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Abstract

Macrodiversity, which involves the joint use of antennas at different base stations, has the
ability to improve both the forward link and the reverse link performance of a wireless mo-
bile communications system. When macrodiversity is combined with multiuser detection,
the results are exceptionally promising. This thesis contains two main investigations. The
first develops a multiuser-macrodiversity detector to be used within a group of base sta-
tions for improving reverse link performance, and the second regards a forward link power
optimization of macrodiversity antennas.

The first investigation is a performance analysis for the reverse link of a wireless direct
sequence code division multiple access (DS-CDMA) system that exploits macrodiversity
reception while adopting the maximum likelihood (ML) multiuser detector for the basic de-
tection. It appears to be the first analytical treatment of the ML multiuser-macrodiversity
detector in Rayleigh fading channels. The analysis includes the effects of frequency selective
fading, imperfect synchronization, and imperfect channel state information (CSI). In addi-
tion to the performance analysis, the thesis presents the Conditional Metric Merge (CMM)
algorithm, which keeps the computational complexity of the ML multiuser-macrodiversity
detector at a minimum. The CMM algorithm is a new algorithm and is the first of its kind
as multiuser-macrodiversity detection is a new area of research. It is shown that the ML
multiuser-macrodiversity detector is capable of reducing the bit error rate (BER) for many
users by several orders of magnitude compared with multiuser detectors that operate on
each antenna separately. This investigation is performed only for the reverse link, as the
high computational complexity of multiuser detectors makes them most suitable for use at
the base stations.

The second investigation optimizes the transmit power of macrodiversity antennas in

an indoor DS-CDMA system. The results show that the power optimization significantly
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increases forward link capacity. The treatment includes a global optimization strategy that
allocates power at the various macrodiversity antennas so that the average of all users’ BERs
is minimized. In practice, the complexity of this global optimization problem is reduced as
many of the links are extremely weak and can be removed from the optimization. Simulation
results demonstrate that, when compared to traditional soft handoff power allocation, the
optimization algorithm increases the forward link capacity for a given quality of service by
10-20%.

This thesis also includes other results that are of a secondary nature, but are nevertheless

both novel and useful.
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Chapter 1

Introduction and Background

With the ever increasing demand for wireless, personal, and portable communications, sys-
tem planners for cellular systems and personal communication systems (PCS’s) constantly
strive to expand and improve upon their existing networks. While traditional cellular sys-
tems have provided people with the freedom to use mobile phones to verbally communicate
with other users, PCS technologies augment mobile voice communication with other services
such as mobile fax, image, and video.

In wireless communication systems, there are generally three different multiple access
techniques. These are frequency division multiple access (FDMA), time division multiple
access (TDMA), and code division multiple access (CDMA). FDMA systems divide the
available spectrum into portions, and a number of mobiles are serviced by assigning each
user a different portion of the spectrum. With TDMA, each radio channel is separated into a
number of time slots, and each user is assigned a particular time/frequency slot combination.
Unlike both FDMA and TDMA, CDMA enables a number of users to share the same space,
time, and frequency with the use of spread spectrum techniques. The term spread spectrum
refers to the fact that a bandwidth of W Hz is used to send data at a rate of R bits/sec,
and W is much greater than R. The ratio W/R is commonly referred to as the processing
gain, and the larger the processing gain, the better the CDMA system is at suppressing the
multiple access interference (MAI). Unlike the more traditional multiple access techniques
such as FDMA and TDMA, CDMA has no hard limit on capacity.

As the demand for wireless, mobile communications increases, capacity is a prime con-
cern for both cellular and PCS providers. In addition to the need for increasing capacity,

applications such as fax, image, and video require a higher quality of service (QoS) than
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Intracell
interference

____________ Other cell
interference

Figure 1.1: Typical layout for outdoor system.

that traditionally needed for voice communications. CDMA technology, with its noise-like
signal waveforms, universal frequency reuse, and flexible architecture, is ideal for meeting
increasing capacity requirements and various QoS levels. Since CDMA systems are inher-
ently interference limited, the system’s capacity and/or the QoS automatically increases
with any reduction in interference [1].

The general layouts for outdoor and indoor wireless communications systems are shown
in Figs. 1.1 and 1.2, respectively. The intracell interference in Figs. 1.1 and 1.2 is the
interference that is generated from within the cell of interest, while other cell interference
originates from the neighboring cells. CDMA systems use a number of techniques such
as antenna sectorization, power control, and soft handoff to reduce the level of interference
present at the receiver. These techniques along with their effect on capacity will be discussed
in detail later in this chapter. Even though the overall level of interference can be reduced at
the receiver, the performance of the traditional linear detector is still limited by the intracell
and other cell interference. Typically, CDMA systems use linear detectors similar to that
shown in Fig. 1.3. As can be seen in Fig. 1.3, the conventional detector consists of a bank

of single-user matched filters followed by a symbol-rate sampler and a threshold device. The
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Intracell interference
———————— Other cdll interference

Figure 1.2: Typical layout for indoor system.

conventional detector performs very well when the thermal noise is dominant. However, it
is far from optimum in the presence of MAI.

The optimum, maximum likelihood (ML), multiuser detector is proposed in [2], and it
is shown that this detector is capable of nearly eliminating the effects of MAI. Multiuser
detection is typically performed only for users within a cell of interest. With such a restric-
tion, multiuser detection has the ability to nearly eliminate the intracell MAI. However, it
does nothing to combat the other cell interference.

If the widely separated base stations shown in either Fig. 1.1 or Fig. 1.2 could share
information about users, the other cell interference could be transformed into useful in-
formation. For example, a user’s performance could be improved through macrodiversity
reception, which occurs when the user’s signal is detected at more than one base station.
Further, if these signals were added to the multiuser detection at each base station, the
ML multiuser detectors would now have the ability to combat both intracell and other cell
interference. To summarize, CDMA users can benefit from the addition of macrodiversity
to multiuser detection in two ways. The first way is by taking advantage of the diver-
sity already present in the system, and the second way is through improved ML multiuser
detection.

In this thesis, ML multiuser-macrodiversity detection is applied to both outdoor and
indoor wireless communication systems. Consequently, the next section focuses on radio

signal propagation in these environments.
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User 1 y1(n) — | by(n)
B ,
MF -
User 2 Yo (N) — | by(n)
B ,
r(t) MF -
User K Yk (N) — | bc(n)
B ,
MF -

Figure 1.3: Traditional CDMA linear detector.

1.1 Outdoor and Indoor Propagation

Path loss plays an extremely important role in the design of both outdoor and indoor wireless
systems. In general it determines a cell’s coverage area, and it also determines the extent
to which different cells interfere with each other. The simple plane earth model of path loss
does not apply to mobile communications since additional interference occurs as a result of
multiple diffractions around large objects [3].

The path loss exponent determines the rate at which path loss increases with increasing
distance between the transmitter and the receiver. It has been shown that the path loss
exponent typically ranges between 3 and 4 in urban and suburban environments [3]. A
range of approximately 2.5 to 5 appears to be typical of the indoor environment [4], [5].
As illustrated in Fig. 1.4, large obstacles in the propagation path between the base station
antenna and the mobile result in shadowing, which causes variability around the predicted
path loss. Shadowing normally occurs over areas on the order of hundreds of wavelengths,
and it is typically considered to be log-normally distributed with a standard deviation of 6
to 8 dB [3]. However, the range in standard deviations appears to be larger in the indoor
environment, taking values from about 4 dB to 10 dB [4], [5]. Finally, fading occurs on a

very small scale, when the mobile is surrounded by a number of reflectors, and causes power
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Shadowing

Figure 1.4: The physical basis of shadowing and fading.

fluctuations around the mean predicted by both path loss and shadowing. It is generally
assumed that the fading has either a Rayleigh or a Rician distribution [3].

In a multipath fading environment, the received signal is composed of multiple reflections
of the transmitted signal which each have their own direction of arrival, amplitude, phase,
and delay [3]. A mobile experiences fading as it moves since the amplitude and phase of its
composite signal changes, and the rate of change depends on the speed at which the mobile
moves. If we assume that the scatterers are evenly distributed around the mobile, the power
spectrum of the complex gain, i.e., the Doppler spectrum, attains a U-shape. The resulting
autocorrelation function in time is given by the Bessel function of the first kind [3].

The fading experienced by a mobile can be either flat or frequency selective. The fading
is flat if the range of delays (the delay spread) is small compared 1/W, where W is the
transmission bandwidth. However, if the delay spread is greater than 1/W, the fading
becomes frequency selective. In frequency selective fading, the power delay profile describes
the distribution of the arrivals’ mean-square values in the delay domain. It is common to
assume an exponential power delay profile in an urban setting [3], and the authors of [6]
found that an exponential power delay profile is also typical in indoor systems.

A great deal of the work performed to date on indoor wireless propagation has concen-
trated on wideband measurements that reveal the delay spread characteristics of the indoor

wireless multipath propagation [6], [7], [8]. This work will be extremely useful for wideband
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systems such as wideband CDMA. However, for the IS-95 specification, delay spread is cur-
rently not an issue in the indoor environment as it is typically less than the chip interval,
where the chip interval is the inverse of the transmission bandwidth.

The indoor propagation studies at the University of Auckland have taken the focus off
delay spread and placed it on overall path losses at various locations within a building [4].
These propagation measurements have identified a strong correlation in the signal strengths
between floors of a building. This is due to the fact that the correlated paths share a
number of common obstacles. The correlated shadowing that exists within a building has
a strong influence on base station placement as is shown in [9]. The authors show that
for a simple layout with one base station per floor, the positive correlation between floors
suggests that the base stations should be aligned from floor to floor rather than offset.
Some recent experiments at the University of Auckland involve measurements taken from
simultaneous transmissions on multiple floors [4]. The authors measure the mean path
losses and calculate correlation coefficients for different transmitter and receiver positions
both across and between floors of a multi-story building. These experiments are directly
applicable to the study of macrodiversity as they will identify the expected power at multiple
base stations from a transmitting mobile.

Before addressing the issues of either macrodiversity or multiuser detection, the impact of
using the traditional linear detector on CDMA system capacity is discussed in the following

section.

1.2 CDMA System Capacity and Power Control

Typically, the forward link capacity exceeds the reverse link capacity in a CDMA system
[10]. Therefore, in this section, system capacity refers to the reverse link capacity. For
simplicity we initially concentrate on a single cell within the CDMA system.

If each user’s transmitted power is controlled so that all of the signals arrive at the base
station with equal power levels, the energy to interference and noise density ratio, I, is given
as [1]

Ey
Io+ No
P /R
- (N—l);’Z/WJrNO (L)
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where Fj is the energy per bit, Iy is the interference, and Ny is the power spectral density
of the thermal noise. The transmission bandwidth is given by W, R refers to the data rate,
P, is the received signal power of each user, and N is the number of users in the cell.

In the following capacity estimates, we have assumed that the MAI appears to be noise-
like and random. However, in a realizable system the signals must be “pseudorandom” so
that they can be generated at both the transmitter and the receiver. These pseudorandom
sequences need to be well designed with good autocorrelation and cross-correlation proper-
ties for all possible delays between the sequences so that they do indeed resemble background

noise [12]. By rearranging (1.1), we calculate the capacity for conventional receivers to be

W/R NoW
N-1=—L2_ . 1.2
T 2 (1.2)

Assuming that the thermal noise is negligible compared to the interference from other users,
we can estimate the capacity to be approximately

_W/R

N
r

(1.3)

where I' is the required value for adequate performance. However, this capacity estimate
is optimistic as it does not account for the interference introduced by the other cells in
the system. As shown in [10], the other cell interference is calculated to be approximately
f = 60% of the interference generated by the given cell. Therefore, the capacity estimate
in (1.3) must be reduced by a factor of 1+ f = 1.6, and the capacity per cell of a multi-cell
CDMA system becomes

. W/R

N~ ri (1.4)

However, as stated earlier, CDMA systems are interference limited, and any reduction
in interference translates to an increase in capacity. One of the more popular methods in
reducing the interference for voice communication includes suppressing transmission during
a user’s quiet period. Studies have shown that a user’s voice is active only about 35% to 40%
of the time [11]. Therefore, the voice activity factor, a, is typically taken to be a = 3/8 [1],
[10]. Another way to combat the level of MAI is through the use of directional antennas that
isolate the desired user and suppress the interferers. If the users are uniformly distributed
across the cell, the MAI can be reduced by using a sectored antenna. If the sectorization

were perfect, the interference would be reduced by the number of sectors. However, if we
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assume a loss of 1 dB from the ideal gain, the antenna gain factor, G 4, is approximately
G4 ~ 2.4 for a three-sectored antenna [10].

By taking the voice activity and antenna gain factors into account, the capacity per cell
of the CDMA system becomes

_ W/R) (Ga)
T+ f) (a)

Another way to interpret (1.5) is that for a given number of users the voice activity

N (1.5)

and antenna gain factors increase the energy to interference and noise density ratio, I', by
approximately 8 dB. Therefore, any reduction in interference results in either an increase in
capacity for a specific I or an increase in I" for a given number of users.

As stated previously, the above calculations assume that the power of each mobile is
perfectly controlled. However, perfect power control is difficult if not impossible to attain.
Therefore, the following sections address methods used for both reverse link and forward

link power control.

1.2.1 Reverse Link Power Control

The capacity estimates, (1.2) - (1.5), assume that the signals arrive at the base station
with equal power. The equal power assumption is critical for maximizing the capacity in a
CDMA system that uses conventional detectors. One of the major problems to date with
DS-CDMA systems is the near-far problem. The near-far problem occurs when weak users
cannot be detected at the receiver because they are overpowered by stronger users. It is
the power control mechanism in a CDMA system that attempts to alleviate the near-far
problem and equalize the received signal powers. Reverse link power control consists of both
open-loop and closed-loop power control.

The wide dynamic range in signal levels is handled by the open-loop power control. The
mobile measures its total received power, including the signal power, thermal noise, and
interference. The reverse link open-loop power control ensures that the sum of the mobile’s
received power and the mobile’s transmitted power in dB is kept at a specific constant [10].
If the forward link and reverse link carrier frequencies were similar, the channel would be
symmetrical, and the open-loop power control would be sufficient. However, the separation
between the forward and reverse link channel frequencies is 45 MHz for cellular systems and

80 MHz for PCS systems [13]. These large frequency separations result in different fading



CHAPTER 1. INTRODUCTION AND BACKGROUND 9

processes between the forward and reverse link. Since the forward and reverse channels
are not symmetrical, open-loop power control alone is insufficient, and closed-loop power
control is required to “fine-tune” the open-loop estimate.

The closed-loop power control is initiated by the base station. The base station measures
the received energy to interference and noise density ratio, I', and compares it to a set point.
If the received I' is above the set point, a “down” command is sent, and if I" is below the
set point, an “up” command is sent [13]. For each “up” or “down” command, received from
the base station, the mobile adjusts its power by about 1 dB [13]. The base station can
also send a “do nothing” command to keep the mobile transmitting at a constant power.
The closed-loop power control sends 800 commands per second [13]. While this is very
rapid control, it may not always be fast enough to track the Rayleigh fading. However, it
should not have any difficulty tracking the path loss and shadowing effects [1]. The errors
associated with the reverse link power control are approximately log-normal with a standard

deviation of about 2 dB [13].

1.2.2 Forward Link Power Control

The requirements on forward link power control are generally less severe than those on the
reverse link [13]. On the forward link, all of the intracell interference arises from the same
base station. As a consequence, the desired and interfering signals vary together. Therefore,
in a single cell system, the total signal level at the mobile must be adequate, but forward
link power control by user is not required. In a multi-cell system, forward link power control
becomes necessary as the neighboring cells’ interference fades independently from that of
the given cell. In order to perform forward link power control, each base station allocates
power to a particular mobile user based on that mobile’s SNR [1]. The mobile calculates
its SNR by correlating to the strongest pilot signal and measuring its energy along with the
total energy received [1]. Both of these measurements are transmitted to the base station
with the strongest pilot so that this base station can provide the proper power allocation.
Thus far, the descriptions for both the reverse link and forward link power control have
assumed that each user is communicating with only one base station. If a user is connected
to more than one base station in soft handoff or macrodiversity, the power control mechanism
will need to be adjusted accordingly. The following section addresses the general area of

diversity, and macrodiversity is specifically addressed in 1.3.2.
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1.3 Diversity

Diversity reception is one of the most effective methods for significantly decreasing a user’s
bit error rate (BER). In general there are four main sources of diversity: polarization, time,
frequency, and space diversity. Polarization diversity can be obtained if signals are trans-
mitted in both the vertical and horizontal electric fields since the vertical and horizontal
polarizations are uncorrelated, or only weakly correlated [14]. Time diversity can be ob-
tained if the transmissions exceed the coherence time of the channel, where the coherence
time is defined as the time over which the channel’s complex gain remains approximately
constant [3]. In a CDMA system, time diversity is obtained through the use of powerful
convolutional codes combined with interleaving. If the interleaving is of sufficient depth,
the previously separated consecutive codeword symbols exceed the coherence time of the
channel and thus experience independent fading. Frequency diversity can be obtained if the
transmission bandwidth is greater than the coherence bandwidth of the channel, where the
coherence bandwidth is termed the “distortion free bandwidth” in [3]. In spread spectrum
communications, a RAKE receiver is the preferred method for obtaining frequency diversity
[10]. In total the RAKE receiver can combine G + 1 resolvable paths, where G = |[WTy],
and T} is the delay spread of the channel [15]. Finally, space diversity is obtained through
the use of multiple antennas when the antennas are spaced far enough apart to ensure inde-
pendent fading. In the following we discuss both microdiversity and macrodiversity. Since
most of the previous research to date has focused on microdiversity, this issue is addressed

first.

1.3.1 Microdiversity

Microdiversity occurs when the antennas are spaced close enough together to ensure that
the signal’s mean power level is the same at each antenna, but far enough apart to ensure
independent, or close to independent, fading at each antenna.

Conceptually, the simplest type of diversity is selection diversity. For ideal selection
diversity, the best signal is selected for reception. However, selection diversity is difficult to
implement as the threshold for switching between branches is a floating threshold [14]. A
more practical technique is known as switched diversity where the receiver switches branches
only if the signal drops below a pre-determined threshold [14]. While ideal selection diversity

outperforms the switch-and-stay variation, diversity performance can be further improved
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Figure 1.5: Conventional array.

by combining the signals rather than selecting them. The signals can be combined using a
conventional array as shown in Fig. 1.5. In the figure there are L microdiversity antennas.
The received signals are given by r (t) = [r1 (t),...,7, ()], and the weight vector is given
by w = [wy, ..., wL}T. The weights can be adjusted according to many different criteria such
as minimum mean square error (MMSE), signal to interference and noise ratio (SINR), or
maximum likelihood (ML).

J. Winters showed that “optimum” combining applied to antennas in space diversity is
able to both reduce directional interference as well as combat fading of the desired signal [16].
He uses the maximization of output SINR as the performance measure for the antenna array.
It is shown in [17] that the MMSE, SINR, and ML criteria applied to the conventional array
shown in Fig. 1.5 are all closely related to each other, and they differ only by scale factors.
These solutions all yield identical output SNRs, and they are often termed “optimal” since
their solutions can be written in terms of the optimum Wiener solution [17]. However, even
though MMSE combining is one of the “optimal” combining methods, [18] shows that the
performance of multiuser, or joint, detection far exceeds that of MMSE combining.

As stated above, “optimum” combining combats the desired signal’s fading and reduces
directional interference. If the interference is negligible compared to the noise, MMSE com-
bining reduces to maximal ratio combining. In contrast, if the noise is negligible compared
to the interference, MMSE turns into zero forcing. Most often in practice, neither of these
conditions is met, and both interference and noise are significant. When both interference

and noise are present, MMSE combining outperforms both maximal ratio and zero forcing.
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The authors of [19] study the high SNR case that results in the zero forcing solution.
They show that a system operating with N antennas and (K + 1) users, where N > K + 1,
can cancel out K interferers leaving each user with (N — K) order diversity. However,
normally the interference does not need to be cancelled; it just needs to be suppressed into
the noise. Therefore, these results actually provide an upper bound on the probability of
error for the MMSE combining solution.

The results in [16] and [19] assume independent fading at each antenna. However, cor-
relations in the antenna array cause diversity to become less effective. In [20] the authors
study the effect of correlated fading on MMSE combining. They found that the corre-
lated fading does not significantly affect the interference suppression capabilities of MMSE
combining since cochannel interference (CCI) can be cancelled in all levels of correlation.
However, the benefits resulting from diversity are reduced with an increase in correlation.
The MMSE combining is less able to combat the desired signal’s fading since all the anten-
nas tend to experience a fade simultaneously if the correlation is high. However, even with
correlations up to 0.5, there appears to be only a small degradation in performance. Now
that we have discussed the issue of microdiversity, we will investigate the more general case

of macrodiversity.

1.3.2 Macrodiversity

Antennas which have significant distances between them are said to be in macrodiversity
reception. Unlike the microdiversity situation in Section 1.3.1, a signal’s average power level
will generally be different at each macrodiversity antenna. As a consequence, macrodiversity
is used to combat both shadowing and fading. The most common form of macrodiversity
in a CDMA system is soft handoff. A mobile is in soft handoff when it sends and receives
information to and from more than one base station. The group of base stations that the
mobile communicates with is defined as the mobile’s Active Set. Similar to the concept
of soft handoff, “softer” handoff occurs when the mobile communicates with two or more
sectors of the same cell [21].

Since all users share the same bandwidth in a CDMA system, there is no need to switch
frequencies when the mobile transfers from one base station to another. When a mobile
enters soft handoff, it is typically in a transition region between base stations as shown
in Fig. 1.6. In this transition region, the call can be serviced by any of the neighboring

base stations. Only once the mobile is well within the boundaries of a cell is the handoff
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Figure 1.6: Typical soft handoff transition region.

complete, and the other base stations no longer attempt to handle the call [22].

Macrodiversity on the Reverse Link

On the reverse link of a conventional system using soft handoff, the base stations in a mobile’s
Active Set decode the signals independently. If the message is decoded differently at the
various base stations, the system controller, or base station interconnection, determines
which base station is receiving the highest quality signal and decides in its favor [10].

In [23] the authors show analytically that soft handoff is capable of increasing both
the reverse link capacity and the cell coverage when compared to hard handoff. They
present a comprehensive analysis which takes both intracell and other cell interference into
account. Their results show that most of the advantages of soft handoff are obtained with
two neighboring base stations. The addition of more base stations to the soft handoff has
diminishing returns [23].

Typically each cell participating in a soft handoff independently sends a power control

bit to the mobile. The mobile reduces its power if it receives a “down” command from any
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one of the base stations, and it increases its power only if it receives an “up” command
from all of the base stations [13]. In this way the mobile’s power is ultimately controlled by
the base station receiving the best signal [13]. This keeps the mobile transmit power to a
minimum, which in turn minimizes the overall level of interference in the system.

In [24], the Multiply-Detected Macrodiversity (MDM) scheme is developed which outper-
forms selection-based diversity schemes. The MDM scheme uses a post-detection combining
technique, and is based on the maximum likelihood criterion. The MDM decision algorithm
combines the individual hard decisions from each base station with a measure of the quality
of each link to form the final decision. The authors compare MDM to selection diversity,
and they show that MDM has the capability to significantly reduce the system’s BER [24].

In [25], a macrodiversity system which uses pre-detection combining is considered. Pre-
detection combining generally yields more improvement than post-detection combining.
However, it does so at the expense of increased complexity and increased traffic on the
wireline network. Therefore, the wireline network may need to be installed with cable or
fibre in order to handle the increased traffic. The author develops a power control algorithm
based on a carrier to interference spectral density ratio for a macrodiversity network [25].
The signal’s phases are aligned before combining the macrodiversity antennas, and the inter-
ference is treated as white noise. The power control algorithm is implemented to counteract
the effects of shadowing, but it does not attempt to track the fast fading. The required
power for each user can be solved with a set of K equations and K unknowns, where K
is the number of users in the network. The author also proposes a decentralized version of
the power control algorithm which is an adaptive process that converges to the centralized
solution. The decentralized version, however, still requires each user to broadcast its own

interference level in order to facilitate the power updates of the other users [25].

