 
0.1040 
0.0913 
0.1 123 



Time Interval confidence level I IK-V 
5 meter 

10-20 

205-230 1 0.69 1 1.838 1 -95.368 ( 0.1304 1 
Table F.3: Parameters and Goodness-of-Fit criteria for the Lognormal 

145-170 
170-1 95 
195-220 

10 meter 
10-30 

Distributions of the Magnitudes from MN Modelling, the la; 4, 
for the 5 and 10 Meter Locations of Building B. Distributions 
are for Various Time Intervals up to the 30 dB Excess Delay. 
The Bolded Distribution Represents the Time Interval of the 
First Arrivals. 

0.48 

1 .OO 
0.90 
0.20 

0.94 

10.738 

3.699 
2.634 
2.2 18 

5.409 

-76.920 0.153 1 

-85.069 
-88.934 
-91.587 

-88.013 

0.075 1 
0.1035 
0.195 1 

0.0965 



Time Interval 
(in ns) 

20 meter 
3 0-65 
65-85 

Table F.4: Parameters and Goodness-of-Fit criteria for the Lognonnal 
Distributions of the Magnitudes from MN Modelling, the la; 4, 
for the 20 and 30 Meter Locations of Building B. Distributions 
are for Various Time Intervals up to the 30 dB Excess Delay. 
The Bolded Distribution Represents the Time Interval of the 
First Arrivals. 

n 

Confidence level 

30 meter 
10-50 

50-1 00 

0.76 
0.77 

0 

0.73 
0.93 

2.984 
8-595 

P 

2.109 
10.194 

I[(-S 

-102.440 
-81.1 03 

.I219 
0,121 0 

-1 18.893 
-101.064 

0.1258 
0.0984 



Appendix G 

Lognormal Distribution Parameters for the 
Magnitude Sequence Derived from PE and MPE 

Modelling 

This Appendix gives the parameters and goodness-of-fit criteria for the Lognormal 

distributions of the Magnitudes, the la, 'sl , for various time intervals for Building A and 

Building B that were derived from PE and MPE modelling. See section 6.5.3 for a complete 

description. Tables G. 1 to G.4 contain the parameters derived fiom PE modelling and Tables 

G.5 to G.8 contain the parameters derived from MPE modelling. 



Time Interval Confidence level 

5 meter 
20-35 

10 meter 
30-45 
50-65 

Distributions of the Magnitudes, the (a; sl , for the 5 &d 10 

0.81 

230-275 
280-325 

Meter Locations of Building A. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

0.59 
0.93 

5.962 

Table G. 1 : PE Parameters and Goodness-o f-Fit criteria for the Lognormal 

0.95 
0.15 

6.545 
4.602 

-61.732 

4.60 1 
35.933 

0.1164 . 

-69.199 
-72.854 

0.1411 
0.0994 

- 100.283 
-103.916 

0.0954 
0.2066 



Time Interval 
(in ns) 

20 meter 
65-80 
85-100 
105-120 
125-1 40 
145-160 
165-1 85 
190-2 10 
215-235 
240-260 
265-3 10 
315-360 
365-410 
30 meter 

90-95 
100-1 15 
120-135 
140-155 
160-175 
180- 195 
200-220 
225-245 
250-270 
275-295 
300-345 
350-395 
400-445 
450-545 
550-595 

Table G.2: PE 
Distributions of the Magnitudes, the la; 4, for the 20 and 30 Meter 
Locations of Building A. Distributions are for Various Time Intervals 
up to the 30 dB Excess Delay. The Bolded Distribution Represents the 
Time Interval of the First Arrivals. 

Confidence level 

0.80 
0.99 
0.98 
0.96 
0.98 
0.98 
0.93 
0.93 
1 .OO 
0.94 
0.76 
0.3 1 

0.75 
0.82 
0.75 
0.98 
0.99 
0.91 
0.88 
0.85 
0.95 
0.84 
0.97 
0.86 
0.86 
0.61 
0.92 

Parameters and Goodness-of-Fit 

o 

6.41 1 
5.704 
4.973 
4.843 
4.857 
4.157 
4.238 
4.236 
3.727 
3.664 
1.723 
0.894 

18.328 
10.200 
7.976 
5.875 
4.756 
5.280 
4.529 
4.676 
4.362 
4.690 
5.480 
5.528 
3.002 
3.026 
3.489 

criteria 

P 

-78.911 
-82.602 
-85.902 
-89.250 
-91.786 
-96.019 
-99.580 
- 102.94 1 
-105.534 
-108.402 
-1 10.981 
-1 12.076 

-1 18.179 
-107.235 
-108.904 
-1 12.142 
-1 15.468 
-1 17.976 
-120.601 
-123.798 
-127.138 
-130.753 
-133.799 
-133.980 
-137.555 
-137.773 
-138.987 

for the 

K-S 

0.1 179 
0.0790 
0.0855 
0.0934 
0.0843 
0.0837 
0.0990 
0.0989 
0.0693 
0.0971 
0.1225 
0.1759 

0.1234 
0.1153 
0.123 1 
0.0860 
0.0789 
0.1029 
0.1072 
0.1 106 
0.0956 
0.1 13 1 
0.0905 
0.1094 
0.1096 
0.1390 
0.1006 

Lognormal 



10 meter 0 

r 

5 meter 
10-15 

Table G.3: PE Parameters and Goodness-of-Fit criteria for the Lognormal 
Distributions of the Magnitudes, the la; 4, for the 5 and 10 
Meter Locations of Building B. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

Time Interval 
(in ns) 

K-S o Confidence level 

0.86 

P 

6.004 -55.309 0.1 100 



Time Interval 
(in ns) 

20 meter 
65-80 
85- 1 00 
105-120 
125-140 
145-160 
165-185 
190-210 
215-235 
240-260 
265-3 10 
3 15-360 
30 meter 

90-95 
100-1 15 
120-135 
140-155 
160- 175 
180- 195 
200-220 
225-245 
250-270 
275-295 
300-345 
350-395 

Table G.4: PE 
Distributions of the Magnitudes, the la; d, for the 20 and 30 
Meter Locations of Building B. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

Confidence level 

0.55 
0.95 
0.99 
0.97 
0.85 
0.96 
0.98 
0.89 
0.90 
0.95 
0.15 

0.75 
0.90 
0.65 
0.97 
0.96 
0.88 
0.98 
0.99 
0.97 
1 .OO 
0.97 
0.15 

Parameters and Goodness-of-Fit 

K-S 

0.1446 
0.0937 
0.0820 
0.0893 
0.1 1 18 
0.0934 
0.0861 
0.1 062 
0.1045 
0.0953 
0.2066 

0.1233 
0.1043 
0.1346 
0.0904 
0.0921 
0. PO64 
0.0836 
0.0793 
0.0899 
0.0689 
0.0899 
0.2066 

Lognormal 

0 

6.508 
4.876 
4.127 
4.272 
4.414 
3.781 
3.806 
3.062 
2.82 1 
2.794 
9.270 

17.136 
7.752 
5.760 
5.303 
4.709 
4.890 
4.449 
3.861 
3.562 
3.061 
3.153 
5.908 

criteria 

P 

-83.077 
-83.836 
-86.980 
-90.329 
-93.821 
-98.268 

-102.036 
-105.713 
-1 08.996 
-1 12.005 
-1 16.385 

-84.141 
-94.266 
-93.801 
-96.440 
-1 00.280 
-1 03.287 
-107.132 
-1 11.010 
-1 14.491 
-1 18.030 
-121.156 
-123.712 

for the 



Time Interval Confidence level 

5 meter 
20-35 

Table G.5: MPE Parameters and Goodness-of-Fit criteria for the Lognormal 
Distributions of the Magnitudes, the la; 4, for the 5 and 10 
Meter Locations of Building A. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