Macrodiversity on the Forward Link

On the forward link, the neighboring base stations offset their pseudonoise (PN) sequences
and transmit simultaneously to the mobile in soft handoff. The mobile’s RAKE receiver
can isolate and combine these different transmissions as if they were natural multipath
produced by the environment [23]. Therefore, soft handoff on the downlink is equivalent to
generating artificial multipath. The advantage of this artificial multipath is the increased
diversity present at the mobile unit’s RAKE receiver. However, the disadvantage of artificial

multipath is the increase in the overall level of interference.
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In [21], the authors study the tradeoff between the added diversity and the increased
interference by comparing CDMA capacity with both soft and “softer” handoff to CDMA
capacity without any form of soft handoff. They found that even though soft and “softer”
handoff with base stations having three sectors per cell causes the downlink capacity to
increase, soft handoff alone in unsectorized cells results in a small capacity loss. The authors
of [26] evaluate the effect of varying the soft handoff coverage area. In other words, they
vary the size of the transition region. Their results show that there is virtually no benefit in
using soft handoff on the forward link as the forward link capacity remains fairly constant
regardless of the soft handoff coverage area. A similar investigation was performed in [27]
where the effect of a changing soft handoff threshold on forward link capacity is evaluated.
The soft handoff threshold determines which base stations will be in the mobile’s Active Set
by including the base stations whose energy to interference and noise density ratio exceeds
the threshold. In contrast to the previous study, [27] found a small capacity increase with a
decreasing soft handoff threshold. However, if the threshold is lowered too far, the increase
in interference cancels any benefit due to additional diversity.

While the findings of the above three studies, [21], [26] and [27], differ slightly, they all
agree that at some point the increased interference generally neutralizes the added diversity
for unsectorized cells. In these papers, all of the base stations in the Active Set transmit the
same power to the mobile unit in soft handoff. The authors of [28] investigate the allocation
of different transmit powers at the base stations in the Active Set, based on the premise that
a base station with a better link to the mobile unit should transmit with a higher power.
However, this type of power allocation does not balance the decrease in one user’s BER
due to a transmit power increase against the interference experienced by the other users.
In [29], a centralized downlink power control algorithm is introduced for multi-antenna
transmission. The authors simplify their solution and create a decentralized algorithm
called the “Greedy Algorithm.” Their results indicate that the “Greedy Algorithm” meets
the same BER requirement as equal power multi-antenna transmission, but with less overall
transmit power.

From the above work, it can be observed that there is still room for further investigation
into the effects of macrodiversity on the forward link of a DS-CDMA system when the
base stations in the Active Set allocate different transmit powers to the mobile unit in soft

handoff.
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1.4 Multiuser Detection and Interference Cancellation

As can be seen from the capacity estimates in Section 1.2, even with well designed codes
and the use of power control, the traditional detector which correlates the received signal
with the desired spreading sequence is interference limited and often insufficient. Therefore,
a great deal of effort has been targeted towards replacing the conventional detector. It has
been shown that multiuser detectors are more robust than the conventional detector in the
presence of MAI

The optimum multiuser detector developed in [2] far outperforms the conventional de-
tector since it nearly eliminates the effects of MAI, and its performance rivals that of a single
user system. It consists of a bank of matched filters followed by the Viterbi algorithm, and
its complexity grows exponentially with the number of users. Therefore, a suboptimal mul-
tiuser detection scheme is proposed in [30] in order to reduce this complexity. The proposed
decorrelating receiver is a linear detector, and it is able to achieve the near-far resistance ob-
tained by the optimal multiuser detector. The only time that the conventional detector will
outperform the decorrelating receiver is when the MAI is subordinate to the background
noise. This is because the decorrelating receiver is the multiple-access equivalent to the
zero-forcing equalizer which enhances the background noise while attempting to eliminate
the MAI The MMSE multiuser detector in [31] does not suffer from noise enhancement
as does the decorrelating receiver. One of the major disadvantages of the decorrelating
and the MMSE multiuser detectors is that ideally the filters have an infinite length, and
are thus infinite impulse response (IIR). Adaptive single-user techniques are used in [32] to
obtain finite memory-length detectors. Later, in [33] it is shown that the IIR filters can be
approximated by FIR filters, and a reasonable number of taps is often sufficient to provide
performance similar to that of the original IIR detector.

The performance of the ML detector and the decorrelating detector is analyzed in [2] and
[30] respectively for the additive white Gaussian noise (AWGN) channel, and the analysis
in [34] extends this to the flat Rayleigh fading channel. The results show that both of the
multiuser detectors outperform the conventional detector, and the optimum ML detector’s
performance approaches that for an isolated transmission. The decorrelator’s asymptotic
efficiency in the flat Rayleigh fading channel is consistent with that of the AWGN channel
[34]. In [35], Z. Zvonar extended the results from the single path fading channel to a

frequency selective channel. His paper investigates the use of decorrelating receivers with
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both RAKE multipath diversity and antenna diversity. It is shown that this approach
improves the performance beyond that achieved with conventional RAKE receivers at the
expense of increased complexity.

The studies in [36] and [37] discuss multisensor multiuser receivers. While the authors
of [36] state that the multiple sensors could refer to antenna elements or base stations, it is
assumed that the set of users represented at each sensor is the same, and the average power
levels are similar at each sensor. This situation more closely resembles the combination of
multiuser detection with microdiversity. Therefore, rather than including [36] and [37] in
Section 1.5, they are included here. The authors of [36] state that the use of multiple sensors
tends to average the MAI out towards zero. They also state that with a moderate number
of users and a tolerable near-far problem, the use of multisensor detection alone, without
any multiuser detection, has the capability to yield relatively good performance. They do,
however, compare conventional and decorrelating multisensor detectors, and the decorrelat-
ing multisensor detector far outperforms the conventional multisensor detector as expected.
This research has been extended in [37] where the authors compare the performance of a
multisensor RAKE receiver, a multisensor conventional multistage detector [40], and their
multisensor generalized multistage detector. Their conventional multistage detector is sim-
ilar to the parallel interference cancellation (PIC) multistage detector developed in [40]. As
its name implies, PIC involves interference cancellation, and the general class of interference
cancellation schemes will be addressed shortly. From the above three multisensor receivers,
the generalized multistage detector appears to be best suited to suppressing MAI in heavily
loaded systems.

The issue of combining the MMSE multiuser detection in [32] with power control is
addressed in [38], and [39] extends this to include beamforming. The authors of [39] show
that the total power transmitted by all users is significantly reduced when power control,
MMSE multiuser detection, and beamforming are combined.

The decorrelating and MMSE receivers mentioned above are linear multiuser detectors.
Another important group of suboptimal multiuser detectors are non-linear detectors which
employ interference cancellation (IC). IC receivers attempt to estimate the MAI and subtract
it from the received signal. They require knowledge of the users’ spreading sequences,
channel gains, and delays. Two fundamental classes of 1C receivers are parallel interference
cancellation and successive interference cancellation (SIC).

PIC receivers attempt to cancel the MAI from all users simultaneously. A well known
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multistage PIC receiver is developed in [40]. The authors present a realizable implementa-
tion of their algorithm which achieves a fixed decoding delay, and they also show that the
computational complexity increases linearly with the number of users.

In contrast to PIC receivers, SIC receivers cancel the MAI successively on a user by
user basis. The SIC receiver works by first detecting the strongest user. The strongest
user’s signal is then subtracted from the composite signal by regenerating it using the user’s
spreading sequence, channel estimate, delay estimate, and symbol decision. Once the MAI
from the strongest user is removed, the second strongest user can be detected, and this
process is repeated until the weakest user is detected [41]. The authors of [41] investigate
the performance of SIC receivers for both coherent and noncoherent modulation. For the
coherent case, it is assumed that the receiver has perfect knowledge of the phase. However,
the amplitude information is estimated by the matched filter output. In the noncoherent
case, the matched filter is used to estimate both the amplitude and the phase. In [42],
the author extends this work by using Pilot Symbol Assisted Modulation (PSAM) for the
channel estimation in a SIC receiver. SIC receivers perform best in environments with a
large variation in power between users. However, in a heavily loaded system it is likely that
some users will have similar power. While the PIC and SIC receivers perform well if all of
the decisions are correct, incorrect decisions will have a negative impact on all other users.

All of the work discussed thus far has focused on applying multiuser detection in CDMA
networks, and traditionally multiuser detection has been associated with spread spectrum
communications. However, a ML multiuser detector that can be used in a TDMA system is
presented in [18], and the results show that multiuser detection is also extremely attractive
in narrowband TDMA systems.

Now that the optimal and the various types of suboptimal multiuser detection schemes
have been discussed, the benefits of combining multiuser detection with macrodiversity will

be outlined in the following section.

1.5 Multiuser Detection and Macrodiversity

The idea of combining multiuser detection with macrodiversity is still relatively new. There
have been a few initial studies on this topic which show that it is a promising area for
further investigation. Intracell macrodiversity in a Joint Detection (JD)-CDMA system is

investigated in [43], where intracell macrodiversity refers to macrodiversity within a cell.
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In order to perform the intracell macrodiversity, remote antennas are deployed which are
connected to the central base station. The results show that the carrier to interference ratio
can be reduced by about 3-4 dB while maintaining the same outage probability when three
remote antennas are deployed [43].

The authors of [44] study multiuser detection with base station diversity in a TDMA
system. The multiuser detector at each base station produces a log-likelihood ratio, and the
diversity is obtained by using equal gain combining of log-likelihood ratios. This approach
has similarities to the MDM algorithm presented in [24]. While the MDM algorithm was
originally designed for hard decisions, [44] extends this to incorporate soft decisions. This
technique of combining multiuser detection with macrodiversity results in a significant BER
reduction. These results are produced assuming that the receiver has perfect channel state
information (CSI) and perfect code synchronization. In their paper, the authors state that
optimal multiuser detection cannot be combined with macrodiversity since optimal multiuser
detectors are implemented using the Viterbi algorithm which produces hard bit decisions.
However, Chapter 3 of this thesis proposes the Conditional Metric Merge (CMM) algorithm
which, similar to the Viterbi algorithm, utilizes a dynamic programming approach. It is the
CMM algorithm that enables optimal multiuser-macrodiversity detection.

In [45], the authors investigate the performance of macrodiversity in conjunction with
conventional detectors, linear MMSE multiuser detectors and decision-based (or SIC) detec-
tors. The detectors are developed for both synchronous and asynchronous CDMA systems.
However, performance results are reported only for the synchronous systems. The results
reported in [45] are valid for static AWGN channels with perfect CSI and perfect code
synchronization. Again, these results show promise in the area of multiuser-macrodiversity
detection. However, further research needs to be done to determine the performance of
optimal, ML, multiuser-macrodiversity detection in Rayleigh fading channels. Since all of
the multiuser detection schemes rely on accurate CSI and accurate code synchronization,

we will discuss these issues in the following section.

1.6 Code Synchronization and Channel Estimation

To date, most of the multiuser detection research has assumed perfect knowledge of the
channel parameters. There have, however, been a few studies on the impact of estimation

errors on multiuser detection [46], [47], [48]. For example, in [46], the authors study the
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impact of misjudging the amplitude, phase, and delays of two asynchronous users in an
underwater communications system. They quantify the reduction in asymptotic multiuser
efficiency (AME) for both the optimal ML detector and the suboptimal 2-stage detector
developed in [40]. AME is defined in [49] as “the ratio between the SNR required to achieve
the same uncoded bit error rate in the absence of interfering users and the actual SNR.”
The authors of [46] found that the AMEs of both multiuser detectors eventually approached
zero as the mismatch in timing, amplitude, and phase increased. The authors conclude
that since optimal ML detection is extremely computationally complex, it is only warranted
when the timing, amplitude, and phase estimates are nearly perfect [46].

The problem of estimating signal amplitudes and phases while simultaneously detecting
the data in a multiuser communications system is addressed in [50]. The complex amplitude
is estimated using a recursive least-squares algorithm, and it is assumed that the receiver
has a priori knowledge of the relative delays [50]. This assumption is removed in [51] where
methods for estimating the complex amplitude are also presented for receivers which have
no knowledge of the time delays.

A subspace based approach is used in [52] to estimate the relative delays and the signal
amplitudes in a multiuser DS-CDMA system. In [52], Bensley and Aazhang decompose the
multiuser problem into a number of single user problems, and they use the signal’s sample
correlation matrix to separate the observation space into both signal and noise subspaces.
While this method can estimate a signal’s amplitude and delay, the second order statistics
contain no phase information, and the signal’s phase cannot be recovered [52]. Subspace-
based methods are also used in [53] for propagation delay estimation. The authors state
that if the complex gain is needed for coherent detection, pilot symbols could be used to
extract this information. Subspace-based approaches are attractive as they do not require
any type of training sequence. However, as a result of the eigenvector decomposition, they
are rather computationally complex.

ML synchronization of DS-CDMA signals is addressed in [54], and Bensley and Aazhang
again decompose the multiuser estimation into a number of single user problems. In [54], the
interfering users are treated as colored non-Gaussian noise, and ML estimates are developed
based on both the Cholesky and eigenvector decompositions. The users’ delay, amplitude,
and phase are estimated, but results are reported only for the delay estimates. Unlike the

subspace-based approaches, ML synchronization generally requires a training sequence to
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be sent during initial acquisition. However, the ML synchronization in [54] achieves ac-
quisition faster than the subspace method in [52], and it does so with lower computational
complexity. ML parameter estimation in a multiuser CDMA system is also addressed in [55],
[56], and [57]. All three papers estimate the amplitudes, phases, and delays of each user’s
channel impulse response. Unlike the approach in [54] which assumes that the delay spread
is insignificant, [55], [56], and [57] assume that the channel is frequency selective. While
the method developed in [55] estimates the parameters of the channel impulse response,
the authors focus on the issue of synchronization. They first develop a ML approach which
estimates the relative delays for all users. However, since this approach is far too compu-
tationally complex, they present a more practical single-user ML estimator. The authors
derive the Cramér-Rao bound which bounds the best performance achievable of an unbiased
estimator. They show that their single-user ML estimator exhibits near-far resistance, and
its performance is fairly close to the Cramér-Rao bound.

Even though the ML parameter estimation techniques discussed above are able to esti-
mate a channel’s complex gain, they do so during a training sequence which is sent during
initial acquisition. It is stated in [54] that their algorithm should track slowly changing
parameters. However, the fading process needs to be sampled at or above the Nyquist rate
in order to adequately track the channel’s complex gain information [58]. The insertion of
pilot symbols into the data stream has proven to be an effective method of obtaining channel
estimates in a single user system with moderate to rapid fading [58]. In [42], the author
extends the method of Pilot Symbol Assisted Modulation (PSAM) to a SIC receiver oper-
ating in a Rayleigh fading environment. A decorrelator is used for estimating the channels’
complex gains, and the author investigates the effect of inserting one pilot symbol per user,
inserting three consecutive pilot symbols per user, and inserting one pilot symbol surrounded
by guard intervals per user. In [59], the authors propose a pilot-based, MMSE, multiuser
channel estimation technique for a TDMA system. The method allows for time variation
in the channels both within and between the training sequences, and the authors also de-
sign appropriate training sequences which have good autocorrelation and cross-correlation
properties. The MMSE multiuser channel estimation in [59] produces extremely accurate
channel estimates that can be used with the ML detector. Therefore, Chapter 4 extends
the method in [59] for use in a CDMA system.

The following section identifies the contributions that this thesis makes to the area of

macrodiversity combining.
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1.7 Thesis Contributions

This thesis contains several contributions to the area of macrodiversity combining.

In Chapter 2, the ML multiuser-macrodiversity detector is derived. This derivation is
the first to account for the fact that the multiuser detection at each macrodiversity antenna
includes different, and often overlapping, sets of users. Further manipulation reveals that
the metric for ML multiuser-macrodiversity detection can be written so that it is composed
of sums of terms that depend on only a few symbols at a time. Once this metric structure has
been revealed, it becomes evident that a dynamic programming approach can be applied
to the ML multiuser-macrodiversity detector to keep its computational complexity at a
minimum.

The Conditional Metric Merge algorithm presented in Chapter 3 is the realization of
this dynamic programming approach. The CMM algorithm is a central contribution of this
thesis. It is the key to ML multiuser-macrodiversity detection as it illustrates how the ML
multiuser-macrodiversity detector would be implemented in practice.

Chapter 4 presents a new MMSE multiuser channel estimation technique that extends
the work of [59] to be used in a DS-CDMA system. This channel estimation technique has
the ability to track the complex gains of channels subject to frequency selective fading and
imperfect code synchronization.

A performance analysis is conducted on the ML multiuser-macrodiversity detector in
Chapter 5. This appears to be the first analytical treatment of the ML multiuser-macrodiversity
detector in Rayleigh fading channels, and it also includes the effects of frequency selective
fading, imperfect synchronization, and imperfect channel state information.

Chapter 7 presents an algorithm for optimizing the transmit power of macrodiversity
antennas in the downlink of an indoor DS-CDMA system. It is shown that the power
optimization increases the downlink capacity by about 10 - 20 %.

Finally, Appendix A presents a new computational tool for use in general fading channel
analyses when the detection scheme can be expressed as a quadratic form in zero-mean
complex Gaussian random variables. This method is capable of inverting a characteristic
function which consists of both multiple and simple poles. It is numerically stable, eliminates
singularities and circumvents the need for differentiation.

Each of these contributions will be discussed in detail in the following chapters of this

thesis.



Chapter 2

ML Multiuser-Macrodiversity

Detection

Traditionally, multiuser detection has been combined with microdiversity where the anten-
nas are co-located and have the same set of users [35]. In contrast, this thesis combines
multiuser detection with macrodiversity where widely separated base stations or antennas
share information about users. Macrodiversity is unlike microdiversity since each user’s sig-
nal arrives at the various antennas with different relative delays and mean square values. As
a result, the antennas include different, but often overlapping, sets of users in the multiuser-
macrodiversity detection (MUMD). In a CDMA system, users can benefit from the addition
of macrodiversity to multiuser detection in two ways. The first way is by taking advantage
of the diversity already present in the system, and the second way is through improved ML
multiuser detection.

The complexity of the ML multiuser-macrodiversity detector grows exponentially with
the number of users since it is based on the detector developed in [2]. To mitigate this
growth, Chapter 3 presents the new Conditional Metric Merge algorithm which is designed
to keep the exponent of exponential growth for the ML multiuser-macrodiversity detector
to a minimum. Further, it may be attractive in future PCS systems to have a few high
bit rate users at lower processing gains, thus making exponential growth not as prohibitive.
However, if computational complexity is still an issue, a suboptimal linear detector, such as
the decorrelating detector, may be more attractive [30].

The idea of combining macrodiversity with multiuser detection in a DS-CDMA system

23
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is not new, and the previous work in this area is outlined in Section 1.5. To date the opti-
mal ML multiuser-macrodiversity detector has not been investigated. Therefore, this thesis
conducts a performance analysis on the ML multiuser-macrodiversity detector in Rayleigh
fading channels. The effects of frequency selective fading, imperfect synchronization, and
imperfect CSI are also included in the analysis. In this chapter, the system model is pre-
sented, and the metric for ML-MUMD is derived.

In order to perform the MUMD, each base station must forward its signals to the system
controller, thus causing traffic to increase in the wireline network. A certain amount of data
reduction is possible by forwarding the matched filter outputs to the system controller as
opposed to the complex envelopes. However, the traffic still increases significantly since
the matched filter outputs are analog quantities that need to be digitized. As a practical
consideration, the ML multiuser-macrodiversity detector may be better suited to an indoor
environment where the fixed network of the system could be installed with either cable or
fibre, which would allow for the increase in traffic. However, the analysis is kept general
and is applicable to both outdoor and indoor environments. The performance improve-
ment achieved by the multiuser-macrodiversity detector may be very attractive in providing

services such as voice, image, and video.

2.1 System Model

An asynchronous multiple-access system is considered where the signal arriving at antenna
[ is given as:

M

K G
] (t) = Z ZAkbk (TL) Z Clkg (TL) Sk (t —nT — 1 — ch) + 27 (t) . (2.1)
g=0

n=— M k=1
There are a total of K users in the system, and each user transmits a total of N =2M + 1
data symbols. The transmitted signature waveform for user k is given by si (t) and has
support [0,7]. The transmission delay of the first arrival between the k® user and the [*"
antenna is given by 7, and a resolution of T, is achieved for the subsequent arrivals in
the multipath delay profile. Ay is user k’s amplitude factor, and the average power of the
transmitted signal is P, = A7/ (27). by (n) is the n'* BPSK information symbol of the k"
user, and the data is sent at a symbol rate of 1/T. z (t) is the additive white Gaussian

noise (AWGN) at antenna [; it is a complex Gaussian process with zero mean and a power

spectral density of N,.
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bn-3 /17 by (n) by (n+1)

by(n—1) J N b, () by(n+1)

b (-1 7N b b (n+1)

Tk | Tk

Figure 2.1: Users’ Information Symbol Sequences at antenna [.

It is assumed that the channel follows the wide sense stationary uncorrelated scattering
(WSSUS) channel model. The frequency selective channel between the k" user and the
I antenna is represented using a tapped delay line with spacing 7., where T} is the chip
duration such that T, = (%) T, and W/R is the processing gain of the system. The number
of resolvable paths is determined by the chip duration, T¢, and the delay spread, Ty, such
that G = |Ty/T.]. The complex Gaussian channel gain for the g resolvable path between
the k' user and the [** antenna is Clkg (n) with variance O'Zlk g and Doppler spread fp. Its

autocorrelation function can be written as
Re kg (n) = ”g,lkgjo (27 fpTn) (2.2)

which has the power spectrum characteristic of isotropic scattering [14].
Fig. 2.1 shows the users’ information symbols arriving at antenna [. For the purposes
of description, the relative delays in the figure have been ordered such that 0 < 757 <
. < mig < T. However, in general, the ordering will be different at each antenna in a
macrodiversity system. For clarity, the subsequent arrivals due to frequency selective fading
have been omitted from the diagram in Fig. 2.1. 7 denotes the actual transmission delay
between the k' user and the [ antenna, and 7y, is the estimate of this delay. The timing

estimation errors are limited to 72TC < T —TiE < % and cause a portion of the adjacent

data symbols to act as interference in the detection.

The other sources of interference come from the imperfect channel estimates, the white
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noise, and the multiple access interference (MAI), which is described as follows. Theoreti-
cally, all K signals are present at antenna [. However, some of these signals will be too weak
to include in the MUMD. These weaker signals will then act as MAI in the detection.

By rewriting (2.1), the received signal at antenna [ is now given as
(t) = s}, By,cy, + 55, By,co, + 2 (1) (2.3)
] S’L/)l P Cyy S(f)l &1 Cy 2l :

where 1, and ¢; represent two sets of users. The users in ¢ are included in the MUMD
at antenna [, while the users in ¢; are treated as MAI The sy,, By,, and cy, in (2.3) are
defined below.

Sy = [s5 (=M),...,sT (M)]" (2.4)
B’l/fl = diag (B’l/fl (_M) PRRD Bf/)z (M)) (2'5)

and
cp = [eb (=M) ,...,ch (M)]* (2.6)

where

sy (n) = {[52 (t =0T —T1z) ooy 82 (t =0T — 1 — GTL)] |z € 9y }]" (2.7)
By, (n) = diag ({ Azbz (n) Ig11| @ € ¢i}) (2.8)

and
cy, (n) = [{[ctz0 (), .oy ctacr ()] 2 € Y} T (2.9)

The braces are used to show that sy, (n), By, (n), and ¢, (n) are constructed using all values
of & where = € 1;. For example, sy, (n) and cy, (n) are of size (Ky, (G + 1) x 1), resulting
in sy, and cy, of size (NKy, (G+ 1) x 1), where Ky, is the number of users included in the
MUMD at antenna [. Similarly, By, (n) is a (Ky, (G+ 1) x Ky, (G + 1)) matrix, and By, is
a(NKy, (G+1)x NKy, (G+ 1)) matrix. sy,, By, and cg, are created in a similar fashion
to sy,, By,, and ¢, by replacing = with u where u ¢ .