220-265 
10 meter 

0.64 

0.68 

6.01 3 

5.150 

-57.451 0.1357 

-97.405 0.13 13 



1 20 meter I I I I 1 

Time Interval 

1 30 meter I I I I 1 

Confidence level I I l K - S l  

Table G.6: MPE Parameters and Goodness-of-Fit criteria for the Lognormal 
Distributions of the Magnitudes, the la; 4, for the 20 and 30 Meter 
Locations of Building A. Distributions are for Various Time Intervals 
up to the 30 dB Excess Delay. The Bolded Distribution Represents the 
Time Interval of the First Arrivals. 



Time Interval 
(in ns) 

5 meter 
10-15 
20-35 
40-55 
60-75 
80-95 

100-1 15 
120- 140 
1 45- 1 65 
170-1 90 
195-2 15 

10 meter 
30-45 
50-65 
70-85 

90- 1 05 
110-125 
130-150 
155-175 
180-200 
205-225 

Table G.7: MPE 
Distributions of the Magnitudes, the la; 4, for the 5 and 10 
Meter Locations of Building B. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

Confidence level 

0.93 
0.99 
0.97 
0.89 
0.95 
0.83 
0.95 
0.99 
0.99 
0.60 

0.97 
0.40 
0.32 
0.90 
0.80 
0.65 
0.79 
0.93 
0.90 

Parameters and 

o 

6.208 
5.539 
3.624 
3.807 
4.003 
3.737 
3.573 
4.083 
3.124 
5,202 

6.491 
4.079 
4.03 1 
3.694 
4.040 
4.073 
3.925 
3.919 
3.378 

Goodness-of-Fit 

P 

-50.71 6 
-58.406 
-63.1 80 
-68.077 
-72.9 1 8 
-76.603 
-80.8 10 
-85.673 
-88.037 
-91.115 

-64.913 
-68.086 
-72.1 14 
-76.175 
-80.470 
-84.13 1 
-88.610 
-92.532 
-94.954 

criteria for the 

K-S 

0.0987 
0.0808 
0.0878 
0.1054 
0.094 1 
0.1 132 
0.0949 
0.0804 
0.0833 
0.1398 

0.0884 
0.1627 
0.1744 
0.1037 
0.1 175 
0.1342 
0.1192 
0.0996 
0.1038 

Logilormal 



I 20 meter I I I I I 

Time Interval 1 (in ns) 
Confidence level 

TabIe G.8: MPE Parameters and Goodness-of-Fit criteria for the Lognormal 
Distributions of the Magnitudes, the la; 4, for the 20 and 30 
Meter Locations of Building B. Distributions are for Various 
Time Intervals up to the 30 dB Excess Delay. The Bolded 
Distribution Represents the Time Interval of the First Arrivals. 

1, 30 meter 
90-95 

100-115 
0.75 
0.88 

17.640 
7.778 

-77.664 
-90.125 

0.1229 
0.1076 



APPENDIX H 

Lognormal Distribution Parameters for the Magnitude 
Sequence from DF Modelling 

This Appendix gives the parameters and goodness-of-fit criteria for the Normal distributions 

of the log magnitudes, the 14 'sl , for various time intervals for Building A and Building B 

that were derived from DF modelling. See section 7.5.3 for a complete description. 



Time Interval. 
(in ns) 

5 meter 
20-37.5 
40-57.5 
60-77.5 
80-97.5 

100-1 17.5 
120- 142.5 
145-1 67.5 
170-192.5 
195-2 17.5 
10 meter 
30-47.5 
50-67.5 
70-87.5 
90- 1075 
110-1275 
130-152.5 
155-1 77.5 
180-202.5 
205-227.5 
230-277.5 

Table H. 1 : Parameters 
Distributions of the Magnitudes from DF Modelling, the (a; 4, 
for the 5 and 10 Meter Locations of Building A. Distributions 
are for Various Time Intervals up to the 30 dB Excess Delay. 
The Bolded Distribution Represents the Time Interval of the 
First Arrivals. 

Confidence level 

0.73 
0.88 
0.90 
0.93 
0.93 
0.96 
0.96 
0.97 
0.97 

0.77 
0.88 
0.84 
0.9 1 
0.93 
0.99 
0.98 
0.99 
0.93 
0.56 

and Goodness-of-Fit 

CT 

7.582 
6.198 
5.392 
5.378 
4.763 
4.62 1 
4.660 
4.663 
4.200 

9.106 
6.083 
5.570 
5.366 
5.527 
5.375 
4.855 
4.754 
4.135 
4.461 

criteria 

P 

-64.614 
-69.452 
-74.163 
-78.335 
-82.099 
-85.560 
-89.627 
-93.722 
-95.642 

-74.017 
-75.788 
-79.640 
-83.558 
-87.08 1 1 

K-S 

0.1250 
0.1070 
0.1034 
0.0996 
0.098 1 
0.0912 
0.0929 
0.0876 
0.0884 

0.1209 
0.1075 
0.1 120 
0.1031 
0.0998 

-91.000 
-94.667 
-97.978 

-101.285 
-104.422 

0.0825 
0.0875 
0.0707 
0.0981 
0.1441 

for the Lognormal 



Time Interval 
(in ns) 

20 meter 
65-82.5 
85-102.5 
105-122.5 
125-142.5 

Confidence level 

0.75 
0.98 
0.95 
0.96 

145-162.5 
165- 187.5 
190-2 12.5 
2 15-237.5 
240-262.5 
265-3 12.5 
3 15-362.5 
365-412.5 
30 meter 
100-1 17.5 
120-137.5 
140-157.5 
160-177.5 
180-197.5 
200-222.5 
225-247.5 
250-272.5 
275-297.5 
300-347.5 1 
350-397.5 
400-447.5 
450-547.5 
550-597.5 

Table H.2: Parameters 

K-S 

0.1236 
0.0856 
0.0938 
0.0913 

o 

9.090 
6.760 
5.950 
6.43 5 

of the Magnitudes fiorn DF Modelling, the la; 4, for the 20 and 30 
Meter Locations of Building A. Distributions are for Various Time 
Intervals up to the 30 dB Excess Delay. The Bolded Distribution 
Represents the Time IntervaI of the First Arrivals. 

0.97 
0.9 1 
0.97 
0.96 
0.99 
0.88 
0.47 
0.83 

0.98 
0.80 
0.98 
0.97 
0.94 
0.78 
0.92 
0.70 
0.99 
0.97 
0.99 
0.97 
0.99 
0.5 1 

and Goodness-of-Fit 

P 

-83.760 
-86.142 
-88.948 
-92.3 17 

5.944 
5.386 
4.713 
4.798 
3.607 
3.059 
2.353 
1.832 

12.366 
9.132 
7.037 
6.098 
6.225 
5.200 
5.224 
5.006 
4.983 
5.771 
4.948 
3.695 
3.240 
2.483 
criteria 

-95.240 
-98.660 
-102.006 
-105.593 
-108.412 
- 1 1 1.497 
-1 13.089 
-114.075 

-1 11.921 
-111.776 
-1 15.823 
- 1 18.989 
-121.440 
-124.221 
-127.175 
-130.637 
- 134.004 
-136.299 --- 
-137.691 
-140.082 
-140.598 
-1 42.075 

for the Lognormal 

0.0905 
0.1019 
0.0881 
0.0927 
0.0737 - 
0.1065 
0.1545 
0.1135 

0.0843 
0.1169 
0.0858 
0.0907 
0.0971 
0.1 196 
0.1001 
0.1290 
0.0803 
0.0892 
0.0796 
0.0887 
0.0785 
0.1495 

Distributions 



Time Interval 
(in ns) 