The vector of matched filter outputs is given as

Yo = / Sy, (1) dt (2.10)

—00
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where 8y, is the estimate of sy,. The format of 5y, is similar to that of s,,. However, the
propagation delays, {7, }, in sy, are replaced with the estimates, {Tj;}, in S;,. The vector

of matched filter outputs can now be written as
Yo = Reyy By, ¢y + Ry, B Co, + 2y, (2'11)

where Ry, = [fooog’q';)l Sgldt, Reyyon = |20 S5 Sgldt, and z,, = .[fooogzjl 2 (t) dt. In detail,

. —0o0 ’l/)l

Rsy’l/}l =
Rey (=M, =M) Rqy, (—M,—M +1) 0 0
Rs y, (=M +1,—M) Rsy, (—M+1,—-M +1) Rs (=M +1,-M+2) 0
0 Rey, (M +2,-M +1) Rgy, (—M +2,—M +2)
Rey, (M —2,M —2) Rey (M —2,M—1) 0
Rey, (M —1,M —2) Ry (M—1,M—1) Ry, (M—1,M)
0 0 Rs (M, M —1) Rs g, (M, M) i
(2.12)
where
Ry, (n7m) =
Prw (70, M, Trw — Tie) e Paw (MM, Ty — Ti + GTe)
T, w E Yy
pacu) (ny m, Tiw — %\lm - GTc) e pac'u) (7’L7 My Ty — ﬁm)
(2.13)
and
00
pak (n,m, 7) = / §5 (¢ —nT) sy, (t — mT — 7) dt. (2.14)
J =00

Since the transmitted waveforms for each user have support [0,T], pzx (n,m,7) = 0 for
|(m —n)T + 7| > T. Therefore, if we assume that maxy ({7;x}) — ming ({71 }) + GT. < T,
Ry, (n,m) =0 for [m —n| > 1. Figs. 2.2 and 2.3 show the relevant integration periods be-

tween two users’ transmitted waveforms. Specifically, for users x and w, where 713, > 73, Fig.
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pxw(n’ n—1, Tlw _flx)
/\\\‘

by(n—1) ff‘ b (n) b, (n+1)
IX

lw

by (n—1) B\ by, (n) b, (n+1)

wa(n, N,y — flx)

Figure 2.2: Integration periods for pzy (n,n — 1, Tiy — Tiz) and pgy (0,0, Ty — Tiz) -

wa(n, rH':LTIX _flw)
M

b, (n—-1) 1 b, (N) b (n+1)

b, (n—1) ‘T\ by (N) b, (nN+1)

pvvx(n’ N, 7y _flw)

Figure 2.3: Integration periods for pyg (1, n, Tiz — Tiw) and pye (R, 4+ 1,7 — Tiw) -
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2.2 shows the integration periods for pyy (n,n — 1,75 — Tie) and pgw (0, N, T — Tie), and
Fig. 2.3 shows the integration periods for py. (1, n, Tz — Tiw) and pye (n,n + 1,712 — Tiw)-

As can be seen from (2.12), (2.13), and (2.14), the cross-correlations between the users’
transmitted waveforms can vary with times n and m. This type of variation would occur with
long spreading sequences that span several information symbols. Even though the effects of
time-varying cross-correlations are not investigated in this thesis, the time dependence has
been included for generality.

In (2.13), the braces are used again to show that Ry, (n,m) is created with all values of
x and w where x,w € ;. Changing x indexes the submatrices column-wise, while changing
w indexes the submatrices row-wise. Rgy, ¢, (7,m) is formulated in a similar fashion by
replacing w with «w where u ¢ ;. The following section also uses the quantity, IA{S,Q/,l =
[ /sf/)l/s\il dt. To create ﬁsﬂ/,l, the Rg 4, (n,m) in (2.12) is replaced with ﬁsﬂ/,l (n,m), and the
Tiw in (2.13) is replaced with 7j,,. Therefore, even though Ry y, is generally non-Hermitian,

by replacing the 7, in (2.13) with 7, Rsy, becomes a Hermitian matrix.

The following section describes how the above quantities are used in the ML-MUMD.

2.2 Maximum Likelihood Multiuser-Macrodiversity Detec-
tion

The ML multiuser-macrodiversity detector uses knowledge of the signal waveforms {s; (¢)},
estimates of the relative delays {7}, }, and complex channel gain estimates {viz4 (n)} in order
to decide on the transmitted data symbols in By,. A block diagram of the receiver is shown
in Fig. 2.4. Assuming that the data symbols are equiprobable, and assuming that the
macrodiversity antennas are spaced far enough apart to ensure independent fading, the ML
multiuser-macrodiversity detector maximizes the following probability with respect to the
data:

L

112 o B vous80] =
=1

exp {_71 S ((ywl — ) K;ﬁm (Yo — ¥ wz)ﬂ
G
[T, @m)NEH IR det (Ky )

(2.15)

~

where t denotes the Hermitian transpose, ¥y, = Rsy,Biqy, Ve, and L is the number of

antennas in the system including both microdiversity and macrodiversity antennas.
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In (2.15), the subscript, 4, in B, is used to show that all possible data combinations
in B; 4, are used in the decision process, and the detector selects the data which maximizes

(2.15). The vector, vy, is

1t (2.16)

Vo = [V;}}‘l (_M) > "'7V1'£l (M)
where

Vi () = [{ V10 (1) oory V1o ()] & € W0}]" (2.17)

where x € 9y, and vz, (n) is the estimate of the complex channel gain ¢4 (7).

In (2.15), it is assumed that P [y, |B;y,, Vi, Sy,] is complex Gaussian. In fact, this
probability is not strictly complex Gaussian. The users which are not involved in the ML-
MUMD produce MAI, where the MAI portion of y, is Rs ,.¢,B¢,Cs,- The cross-correlations
in Rsy,,4 are binomial random variables with zero mean and variance (r? = R/W, where
R/W is the inverse of the processing gain. Nevertheless, the summation over the large
number of interfering signals results in a probability distribution which closely approximates
a Gaussian distribution. Further, the fact that the code synchronization is imperfect also
causes P [yy,|Biy,, Vi, Sy,] to be non-Gaussian. However, since systems are designed to
have a relatively small timing jitter, (2.15) is approximately Gaussian and can be used as
the ML multiuser-macrodiversity detector.

The covariance matrix, Ky 4, , is given as:

Kywi = B|(u = Fu) 0 — )|

_ T pt
- Rsv’l/JlB"/)lQC,"/)lB'L/)le,'l/Jl

+RS,1/11 B’l/fz Qvﬂ/fz B:r/;l Ri,z/)l

—2Re [Rsﬂ/fl By, QC,V#/H B:r/;l ﬁi,q/;l}

T pt o)
+RS,’L/)l 7¢l B¢l Qcy¢l Bgf)l RS,’[/JZ 7¢l + NORSv’l/}l (2' 19)

(2.18)

where
5c,v,1/;l (O) s 5c,v,1/;l (_QM)
Qevpy = . (2.20)
5c,v,1/)l (QM) s 5c,v,1/)l (0)



CHAPTER 2. ML MULTIUSER-MACRODIVERSITY DETECTION 31

A

Timing| Sy,
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Figure 2.4: The ML-multiuser macrodiversity detector with multiuser channel estimation
(MUCE).

In (2.20), & v 4, (M) is given as

€c,v,1/)l (m) = Jo (Qﬂ-fDTm) ’

diag ({ M200¢,12000,1205 - MzGOclzGTv jzG| T € Vi }) (2.21)

where 7,4 is the correlation coefficient between the complex channel gain ¢z (n) and the
channel estimate vy, (n).

In (2.19), Qc4y, and €y, are equivalent to ¢y, and Qy .y, respectively. Similarly
€y (M) = &c ey, (M) = Jo (27 fpTm) - diag ({”2,19:07 ---’”g,la:G x € @Z)l}) On the last line
of (2.19), we also see the term (¢ g4,. In order to create (¢4, the &, (m) in Qcy, is

replaced with & s (m) by substituting the x with u where u ¢ ;.

Since #z; (t) is a white Gaussian noise process, the second order statistics of z,, depend
only on the receiver’s matched filters. Therefore, as can be seen in (2.19), E [zq/,lz:r/)l} =
NoRsq -

The current difficulty with maximizing (2.15) is that it requires knowledge of Ky, ,,,. The
Ky, in (2.19) must be estimated in order to use it in (2.15). In its current format Ky 4,

contains unknown quantities. For example, at the receiver, we do not have knowledge of



CHAPTER 2. ML MULTIUSER-MACRODIVERSITY DETECTION 32

Sy,; we only have knowledge of s, . Therefore, the R, in (2.19) would need to be replaced
with ﬁsﬂ/,l. In addition to this, we have no knowledge whatsoever of Ry y, 4, since it includes
the set of users which produce MAI. By assuming that the MAI at antenna [ is modeled
as white noise, and that the interference generated by the imperfect channel estimates is
negligible when compared to the combination of the MAI with the thermal noise, Ky ., can

be estimated as
Ky = (o, + No) Reyy, (2.22)
where I, + N, is an estimate of the interference and noise power at antenna [. Here it is

assumed that
G
IOl = O-g ZAZ |b’u (TL)|2 Zo-g,lug (223)
u g=0

where u ¢ 1y, 02 = R/W (i.e. the inverse of the processing gain), and |b, (n)[> = 1 for a
BPSK system.

By replacing K;i/)l in (2.15) with K;i/)l, noting that Rg,, = Rlﬂ/)l’ and neglecting
the hypothesis independent terms in (2.15), we can minimize the equivalent log-likelihood

function, \;.

L
A=A (2.24)
=1

where

A . V’IE)ZB:ii-,'l/)ley’l/)lBiv’l/)lv’l/)l - 2Re [yL)lBiyq/}lvq/}l} (2 25)
il — Iol + No . .

Therefore, A;; is summed over all of the antennas in the system to determine the IV transmit-
ted data symbols from each of the K users in the system. At first glance it appears as if we

have to minimize (2.24) over all 2VK

combinations. However, this would be impractical as
it is far too computationally complex. As a result of the fact that we have different subsets
of users at each antenna, the ML solution can be achieved with less effort by performing a
conditional joint detection on each user/antenna combination separately and by combining
the appropriate metrics in an efficient way.

In [2], Verdu showed that the original ML multiuser detector could be implemented

with a number of single-user matched filters followed by a Viterbi algorithm. He was able
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to implement the multiuser detector in this fashion by showing that the appropriate metric
could be separated into a sum of terms that depend on a few symbols at a time.

The Viterbi algorithm is a temporal algorithm, and consequently it cannot be applied
to ML-MUMD. As a result of the overlapping sets of users at the various macrodiversity
antennas, the ML multiuser-macrodiversity detector is required to operate in both space
and time. However, similar to the multiuser detector in [2], A\; for the ML multiuser-
macrodiversity detector can also be rewritten so that it is composed of sums of terms that
depend on only a few symbols per algorithm stage, where each stage of the algorithm defines
a particular point in space and time. By noting that ﬁsﬂ/,l (n,m) =0 for |m —n| > 1, Ay

in (2.25) can be rewritten as

M 1
1 ~
A= TN ( > < > vl () Bl (n) Reyy (n,n+m) By, (n+m) vy, (”+m)>
o1 % \n=—M \m=-1
—~2Re |y}, () By, (n) vy, ()] ) (2.26)

where the \; in (2.26) depends on past, current, and future data symbols since m takes
values from —1 to +1. As a result of the fact that ﬁsﬂ/,l (n,m) = ﬁi (M, n), the following

symmetry occurs between the past and future data symbols:

~

V:r/;l (n) B;'r,z/;l (n) Rs,y, (n,n —1) By, (n—1) Vi (n—1)=
~ T
Vi (= 1B, (1= 1) Ry, (0= 1,0) By, (n) vy ()] (227)

Therefore, (2.26) can be rewritten so that A;; depends on only past and current data symbols

as shown below.

M
1 ~
Ni = T (E: Vi, (1) B, () Ray, (n,0) By (0) vy (1) +
o ° \n=-M

~

2Re {V,};}l (n) Bj,q/;l (n) Rs .y, (n,n—1) By, (n—1) Vi (n—1) -
¥, (1) By, () vy, ()] ) (2.28)

By using the fact that pgy (n,n — 1,74 — T1z) = 0 for T < Ty, further manipulation of

(2.28) reveals that A; in (2.24) can be rewritten as follows:

M L
A= 33 ) (2.29)

n=—M l=1 z&,
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where

G
1 2 2
ilg (n) = m | Azl \bz’,m (n)|” pa (n,n,O)]z:;]vle (n)

2Re [|Am|2b*f () big (n —1)-

EIEZPM non —1,(g — ) To) viy; (0) viag (0 — 1) +

Jj=0g=j+1

Abi . (n) Z Awbiw (n—1) -

{’U)E’l/)l ‘?lw >7r\ll }

G G

Zzpmw n, _17/7:110_%\lm+(g_j)Tc)vlfq:j(n)vlwg(n_1)+
j=0 g=0

Azbi, (n) Z Awbiw (n) -

{we|T1w <Tiz,w#x }

G G
Z Zpaxw (n7n7%\lw - %\l:r + (g - j) TC) U?{rj (TL) Vlwg (TL) +

J=04g=0
G j—1

| Az | |biz (n | Zzpm n,n, (g —j)Tc) Ul*a:j (n) Vigg (n) —
j=0 g=0

Zylm n)vigi (n)] | - (2.30)

In the absence of IST and macrodiversity, (2.29) and (2.30) reduce to the metric for the
original ML multiuser detector in [2]. As can be seen from (2.30), A, (n) depends only
on the following Ky, + 1 information symbols, {by (n —1),{by (n — 1)|w € ¥, Ty > Tia},
[ (0)| 0 € 1,y < T} }-

Therefore, even though the general structure of the ML multiuser-macrodiversity detec-
tor in (2.24) and (2.25) includes interference from past, current and future data symbols,
by taking advantage of the fact that ﬁsﬂ/,l (n,m) = 0 for |m —n| > 1, that ﬁsﬂ/,l (n,m) =
R;r 0 (m,n) and that pgy (n,n — 1,7 — T1z) = 0 for Ty, < Ty, the ML multiuser- macrodi-
versity detector separates into sums of terms where each term, \;;, (n), depends on only a
select few of the past and current data symbols. As a result of the structure in (2.30), the
complexity per stage of the algorithm reduces to 25% 7! for BPSK signals.

Now that \; has been rewritten so that each term, M\, (n), depends only on Ky, + 1
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information symbols per stage, the Conditional Metric Merge (CMM) algorithm is pre-
sented which combines the metrics, Ay, (n), in such a way that it keeps the computational

complexity of the ML-MUMD to a minimum.



Chapter 3

Conditional Metric Merge
Algorithm

Similar to the Viterbi algorithm, the CMM algorithm is in the general class of dynamic pro-
gramming algorithms. In order to be able to utilize a dynamic programming technique, an
optimization problem must have both an optimal substructure and overlapping subproblems
[64]. A problem has an optimal substructure if its optimal solution is composed of optimal
solutions to subproblems [64]. As can be seen in the previous section, the ML multiuser-
macrodiversity detector exhibits an optimal substructure since the minimization of (2.30)
is an optimal solution to a subproblem within (2.29). The ML multiuser-macrodiversity
detector also has overlapping subproblems since the metrics, A, (n), include different, but
often overlapping, sets of users in the MUMD. Therefore, the CMM algorithm utilizes a
dynamic programming approach to reduce the number of computations required to perform
the MUMD.

The CMM algorithm is actually an extension of the Viterbi algorithm into the spatial
domain. In fact, if all of the users’ signals arrived at each macrodiversity antenna with
similar relative delays, and the signals were detected by all of the macrodiversity antennas,
the CMM algorithm would reduce to the Viterbi algorithm. In contrast, in a synchronous
CDMA system with no intersymbol interference (ISI), the CMM algorithm reduces to a
purely spatial form of the algorithm, which has not appeared in the literature to date. When
the ML multiuser-macrodiversity detector operates in an asynchronous CDMA system with

or without ISI, the more general CMM algorithm applies dynamic programming in both
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space and time.

Since A (n) in (2.30) depends on the following Ky, +1 information symbols, {b; (n — 1),
{bw (n—1)|w € Yy, Tiw > Tiz},{bw (n)|w € Yy, T < Tiz}}, the number of probabilities cal-
culated per stage of the algorithm is 25% %1, However, since each user may be connected to
a different number of antennas, the complexity per binary decision is variable. For example,
if user x is connected to the antennas in A, where A, is user x’s active set, the number of
probabilities calculated per binary decision for user x is ) ;c 4 2Kvt1 Tt is important to
note that if we were to consider a system with no ISI, \;; (n) would depend on only Ky,
information symbols since we would no longer need to include b; ; (n — 1) in (2.30). There-
fore, for a system with no ISI, the complexity per binary decision would be » ;4 2K,
However, for generality, we will continue to assume that ISI is present in the system.

In order to describe the CMM algorithm, an index variable is used to identify a particular

point in space and time. The index variable, h, is defined as

L -1
h=n+M)> Ky, +Y Ky, +] (3.1)
I'=1 I'=1

where 1 < h < N (Zf':l Kq/,l,), ~M<n<M1<I<L and1<j< Ky, Therefore,
each integer, h, defines a particular time n, antenna [, and user x = 1)y ;, where ¢ ; denotes
the 7 entry in the set, ;. As can be seen in (3.1), the user changes most rapidly with A,
followed by the antenna, and finally the time changes slowly with h.

Since h defines a specific time n, antenna [ and user x, the data symbols that are included

in the metric, Aj, (n), in (2.30) are stored in the set

. . (3.2)
{bw (TL)| w e wlale < Tl:r}

@(h):{ be (1= 1), {bu (n = )] w € 1, T > T} }

where the data symbols involved do not change with i, |¥ (k)| = Ky, + 1, and |-| applied to
a set denotes the length of the set.

Now that the index variable, h, and the data symbol sets, ¥ (h), have been introduced,
a short example will be used to show how the time, antenna, and user vary with h, and
how the corresponding data symbol sets, ¥ (h) are formed. The example is based on the
connections for the K = 2 users and L = 2 antennas depicted in Fig. 3.1. As can be seen
from the figure, user 1, Ul, is communicating with antenna 1, A1, only, while user 2, U2, is

communicating with both antennas 1 and 2, A1 and A2. Table 3.1 uses the connections in



CHAPTER 3. CONDITIONAL METRIC MERGE ALGORITHM 38

T _X
Al. ______ :EZ_ ————— - U 2\\\7\2\2.
11,7 A2
Lo =iioS
Ul

Figure 3.1: Typical connections for 2 users and 2 antennas.

Fig. 3.1 to relate each specific value of h to a particular time, antenna, and user according
to the relation in (3.1). As noted above, it can be observed from the table that the user
varies most rapidly with h, followed by the antenna, and finally by the time.

Ith antenna is

In Fig. 3.1, each transmission delay, 7, between the k' user and the
shown beside the appropriate link, and in this example, it is assumed that 71 < T12. The
relative transmission delays must be known in order to create the data symbol sets as shown
in (3.2). While the relative delays affect the data symbols that appear in the set, ¥ (h), the
ordering of the data symbols within the set is independent of the transmission delays and cor-
responds with the ordering {b; (—M),...,bx (—M),...,b1 (M),...,bx (M)}. By using (3.2),
it can be observed that the data set for A1 and U1 at time n is {by (n — 1) ,ba (n — 1), b1 (n)},
the data set for Al and U2 at time n is {by (n — 1) ,b1 (n),b2 (n)}, and the data set for A2
and U2 at time n is {b2 (n — 1) ,b2 (n)}. The data symbol sets, ¥ (h), in Table 3.1 are similar
to those described above and are formed using (3.2). The {by (=M — 1)} in Table 3.1 have
been excluded from ¥ (h) for h = 1,2, and 3 since by (n) = 0 for n < —M.

Now that this example has illustrated how the index variable, h, and the data symbol
sets, U (h) are formed in a typical system, the following paragraphs introduce the metrics,
A (h), that correspond with the data symbol sets, U (h).

The metric, Ay, (n), is calculated for all values of the data symbols in ¥ (h). If we
define a = {0,1} as the alphabet for a BPSK signal, there are \a\"y(hﬂ = 2Kutl possible

combinations of the data symbol values in ¥ (k) and thus 25" metric calculations. The
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h | n (Time) | ! (Antenna) | « (User) | ¥ (h) (Data symbols in the metric, Ay (n))
1| -M 1 1 {01 (—M)}

2 | —M 1 2 (b1 (—M) , bs (M)}

3| —M 2 2 by (—M)}

4| -M+1 |1 1 {01 (—M) , by (—M) by (—M + 1)}

5| -M+1 |1 2 {02 (=M) , by (=M +1),ba (=M + 1)}

6 | —-M+1 |2 2 {bo (—=M) by (—M +1)}

T -M+2 |1 1 (b1 (M +1), 00 (M + 1), b1 (—M +2)}

Table 3.1: Initializations for the connections shown in Fig. 3.1

metrics that are calculated for all of the various data symbol values in W (h) are stored in

the set
A () = {Xiw ()] = 1, ] YN} (3.3)

The metrics at each stage of the algorithm can be merged by using the Combine routine.

If we define h = [1, ..., h], the combined metrics may be expressed as

A(h) =A(f) @A(h) (3.4)

where f = [1,...,h — 1] and @represents the invoked Combine routine. The Combine rou-
tine is analogous to metric extension in the Viterbi algorithm where the computed metrics
form continuations on the surviving sequences from the previous stage [15]. The following

section describes how the Combine routine merges the two different sets of metrics, A (f)
and A (h).

3.1 The Combine Routine

This section provides a description of the Combine routine in 3.1.1, and it also provides a

practical example of this routine in 3.1.2.

3.1.1 The Combine Routine’s Description

In this routine, we combine the metrics, A (f) and A (h). The data symbols that cor-
respond with A (f) and A (h) are given by W (f) and U (h) respectively. In the atypical
situation where W (f) = W (h), A (h) = A (f) (3) A (h) can be performed by simply adding
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the respective metrics within each set. However, normally ¥ (f) # W (h). Therefore, we
create ¥ (h) = ¥ (f) U ¥ (h), and we repeat the metrics in A (f) and A (h) in a manner
so that they correspond with W (h). In order to repeat the metrics, we use the function,
I, = repindex (¥ (w) , ¥ (h)) for both w = f and w = h. The returned set, I,,, contains the
relevant indices in ¥ (h) of the elements in ¥ (h) — ¥ (w). Once we have I, for both w = f
and w = h, we can use this information to repeat the metrics in A (f) and A (h) so that
IA(F)] = [AR)] = |of Y™ and the sets can be merged by simply adding the respective
metrics. This type of repetition can be performed since the metrics in A (f) depend only on
the data symbols in ¥ (f); as a consequence, the data symbols in ¥ (h) — ¥ (f) have no effect
on the metrics in A (f). Similarly, the metrics in A (h) depend only on the data symbols in
U (h); thus, the data symbols in ¥ (h) — ¥ (h) have no effect on the metrics in A (h).

In order to repeat the metrics in A (w), we use the elements in I,, which are given by
I, ; where 1 < j < |I,|. By starting with j = 1 and working toward j = |I,,|, we repeat
the metrics in A (w) as follows. The metrics are sequentially divided into |a|‘\p(w)‘+j_lw’j
groups, and each group of |a|I’”’j ! metrics is repeated so that it appears twice in succession.
Therefore, within the Combine routine, the metrics, A (w), that initially correspond with
U (w) are repeated so that they correspond with ¥ (h). Once this repetition is performed
for both w = f and w = h, A (h) = A(f) () A (h) is easily calculated, and the Combine
routine returns both A (h) and ¥ (h).

3.1.2 Example of the Combine Routine

The inputs to the Combine routine are the data symbol sets, ¥ (f) and ¥ (h), and their cor-
responding metrics, A (f) and A (h) respectively. Suppose the Combine routine is initialized

for users 4 and 6 at times n — 1 and n with the following data symbol sets

U (f) = {ba(n —1),b6 (n — 1)} (3.5)

W (h) = {b6 (n —1),b6 (n)} (3.6)

and the metrics in Figures 3.2 and 3.3, where o/¥(®)| denotes |¥ (w)| cross products on
the set a [65]. As before, the ordering of the data symbols within the sets corresponds
with {b1 (—=M) ,...,;br (=M) ,...,by (M), ...,bx (M)}. In Figure 3.2, o/¥*®l lists all possible
combinations of the data symbol values in W (f), and the metrics in A (f) are calculated

W ()l

for each corresponding entry of « Normally the metrics are calculated using (2.30).
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¥(f) ={bs(n-1),bs (-1}

YO A
00 | 8
10 | 10
o | 1
1 | 3

’_H_‘

b, (n—1),bs(n—1)

Figure 3.2: Sample metrics for A (f).

However, in this example, the actual metrics are replaced with integers for simplicity. In a
similar manner to that described above, a!Y(®l in Figure 3.3 lists all possible combinations
of the data symbol values in ¥ (h), and each entry of alY® is used to calculate the metrics
in A (h).

Now that the data symbol sets and their corresponding metrics have been defined, the
repindex function is used to provide the proper repetition for both A (f) and A (h). The
function, I, = repindex (¥ (w) , ¥ (h)) returns the relevant indices in ¥ (h) of the elements
in U (h) — ¥ (w) for both w = f and w = h. V¥ (h) is simply the union of the sets, ¥ (f) and
U (h). Therefore,

U(h)=V(f)UW(h)={bs(n—1),bg(n—1),bs(n)}. (3.7)

From (3.5) and (3.6), we calculate

W (h) — W (f) = {b (n)} (3.8)
U (h) =W (h) ={bs(n—1)} (3.9)
Therefore,
Is = repindex (¥ (f) , ¥ (h)) = {3} (3.10)
and

I, = repindex (¥ (h), ¥ (h)) = {1}. (3.11)
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¥ (h) = {bg(n-1),bg(n)}

oY OL | Ah)
00 | 4
10 | 2
ol | 1
1 | 9

’_H_‘

bs(n—1),06(n)

Figure 3.3: Sample metrics for A (h).

In other words, counting from left to right, the symbol bg (n) in ¥ (h) — ¥ (f) appears in
position Iy = {3} of ¥ (h), and the symbol by (n — 1) in ¥ (h) — ¥ (h) appears in position
I, = {1} of ¥ (h). Now that Iy and Ij, have been calculated, they will be used to repeat the
metrics in A (f) and A (k) so that |A (F)] = |A (R)] = |o|Y®).

As stated previously, the metrics in A (w) for both w = f and w = h are sequentially

[ (w)|+i—Toy,j I, i—1 .
groups, and each group of |a|™¥ " metrics is repeated so that

divided into |«
it appears twice in succession. Since |Ig| = |I| = 1 in this example, only one repetition is
needed for both A (f) and A (h), and j attains a maximum value of 1 for both w = f and
w = h.

The metrics in A (f) are divided into |«
23—-1

[ ()| +5—Tg

— 92+1-3 Is j—1

= 1 group of |¢

= 4 metrics, and this group is repeated so that the metrics appear as shown in A (f)

. c . . . i . (R +i=1n, 241—1
of Figure 3.4. Similarly, the metrics in A (h) are divided into | =221 =4

Ii=t = 21-1 =1 metric, and these groups are each repeated so that they

groups of |a
appear twice in succession as shown in A (h) of Figure 3.4. As can be seen from Figure 3.4,
IA(f)| =|A(h)| = \oz\'\y(h)' as expected, and A (h) can now be calculated by simply adding
the respective metrics within A (f) and A (h).

It is observed that ¥ (h) may contain data symbols that do not appear in any of the
subsequent data symbol sets, W (k) for k& > h. If this is the case, we can discard the
least-probable metrics with respect to these data symbols in the Select routine. The Select

routine is analogous to the selection process in the Viterbi algorithm where the sequences
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¥ (h) ={b,(n-1),bs(n—1),bs () }

YO AG) | A(h) | Ah)
000 | 8 | 4 | 12
100 | 10| 4 | 14
00 | 1| 2| 3
10 | 3 | 2 | 5
oL | 8| 1| 9
100 |10 1| 1
011 | 1 | 9 | 10
11 | 3| 9 | 12

by (n—1),bs(n—1),b5(n)

Figure 3.4: The merging of sample metrics, A (f) and A (h).

are subdivided into groups that differ only in the symbol which is not involved in any
subsequently received signals. From each group, the surviving sequence is the one having

the largest probability, and the rest are discarded [15].

3.2 The Select Routine

This section describes the Select routine in 3.2.1, and a practical example is provided in

3.2.2 which further portrays the functionality of this routine.

3.2.1 The Select Routine’s Description

We can make tentative decisions on the data symbols in the set
©(h)=T(h) - | ¥ (k) (3.12)
k>h

since the symbols in © (k) do not appear in any of the subsequent data symbol sets, U (k)
for k > h. The elements in © (h) are given by ©; (h) where 1 < j <|© (h)|. Assuming that

we start with j = 1 and work toward j = |© (h)|, we can make a tentative decision on ©; (h)
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by dividing the |a||qj(h)|*j *1 metrics into |a|‘qj(h)|7]’ groups with each group containing ||
metrics that differ in the symbol ©; (k). From each group of the |a| metrics, we select the
minimum and discard the remaining || — 1 metrics. In a similar way to the Viterbi algo-
rithm, the decision for ©; (h) is final if all of the groups make the same decision. Otherwise
the decision for ©; (h) remains tentative and is deferred to a later stage. Once tentative
decisions have been made on all of the symbols in O (h), the number of metrics in A (h)
has been reduced by a factor of |o|/®™! and W (h) is replaced by ¥ (h) — © (h). In total,
we have made tentative decisions on the data symbols in © (h) = J; <, © (j), and these
tentative decisions are stored in D (h), where each entry of D (h) contains |© (h)| tentative

decisions, and the entire set has \a\"l’(h)‘ entries.

3.2.2 Example of the Select Routine

The outputs of the Combine routine are used as inputs for the Select routine. From the
example in Section 3.1.2, the data set, ¥ (h) and corresponding metric set, A (h) are shown
in Figure 3.4. As stated previously, tentative decisions can be made on the data symbols in
the set, © (h) = ¥ (h) — ;> ¥ (k). For example, if the data symbol, bg (n — 1), does not
appear in any of the future data symbol sets, i.e. bg (n — 1) ¢ U~y ¥ (k), then bg (n — 1) €
© (h). Further, if bg (n — 1) is the only symbol in ¥ (h) that does not appear in future data
symbol sets, then © (h) = {bs (n —1)}. The elements in © (h) are given by ©; (h) where
1 <7 <10 (h)|, and since |© (k)| = 1 in this example, j attains a maximum value of 1.
Therefore, a tentative decision is currently made for bg (n — 1) only. In order to make a
tentative decision for bg (n — 1), the |a Y™+ = 93-141 — § metrics are divided into

W= = 93-1 = 4 groups with each group containing |a| = 2 metrics that differ in the

al
symbol O; (h) = bg (n — 1).

In Figure 3.4, o/YM)! lists all possible combinations of the data symbol values in ¥ (h),
and A (h) lists the corresponding metrics. Fig. 3.5 repeats this information, but initially
reverses the order of oYMl and A (h) for purposes of description. As can be seen from Fig.
3.5, the arrows show how the 8 metrics are divided into 4 groups, and each group differs
only in the symbol, bg (n —1). Within each group, a decision is formed by selecting the
minimum metric and discarding the larger of the 2. It can be seen from Fig. 3.5 that the
number of metrics has been reduced by a factor of ]a“e(h” =2! =2, and ¥ (h) is replaced
by ¥ (h) — © (h). Thus, ¥ (h) becomes {bs (n — 1),b6 (n)}, and the tentative decisions for
bg (n — 1) are stored in D (h).
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¥(h) ={bs(n-1),bg(n—1), bg ()}
O(h) ={bs(n-1}

A(h) LW ¥(h) ={bs(n-1),bg(n)}
12 | 000 —— O(h) ={bs(n—1)}
14 | 100 --------1 h
A v . ~ Y™ Ah) | D(h)
e . 0 | 3 | 1
g %)(1)2 ““““ l L-»10 | 5 | 1
| —>
- p— AHE
10 | o11 I oo

12 | 111 ———oeo- i ,—*—‘ T

by(n-1),bs(n)  bg(n-1)
by (n—1),6(n—-1), b ()

Figure 3.5: The Select routine applied to sample metrics, A (h) .

The Combine and Select routines form the major components of the CMM algorithm.
Now that these routines have been described in detail, the following section will provide an

additional example which further illustrates the CMM algorithm’s operation.

3.3 A Typical System Using the CMM Algorithm

The major components of the CMM algorithm have now been addressed in terms of the
Combine and Select routines. This example is used to demonstrate how these components
fit together to form the overall algorithm. It is based on the connections for the K = 2
users and L = 2 antennas depicted in Fig. 3.1, along with the initializations provided in
Table 3.1. Neither the Combine routine or the Select routine will be described in detail as
examples of both of these were given in the Sections 3.1.2 and 3.2.2 respectively. Therefore,
in Figs. 3.6 and 3.7, double arrows are used to represent the Combine routine, while single
arrows represent the Select routine.

Fig. 3.6 shows the CMM algorithm during start-up, while Fig. 3.7 shows the CMM
algorithm during normal operation. When Fig. 3.6 is compared with Fig. 3.7, it is observed
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Figure 3.6: CMM algorithm during start-up.
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that the Combine routine is used in both start-up and normal operation. However, the
Select routine is only needed during normal operation. The reason that the Select routine
is not required during start-up results from the fact that by (n) = 0 for n < —M. The
relevant metrics, A (h), are normally calculated using (2.30). However, for this example the
actual metrics are replaced with integers for simplicity. The CMM algorithm in Fig. 3.6
is initialized by setting ¥ (1) = ¥ (1) and A (1) = A(1). Since no tentative decisions have
been formed at this point, © (1) = &, and each entry of D (1) is set to @. The Combine
routine creates ¥ (2) = V(1) U ¥ (2) and merges A(1) and A (2) to form A (2). During
start-up, the Combine routine is repeatedly called until ¥ (4) is formed. At stage 4, the
CMM algorithm enters normal operation as time n changes to n = —M + 1.

Fig. 3.7 is a continuation of Fig. 3.6, and it begins by executing the Select routine.
It is observed in Table 3.1 that by stage h = 4 the symbol, b; (—M) does not appear in
any of the subsequent data symbol sets. Therefore, a tentative decision can be made on
b1 (—M) without impacting the final result. As expected, the number of metrics in A (4)
has been reduced by a factor of 2. Once the appropriate tentative decisions have been
made, the Combine routine is again used to execute A (5) = A (4) () A (5). Since all of the
symbols in ¥ (5) are used in subsequent metrics, there is no reason to call Select at this
point. Therefore, Combine is again called to create A (6) = A (5) () A (6). Since by (—M)
in ¥ (6) is not used in any of the further metrics, tentative decisions can be made on by (—M)

without affecting the final result. This general procedure is repeated for h > 6.

3.4 Practical Considerations of the CMM Algorithm

In each stage of the CMM algorithm, 25%*! probabilities are computed. Therefore, in total
N (Zlel Kq/,lQleH) probabilities are computed to detect N symbols for each of the K
different users.

So far in the CMM algorithm’s description, A (h) has been calculated in a consecutive
fashion, starting with A = 1 and ending with A = N (ZZLIZI Kq/,l,). However, in order to
speed up the process, many of the A (h)’s could be calculated simultaneously since data is
received at a number of different antennas. In a similar way to traditional ML multiuser
detection, a processor at each antenna could calculate all of its metrics, Ajj, (n). The unique
aspects of ML-MUMD enter through the use of the Combine and Select routines in the CMM

algorithm. In fact, the Combine routine could be invoked many times in parallel at each of
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Figure 3.7: CMM algorithm during normal operation.
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the macrodiversity antennas, but the Select routine should not be invoked until the interim
metrics have been added to the current total at the system controller.

Regardless of how we order our calculations, the delay in detecting the information
symbols is variable. However, similar to the Viterbi algorithm, a fixed delay can be achieved
with a negligible loss in performance by postponing detection by a finite amount for all
symbols [15].

This chapter has described the CMM algorithm for ML multiuser-macrodiversity detec-
tion in general terms, and it has also provided specific examples which illustrate the algo-
rithm’s operation. Chapter 5 analyzes the performance of this ML multiuser-macrodiversity
detector. However, before the detector’s performance can be evaluated, the issue of including

imperfect channel estimates into the metrics must first be addressed.



Chapter 4

Multiuser Channel Estimation

As can be seen from (2.30), the ML multiuser-macrodiversity detector relies on channel
estimates for detection. Previous studies have shown that these channel estimates must be
extremely accurate to warrant optimal, ML, multiuser detection [46].

Section 1.6 outlines prior work in the area of code synchronization and channel estima-
tion. Subspace based approaches to parameter estimation are used to estimate delay and
amplitude information, but they are unable to estimate the channel’s complex gain as the
second order statistics contain no phase information [52]. Most of the ML parameter esti-
mation techniques to date estimate both the delay and the channel’s complex gain during
a training sequence that is set during initial acquisition [54], [55], [56], and [57]. However,
these techniques do not address the issue of tracking the complex gain in a fading environ-
ment. The insertion of pilot symbols into the data stream has proven to be an effective
method of obtaining and tracking channel estimates in a single user system [58]. In [59], the
authors propose a pilot-based, MMSE, multiuser channel estimation technique for a TDMA
system.

This chapter extends the method in [59] for use in a CDMA system. However, unlike
the study in [59], we do not need to concern ourselves with training sequence design as
the pseudorandom sequences used in a DS-CDMA system are already designed with good
autocorrelation and cross-correlation properties. The proposed multiuser channel estimation
technique relies on prior code synchronization. However, since code synchronization is not
flawless, imperfect timing estimates have been included into the analysis. The effects of
frequency selective fading have also been included into the multiuser channel estimator.

The results show that the combination of pilot symbols with MMSE multiuser channel
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«+— frame length, N—————»,

Figure 4.1: One pilot symbol without guard bands.

estimation in a CDMA system provides accurate channel estimates which can be used in

(2.30).

4.1 Pilot Symbol Insertion Techniques

In order to perform the MMSE channel estimation, pilot symbols are periodically and si-
multaneously inserted into all of the users’ data streams. The observation vector for MMSE

multiuser channel estimation is given by

0= [y} (—QN),...yT (@N)]" (4.1)

where N denotes the spacing between pilot symbols; in other words, N is the length of the
frame. Frame lengths for the various pilot symbol insertion techniques are shown in Figs.
4.1, 4.2, and 4.3. For clarity, the subsequent arrivals due to frequency selective fading have
been omitted from the diagrams in Figs. 4.1, 4.2, and 4.3. Since 2(Q) + 1 observations are
used to form a channel estimate in (4.1), 2Q) + 1 is referred to as the interpolator order.

From (2.11) and (2.12), it can be observed that the matched filter outputs, y, (n), are

1
Y (n) = Z {Rsﬂ/iz (n7 n+ Z) B1/Jz (n + Z) Cyy (n + Z) +

i=—1

Ry, (.1 +13) By, (n+1) ¢y, (n +1)] + 2y, (n). (4.2)

The multiuser channel estimator uses the observation vector, 8;, to estimate the channels’

complex gains in ¢y, (n). Since 6; and ¢y, (n) are jointly Gaussian, the MMSE estimator is
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Figure 4.2: One pilot symbol with guard bands.

—  frame length, N—————»,

Figure 4.3: Three pilot symbols.
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linear, and the channel estimates are given by
vy, (n) = U (n) ;. (4.3)
For MMSE estimation, dJ (n) /OU; (n) = 0, where J (n) is defined as
J(n) = E |(cy, (n) — Ui (n) 8) (cy, (n) — U (n) 1) | . (4.4)
It follows that the optimal MMSE channel estimates are given by [66]

v (n) = P] (n) Ry 6, (4.5)

where Ry, = 3F [010}} and Py (n) = §E {0101,” (n)] The ¢ submatrix of P; (n) is given

by [Pr(n)]yy = iE [yq/,l (gN) c:r/}l (n)} By using (4.2) and the assumption that the users’

channels fade independently from each other and from the thermal noise, [P; (n)], can be
calculated as shown below
1

Pr ()l = Reuy (@N,gN +1) By, (gN +1) &y, (N +i —n) (4.6)

i=—1

where £ ,, (m) is a correlation matrix similar in format to (2.21), and ¢ € {-@, ..., @}. The

q, p™" submatrix of Ry, is given by [Rglh E Vo, (@) y:r/)l (pN)|. Again, by assuming

ap —

that the users’ channels fade independently, [Rglh can be written as

q,p]

Roljgp = Z Z sap (N, qN +14) By, (gN +1) &y, (@ —p) N +1i — )
i=—1j=-1

Bl (pN+ )Rl (pN,pN + j) + Rey, g, (aN,qN +i) By, (¢N +1)
€os ((—p)N+i—j)Bl (pN+j)RL, , (pN,pN +j)} +
Noﬁsﬂ/fl (qN7 pN) (4'7)

where

Rsﬂ/fl (QN, pN) =

{ Rsy, (¢N,gN), q=p (4.8)

0 g#p

and Q7p E {_Q7 7Q}
The difficulty that arises in the construction of P; (n) and Ry, is similar to that encoun-

tered with the covariance matrix, Ky y,, in Chapter 2. P; (n) and Rg, depend on quantities
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such as Rgy, and Rgy,,¢,, and we do not have full knowledge of this information at the
receiver. Therefore, we are required to make suboptimal channel estimates which are given
by (4.3), where U; (n) = f’;r (n) ﬁ;ll, and P; (n) and ﬁgl are estimates of P; (n) and Ry,
respectively. The estimates, P; (n) and Rg,, depend on the amount of information known
at the receiver and on the method used for pilot symbol insertion. In the following sections,
P (n) and f{gl are derived for three different situations: 1) One pilot symbol inserted per
frame, 2) One pilot symbol inserted per frame with guard bands placed on either side of
the pilot symbol, and 3) Three pilot symbols inserted per frame. These three pilot sym-
bol insertion techniques are similar to those in [42], where the author investigates an SIC

receiver, which uses a decorrelator for multiuser channel estimation.

4.1.1 One Pilot Symbol without Guard Bands

Fig. 4.1 depicts the insertion of one pilot symbol per frame. As can be seen from Fig. 4.1,
no guard bands are placed on either side of the pilot symbols. Therefore, the adjacent data
symbols produce interference in the multiuser channel estimation. Since data symbols reside
next to the pilot symbols, we have no knowledge By, (¢N + ) or By, (pN + j) in (4.6) and
(4.7) for i,j = £1. Therefore, the estimates, P; (n) and ﬁgl, in (4.9) and (4.10) cannot
include these adjacent data symbols. Hence, when one pilot symbol is inserted per frame

with no guard bands, the ¢ submatrix of P; (n) becomes
[P:)
[q]

where ¢ € {—Q,...,Q}. Similarly, the ¢,p™ submatrix of ﬁgl is

- ﬁs,’t/)l (qN7 qN) B’I/)l (qN) 5C,’l/)l (qN - n) (49)

Ro| =Ry (aN,aN) By, (4N) ey (0 =) N)
B!, (pN)R! , (pN,pN) + (Lo, + No) Rs s, (qN,pN) (4.10)

where ¢,p € {—Q,...,Q}. In (4.10), the unknown information is modeled as white noise,
where I, is given in (2.23). The I, in (2.23) underestimates the interference as it does
not account for the interference resulting from the adjacent data symbols. The interfer-
ence from the adjacent data symbols is difficult to estimate as it depends on the degree of
asynchronicity between users. Therefore, I,, was both overestimated and underestimated to
determine its effect on the channel estimation errors. It was observed that overestimating
the I,, results in an unwanted error floor, while underestimating I,, results in no noticeable

degradation in the channel estimation errors.
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4.1.2 One Pilot Symbol with Guard Bands

Fig. 4.2 shows the insertion of one pilot symbol per frame with guard intervals placed on
either side of the pilot symbol. During the guard intervals, the mobile suppresses transmis-
sion for time instants n = g/N & 1. Therefore, the adjacent data symbols no longer produce
interference in the multiuser channel estimation. Since the adjacent data symbols are not

transmitted, the P; (n) and Ry, in (4.6) and (4.7) can be rewritten as:

[P1(n)]jg = Rsy (aN,aN) By, (aN) &y, (4N —n) (4.11)

and

Ro,lj,; = Rsy (aN,qN) By, (qN) &y, (¢ —p) N)
B!, ()N) R, (pN,pN) + Rey, 4, (4N, gN) By, (gN)
€e, ((0—p)N)BL (pN)RL , , (pN,pN) +
N,Rqy, (¢N,pN). (4.12)

In Section 4.1.1, the estimates, I?’l (n) and ﬁgl, were derived with the assumption that the
receiver had no knowledge of the adjacent data symbols. Since the adjacent data symbols
are no longer transmitted in this section, this underlying assumption at the receiver remains

unchanged. Therefore, P; (n) and ﬁgl are given by (4.9) and (4.10) respectively.

4.1.3 Three Pilot Symbols

Fig. 4.3 depicts the insertion of three adjacent pilot symbols per frame. Since guard bands
are no longer used to suppress transmission, P; (n) and Ry, are given by (4.6) and (4.7)
respectively. The receiver has full knowledge of all of the data symbols in (4.6) and (4.7),

and the estimates, P; (n) and f{gl, become:

1
3= 2 Rew (aN,aN +0) By (aN +1) €y (aN +i =) (413)
i=—1

),

and
R [N
{Ro’}[m =2 2 {Rwl (gN,gN +14) By, (qN +1) &c y, (g —p) N +i — j)
’ i=—1j=—1

B, (pN +§) R, (pN.pN + )| + (I + No) Reyyy (aN.pN) . (4.14)

Now that the various pilot symbol insertion techniques have been presented, the following

section will investigate the performance of the MMSE multiuser channel estimators.
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4.2 Performance Calculations

By using the suboptimal estimate, vy, (n) = U;(n)6;, where U;(n) = f’; (n) ﬁ;ll, the

estimation error covariance matrix becomes [59], [66]

Rey, (n) = E|(cy, (n) —U(n)8) (cy, (n) — Uy (n)6))f
€eyy (0) = Ui (n) Py (n) —
Pl (n) Ul (n) + U; (n) Ry, U] (n). (4.15)

The individual error variances, o2

clzge are given by the diagonal elements of the matrix,

Ry, (n). In particular, the diagonal of Rey, (n) is

vdiag (Re,y, (1)) = [{ [Uz,mo, ---,‘TeQ,sz} ‘ A ¢l}]T (4.16)

where the function vdiag is used to convert the diagonal of a matrix into a vector. Similarly,

the individual variances of the channel estimates, o2

vilzg® AT€ given by

vdiag (Ul (n) RglUj (n)) =[{ [(J’g’lmo, ...,(rile] |z € wz}]T (4.17)

and the correlation coefficients are found in (4.18), where 7,4 denotes the correlation coef-

ficient between the complex channel gain, ¢;z4 (n) and the channel estimate, vjgg (n).

vdiag (P;r (n) Uzr (n)) =

[{ {nle(rc,la:O(fv,lxm cee nlmGUc,le(rv,la:GH T e wl}]T . (418)

In (4.15), the estimation error covariance matrix depends on n. However, it is shown in
[58] that while the estimation error depends on the position within the frame, this position
dependence is negligible. Therefore, we only need to calculate the individual error variances

for one position in the frame, and the resulting {(J’g lmg} are valid for all positions. In a

similar way the variances, {03 Iz g} in (4.17) and the correlation coefficients, {4} in (4.18)

are also valid for all positions within the frame.