5 meter 
20-37.5 
40-57.5 
60-77.5 
80-97.5 

100-1 17.5 
120-142.5 
145- 167.5 
170-192.5 

r 

10 meter 
30-47.5 
50-67.5 
70-87.5 
90-1075 
110-1275 
130-152.5 
155-177.5 
180-202.5 
205-227.5 
230-277.5 

Table H.3 : Parameters 
Distributions of the Magnitudes fiorn DF Modelling, the (a; 4, 
for the 5 and 10 Meter Locations of Building B. Distributions 
are for Various Time Intervals up to the 30 dB Excess Delay. 
The Bolded Distribution Represents the Time hterval of the 
First Arrivals. 

P 

-70.126 
-72.983 
-77.099 
-80.491 
-83.251 
-86.589 
-90.532 
-93.036 

-78.274 
-79.498 
-83.124 
-87.180 
-91.446 
-95.752 
-100.862 
-105.824 
-112.722 
-123.076 

for the 

K-S 

0.1174 
0.1314 
0.1230 
0,1050 
0.0819 
0.0738 
0.0708 
0.0941 

0.1319 
0.1444 
0.1504 
0.1492 
0.1410 
0.1463 
0.1526 
0.1410 
0.1376 
0.1 891 

Lognormal 

Confidence level 

0.80 
0.68 
0.75 
0.89 
0.99 
0.99 
0.99 
0.95 

0.67 
0.56 
0.50 
0.5 1 
0.59 
0.54 
0.48 
0.59 
0.62 
0.23 

and Goodness-o 

0 

10.802 
8.793 
7.853 
5.959 
4.609 
3.838 
3.021 
1.990 

13.143 
10.5 19 
10.335 
10.125 
9.794 
10.327 
10.824 
11.928 
12.985 
2.995 

f-Fit criteria 



Time Interval 
(in ns) 

20 meter 
65-82.5 
85- 102.5 
105-122.5 
125-142.5 
145-162.5 
165-1 87.5 
190-2 12.5 
2 15-237.5 
240-262.5 
30 meter 
100-1 17.5 
120-137.5 
140-157.5 
160-177.5 
180-1 97.5 
200-222.5 
225-247.5 
250-272.5 
275-297.5 
300-347.5 
350-397.5 
400-447.5 

TableH.4: Parameters 
Distributions of the Magnitudes from DF Modelling, the la; 4, 
for the 20 and 30 Meter Locations of Building B. Distributions 
are for Various Time Intervals up to the 30 dB Excess Delay. 
The Bolded Distribution Represents the Time Interval of the 
First Arrivals. 

Confidence level 

0.81 
0.76 
0.72 
0.9 1 
0.94 
0.99 
0.93 
0.92 
0.5 1 

0.94 
0.84 
0.90 
0.95 
0.95 
0.97 
0.99 
0.99 
0.99 
0.99 
0.74 
0.30 

and Goodness-of-Fit 

CT 

9.859 
6.514 
5.730 
5.422 
5.247 
4.793 
4.599 
3.968 
4.643 

10.147 
7.250 
6.297 
5.797 
5.8 17 
5.414 
4.770 
4.433 
4.1 16 
2.909 
1.425 
1.947 

criteria 

If 

-87.659 
-86.854 
-90.406 
-93.218 
-96.847 
-100.649 
- 104.207 
-108.800 
-1 1 2.703 

-99.591 
-97.9 17 
-99.884 
-1 03.450 
-1 06.242 
-1 10.169 
-1 14.137 
-1 18.1 5 7 
-121.997 
-124.858 
-128.325 
-129.161 

for the 

K-S 

0.1 167 
0.1218 
0.1270 
0.1024 
0.0968 
0.0833 
0.0992 
0.1008 
0.1494 

0.0968 
0.1 128 
0.1038 
0.0949 
0.0952 
0.0898 
0.0760 
0.0796 
0.0798 
0.0822 
0.1245 
0.1777 

Lognormal 