4.3 Results

This section investigates the performance of the MMSE multiuser channel estimators with

the various pilot symbol insertion techniques. Before the results can be presented, we must
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Figure 4.4: The effect of frame length on the estimation error variance.

first decide on an appropriate frame length, N, and an appropriate interpolator order, 2Q+1.
In order to determine adequate frame length and interpolator order sizes, the estimation
error variance is plotted against both N and 2Q) + 1 in Figs. 4.4 and 4.5, respectively.
These figures are consistent with both [58] and [59]. Both [58] and [59] found that the pilot
symbols need to be inserted above the Nyquist rate of the fading process, 2fpT'. In other
words, for adequate performance, N < 1/ (2fpT). The authors of [58] and [59] also found
that increasing the interpolator order beyond about 9 coefficients has very little impact
on the estimation error variance. Therefore, the results presented in this section use an
interpolator order of 2Q) + 1 = 9 coefficients and a frame length size of N = 20 for a fading
rate of fpT = 0.01.

As mentioned previously, the multiuser channel estimators developed in Section 4.1
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Figure 4.5: The effect of interpolator order size on the estimation error variance.
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estimate the channel impulse response for channels with delay spread. Since it is common to
assume an exponential power delay profile (PDP) in urban settings [3], the following results
are produced for an exponentially decreasing PDP. The number of resolvable channel paths
is given by G+ 1 where G = |T3/T¢], and the data symbol rate is 1/T where T' = (W/R) T...
In the following results it is assumed that W = 1/T. = 1.2288 MHz, and the processing
gain, W/R = 32.

The performance of the multiuser channel estimators depends on the code synchroniza-
tion accuracy. A number of methods for code synchronization were discussed in Section 1.6.
The technique presented in [55] describes a ML synchronization technique for DS-CDMA
signals that proves to be robust in a near-far environment. In order to determine the per-
formance of the MMSE multiuser channel estimators with imperfect synchronization, the
timing estimation errors, {(7;x — Tix)}, are generated using a truncated Gaussian distribu-
tion such that |7 — 7| < T¢/2 for all [ and k. The standard deviation of the truncated
Gaussian distribution depends on the effective bit energy to interference and noise density

ratio, I'j; in (4.19), and is taken from the results of [55].

2vG 2
Ay Zg:O O¢ kg

T =
Ik T, + N,

(4.19)

In the following results, the estimation error variance for the k'® user is given by Ug,llc =
Zngo O'gylkg. Both I'jx and Uilk depend on the antenna, . However, since multiuser channel
estimation is performed at each antenna separately, the dependence on [ is immaterial for
the results presented in this section. This dependence is preserved in the equations for
consistency with the work on multiuser-macrodiversity detection.

In order to create Figs. 4.6 - 4.9, the pseudonoise (PN) sequences are randomly gen-
erated, and the results represent an average over 100 different PN sequences, each with

a unique set of timing estimation errors. The results in the following figures are plotted

against each user’s signal to noise ratio, where the k' user’s SNR is given by

2vG 2
A Zg:O O¢ kg

T =
lk N,

(4.20)

Fig. 4.6 compares the performance of the three pilot symbol insertion techniques de-
scribed in Section 4.1. The estimation error variances are plotted against the SNR for 2
asynchronous equipower users. Each of the users has a delay spread of Ty = 2 usec; there-

fore, there are a total of G + 1 = 3 resolvable paths for each user. As can be seen from Fig.
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Figure 4.6: A comparison of the 3 different pilot symbol insertion techniques for 2 asyn-
chronous users with delay spread.

4.6, the 3 pilot symbols and 1 pilot symbol with guard bands perform equally well, while
the 1 pilot symbol without guard bands experiences an error floor. Since the 3 pilot symbol
and 1 pilot symbol with guard bands cases perform equally well, the preferred method of
pilot symbol insertion for 2 asynchronous users with delay spread is the insertion of 1 pilot
symbol with guard bands on either side. The 1 pilot symbol with guard bands case is chosen
over 3 pilot symbols as it is less wasteful in terms of transmitted energy:.

From Fig. 4.6, it is obvious that guard intervals are essential for asynchronous users
with delay spread. However, it is also obvious that guard intervals would not be needed if
the users were synchronous, i.e. if their arrival times were identical, and if the delay spread
were negligible. Figs. 4.7 and 4.8 investigate the effects of arrival times and delay spread

on the insertion of 1 pilot symbol with and without guard intervals.
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Figure 4.7: A comparison of the 1 pilot symbol with and without guard bands insertion

techniques for different arrival times between users.
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Figure 4.8: A comparison of the 1 pilot symbol with and without guard bands insertion
techniques for different delay spreads.

In Fig. 4.7, the delay spread is set to T;; = 0, and the difference in arrival times between
the 2 users is set to 7 =0, T/10, T'/4, and T/2. The two pilot symbol insertion techniques
perform equally well when 7 = 0. However, as can be seen in Fig. 4.7, the insertion of 1
pilot symbol without guard bands develops an error floor for 7 > 0. When 1 pilot symbol
is inserted with guard bands, the estimation error results remain consistent for all of the
different arrival times.

In Fig. 4.8, the difference in arrival times between the 2 users is set to 7 = 0, and the
delay spread is set to Ty = 0, 1 usec, and 2 usec. It can be seen from Fig. 4.8 that the
2 pilot symbol insertion techniques again perform equally well when T; = 0. However, the
insertion of 1 pilot symbol with guard intervals outperforms the case with no guard intervals

when Ty > 0.
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Figure 4.9: A comparison of multiuser channel estimation with single user channel estima-
tion.
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Fig. 4.9 determines the effect of leaving a user out of the MMSE multiuser channel
estimation. Since the multiuser channel estimation in Fig. 4.9 is performed for only 2 users,
removing one user from the channel estimation results in single user channel estimation.
Both the multiuser and single user channel estimators in Fig. 4.9 are implemented by
inserting 1 pilot symbol with guard bands. Two asynchronous users with a delay spread of
2 psec are present in both of the channel estimation cases. In Fig. 4.9, user 2 arrives at
the receiver with an SNR that is 5 dB, 10 dB, or 20 dB lower than user 1. As can be seen
from Fig. 4.9, removing one user from the channel estimation results in an error floor which
begins to take effect at around 20 dB, 25 dB, and 35 dB when user 2’s SNR is 5 dB, 10 dB,
and 20 dB lower than user 1 respectively. The reason for the delay in the error floor results
from the fact that the processing gain suppresses the interference. Since a processing gain
of W/R = 32 (15 dB) is used for these results, the error floor begins at around (15 + z) dB
when user 2’s SNR is & dB below user 1. It can also be observed from Fig. 4.9 that the
MMSE multiuser channel estimator is near-far resistant. The results for users 1 and 2 are
both plotted against each user’s own SNR defined in (4.20). As can be seen in Fig. 4.9, even
when user 2 arrives at the receiver with an SNR that is 20 dB below user 1, it performs as
if it were detected in thermal noise only.

The MMSE multiuser channel estimator proposed here reduces to that in [58] for a single
user system, and with the exception of training sequences, it reduces to that in [59] for a
TDMA system.

Now that the MMSE multiuser channel estimator has been presented, the performance

of the ML multiuser-macrodiversity detector will be analyzed in the following chapter.



Chapter 5

Performance Analysis of the

ML-MUMD

This chapter conducts a performance analysis for the ML multiuser-macrodiversity detector.
The pairwise error event probability is calculated through the use of Hermitian quadratic
forms in complex Gaussian variates [67], and each user’s bit error probability is upper
bounded by applying the union bound to the appropriate pairwise error events. The appro-
priate pairwise error events are defined in Section 5.2 which expands upon the methods in [2]
and [34]. Section 5.2 defines a new set of indecomposable sequences for the ML multiuser-
macrodiversity detector, where the indecomposable sequences are those which cannot be

consistently separated into two distinct error events.

5.1 The Pairwise Error Event

This section extends the results of [18] to CDMA and macrodiversity in order to calculate
the pairwise error event probability. The total data vector, which includes data symbols for

times —M <n < M and all K users, is defined as
b=[b (—M),....,0x (—M),...,b1 (M), ...,bx (M)]". (5.1)

If the transmitted data vector is assumed to be b;, the ML multiuser-macrodiversity detector
makes an erroneous decision if it selects b; where b; # b,. Therefore, a pairwise error occurs
if A; < A, where the log-likelihood function, )\;, is defined in (2.24) - (2.30). The probability

of pairwise error is given as P (d;; < 0) where d;; = A\; — A;.

65
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Since both yy, and vy, are vectors with complex Gaussian components, A; in (2.25) is
a quadratic form in complex Gaussian variates. By modifying the format of (2.25), d;; can

be written as

M=

dij = (Xir = Aji)
=1
L y
= > { Vi Vh }FW " ] : (5.2)
=1 Vo
In (5.2), Fy;, is given as
0 {Fijl]p 2]
Fiji = L (5.3)
[Fij,l}[zl] [Fijyl][z,Q]
where
Fiidng = 7 By — Biw) (5.
ij,l - L T D .
Jht[1,2] Iol + N, Jyt Py
[Fijilpy = Fisal o (5.5)
and
1 ~ ~
[Fijilppo = A (B:'L,q/;lRSﬂ/leiﬂ/fz - B;r-,q/)le,a/;sz,wJ - (5.6)
(%] o

From the definitions of F;;; in (5.3) - (5.6), it can be observed that F;;; is Hermitian; thus,
the quadratic form is real [67], and d;; in (5.2) is real.

In order to calculate the probability of a pairwise error, the inverse Laplace transform
(ILT) can be calculated for @ (s) /s, where @ (s) is the characteristic function of the thresh-
olded variable, d;; [61].

According to [67, eq. (B-3-21)], the characteristic function of d;; is

L
1
P (s) = 5.7
( ) ll_Il det (I + 23Rj,le’j,l) ( )
where

L yuyl, yuv),
R = §E ’rl ’rl b;|. (5.8)

VYo, Vi Ve,
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n (5.8),
1
§E |:y'[/)lyj/)l:| = Rsy’l/)lij’l/}chv’l/}lB;,’l/)lRi,'l/)l
_’_Rsﬂ/ily(f’lBj,¢chy¢zB;r',¢lRJsr,z/;l,¢l
+N0Rs,1/11 (59)
1
>F [ywl Q/J Rs By levun (5.10)
and
1
SE Vvl | = v (5.11)

where Q¢ y,; Qcvyy, and €y, have the format shown in (2.20).

If the ML multiuser-macrodiversity detector is applied to both microdiversity and macro-
diversity antennas, the total number of antennas, L, is given as L = L1Lo where there are
L1 macrodiversity antenna arrays and Lo microdiversity antennas within each antenna ar-
ray. It is assumed that the microdiversity antennas share the same set of users, and that
both the arrival times and estimated arrival times are similar among the microdiversity
antennas at any site. Therefore, the F;;; defined in (5.3) - (5.6) is identical for each micro-
diversity antenna within an array. It is also assumed that the antennas within an array are
spaced far enough apart to ensure independent fading, but close enough that their y,, and
vy, are identically distributed. Therefore, R;; defined in (5.8) - (5.11) is also identical for
each microdiversity antenna within an array. Since both F;;; and R;; depend only on the

macrodiversity antenna array locations, ® (s) in (5.7) can be re-written as follows:

L
H (5.12)
=1 det I + 2SR]1FZ]1)]

The ILT of @ (s) /s is shown in (5.13), and this gives the cumulative probability density

function (pdf) of the random variable, d;;.

1 [t
Pldij <8) = 5= / is)esﬁds. (5.13)

n (5.13), o is placed within the region of convergence. Through the use of Cauchy’s residue

theorem [66], the ILT can be also be determined by calculating the residues at the right
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plane (RP) or left plane (LP) poles as shown in (5.14) [61].

— > Residue [e**®(s)/s] ,6 <0
P(dyj < 6) =4 Trroe : 5.14
(s <) + 3 Residue [e*®(s)/s] ,6 >0 (5:14)
LPpoles

It follows that the probability of pairwise error is given as

P(dij <0)=— > Residue [@] (5.15)
RPpoles

It is fairly simple to invert the characteristic function by residues if ®(s) consists of simple
poles only. However, if ®(s) involves both simple and multiple poles, the ILT of ®(s)/s
becomes more complex as differentiation is required in order to calculate the residues. As
can be seen from (5.12), the characteristic function of the ML multiuser-macrodiversity
detector applied to both microdiversity and macrodiversity antennas includes both simple
and multiple poles. Previous authors have relied on methods such as numerical integration
in order to avoid differentiating by hand when inverting these complicated characteristic
functions [61], [63]. However, numerical integration can have problems with stability for
closely spaced poles. Appendix A presents a simple technique which provides an exact
solution to (5.15). It is able to invert a characteristic function which is composed of an
arbitrary number of both simple and multiple poles.

Now that the pairwise error event probability has been calculated, the following section
describes how each user’s BER is bounded by applying the union bound to the appropriate

error events.

5.2 The Union Bound

In order to calculate the upper, or union, bound for each user’s bit error probability, the
concept of error sequences is introduced. Each data vector realization, b;, defines an error

sequence
e=e(-M),....e (M) (5.16)
where

e(n)=le1(n),....ex (n)]. (5.17)
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The elements, ¢, (n), take values {—1,0,1}, and b; = b — 2e. For notational convenience,
the log-likelihood functions, A; and A;, will be rewritten as A (b — 2¢) and X (b) respectively,
and the pairwise error probability, P (d;; < 0) = P (e).

In [34], the upper, or union, bound for each user’s bit error probability is given as

Pr(n)< ) 27¥@P(e) (5.18)
e€Py(n)

where [ (n) is defined as the set of indecomposable sequences with e (n) # 0. The inde-
composable sequences are those which cannot be consistently separated into two distinct
error events. In (5.18), w (€) is the Hamming weight of the error sequence; in other words,
w (e) gives the number of non-zero entries in €. The sum in (5.18) could be performed over
all error sequences with e (n) # 0. However, many of these error events overlap causing
the union bound to diverge [34]. Therefore, the method of summing over only the inde-
composable sequences reduces the amount of overlap and tightens the union bound [2], [34].
The indecomposable sequences presented in [2] are valid for multiuser detection on a single
antenna with an AWGN channel. The authors of [34] expand the set of indecomposable
sequences in [2] for the fading channel, and the resulting set includes the smallest number
of channel invariant sequences in the union bound. This section of the thesis further ex-
pands the set of indecomposable sequences in [34] in order to include the smallest number
of channel invariant and time of arrival (TOA) invariant sequences in the union bound. The
indecomposable sequences for the ML multiuser macrodiversity detector need to be TOA
invariant because each macrodiversity antenna includes a different set of users, and each

user arrives with a unique transmission delay.
The set of channel invariant and TOA invariant indecomposable sequences can be deter-

mined by following a similar approach to that taken in [34]. For any pair of error sequences,

g and €”,
A(b—2("+€")+A(b)—A(b—2¢') —A(b—2¢") =
T 't R
XL: 8 Re [vq/)lE;/)leﬂ/,lEi/’)lvq/,l} (519
I=1 Top + No
where

Ey, = diag (Ey, (=M) , ..., Ey, (M)) (5.20)
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and

Ey, (n) = diag ({ Ages (n) Ig41|x € Uy}) . (5.21)

In accordance with the definition for decomposable sequences in [2] and [34], a sequence,
g, is decomposable if it can be represented as € = €’ + €” where €’ is orthogonal to ",
that is, ’fe” = 0, and vq/) Ewl RS WEZHVW > 0. The sequence, €, is decomposable when
vq/)leleﬂ/,lelvq/,l > 0 since A(b) < A(b—2(¢’"+€")) when A(b) < A(b—2¢') and
A(b) < A (b—2&").

The above definition for decomposable sequences is valid when there is one antenna, [,
in the system. For a system with multiple antennas, this definition can be extended by
requiring v:?)l EZEZ ﬁsﬂ/,l Eﬁ/’)l vy, > 0 for all antennas where 1 <[ < L.

Assuming that the first two conditions are satisfied, i.e. € = ¢’ +€” and €'fe” = 0, the
third condition, VJ;JZEZ/JEZIA{SJ/H Ei/’}lvq/,l > 0 VI is investigated in more detail. If the resulting
matrix, E;;}rl ﬁs,q/,l Eg/’}l, is Hermitian positive semidefinite, then VJ;;Z Ef[;fl ﬁsﬂ/,l Ei/’)l vy, > 0 for an
arbitrary vy, [67]. Further, if E;Zl ﬁs,q/;, Ei/’}l is Hermitian positive semidefinite for all antennas,
then e is decomposable into &’ and €”. Since Efl/)l and Ei/’)l are two different matrices, the
product E;/Tzﬁsﬂ/’lEi/,)z is not always Hermitian positive semidefinite, and in fact it is not
always Hermitian.

In order to determine whether or not the error sequence, € = €’ + €” is decomposable,
we assume that the error event begins at €/, (n) # 0 with no other errors occurring until
el (m) # 0. Since € = & +¢” and €'fe” = 0, ! (n) = 0 when ¢/, (n) # 0 and &}, (m) = 0
when €] (m) # 0. From the format of R. 4y I (2.12), it can be observed that the blocks
Equ (n )Rsﬂ/,l (n,m) Ey, (m) and Eq;fl (m) RS,Q/,I (m,n) Ey, (n) occur on opposite sides of the
diagonal. Therefore, using the fact that ﬁs,q/,l (n,m) = ﬁiﬂ/)l (m,n), the resulting matrix,
szR 4 By, 1s Hermitian only if

Egl( n) Rey, (n,m) Bl (m) = E;g( n) Ry, (n,m) El, (m). (5.22)

In the following, it is assumed that {x,k} € ;. If the error, &} (m), occurs during time
slot m = n, it is obvious that the equality in (5.22) does not hold true since ﬁsﬂ/,l (n,n)
is a full matrix, and by definition EZE (n) # E"Jr (n) and Ey, (m) # E, (m). If the error,
ey (m), occurs during time slot m = n+1, the equahty in (5.22) holds true only if T > 7.
When T, > Tig, pak (Mon+ 1,7k — Tip — G1T,) = ... = ppe (n,n+ 1,7 — Tip + G1¢) =

in Rsﬂ/,l (n,n+1), and the equahty in (5.22) holds since the non-zero elements in E;, (n)
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and EJ, (m) are multiplied by zero elements in ﬁsﬂ/,l (n,n +1). If the error, €} (m), occurs
during time slot m > n + 1, the equality in (5.22) holds true for any value of 7y since
ﬁsﬂ/,l (n,m) =0 for |m —n| > 1.

In the discussion above, the properties of E;/J[z ﬁs,q/,l Ez/’)l are investigated for one antenna
only. For a sequence to be decomposable, E;/Tlﬁs,szi/,;l needs to be Hermitian positive
semidefinite for all [. Since there are different sets of users at each antenna, and since each
user arrives with a unique transmission delay, the decomposable sequences need to be TOA
invariant. Regardless of the TOA, e is guaranteed to be decomposable if the error, €} (m),
occurs during time slot m > n + 1. When ¢/ (m) occurs during time slot m > n + 1,
e/ (n+1) =0for 1 <i < K. In other words, € is decomposable if it contains K zeros
within a single time slot.

To conclude, for the ML multiuser-macrodiversity detector, an error sequence is said to
be indecomposable if it has no sequence of K consecutive zeros within any one time slot.

There is, however, one problem remaining with the indecomposable sequences defined
above. The indecomposable sequences which contain two or more consecutive ISI-only
terms cause the union bound in (5.18) to diverge. Two consecutive ISI-only terms occur
when e (n) # 0, ex(n+1) # 0, and w (e (n)) = w(e(n+1)) = 1. The Hamming weight,
w (e (n)), gives the number of non-zero entries in e (n), and it follows that the Hamming
weight of the error sequence, w (¢), is w (€) = .2 w (e (n)).

While the ISI-only terms cause difficulties in the union bound for this system, they
would not cause the union bound to diverge if the channel were an AWGN channel since
the complementary error function, er fc (x), decreases exponentially [62]. Also, the IST-only
terms could be safely included into the union bound for a fading channel if the consecutive
data symbols were interleaved causing them to fade independently [63].

In order to show the effect of the ISI-only terms on the union bound for this system,
Fig. 5.1 shows the rate at which the union bound tightens in the presence of ISI. In Fig.
5.1, a single user with a delay spread of 1 usec is detected in the presence of thermal noise
at both L = 1 antenna and L = 2 microdiversity antennas. For a single user system with
IST that affects only the adjacent data symbol, w (&) corresponds to the length of the error
sequence. Therefore, Fig. 5.1 shows the decrease in pairwise error probability for error
bursts of length w (e). As can be seen from the figure, P (&) decreases according to 1/w (&)
for a system with a single antenna, and P (&) decreases according to 1/w? (¢) for a system

with two microdiversity antennas. It should be noted that larger delay spreads also affect
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Figure 5.1: The decrease in probability of pairwise error with ISI-only terms.
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the slope of P (g) vs. w(e) as a result of the diversity in the RAKE receiver. Therefore,

in general P (g) decreases according to 1/w’ (), where i is an equivalent order of diversity

in a system which employs microdiversity antennas, macrodiversity antennas, and a RAKE

receiver.

If the ML multiuser-macrodiversity detector operates with macrodiversity antennas only

and a small delay spread, P (e) will asymptotically decrease according to 1/w’ () where

1 = L. However, with macrodiversity reception and unequal average power levels, the system

often operates in the non-asymptotic region, where 7 is closer to 1. When ¢ is close to 1, the

union bound diverges since the sum 22}0(6)21 1/w (e) diverges.

In order to prevent the union bound from diverging, the ISI-only terms are simply

removed from the union bound. Theoretically, removing the ISI-only terms from [ (n)
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causes (5.18) no longer to be a true union bound. However, in practice (5.18) is still
effectively an upper bound since realistically the ISI-only terms are not among the dominant
error events.

Typically in a CDMA system, the symbol duration, 7', is much greater than the delay
spread, Ty. When T' > Ty, the IST due to multipath is normally neglected [15]. In Chapter 2,
the ISI terms have been included in the ML multiuser-macrodiversity detector for generality
since different processing gains affect the length of the symbol duration if the chip rate
remains constant, thus causing Ty to occupy a larger portion of T'. If a single user were to
be detected in the presence of thermal noise only in a CDMA system with a low processing
gain, the ISI terms would compose the dominant error events in the union bound. However,
in a multiuser CDMA system with a moderate to high processing gain as studied in this
thesis, the IST component of the received signal is insignificant when compared to the MAI
generated by other users.

With the exception of the error sequences that involve ISI-only terms, the sequences in
Bk (n) include the indecomposable sequences which have no occurrence of K consecutive
zeros within any one time slot.

To conclude, the union bound in (5.18) upper bounds each user’s bit error probability,
and it is calculated by summing over the infinite number of sequences in [ (n) until the
remaining terms can be neglected. The analysis presented in this section is used to de-
termine the performance of the ML multiuser-macrodiversity detector, and the results are

investigated in the following chapter.



Chapter 6

ML-MUMD Performance Results

This chapter investigates the performance of the ML multiuser-macrodiversity detector in
both outdoor and indoor wireless communications systems. The outdoor system consists
of two adjacent cells as shown in Fig. 6.1. Three different indoor systems are investigated
including a single story building with two antennas per floor (Fig. 6.10), a two story building
with two vertically aligned antennas (Fig. 6.16), and a two story building with two offset
antennas (Fig. 6.21).

The outdoor and indoor results are calculated using the performance analysis presented
in Chapter 5. These theoretical results are verified through simulations which show that
the theoretical error probabilities correspond well with the simulated results.

In order to evaluate the performance of the ML-MUMD, a power control algorithm is
used which approximately equalizes the performance for all users, and a multistage ap-
proach is adopted, where one macrodiversity link is added at a time. The power control
algorithm and the link selection technique presented in this chapter are both heuristic in
nature. While these algorithms are heuristic, they are designed specifically for the ML
multiuser-macrodiversity detector since they exploit the theory developed in previous chap-
ters. There are many algorithms possible for power control and link selection, and future
research may uncover algorithms which outperform those presented in this chapter and im-
prove the performance of the ML multiuser-macrodiversity detector beyond that reported

in this thesis.
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6.1 Introduction

The performance analysis conducted in the previous chapter is used to calculate the error
probability results for both the outdoor and indoor wireless systems. While the analysis
is general and can be used with any synchronization technique and any channel estimation
technique, the performance of the ML multiuser-macrodiversity detector is heavily depen-
dent on the accuracy of both the synchronization and the channel estimation. In order
to determine the ML-MUMD results with imperfect synchronization, the timing estimation
errors, {(7yx — Tik) }, which range from —7T¢/2 < 7, —Tj, < T¢/2 for all [ and k, are generated
using a truncated Gaussian distribution. The standard deviation of the truncated Gaussian
distribution is taken from the results of [55]. The MMSE multiuser channel estimator pre-
sented in Chapter 4 uses the timing estimates and provides accurate channel estimates that
can be used in the ML-MUMD.

In order to focus solely on the benefit of using macrodiversity with multiuser detection,
a simplified system is investigated that does not include the convolutional codes that are
typically used in DS-CDMA systems. Regardless of whether an outdoor or an indoor system
is investigated, the users are randomly placed into the areas of interest, and fading channel
statistics are generated for each different physical scenario. The transmitted signals are
assumed to undergo path loss, lognormal shadowing, and Rayleigh fading. Once the channel
statistics are known for each user, the detector’s performance can be evaluated analytically
as discussed in Chapter 5. The detector’s performance depends on ; and ¢;, where the
users in vy are included in the MUMD at antenna [, while the users in ¢; are treated as
MAI. However, each time a macrodiversity link is added, v; and ¢; contain different sets of
users, and the performance of the ML-MUMD changes. Therefore, a multistage approach is
implemented by adding one macrodiversity link at a time, and the performance of the ML-
MUMD is evaluated at each stage. Since the links are added one at a time, the number of
stages is equal to the number of additional, or macrodiversity, links. It should be noted that
the addition of each macrodiversity link to a particular antenna results in an exponential
increase in the computational complexity of the ML-MUMD at that antenna alone since the
CMM algorithm localizes the calculations.

The mean square values for the effective bit energy to interference and noise density
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ratio, I', for each antenna and user combination are given by

) 2
(Al(c )) ZgG:O(Tz,lkg
" + N,

F(m) —

Ik (6.1)

where I‘l(lzn) is defined as the m'* stage effective bit energy to interference and noise density
ratio for user k at antenna [. Aj is user k’s amplitude factor, and as a result of power
control, A,(cm) may change during the various stages of macrodiversity. In (6.1) I,, is given
by (2.23), and Ign) is defined as the m!" stage effective interference at antenna I. Since
there are a total of LK possible links, and each user is initially connected to one antenna,
the number of additional links, m, ranges from 0 < m < K (L —1).

In general there are L¥ different possible combinations for the initial connections. At
first it may appear obvious that the initial connections would be chosen based on the values
of {Fl(lg)}' However, {Fl(lg)} depend on the initial connections, and we have a circular
problem. Therefore, in order to select the initial connections, each user, k, is connected to
the antenna with the largest ZQG:O (fg’lkg. This is equivalent to ignoring the effects of MAI
on each user. Ignoring the MAI is often reasonable since each connection to an antenna
effectively reduces the interference to the other users at that antenna as a result of the
multiuser detection. Once each user is connected to an antenna, a power control algorithm
is used to equalize the performance of the users.

Traditional soft handoff power control is insufficient when applied to a ML-MUMD sys-
tem. With traditional soft handoff power control, the mobile’s power is adjusted based on
the measured energy to interference and noise density ratio. However, this energy to inter-
ference and noise density ratio assumes that each user’s signal is another user’s interference
and thus does not change with the addition of macrodiversity links. With multiuser detec-
tion, the users which are detected at an antenna interfere very little with each other, and the
effective energy to interference and noise density ratio in (6.1) is an improved measure for a
ML-MUMD system. However, the effective energy to interference and noise density ratio in
(6.1) is inexact. It assumes that the users in multiuser detection do not interfere with each
other whatsoever when in fact there will be some interference between these users as a re-
sult of the imperfect synchronization and imperfect channel estimation. Further, it assumes
that the users that do interfere with each other are simply suppressed by the processing
gain; however, the actual cross-correlation between the pseudonoise sequences may cause

differences in the level of interference. Therefore, (6.1) is best viewed as an estimate of the
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effective energy to interference and noise density ratio. Each time a macrodiversity link is
added, the estimate changes correspondingly. If the soft handoff power control algorithm is
applied at each stage of macrodiversity using the estimated effective energy to interference
and noise density ratio in (6.1), the resulting fluctuations in the mobiles’ transmit power
can lead to confusing results.

The power control algorithm proposed in [25] is attractive since it is developed for a
macrodiversity system which uses pre-detection combining. However, similar to traditional
soft handoff, this algorithm also assumes that each user’s signal is another user’s interference
since it does not employ any form of multiuser detection. If this algorithm is applied to a
ML-MUMD system, it encounters the same difficulties as described above with traditional
soft handoff.

In light of these difficulties, a new power control algorithm is proposed in this chapter
for a ML-MUMD system. This power control algorithm is very simple and could most likely
be improved upon in future work. The power control algorithm attempts to equalize the
performance of all users when each user is connected to one antenna only. It does so by
targeting a particular effective energy to interference and noise density ratio, I'y. The power

at each mobile is adjusted according to the following relation

(0,0)
©Oi+1) _ (04 , L =Ty
P =P — o oo (6.2)

. AN 2 . .
where ¢ denotes an iterative counter, p,go’l) = (A,(co’l)> , and 8Fl(,2’2) /8p,(€0’2) = Zngo Uczl/cg /

(Lg?’i) + NO>. Since every adjustment in power changes the effective interference at each
antenna, (6.2) is applied in an iterative fashion until the transmit powers stabilize. At each
iteration, the power control algorithm prevents the power at any mobile from going below
the minimum or above the maximum allowable transmit power.

Regardless of whether or not transmit power limitations are placed on each mobile, there
is no guarantee of meeting a particular I';. However, the power transmitted by each mobile
is limited, and if all users cannot meet I'y, it is reduced by 1 dB at a time until all users
can achieve it within their prescribed power limits. Since I'; is reduced until all users are
able to achieve it, the fact that all users meet I'; does not imply that all, or even any, of the
users have an acceptable level of performance.

Once the initial powers have been chosen, I'; is no longer used in the additional stages of
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macrodiversity for the reasons described above. Therefore, with the addition of a macrodi-
versity link, the performance for each user changes, and the power control algorithm simply
increases the power of the worst case user by 2 dB. The worst case user is defined as the
user with the highest BER. If there are a number of worst case users grouped around the
same BER, the power is increased for the user within the worst case group that appears to
have the least potential. The user with the least potential is determined by first assuming
that the MAI for each user is negligible; then, the error probability of diversity reception
with unequal SNRs is estimated in the asymptotic region using the expression in [15].

The power increase of 2 dB was chosen empirically. Increasing the power of the worst
case user by 2 dB results in a significant improvement for the worst case user while leaving
the other users relatively unaffected. Power increases higher than 2 dB begin to degrade the
performance for the other users due to the increased level of interference. Each time a user’s
power is increased by 2 dB, the power control algorithm ensures that it does not exceed the
maximum allowable power. Now that the power control algorithm has been discussed, the
method for selecting the additional macrodiversity links will be described.

The algorithm which selects the macrodiversity links once again focuses on improving
the BER of the worst case user. If user x is currently connected to antenna [, and it is the
worst case user, we can boost its performance in two ways. First, we can connect user = to
another antenna, thus improving its performance through diversity reception. Or second,
we can add a link to antenna [ from another user which effectively reduces the interference
at antenna [ through the action of joint detection. If there are a number of worst case
users clustered around the same BER, the boost in performance is estimated for each of
these users with both diversity reception and interference reduction as described below. A
macrodiversity link could be chosen in an attempt to raise the performance level for the
entire cluster of worst case users. However, for simplicity, the chosen macrodiversity link is
the one which provides the largest performance boost to any one of the worst case users.

If we wish to improve user x’s performance through diversity reception, we connect user

x to the antenna j which maximizes

T = max ({1072 ¢ v™}). (6.3)
Thus, x € @Z)§m+1) and
(m)
, T
i) o (& (6.4)
1 o2ri
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where UEFEZL

previous stage, m. Once the power control algorithm has been applied, Fg;nﬂ

) <1 since x ¢ wj(m) In (6.4) I‘g-;n—i_l)’ is calculated using the powers from the
) is calculated
with the updated set of powers.

If we wish to improve user z’s performance through interference reduction, we connect

the user y to antenna [ which maximizes

Thus, y € @Z)l(m+1) and

(m)
m+1) r
R e (6.6)
1-o20"

where (rgf‘l(;l) < 1 since y ¢ 1/)l(m).

Finally, the diversity reception option is chosen if Fg;nﬂ)l > (1 — USQFI(;R)) 71, and user
x is connected to antenna j. Otherwise, interference reduction is selected, and user y is
connected to antenna [.

The above power control algorithm and link selection technique are used in both the
outdoor and indoor ML-MUMD systems discussed in Sections 6.2 and 6.3 respectively. The
following section describes the outdoor system and presents the appropriate ML-MUMD

results.

6.2 QOutdoor Results

In order to determine the benefit of using ML-MUMD in an outdoor system, users are
randomly placed into the non-shaded areas of the two cells shown in Fig. 6.1. For the
outdoor system, the power control algorithm operates with a minimum transmit power of
-50 dBm and a maximum transmit power of 0 dBW [69]. The receiver noise density is set to
N, = —169 dBm/Hz [68]. The delay spread is assumed to be Ty = 2 psec [14] resulting in
G + 1 = 3 resolvable channel paths for each user since W = 1/T, = 1.2288 MHz. The pilot
symbol frame length is chosen to be N = 20, and the interpolator order is set to 2Q +1 =9
coefficients. The path loss exponent is chosen to be 3.5, and the shadowing is assumed
to be log-normally distributed with a standard deviation of 7 dB. Since it is common to

assume an exponential power delay profile (PDP) in urban settings [3], the following results
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are produced for an exponentially decreasing PDP. All of the above mentioned parameters
were chosen to reflect a typical outdoor system. In contrast, a non-standard processing gain
of W/R = 32 is commonly used in both this section and the following section to reflect a
future PCS system which supports a few high bit rate users at lower processing gains.

In order to account for other cell interference from mobiles that are not involved in the
ML-MUMD, we model them as additional thermal noise which is added on to the receiver
noise density, N,. For simplicity, the additional thermal noise is estimated based on the
other cell interference produced in a traditional CDMA system. In [10], it is stated that
the other cell interference is typically about 60% of the intracell interference. A traditional
CDMA system which is 80% loaded has a rise over thermal noise of approximately 7 dB
due to intracell interference [68]. However, as a result of the ML-MUMD, the intracell
interference and some of the other cell interference will be negligible. Therefore, for an 80%
loaded system with other cell interference only, the rise over thermal noise is approximately
7+ 10log(0.6) = 5 dB.

Fig. 6.2 illustrates the performance results based on the physical scenario of Fig. 6.1
using the previously described power control algorithm and link selection technique. The
L = 2 antennas and K = 4 randomly placed users constitute a total of LK = 8 possible
links. Initially, at 0 on the x axes of Fig. 6.2, each user is connected to one antenna, and the
multiuser detection is performed on each antenna separately. For the case in Fig. 6.1, users
2 and 4 initially connect to antenna 1, while users 1 and 3 connect to antenna 2. Once the
initial connections are formed and each user is connected to one antenna, additional links,
which constitute macrodiversity, are added one at a time until there is full connectivity (i.e.
each user is connected to both antennas). Full connectivity occurs at 4 on the = axes of Fig.
6.2.

In Fig. 6.2, the probability of error is reported for each user separately. However, the
number of additional, or macrodiversity, links is common for all of the plots in the figure.
Therefore, with the addition of each link, the number of macrodiversity links increases by
1 for every plot in the figure. As can be seen from Fig. 6.2, even though we focus on
improving the performance of the worst case user, the addition of one macrodiversity link
has the capability to lower the probability of error for many users. One user will benefit from
the additional diversity, while other users will benefit from interference reduction through
improved multiuser detection. It can also be seen from Fig. 6.2 that the simulated results,

which are based on approximately two million trials, correspond well with the theoretical
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Figure 6.1: Typical physical scenario for an outdoor communications system.

results. For the lower BERs, the simulated results may depart from the theoretical results
simply because too few errors were generated in the simulations in order to obtain a reliable
average. The simulated results use the CMM algorithm for detection and are based on
counting bit errors, while the theoretical results use the methods developed in Chapter 5;
however, both are based on Monte Carlo generation of mobile locations and shadowing.
At higher BERSs, the simulated results depart slightly from the theoretical results since the
analysis is performed with a union bound. For example, at stage 0 in Fig. 6.2, the union
bound causes a slight artificial increase in the BERs of users 1, 2, and 3. However, user 4
remains relatively unaffected since its dominant error event is well above the rest.

Since the simulated results correspond well with the theoretical results, the following
figures are generated using the theoretical performance analysis developed in Chapter 5.
To highlight the effect of power control, Fig. 6.3 contains representative results for worst
case users and median users with and without power control updates. The power control
updates in Fig. 6.3 refer to the 2 dB increases in power for the worst case user at each

stage of macrodiversity. In either case, power control is performed at stage 0 for the initial
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Figure 6.2: Theoretical and simulated results for the ML-MUMD operating with the physical
scenario shown in Fig. 6.1.



CHAPTER 6. ML-MUMD PERFORMANCE RESULTS 83

--#&-- Worst Case Users - No Power Control Update

102} —m— Median Users - No Power Control Update
i ---@-- Worst Case Users with Power Control Update
. —e— Median Users with Power Control Update
§ <
0 103}
5 ;
2
g
O 104}
X
10_5 1 ! 1 1 ! 1 ! 1

2

0 1 3
Number of Macrodiversity (Additional) Links

Figure 6.3: ML-MUMD results for antenna arrays of size Lo = 2 operating at I'y = 10 dB.
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connections where each user attempts to meet the targeted effective energy to interference
and noise density ratio, I';. In Fig. 6.3, I'; = 10 dB, and the results are reported for L; = 2
macrodiversity antenna arrays of size Lo = 2 microdiversity antennas. It should be noted
that the T'y = 10 dB in Fig. 6.3 refers to the originally targeted T't. In certain physical
scenarios I't may have to be reduced so that all users can achieve it within their transmit
power limits. However, the reported results include all physical scenarios, regardless of
whether or not they are able to achieve the original target of I, = 10 dB.

Fig. 6.3 was generated with 1000 independent trials. For each trial the users are ran-
domly placed into the non-shaded areas of the 2 cells in Fig. 6.1 in order to generate the
fading channel statistics. Even though results are presented for both worst case and median
users, it is the worst case users that drive the algorithm which adds the macrodiversity
links. In order to generate the worst case results, the worst case user is selected at each
stage of macrodiversity. In general, these users are different, since adding a macrodiversity
link dramatically helps the current worst case user, only to reveal a new worst case user for
the next stage. Each of the worst case curves represents the median of the worst case users
over 1000 trials. In contrast, the median user is selected at each stage of macrodiversity for
the median results; therefore, each of the median curves simply represents the median user
over 1000 trials.

As can be seen from Fig. 6.3, the ML multiuser-macrodiversity detector has the capa-
bility to improve performance dramatically, especially when it is implemented with power
control updates. Without power control updates, the performance of the ML multiuser-
macrodiversity detector appears to be limited by a type of error floor. However, with the
power control updates, the probability of error for both worst case and median users drops
by nearly 2 orders of magnitude as the number of macrodiversity links increases. Even
though the algorithm for adding macrodiversity links concentrates on the worst case users,
all users respond favorably to the ML-MUMD. It is obvious from the figure that the power
control updates have a significant impact on ML-MUMD performance. As this power con-
trol update algorithm is very simple, future research would most likely improve upon this
algorithm, thus improving the ML-MUMD results.

Fig. 6.4 contains distance related results for the same trials that were used to generate
Fig. 6.3. The results in Fig. 6.4 are reported for the median users with power control
updates. The near users in Fig. 6.4 refer to the users that are closest to one of the

macrodiversity antenna arrays. Specifically, to be in the “near user” category, a user must
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be within R/3 of the closest antenna, where R is the radius of the cell. To be in the “far
user” category, a user must be placed between 2R/3 and R of the closest antenna. Therefore,
intuitively one would expect that the far users would benefit more from the ML-MUMD
as they are located in a transition region between the cells. As can be seen from Fig. 6.4,
the far users do indeed benefit more from the ML-MUMD. However, the near users enjoy
performance gains which are actually fairly close to the gains achieved by the far users. As a
result of power control, the near users and far users have similar error probabilities at stage
0 in Fig. 6.4. Therefore, with the addition of macrodiversity links, the far users actually
outperform the near users.

Figs. 6.5 and 6.6 report results which are similar to those in Figs. 6.3 and 6.4 respectively.
However, the targeted I't = 20 dB in Figs. 6.5 and 6.6 compared to 10 dB in Figs. 6.3
and 6.4. By comparing Fig. 6.3 with 6.5, it can be seen that the overall probability of
error drops dramatically as the targeted effective energy to interference and noise density
ratio is increased. The benefit from using macrodiversity increases correspondingly. The
probability of error for both the worst case and median users drops by approximately 3
orders of magnitude with the power control updates as the number of macrodiversity links
increases. In 6.6, it can be observed that the far users enjoy performance gains that are
slightly over 3 orders of magnitude, while the performance gains of the near users are about
2.5 orders of magnitude.

To highlight the effect of changing the targeted T'y, the results in Figs. 6.4 and 6.6 are
reproduced in Fig. 6.7 for easier comparison. The most notable difference between targeting
I't = 10 dB and I'y = 20 dB is the dramatic drop in error probability as I'; is increased.
The cost of reducing the BER by increasing I'; is an increase in the overall level of transmit
power.

In order to show how the transmit power changes with Iy, Fig. 6.8 plots the average
received SNR against the targeted I'; for the initial connections, when each user is connected
to a single antenna. The average received SNR in Fig. 6.8 is an average over all users and
over 1000 different physical scenarios, where the received SNR for each user is given by (4.20).
As can be seen from Fig. 6.8, increasing I'; increases the received SNR when T’y < 20 dB.
However, setting I'; higher than 20 dB results in very little change to the average received
SNR since the power control algorithm automatically reduces I'; if any user is not able to
achieve it. The users may not be able to achieve I'; for two reasons. First, the targeted

I'; may not be reached in an interference limited system when the received SNR no longer
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Figure 6.5: ML-MUMD results for antenna arrays of size Lo = 2 operating at I'y = 20 dB.
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Figure 6.6: Performance of median users segregated by distance for antenna arrays of size
L9 = 2 operating at I'; = 20 dB.
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Figure 6.7: Performance of median users segregated by distance for antenna arrays of size
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increases with an increase in power. Second, a mobile may not be able to achieve I'y simply
because its transmit power is limited.

The error bars in Fig. 6.8 show the variation in the received SNR. As expected, the
variation increases as the received SNR saturates since each different physical scenario causes
the power control algorithm to reduce I'y by a different amount.

Since the two setups in Fig. 6.7 operate in the linear portion of the received SNR curve,
the error probability drops dramatically as T’y is increased from 10 dB to 20 dB. However,
increasing I'y beyond 20 dB results in very little further improvement. In Fig. 6.7, it can
also be seen that the separation between the far users and the near users changes as I'y is
increased. This results from the fact that the target of Iy = 10 dB is met in 94% of the
trials. In contrast, the target of I'y = 20 dB is only met in 32% of the trials. To reiterate, I';
may have to be reduced in certain physical scenarios so that all users can achieve it within
their transmit power limits. The reported results include all physical scenarios, regardless of
whether or not the originally targeted I'; was achieved. Therefore, the separation between
the near users and the far users for I'y = 20 dB results from the fact that the near users are
more likely to be able to achieve I'y = 20 dB.

Fig. 6.9 investigates the effect of processing gain on the ML-MUMD. In contrast with
the previous figures, these results are generated for macrodiversity antennas only, i.e. there
are no microdiversity antenna arrays and Lo = 1. As can be seen from the figure, the
processing gain has very little effect on the performance of the near users as these users can
usually meet I'; = 20 dB regardless of the processing gain. In contrast, the far users have a
much better chance of meeting I’y = 20 dB when W/R = 128 as expected. Similar to the
situation shown in Fig. 6.4, the near and far users begin with similar error probabilities at
stage 0 when W/R = 128. Thus, the additional macrodiversity links cause the far users to
outperform the near users.

Now that ML-MUMD has been investigated in an outdoor system, the following section
describes 3 different physical scenarios for an indoor system and presents the appropriate
ML-MUMD results.

6.3 Indoor Results

The three dimensional environment of an indoor wireless system presents new opportunities

in the area of macrodiversity combining. A mobile unit could be potentially connected to
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Figure 6.9: Performance of median users segregated by distance for macrodiversity antennas

where Ly = 1 operating at I'y = 20 dB.



CHAPTER 6. ML-MUMD PERFORMANCE RESULTS 93

multiple antennas on the same floor along with antennas on floors located above and below
the mobile unit. The performance of the ML multiuser-macrodiversity detector is evaluated
for three different situations. First, a single story building is considered with antennas
placed in two locations along the main diagonal of the floor as shown in Fig. 6.10. Second,
a two story building is considered, where each floor contains one centrally located antenna,
or antenna array, as shown in Fig. 6.16. Finally, another two story building is considered,
where each floor contains a single antenna, or antenna array, which is placed along the main
diagonal of the floor as shown in Fig. 6.21. Users are added to the floor(s) of the building
in a random fashion, and fading channel statistics are generated for each different physical
scenario. The transmitted signals are assumed to undergo path loss, lognormal shadowing,
and Rayleigh fading. For the two story buildings, correlated shadowing is incorporated
between the floors of the building based on recent studies in indoor wireless propagation [5],
[60].

For the above three indoor systems, the processing gain is set to W/R = 32. The power
control algorithm operates with a minimum transmit power of -50 dBm and a maximum
transmit power of -6 dBW [69]. The delay spread is assumed to be T; = 30 nsec [70]
resulting in only G + 1 = 1 resolvable channel path for each user since W = 1/T, = 1.2288
MHz. The pilot symbol frame length is chosen to be N = 100, and the interpolator order
is set to 2Q) + 1 = 9 coefficients. The following parameters for the indoor propagation
model are similar to those in [4] which were based on a 1.8 GHz indoor propagation study.
The path loss exponent is chosen to be 4. The signals which travel between the floors of a
building experience a floor attenuation factor (FAF) which is set to 14.6 dB for a 1 floor
separation between the antenna and the user. The shadowing is assumed to be lognormally
distributed with a standard deviation of 9.6 or 8.4 dB for a 0 or 1 floor separation between
the antenna and the user respectively. The correlated shadowing between the floors of a
building is implemented in a similar manner to that proposed in [4].

Figs. 6.12, 6.17, and 6.22 contain representative results for worst case users and median
users with and without power control updates for the systems shown in Figs. 6.10, 6.16,
and 6.21 respectively. Similar to the outdoor results, these figures were generated with
1000 independent trials, and for each trial the users are randomly placed in the appropriate
building in order to generate the fading channel statistics. In Figs. 6.12, 6.17 and 6.22,
I't = 20 dB, and the results are reported for L1 = 2 macrodiversity antenna arrays of size

Lo = 2 microdiversity antennas. As can be seen from these graphs, the indoor results are
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Figure 6.10: An indoor communications system with 2 antennas placed along the main
diagonal of the floor.

consistent with the outdoor results, and all users respond favorably to the ML-MUMD even
though the algorithm for adding macrodiversity links concentrates on the worst case users.
By observing the results in Figs. 6.12, 6.17 and 6.22, it can be seen that both the worst
case and median users drop by about 3 orders of magnitude in the single story building and
2 orders of magnitude in the two story buildings.

In a similar way to Fig. 6.8 for the outdoor system, Fig. 6.11 shows how the transmit
power changes with I'; for the three different indoor systems. The average received SNR
is plotted against the targeted I'; for the systems shown in Figs. 6.10, 6.16, and 6.21. By
comparing Fig. 6.8 with Fig. 6.11, it can be seen that the shape of the received SNR curves
for the outdoor system differ from that for the indoor systems. The “S” shaped curves
for the indoor systems result from the fact that in the low I'; region, the users are often
transmitted at the minimum power level of -50 dBm. In the high T'; region, the maximum
transmit power of -6 dBW is rarely reached; however, the system becomes interference
limited causing the received SNR to saturate. The error bars are left out of this figure for
clarity. However, unlike the outdoor situation in Fig. 6.8, the variation in received SNR is
fairly large for all values of I';. This results from the fact that the minimum transmit power

is often invoked in the low I'; region and the received SNR saturates in the high I'; region.
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Figure 6.12: ML-MUMD results for the system shown in Fig. 6.10, operating with Ly = 2
and I'y = 20 dB.
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Figs. 6.14, 6.19 and 6.24 contain distance related results for the systems shown in
Figs. 6.10, 6.16, and 6.21 respectively. The results in these figures are reported for the
median users with power control updates. In all cases, three different setups are studied.
The first and second setups target I’y = 20 dB and Ty = 30 dB respectively, and operate
with macrodiversity antennas alone where Ly = 1. The third setup targets I'y = 20 dB
and operates with macrodiversity antenna arrays of size Lo = 2. In a similar way to that
described above, Figs. 6.15, 6.20 and 6.25 contain distance related results for the systems
shown in Figs. 6.10, 6.16, and 6.21 when the ML multiuser-macrodiversity detectors target
I't =20 dB and T'; = 30 dB, and operate with macrodiversity antenna arrays of size Lo = 2.

For the single story building, Fig. 6.13 shows the distance sorting that was used to
generate Figs. 6.14 and 6.15. As can be seen from Fig. 6.14, the error probability can be
reduced by either increasing I'; or increasing the number of microdiversity antennas, Ls.
In general, the cost of increasing I'; is an increase in the overall level of transmit power.
However, as can be seen from Fig. 6.11, increasing I'; beyond 30 dB results in very little
further improvement. In contrast, the transmit power is left unchanged when the number of
microdiversity antennas is increased; however, the cost of increasing Lo is the need to install
an additional antenna. It can be observed from Fig. 6.14 that the diagonal users benefit
more from the ML-MUMD as expected. When I'y = 30 dB and Lo = 1, the corner users
drop by more than 2 orders of magnitude, while the diagonal users drop by approximately
3 orders of magnitude. When I', = 20 dB and Ls = 2, the corner users drop by about 3
orders of magnitude, while the diagonal users drop by nearly 4 orders of magnitude. It can
be seen in Fig. 6.15 that when I't = 30 dB and Ls = 2, the results improve further, and
the corner users drop by more than 4 orders of magnitude, while the diagonal users drop by
nearly 6 orders of magnitude.

For the two story building with centrally located antennas, Fig. 6.18 shows the distance
sorting that was used to generate Figs. 6.19 and 6.20. It can be seen from Fig. 6.19 that
both the near users and the far users benefit equally from the ML-MUMD. When Ty = 30
dB and L = 1, both near and far users drop by about 3 orders of magnitude, and when
It = 20 dB and Ly = 2, the near and far users drop by about 2 orders of magnitude.
The separation between the near and far users when I';y = 20 dB appears to be somewhat
confusing at first since the target of I'y = 20 dB is met in nearly all of the trials. However,
upon further investigation it turns out that the near users are often transmitting at the

minimum transmit power level of -50 dBm. In Fig. 6.20, it can be seen that the near and



CHAPTER 6. ML-MUMD PERFORMANCE RESULTS 99

---@-- Corner Users
107 —a— Diagonal Users
3’ ---------- I; =20dB,L, =1
105 F -
S 104
L0
S 105¢
2
5 10°F
Q0
o
X 107F
108
10_9 | L 1 L 1 L | L |
0 1 2 3 4
Number of Macrodiversity (Additional) Links

Figure 6.14: Performance of median users segregated by distance for the system shown in

Fig. 6.10.
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Fig. 6.10 operating with Lo = 2.
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Figure 6.16: An indoor communications system with a centrally located antenna placed on
each floor of the building.
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Figure 6.17: ML-MUMD results for the system shown in Fig. 6.16, operating with Ly = 2
and I'y = 20 dB.
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Figure 6.18: Distance sorting for the system shown in Fig. 6.16.
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far users drop by nearly 6 orders of magnitude when I't = 30 dB and Lo = 2.

For the two story building with offset antennas, Fig. 6.23 shows the distance sorting
that was used to generate Figs. 6.24 and 6.25. It can be seen from Fig. 6.24 that the far
users benefit a great deal more from the ML-MUMD than the near users. When T’y = 30
dB and Ly = 1, the near users drop by about 1.5 orders of magnitude, while the far users
drop by nearly 3 orders of magnitude. When I'y = 20 dB and Ls = 2, the near users drop
by about 2 orders of magnitude, while the far users drop by 3 orders of magnitude. In Fig.
6.25, it can be seen that the near users drop by about 3 orders of magnitude, while the far
users drop by 5 orders of magnitude when I't = 30 dB and Lo = 2.

It is interesting to compare the results for the system shown in Fig. 6.16 with the
results for the system shown in Fig. 6.21 as they both operate with one macrodiversity
antenna array per floor in a two story building. In [9] the authors found that as a result
of the correlated shadowing between floors of a building, it is best to vertically align the
antennas in a traditional CDMA system which does not include either multiuser detection
or macrodiversity. In order to determine whether this recommendation holds for a CDMA
system which uses ML-M UMD, the results for the vertically aligned antennas in Fig. 6.16 are
compared with the results for the offset antennas in Fig. 6.21. By comparing Fig. 6.17 with
Fig. 6.22 it is not immediately evident as to which system is superior as both the median
and worst case users experience similar gains due to the addition of macrodiversity links.
However, by comparing the distance related results in Figs. 6.19 and 6.24, it is obvious that
the results for the offset antennas are more distance dependent than those for the vertically
aligned antennas. Therefore, in order to provide a similar level of performance for all users,
regardless of their placement within the building, the recommendation of vertically aligning

the antennas remains unchanged.

6.4 Conclusions

To conclude, the outdoor and indoor ML-MUMD results both show that the addition of one
macrodiversity link has the capability to lower the probability of error for many users. The
combination of macrodiversity and power control is particularly powerful. Power control
alone is clearly limited. Macrodiversity alone produces substantial improvement, but it
falls short of the improvement achieved from the combination. The targeted effective bit

energy to interference and noise density ratio, I'y, affects the ML-MUMD performance,
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Figure 6.19: Performance of median users segregated by distance for the system shown in
Fig. 6.16.
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Figure 6.20: Performance of median users segregated by distance for the system shown in
Fig. 6.16 operating with Lo = 2.
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Figure 6.21: A two story indoor communications system where each floor of the building
contains a single antenna which is placed along the main diagonal of the floor.



CHAPTER 6. ML-MUMD PERFORMANCE RESULTS 108

--#&-- Worst Case Users - No Power Control Update
—=— Median Users - No Power Control Update
104r ---@-- Worst Case Users with Power Control Update
. —e— Median Users with Power Control Update
S
10 107
ks
2
3 o0
O 10°F
a B
10_7 | I | I | I 1 I 1
0 1 2 -3 _ 4
Number of Macrodiversity (Additional) Links

Figure 6.22: ML-MUMD results for the system shown in Fig. 6.21, operating with Ly = 2
and I'y = 20 dB.
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Figure 6.24: Performance of median users segregated by distance for the system shown in

Fig. 6.21.
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Figure 6.25: Performance of median users segregated by distance for the system shown in
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and increasing I'; generally decreases the BER. However, this performance improvement is
limited by the fact that the power control algorithm reduces I'y if any user is not able to
achieve it. In contrast, the addition of microdiversity antennas to the ML-MUMD improves
the BER performance without affecting the targeted T';.

Even though the power control algorithm and the link selection technique both focus on
the worst case users, all users respond favorably to the ML-MUMD. In an outdoor system,
users can expect performance gains of approximately 2 - 3 orders of magnitude with the
addition of macrodiversity links to the ML-MUMD. In an indoor system with one antenna
array per floor in a two story building, users can expect about 2 - 6 orders of magnitude
improvement in their BERs, and in a single story building with two antenna arrays, the
gains typically range from about 3 - 6 orders of magnitude. Therefore, the combination of
multiuser detection with macrodiversity reception has the capability to improve performance
dramatically in both outdoor and indoor communications systems.

The results that are presented in this chapter focus on a limited situation of four users
and two macrodiversity antenna arrays in both outdoor and indoor communications systems.
It is difficult to generalize these results for increasing numbers of users and base stations.
We would expect improved performance due to both diversity reception and interference
reduction for base stations which are added to the first tier. However, the effect of adding
additional users is still an open issue.

Each time a user is added to the MUMD at an antenna, the computational complexity
of the ML-MUMD at that antenna increases exponentially. The computational complexity
is kept to a minimum through the use of the CMM algorithm in Chapter 3. However, in
practice a full maximum likelihood implementation is unlikely, and it may be more attractive
to use approximate tree search algorithms such as the M or T algorithm as described in
[71]. According to Moore’s Law [72], with binary signalling and exponential growth, we can

expect to add one user per cell every year and a half.



Chapter 7

Macrodiversity Applied to the
Forward Link

As stated in Chapter 1, macrodiversity on the forward link is equivalent to generating artifi-
cial multipath. The artificial multipath is produced by offsetting the PN sequences between
the base stations in a mobile’s Active Set. In this way, the RAKE receiver at the mobile can
isolate and combine these different transmissions as if they were natural multipath produced
by the environment. The advantage of this artificial multipath is increased diversity, and
the disadvantage is increased interference. Section 1.3.2 outlines previous work in the area
of macrodiversity on the forward link. These studies suggest that the increased interference
generally neutralizes the added diversity for unsectorized cells when all of the base stations
in the Active Set transmit the same power to the mobile unit in soft handoff [21], [26], [27].
This chapter focuses on allowing the macrodiversity antenna transmit powers to differ, and
optimizing them by minimizing the average of all users’ BERs. The improvement of the
optimization algorithm is quantified in terms of forward link capacity gains realized in an
indoor DS-CDMA system.

Power allocation among the macrodiversity antennas is not straightforward. For exam-
ple, as seen in Fig. 7.1, it may seem reasonable for two antennas (A1l and A2) to allocate
equal powers to a mobile unit (U1l) if the signals are received with equal strength. How-
ever, if A2 has a stronger link to another mobile unit (U2), it will be advantageous for A1l
to allocate most of the power to Ul in order to reduce interference at U2. The proposed

global optimization addresses this kind of situation by minimizing the sum of the individual
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Figure 7.1: A typical indoor wireless propagation scenario.

mobile unit’s estimated BERs. The BER at each mobile unit is estimated as a piecewise
linear function that is based on the asymptotic behavior of coded diversity reception with
unequal SNRs. The optimization is implemented as a steepest descent algorithm operating
at the relatively slow shadowing rate.

The forward link performance of a DS-CDMA system will become increasingly important
as third generation cellular systems incorporate different kinds of traffic. Services such as
voice, image, and video will only be made possible if the network can transmit with a high
data rate while achieving an acceptable quality of service. In order to address the issue
of utilizing DS-CDMA with a different data rate and a different BER requirement than is
normally used for voice communications, the proposed optimization algorithm’s performance
is compared to that for traditional soft handoff in a number of different situations. In all
cases, the optimization algorithm outperforms traditional soft handoff power allocation and

significantly increases the forward link capacity.

7.1 System Model
The signal received at mobile ¢ is given as:

ri(t) = ¢ (Sib +sp,) + ni(t) (7.1)

T

;= [Cliy s Cliy .oy C1i] 1 & vector of complex Gaussian channel gains from L macro-

]T

where: ¢
diversity antennas to the i""mobile. b = [by, ..., by, ...,bx]T is a vector of BPSK informa-

tion bits destined for the K users. n;(t) is the additive white Gaussian noise (AWGN);
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it is a complex Gaussian process with zero mean and a power spectral density of IN,.
Sp; = Ap [sp(t — 1), ..., 5p(t — 723)]T where A, is the amplitude of the pilot signal trans-

mitted from each antenna, and S; is a matrix defined as follows:

Apsi(t—1i) .. Aigsk(t —T)
Si = . (7.2)

Apisi(t —7ri) ... Apxsk(t—Tri)

Aj; is the amplitude of the signal transmitted from the {** antenna to the i** mobile, and
7; is the delay incurred between the I antenna and the i'® mobile. s;(t) and s,(t) are
the normalized unit-energy waveforms with support [0,7] for user ¢ and the pilot signal
respectively. The vector of the normalized matched filter output for the i** user from the

I antenna, sampled at the symbol rate, 1/T, is

T+
Y = / ri(t)s;(t — 1;)dt

JT;

= c] (Ryb+ry,) +eu (7.3)

where e;; = j'TT_+Ti s¥ (t — 1) - ni(t)dt is the noise at the matched filter output. rp, =

fTTfTi s7(t — 7y;) - sp,dt contains the cross-correlations between an intended user’s waveform
. . 'T 7 . . . .
and pilot signal waveforms. Ry; = [T, + 57 (t — ;) - Sidt is the cross-correlation matrix with

elements

T+
R y(k,iy = Ank / 87 (t — 713) sk (t — Tni)- (7.4)

J Ty

In (7.4), if | # n and i = k, the same, but time shifted, signature waveform is sent to
mobile i from two different antennas. If [ = n and i # k, two different signature waveforms
intended for two different users are sent from the same antenna. In (7.3) the interfering
signals result from correlations with the pilot sequences and from correlations with other
user sequences when [ # n and/or ¢ # k.

When using DS-CDMA, the information sequence is spread using a pseudo-random code.
The interference between users is determined by the actual cross-correlations between the
pseudonoise sequences. However, for simplicity, it is assumed that the interfering users are

suppressed by the processing gain where 02 = R/W, and the following estimate can be
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made:

L
2
E Ocmi’

n=1
K

(Z Prk + pp> — oo i
k=1

where p;; = A% and p, = A}%. The energy of the signal in (7.5) is given by 02 ,;p;;, and the

1 . -
§E iyl = O'Zzipli + 02

+ N, (7.5)

rest is the energy of the interference and noise. Therefore, the SINR can be given as

T, = [ag (;f —1>]1 (7.6)

where:
Tnki = 030 niPnk (7.7)
L K L
X; = sznkz +0-52ppzo-g,m’ + No. (78)
n=1 k=1 n=1

In [15] it is shown that the error probability of diversity reception with unequal SNRs can
be estimated in the asymptotic region as the branch SNRs become increasingly large. The
expression in [15] is modified here to include the effects of the convolutional code used on
the forward link of the DS-CDMA system. The theoretical performance of the convolutional
code was calculated with a union bound using a similar approach to that proposed in [61]
and [63], and the resulting characteristic function was inverted using the new technique
presented in Appendix A. The effects of the convolutional code can be included in the error

probability estimates for mobile, ¢, as follows:

Pui=a; [[ M (Tw) T, (7.9)

leA;
where A; represents user i’s Active Set which is composed of L; macrodiversity antennas.
a; = (zLii)ww_l) (2(1 — p)) """ is a multiplicative factor similar to that found in [15] where
p = —1 for BPSK signals. In order to account for the fact that the system operates in the
non-asymptotic region at low SINRs, M (I';;) and D (I';;) are both functions of the SINR,
and they are determined by performing a piecewise linear curve fit to the theoretical P,;.

M (T'};) is a multiplicative factor, and D (T'};) is the derivative of log(P.;) with respect to
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I';; in dB. In other words, D(T'};) is an equivalent order of diversity. Do, = D (Fli)’Fli—»oo is
the equivalent order of diversity in the asymptotic region of the BER curve. In this study,
perfect interleaving by bit is assumed; therefore, D, is equal to the minimum free distance
of the convolutional code. The error probability estimate given in (7.9) can be used in both

the traditional soft handoff and optimization algorithms discussed in the following sections.

7.2 Traditional Soft Handoff

Once the Active Set for each user has been determined, each traffic channel is assigned a
small and equal portion of the total traffic power. If the probability of error for mobile i,
P.;, is greater than a specified threshold, the powers allocated at each antenna for this user
are increased by 1 dB. In contrast, if Pe; is less than the threshold, the powers transmitted
to this mobile station are decremented by 1 dB. If the powers begin to oscillate around the
threshold, a “do nothing” command can be sent to keep the powers at a constant level.

If the error probabilities for all mobiles are below the specified threshold, and the total
transmitted power at each antenna is within the preset power limit, the soft handoff power
allocation has successfully serviced all mobile units. However, if this requirement cannot
be met, the forward link powers of the macrodiversity antennas are optimized with the

algorithm discussed in the next section.

7.3 Forward Link Power Optimization

In order to achieve a global optimization, the sum of the error probabilities for the individual

mobiles is minimized. The objective function to be minimized is

K
Po=>) Pu. (7.10)
i=1

The optimization is implemented as a steepest descent algorithm. Therefore, the algorithm

requires the following partial derivative:

8Pez
Vn&k 7.11
and it can be shown that
Pei
a s cnzPez Z (712)
Opnk ki JEA; -T]zz
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8Pei

2 2
_— = o207 P, -
8pnk <

sYc,ni

k=i

Z D(Ty)  D(Tw) (7.13)

e Xi — @jii Tpii
A global optimization strategy is presented that allocates power at the various macrodi-
versity antennas so that the added diversity outweighs the increased interference and the
average of all users’ BERs is minimized. The complexity of this global optimization is re-
duced as can be seen in (7.12) and (7.13) since the summations are only performed over the
antennas in each user’s Active Set.

By moving in the direction opposite to the gradient, the global minimum is approached.
When the algorithm is operating in the asymptotic region of the BER curve, i.e. when
D (Tyy;) = Doo,Vm € A;, it can be proven that this objective function possesses only the
one global minimum since the second derivative is always greater than zero. Even though
this has not been proven for the non-asymptotic region, the second derivative has never
been observed to go below zero in practice.

The power at each antenna is constrained as follows: Zszl Pnk = C. This is actually a
plane in hyperspace. Therefore, if the optimization attempts to exceed the power limit on
any antenna, the result is simply projected onto the hyperplane ensuring that the antennas
never exceed their power limit.

Minimizing the objective function, P, = Zfi 1 Pei, brings the individual error proba-
bilities closer together. However, it does not eliminate the separation entirely. Therefore,
once the sum has been minimized, the optimization algorithm enters a second stage which
focuses on equating the individual error probabilities in an attempt to reduce the maximum
probability of error, P, max. In the second stage of optimization, if P.; > P./K, the partial
derivative, P,;/0pni, is used in the steepest descent algorithm to minimize P,;. In contrast,
if P.; < P./K, the partial derivative, 9P max/OPni, is used in the steepest descent algorithm
to minimize P max. In this way, the mobile units with high BERs receive more power, while
those with low BERSs give up a portion of their power. The two stages of optimization can
be seen in Fig. 7.2. These results are depicted for 57 users located on 2 floors of a building.
The users are serviced by a total of 4 antennas with 2 antennas per floor.

As can be seen from this figure, the first stage of optimization (iterations 1-300) focuses
on minimizing the average probability of error, and the second stage of optimization (iter-

ations 300-400) focuses on equating the error probabilities in an attempt to reduce P, pax.
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Figure 7.2: The 2 stages of optimization.
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Both stages of the optimization are necessary for reducing the maximum BER. The result of
eliminating the second stage of optimization is obvious from observing Fig. 7.2. However,
eliminating the first stage of optimization causes the individual error probabilities to be
simply equated, most often at a higher BER than desired. This optimization routine will

now be compared with a typical soft handoff algorithm in the following section.

7.4 Simulations

The simulated system consists of 2 floors in a building with 2 antennas per floor. Each
antenna allocates 80% of its power to traffic and 20% of its power to the pilot signal. In the
simulations, N, = 0 in order to investigate the interference limited case. The transmitted
signals are assumed to undergo path loss, lognormal shadowing, and Rayleigh fading. The
parameters for the indoor propagation model are similar to those used in Section 6.3.

The mobiles are initially added to either floor of the building in a random fashion. Each
time a mobile is added, its active set is determined by comparing (E./I,);; to a threshold of
-14 dB. The E. in (E./I,), represents the pilot signal energy received from antenna [, and
the I, represents the total interference and noise measured at mobile . The simulations
begin by performing a traditional soft handoff power allocation for all users each time an
additional user is added to a floor. When a single user on either floor cannot be serviced,
additional users are added only to the other floor. Once both floors contain a mobile that
cannot be serviced by traditional soft handoff power allocation, the optimization algorithm
takes over. If the optimization algorithm can service all of the above users, mobiles are
added in a similar fashion to that described above.

The simulation results can be seen in Figs. 7.3 and 7.4. These figures depict forward
link capacities achieved at different BER requirements for both soft handoff power allocation
and optimization of forward link transmit powers. Figs. 7.3 and 7.4 contain forward link
capacity estimates for a CDMA system with processing gains of W/R = 128 and W/R = 32
respectively, and each data point represents an average over 100 independent trials.

As can be seen from these figures, the optimization algorithm consistently outperforms
traditional soft handoff power allocation, and the capacity gains typically range between 10-
20%. In most cases, use of the optimization algorithm does not affect the capacity estimate’s
variance. However, in a couple of cases, the optimization algorithm not only outperforms

soft handoff, but it also reduces the variance of the capacity estimate, thus making the
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estimate more reliable.

Experiments were also performed which investigated the effect of increased accuracy in
the soft handoff power allocation; this accurate allocation involves adjusting the powers
transmitted to a mobile by 0.5 dB instead of 1 dB. The simulation results show that the
optimization algorithm still outperforms the accurate soft handoff allocation with forward
link capacity gains on the order of 10-13%. Therefore, simply decreasing the step size of
the soft handoff algorithm can not provide the gains achievable with optimization since
soft handoff does not address the issue of allocating different transmit powers among the
macrodiversity antennas in a mobile’s Active Set.

To conclude, the simulation results show that significant capacity gains can be realized by
optimizing the forward link transmit powers of macrodiversity antennas. The forward link
capacity gains typically range between 10-20% when compared to traditional soft handoff.
Therefore, this study has shown that forward link transmit power optimization in an indoor

DS-CDMA system is successful in improving system performance.



Chapter 8

Conclusions

This thesis has focused on the use of macrodiversity in a DS-CDMA system and has shown
that the use of macrodiversity has the capability to improve both the forward link and the
reverse link of a wireless communications system.

The primary investigation of this thesis focuses on the reverse link where macrodiversity
reception is combined with the maximum likelihood (ML) multiuser detector. The resulting
ML multiuser-macrodiversity detection (MUMD) is performed at the system controller once
each base station has forwarded its signals to this central location.

This thesis is the first to derive the ML multiuser-macrodiversity detector taking into
consideration that the multiuser detection at each macrodiversity antenna includes dif-
ferent and often overlapping sets of users. The general structure for the ML multiuser-
macrodiversity detector includes interference from past, current, and future data symbols.
However, further manipulation reveals that the ML-MUMD metric can be written so that it
is composed of sums of terms that depend on only a select few of the past and current data
symbols at a time. The resulting metric structure makes the ML multiuser macrodiversity
detector well suited for a dynamic programming approach which keeps its computational
complexity at a minimum.

The Conditional Metric Merge (CMM) algorithm presented in the thesis is the realization
of this dynamic programming approach. The CMM algorithm reduces the computational
complexity of the ML multiuser-macrodiversity detector by an enormous factor. It is a
spatial extension of the well known Viterbi algorithm. In fact, if all of the users’ signals
arrived at each macrodiversity antenna with similar relative delays, and the signals were

detected by all of the macrodiversity antennas, the CMM algorithm would reduce to the
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Viterbi algorithm. However, as this is not typical in practice, the CMM algorithm applies
dynamic programming in both space and time.

The performance of the ML multiuser macrodiversity detector is investigated analyti-
cally. It is the first analytical treatment of the ML multiuser-macrodiversity detector in
Rayleigh fading channels, and it also includes the effects of frequency selective fading, im-
perfect synchronization, and imperfect channel state information (CSI).

The CSI is obtained through a new MMSE multiuser channel estimation technique which
is a CDMA extension of the work in [59]. This channel estimation technique has the ability
to track the complex gains of channels subject to frequency selective fading and imperfect
code synchronization.

In the analytical treatment of the ML multiuser-macrodiversity detector, each user’s
BER is upper bounded by applying the union bound to the appropriate pairwise error event
probabilities. The results show that this theoretical upper bound corresponds well with
error probabilities obtained through simulation.

The performance of the ML multiuser-macrodiversity detector is investigated in both
outdoor and indoor wireless communications system. The results show that the addition of
just one macrodiversity link has the capability to reduce the BER for many different users.
In this thesis, the link selection technique and the power control algorithm both focus on the
worst case user, i.e. the user with the highest BER. Even so, the results show that all users
benefit from the addition of macrodiversity links to the ML-MUMD. In a typical outdoor
system, users can expect between 2 - 3 orders of magnitude improvement in their BERs.

Gains of approximately 2 - 6 orders of magnitude are reported for two different two
story indoor systems with one antenna array per floor. By observing distance dependent
results, it appears that vertically aligning the antennas between the floors of the building is
preferable to offsetting the antennas. Vertically aligned antennas are less distance dependent
and thus allow the ML-MUMD system to provide a similar level of performance for all users,
regardless of their placement within the building. In a single story system with two antenna
arrays placed along the main diagonal of the floor, the gains from ML-MUMD typically
range from about 3 - 6 orders of magnitude.

To conclude, the reverse link performance of a wireless DS-CDMA system can be sig-
nificantly improved through the combination of multiuser detection with macrodiversity
reception. The computational load for the ML multiuser-macrodiversity detector is cer-

tainly an issue. However, the CMM algorithm organizes the computation in such a way
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that the exponent of exponential growth is kept to a minimum. In any case, our results
establish bounds and goals for suboptimal multiuser-macrodiversity detection methods.

The thesis also presents a new computational tool for use in general fading channel
analyses. Like many published investigations, Chapter 5 required the inversion of a charac-
teristic function having the form of an exponential and several poles. Although the theory
of such inversions is classical, it is of little practical use in the case of mixed simple and
multiple poles. The solution in Appendix A is numerically stable, eliminates singularities
and circumvents the need for differentiation.

The secondary investigation of this thesis focuses on the forward link where the transmit
power of macrodiversity antennas is optimized in an indoor DS-CDMA system. A global
optimization strategy is presented which minimizes the average of all users’ BERs. The
weaker links can be removed from the global optimization, thus reducing its complexity.
The results show that the forward link capacity is increased by approximately 10 - 20 %
when compared to traditional soft handoff.

In conclusion, macrodiversity reception and multiuser detection are indeed high perfor-

mance tools which can be used to improve the performance of a wireless DS-CDMA system.



Appendix A

Inverting Mixed Characteristic

Functions

In wireless communication systems with Rayleigh fading channels, a detection scheme can
often be expressed as a comparison of a decision variable with a threshold, where the deci-
sion variable is a quadratic form in zero-mean complex Gaussian random variables. Since
the system performance measure is the probability that the decision variable is less than
the threshold, it implicitly makes use of the cumulative distribution function (cdf) of the
decision variable. However, in most cases it is easier to formulate the characteristic function,
which is the two-sided Laplace transform of the probability density function (pdf). This
characteristic function can be inverted by residues or partial fraction expansion to determine
the detector’s performance. However, previously there has been no simple way of inverting
a characteristic function which consists of both multiple and simple poles. In general, dif-
ferentiation is required to invert a characteristic function with multiple poles. However, if
the multiplicity is high, differentiation by hand becomes too cumbersome, and it has been
more desirable to use a mechanical procedure such as a numerical integral. Unfortunately,
such integrals have poor numerical stability.

This appendix proposes a simple numerical algorithm which is capable of inverting a
characteristic function consisting of both multiple and simple poles. The approach benefits
from the inherent symmetry in the residue calculations and uses the well known Vander-
monde matrix in order to take advantage of this symmetry. It provides an exact solution

for many error probability calculations.
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A.1 Introduction

When calculating an error rate or the probability of flagging an erasure in fading channels
(73], most thresholding schemes can be reduced to the evaluation of a quadratic form in
Gaussian variates. For the special case of Rayleigh fading, the complex Gaussian variates
are zero-mean, and the characteristic function of the thresholded variable, f, is given by
(A.1) [67].
B A

ITe%o(s = pu) TTn2o(s — pra,)

where A = H;CV:LO DI, H%}io Drons D1, are the Np, left plane (LP) poles, p,,, are the Ng right

¢1(s) (A.1)

plane (RP) poles, and the poles are not necessarily distinct.

In order to calculate the probability of error or the probability of flagging an erasure, we
need to take the inverse Laplace transform, (ILT), of ¢(s)/s, as shown in (A.2), to obtain
the cumulative probability density function (pdf) of the random variable, f.

P <w) = —= [T ) vy (A.2)

27Tj Jo—joo 3
In (A.2), o is placed within the region of convergence. Through the use of Cauchy’s residue

theorem [66], the ILT can be also be determined by calculating the residues at the RP or
LP poles as shown in (A.3) [61].

— Z Residue [681/}¢f(5)/8] RPpoles ’,(/) = 0

P(f <) =
( ) + > Residue [681/)(/5]“(5)/5] LPpoles ¥ >0

(A.3)

It is fairly simple to invert the characteristic function by residues if ¢(s) consists of
simple poles only. If ¢ (s) consists of multiple poles in the form, ¢¢(s) = [pi,pry/ ((s — p1g) -
(s — pry )], the ILT can be reduced to a formula which is found in [15, App. 4B]. However,
if ¢7(s) involves both simple and multiple poles, the ILT of ¢(s)/s becomes more complex
as differentiation is required in order to calculate the residues.

As detection schemes become increasingly complex, the likelihood of ¢ (s) consisting
of both multiple and simple poles also increases. For example, analytical approaches to
the performance evaluation of trellis-coded modulation with set partitioning [61], multi-

beam antenna arrays [74], and macrodiversity systems all lead to complicated characteristic
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functions. Previously, the inversion of these characteristic functions has relied on methods
such as numerical integration.

The authors of [75] have investigated the situation where a Laplace transfer function
consists of both multiple and simple poles. They have used the generalized inverse Vander-
monde matrix in order to invert the Laplace transfer function of a time-invariant system.
Their solution is well suited to a system which can be activated by a number of different
initial conditions. However, our situation is different from that in [75] in two ways. First,
we are dealing with the two-sided Laplace transform as opposed to the one-sided Laplace
transform, and second, the poles of our transfer function change with the fading channel
statistics. Since differences in the fading channel statistics change the pole locations, we
need a simple method for handling the situation where the pole multiplicity can change with
the operating conditions.

This appendix presents a simple method for using residues to invert a characteristic
function which is composed of both simple and multiple poles. The residue calculation
method is based on partial fraction expansion when the characteristic function, ¢¢(s), in-
volves simple poles only. However, symmetry in the residues allows us to use the properties
of the Vandermonde matrix to provide explicit cancellation of factors in the numerator and

denominator, thereby avoiding the singularities that plague conventional inversion.

A.2 Residue Calculation Method

The ILT of ¢y (s) /s is calculated in (A.2) and (A.3). Rather than keeping the additional
pole at zero separate, ¢ (s) is modified so that this additional pole is included into the
LP poles such that Py, 11 = 0. In order to describe the residue calculation method, it
is assumed that ¢ < 0 in (A.3), and the residues will be taken over the RP poles. The
modification for the 1) > 0 case is straightforward.

Since it is assumed that ¥ < 0, the RP poles are represented as p,, = pr + 0y, and
0 <6 <6 < ... <6ng. Note that if ¥ > 0, the LP poles would be represented as
P, =P — 6 and 0 < 6p < 61 < ... < On,+1. The residues at the RP poles are given by

Ae(pr+6n)7/)
WL (0 — pu + 60) TINE (80 — )

m#£n

Ry,

(A.4)

If the RP poles are distinct, then (A.4) presents no problems. However, if the RP poles
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come closer together to become multiple poles, (6, — 6,,) in (A.4) approaches zero, and
some residues will contain singularities. However, we are interested in the sum of the
residues, which as shown below, leads to cancellation of all factors of the form (6, — 6m),
thus eliminating the singularities.

In order to eliminate the terms in the denominator, each residue is multiplied by a

common factor, C' = G D, where

N Np+1

G = H H (Pro, — P13,) (A.5)

m=0 k=0
and

Nr Ngr

D=T] I 6 —¢)- (A.6)

i=0 j=i+1

The modified residues are C,, = R,C and are given by

Cp = Ae’™V (-1N* "B, D)) (A.7)
where:
Nr Np+1
m=0 k=0
m#£n
and
Nr Ng
Do=]] ] 66 (A.9)
Zj;gj:wrd
1if 4 -1
In (A9),d = ifi7n . The cdf of f is now given by
2ifi=n—1
_Aepr"/) Nr
P = —1N¥r7" B, D,,. A.10
(F<¥)=—5 go (A-10)

It can be shown that D, is the determinant of a Vandermonde matrix as shown in (A.11)
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[76].
D, =
1 1 1 1
8 o On1 bpp1 . Oy
&8 . hy R . Oy (A.11)
shyet oNmotosNRoL 5%;;*1

Therefore, from (A.10) and (A.11), it can be observed that the formulation of P (f < v)
is equivalent to evaluating the determinant of a matrix through the expansion of minors. In

(A.10) D,, is the minor associated with B,,, and the cumulative pdf of f is found in (A.12).

—AePr? det(X
P(f<d)=——5—" X) (A.12)
where
1 1 1]
do 01 ONg
62 52 52
X = 0 ! Nr (A.13)
Ngp—1 (Ngp—1 Np—1
0y 0" 6N§
By By .. B,

At this point, C' = GD is in the divisor of (A.12). The division will cause numerical
problems when 6; — §; = 0. Therefore, we would like to factor D out of the determinant so

that cancellation occurs. That is, we wish to represent the determinant of X as det(X) =
D det(H) so that

—AePr¥ det(H)

Pf <) = ==

(A.14)

where H = [hg, hy,...,hy,]. We show below that H can be calculated in an iterative fashion
by exploiting the following properties of determinants: Property #1: To any column of the
matrix we can add any multiple of any other column without changing the determinant.
Property #2: A common factor of all the elements in a row or a column can be taken outside

the determinant.
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The procedure to be described may appear to require symbolic manipulations. However,
Section A.3 demonstrates that it can be implemented in a purely numerical fashion.

In order to factor D from X to obtain H, we first set H(®) = X, where the superscript
) .

in brackets on H refers to the iteration. In the first iteration of this algorithm, h(0
subtracted from all other columns using property #1. After this subtraction, 6; — g can be

factored out of all elements in column j giving hg.o) — héo) = (6; — 60) O for 1 < j < Ng,
(0)

where q; ” is the resulting vector after factorization, and proof of d1v131b1hty is given below.

Then using property #2, 6; — 69 can be taken outside the determinant. Thus, the columns

in HY are now hg-l) = qg_o) for 1 < j < Npg, and the first column is left unchanged, i.e.

h(()l) = héo). In the second iteration of this algorithm, hg ) (1) hg\l,l)%,
0;— 01 is factored from the appropriate terms giving hg-l) —hgl) = (0, 51) () Once 0j—01

2 _ o

is taken outside the determinant, hj

is subtracted from h, and
for 2 < j < Ng. This procedure is repeated
until h(NR _1) is subtracted from h%\;R _1), and 0y, —On,—1 is taken outside the determinant
leaving h( R) = q(NR U This procedure results in factoring D out of the determinant so
that H = H(NR), and det(X) = D det(H) as desired.

It can be shown that the resulting H®V®) is a lower triangular matrix. Therefore
det(H(NR)) is simply the product of the diagonal elements, and h(NR)R is the only diag-
onal element that is not equal to 1. Therefore, det(H(NR)) = hE\J,\;R]\),R, where hg\],\;ﬁ\),R is the
element in row Np+1 and column Nz +1 of HWVR), Since we are only interested in hg\],\;RA),R,
the above procedure can be performed on the last row of X only. It is important to note
that as hE\J,\E\),R is calculated, numerical values are used for 9, p,, and p;, where 0 < k < Np.
Initially variables are used to represent the 8, in H(®) where 0 < m < Ng. However, once
hE\Z?Rj is substituted with h(H_l) = q](\%j, 0; can be replaced with its numerical value as it is
no longer needed in symbolic form.

Now that the general procedure for obtaining hg\],\;’}), has been discussed, the method for
factoring 0; — ¢; from h(z) - h(z) to give h(z) - hg\i,) = (0; — i) qy () ; will be described.

It can be shown that
677" — 6,67 =
(65— 6i) (o767~ + 67T 2 877N, Yn > m
— (65— &) (opa L peT T p s ler) | Yn<m (A.15)
0, n=m

Therefore, if P; (y) denotes a polynomial in y and P, (y) denotes a different polynomial in
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y it can be observed from (A.15) that §; — ¢; can always be factored from an equation of
the form P (6;) P2 (6;) — P1 (65) P2 (6;) to give (6; — 6;) Pi2(6:,0;), where Pya(6;,06;) is the
resulting polynomial after factorization.

In the first iteration of the procedure for determining hg\],\;RA),R, 0; — 0o needs to be factored

from hg\%)%j — hg\o,l)%o for 1 < j < Ng.

0 0
hivns = hivmo = B — Bo =

N Np+1

T IT @ =pu+8m) {260 PO (6) = LG P (80) - (A16)
m=1 k=0
m#j

In (A.16), P (6) = ;CV:LJI (pr — p1, +6) = S.NEE 4,6 where a,, is determined by expand-
ing the polynomial, and PZ(O) (6;) = ebi¥ = > o bq(l?)é}” where bz(l?) = ¢" /w!. The Maclaurin
series expansion has been used to represent €%, and in practice this series would be trun-
cated. In many error probability calculations for BPSK systems, ¢ = 0 and PQ(O) (65) =1,
thus the final solution will be exact. In contrast, when 1 # 0, in either error or erasure
flagging situations, P2(0) (05) = ZX}VZO bl )6;-“, and the final solution can be very precise, but
not exact as the Maclaurin series expansion must be truncated at some W.

Since B;j— By contains the form P; (o) P2(0) (65)—P1 (65) PQ(O) (60) = (65 — o) Pl(g)((so, 05),
0; — 6o can be factored from hg\(;;j — hg\(;l)%o by using (A.15). Once ¢; — 6y has been factored

out of hg\?l)% i~ hg\%)%o’ hg\l,; ;= q](\(,); i and §y may be replaced with its numerical value, thus

reducing the dimensionality of the problem by 1.

In the algorithm’s second iteration, we wish to factor 6; — 61 from hg\lh)%j — h%;l for

2 < j < Ng. The polynomial, PQ(O) (65), is replaced with P2(1) (65) = Pl(g)(éoyéj)‘,g , and
0
P (6) = kNiarl (pr — p1, +61) = SONEH 0,6 similar to Py (6y) above.

w=0

1 1
8, 8 =

Nr Np+1
[T II e =p+sm) {P ) PV ) - PG PY (1)} (A7)

m#j

Since h%;j - hg\lf});;l contains the form Pj (61) P2(1) (65) — P (65) P2(1) (01), (65 —61) can be

factored from h%; i hg\lh)%l by using (A.15) again. This procedure is continued, reducing the

dimensionality of the problem by 1 with each iteration. Once the iterations are complete,



APPENDIX A. INVERTING MIXED CHARACTERISTIC FUNCTIONS 134

the determinant of HVR) can be evaluated as det(H(VR)) = piVr) s and substituted

NrNr
NRr
into (A.14) to obtain the final result. The entire procedure requires Np iterations to invert

a characteristic function with Ng + 1 right plane poles.

A.3 Implementation

In (A.14), det(H) is multiplied by —AeP¥ and divided by G to determine the cumulative
pdf of the random variable, f. However, G can become large with very high orders of
diversity. Therefore, to ensure the numerical stability of this algorithm, P; (¢;) and PQ(i) (65)
are redefined from the above section in order to perform the division in stages with each
iteration. The term, —AeP¥, is also included into PZ(O) (6;) in order to eliminate the need

for this multiplication after the final iteration. Pl(i) (6;) and PQ(O) (6;) are now defined as

follows:
] Np+1 Np+1
PO @)= T or =i +6)/ (or, — ) = > allep (A.18)
k=0 w=0
AePry L
0 —AePr? i w
P (5;) = T it =3 (A.19)
k=0 (pT'NR —Plk) w=0

where %% is expanded using the Maclaurin series, and it is truncated at LI()O) terms.

Even though Pl(i) (6;) and PQ(O) (6;) are shown as polynomials, this algorithm can be
executed numerically, and a symbolic processor is not required. The algorithm could be
implemented directly using (A.15). However, it is possible to implement it in a much faster

way by observing patterns in the creation of Pl(;)(éi, ;)

5 In order to create Pl(;)(éi,éj) 5

(6; — 6;) is factored from
P (6) P (65) = P (8) Py (60) =
, ; (@) . ; (i)
<agz) + ag )52, + .. 'aL;i)(SiLz ) <b(()2) + bg )53' 4. bLgf)éjLz ) _

. . (4) . : (i)
(agﬂ +ai6;+ - -a, 08k > (bg@ + 008 4 b 61 ) (A.20)

where LY = maX(L,(f),NL + 1). The coefficients of the polynomial, Pl(i) (6i), in (A.18)

are given by aq(j), and aS,f) =0for Np +2 <w < Lg). Similarly, the coefficients of the
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polynomial, PQ(i) (65), are given by bg), and b( D =0 for L( D <w< Lg). By multiplying
and subtracting the polynomials in (A.20), it can be observed that (A.20) can be rewritten

as

P (&) P (85) — P (85) P (83) =
L 1o

SO alv) (s76m — 8767 (A.21)

n=0m=0

By using (A.15) to factor (6; — ¢;) from Pli) (6i) Pz(i) (65) — Pli) (65) P;) (6:), Pl(;)(éi, 6;) is

given as

P (6:,6;) =

LS) n—1

S5 @ [5;.”5?—1 +EHIE 2 4 5;L—15ﬂ _

Z(zo ng)

SO D0 alu st 6y 4 s ey (A.22)
n=0m=n+1

Since Py (65) = Py (6,6;) 5,

i

(A.22) is used to find the coefficients of the polynomial,

. (4) .
P2(Z+1) (65). From (A.22) it can be observed that the coefficient for 6]-L”” i PQ(H_I) (05) is

(%)
: n=L{ _m=0
Lo
3 Z aDp@ gmntk—L5” (A.23)

m=L{) — »=0

The expression in (A.23) can be simplified by defining the following vectors:

) 1T
; ; ; (i)
a) = [ag%?,...,ai’gi)_k_léfw k-t (A.24)
b0 g 0 s-e] Ao
lk - 0 Y20 L(z) k—1 '3 ( . )

a® 0,0 ok
a’l(uz |:L(z) k627"'7 L(z)éz (A26)
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and

i) _ |5 0 @) ]
b&ﬁ = bLS)—kéi’""bL;i)éi} (A.27)

where numerical values are used for ¢;, and the subscripts, [ and wu, denote lower and
upper respectively. Using the above vectors, (A.23) can be rewritten, and the coefficients of
P2(i+1) (65), b?(j“), are calculated as follows:

D~y (al(z)b@T—b(")a“)T) (A.28)

LS)—k—l - Uk I “ug
elements

where 0 < k < Lgf) —1land 0 <7 < Np—1. The summation in (A.28) denotes a summation
over all of the elements in the resulting matrix. In the final iteration, ¢ = Ng — 1, and bq(UNR)
are the coefficients of PQ(NR) (0ng)- The cumulative pdf of the random variable, f, is then
simply given by P(f <) = PQ(NR) (Ong) S

To conclude, (A.28) provides a simple agﬁ efficient way for calculating error and erasure
rates when the detection scheme can be expressed as a quadratic form in zero-mean complex
Gaussian random variables. This method is very general in the sense that it is capable of
inverting a characteristic function which consists of both multiple and simple poles. The
characteristic function is inverted without resorting to a numerical integral, and the tedious

task of differentiating by hand is avoided.



Appendix B

Characteristic Function Inversion

in MATLAB

function [cdf] = InvCharacteristic(poles,thr,eps)

% Description: InvCharacteristic(poles,thr,eps) inverts a general

% characteristic function which consists of both simple

% and multiple poles.

%

% Inputs: poles - A vector containing all poles of the characteristic

% function including both left plane and right plane

% poles. If the cdf of the decision variable is required,

% the pole at zero should be included in the vector.

% thr - The threshold such that the cdf of the decision variable,

% f, is given by P(f<thr).

% eps - This gives the accuracy of an exponential which is represented
% using the Maclaurin series expansion. If eps = [ ], the default
% value of le-4 is used. Note that when thr = 0, eps is not used
% in the calculations, and the solution is exact.

% Outputs: cdf - The is the numerical result for P(f<thr)

pl=poles(find(poles<=0)); % Left plane (LP) poles
pr=poles(find(poles>0)); % Right plane (RP) poles
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A = prod(poles(find(poles))); % The multiplication factor.

% If thr>0, the LP and RP poles are swapped since the residues will be
% calculated over the LP poles.
if thr>0
t=pl;
pl=pr;
pr=t;
end

pr=sort(pr);

% If eps = [ ], use the default value of le-4
if isempty(eps) ==
eps=le-4;

end

nRPpoles = length(pr); % The number of RP poles
nLPpoles = length(pl); % The number of LP poles

% The RP poles are represented as pr(i) = porg + pdiff(i)
porg=0;
pdiff = pr - porg;

% P1 represents polynomial #1;
P1=1;
for c1=1:nLPpoles

P1 = conv(P1,[porg-pl(cl),1]);
end

LP1=length(P1); % Length of polynomial #1

% The Maclaurin series expansion is used to create P2, polynomial #2.
% Note that exp(+j) converges faster than exp(-j). Therefore, if

% thr < 0, q is used to shift the exponential so that the

% Maclaurin series expansion is used to represent exp(thr*pdiff(i)+q)
% instead of exp(thr*pdiff(i)). This shift is reversed when P2 is later
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% multiplied by exp(-q).
if thr < 0
q=abs(max(abs(pdiff))*thr);

else

Ptmp=1;
[th_cmp,thi]=max(q+thr.*pdiff);
if thr™=0
while ((abs(1 - sum(P2.*pdiff(thi)."[0:LP2-1]) /exp(th-cmp)) > eps) | ...
(w<LP1) | (w<nRPpoles))
Ptmp = conv(Ptmp,[q/thr,1]);
P2 = [P2,0] 4 thr"w/prod(1:w).*Ptmp;
LP2 = length(P2);
w=w+1;
end

end

% Normalize polynomial #2 to ensure numerical stability and reverse
% the shift of exp(q);
P2 = A*prod(1./(pr(nRPpoles)-pl))*exp(porg*thr-q).*P2;

LP2=length(P2); % Length of polynomial #2

% LP is the maximum length of polynomials #1 or #2. The length,

% LP, must be at least nRPpoles since the procedure requires nRPpoles-1
% iterations to invert a characteristic function with nRPpoles RP poles.
LP = max(max(LP1,LP2),nRPpoles);

for cnt=2:length(pdiff)

% Normalize polynomial #1 to ensure numerical stability.
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P1t=P1./prod(pr(cnt-1)-pl);

% Extend polynomials #1 and #2 by the required amount.
P1t=[P1t,zeros(1,LP-LP1)];
P2t=[P2,zeros(1,LP-LP2)];

% The multiplicative factors for the upper and lower vectors.
Pdt = pdiff(cnt-1)."[0:LP-1];

% The vector, P3, contains the coefficients for P2 in the following
% iteration. This uses the upper and lower vectors of P1t and P2t.
P3=zeros(1,LP-1);
for c1=LP-1:-1:1

P3(cl) = sum(sum((((P1t(1:cl).*Pdt(1:cl)).))* ...
(P2t(c141:LP).*Pdt(1:LP-cl))- ...
((P2t(1:c1).*Pdt(1:cl)).))* ...
(P1t(c141:LP).*Pdt(1:LP-c1)))));

end

P2—P3;
LP2=length(P2);
LP = max(LP1,LP2);

end

% The numerical result for P(f<thr)
cdf = abs(sum(P2.*pdiff(length(pdiff)).” [0:LP2-1]));
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