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Power Consumption Optimization - A Cognitive Radio Approach

An He

(ABSTRACT)

Power consumption is one of the most important aspects in mobile and wireless communications. Existing
research has shown significant power reduction through limited radio reconfiguration based on the channel

conditions, especially for short range sensor network applications.

A cognitive radio (CR) is an intelligent wireless communication system which is able to determine the most
favorable operating parameters (cognition) based on the radio environment and its own capabilities and

characteristics (awareness) and reconfigure the radio accordingly (reconfigurability).

This work leverages the advances in cognitive radio technology to dynamically implement favorable trade-offs
in radio parameters to achieve more efficient use of radio resource (e.g., minimizing power consumption) on
the required Quality of Service (QoS) of an application and channel. A CR-based approach enables us not
only to adjust modulation, coding, and radiated power as in a conventional radio, but also to learn and to
control component characteristics (e.g., the power amplifier (PA) efficiency characteristic) to minimize power
consumption. Significant power savings using this approach are shown in this work for single input single

output (SISO) systems and multiple input multiple output (MIMO) systems.

This work has a broad potential impact on the research of improving power efficiency of communication
systems. It establishes a cognitive radio based methodology for system power consumption optimization.
It emphasizes the difference between radiated power (power radiated from the transmit antenna) and the
consumed power (power drawn from the power source, such as a battery). It provides a way to connect
communication (which usually cares about radiated power, received signal to noise ratio, etc.) to hardware
(which focuses on speed, efficiency, power consumption, etc.) and software (which emphasizes complexity,
speed, etc.). This design methodology enhances the capability to jointly optimize communication, hardware,
and software. In addition, this CR-based framework can be adapted for general radio resource management

with various radio operation optimization targets, such as spectrum utilization.
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Chapter 1

Introduction

1.1 Motivation

Power consumption' is one of the most important aspects in mobile and wireless communications. Recent
research has shown significant power reduction through limited radio reconfiguration based on the channel
conditions, especially for short range sensor network applications. At the system level [1, 2, 3, 4, 5, 6, 7, 8,
9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19|, various system power consumption models have been proposed for
power optimization by adapting modulation, coding, antenna configuration, and radiated power to minimize
power consumption. Although a lot of the work has been focused on the radiated power [1, 2, 3, 4, 5, 6, 7],
some researchers [8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18] have noticed the difference between the radiated
power (power radiated from the transmit antenna) and the consumed power (power drawn from the power
source, such as a battery). On the other hand, the research at the circuit level has been focused on improving
the component (e.g., power amplifier (PA)) efficiency. For example, in [20, 21, 22|, dynamic voltage biasing
and dynamic current biasing techniques are used to adjust the operating point of the PA according to the
PA output signal envelope so that the PA power consumption can be reduced when the required output

power level is low and the PA efficiency at low output power levels can be improved.

A cognitive radio (CR) [23, 24] is an intelligent wireless communication system which is able to determine the

most favorable operating parameters (cognition) based on the radio environment and its own capabilities and

11t is important to emphasize that in general power consumption and energy consumption are two different but closely
related concepts. In this work, we use them interchangeably in the general discussion. We will clearly distinguish them as
needed in the specific context.
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characteristics (awareness) and reconfigure the radio accordingly (reconfigurability). Awareness, learning,
and decision making reside within the cognitive engine (CE). CR has been widely researched for dynamic
spectrum access to improve spectrum utilization [25, 26, 27, 28]. However, it has a much wider area of

application.

This work seeks to leverage advances in cognitive radio technology to dynamically implement favorable
trade-offs in radio parameters to minimize power consumption for the required Quality of Service (QoS)
for a particular application and channel. By doing so, more efficient use of radio resource can be achieved.
A CR enables us not only to adjust modulation, coding, and radiated power, but also to learn and to
advise the adaptation of component characteristics (e.g., the PA efficiency characteristic?) to minimize power

consumption.

1.2 Contributions

The contributions of this work consist of the following elements:

1. Power Consumption Optimization Framework Using Cognitive Radio:
This work proposes a methodology of using a CR framework for power consumption optimization3.
The framework enables learning of the radio component characteristics (e.g., the PA efficiency) which is
necessary for power consumption optimization. Based on the learned component characteristics, radio
parameters and component characteristics can be jointly adapted to minimize power consumption
given the channel and meet the QoS requirement of an application. As the PA usually dominates
the power consumption in medium and long range wireless applications, this work focuses on the
impact of the PA characteristics on the power consumption. Other components can be integrated into
the framework as needed. This framework can also be applied to optimize radio operation to achieve
additional goals. The capability of controlling radio parameter adaptation is especially useful for future
radios, where complex digitally controlled analog components are used. For example, a wideband
Motorola RF transceiver IC [29] has thousands of possible parameter combinations to control the

programmable internal filter banks, synthesizer, amplifier gain, etc. It is almost impossible to test all

2Note that this dissertation focuses on Class A, Class B, and some practical PAs. These types of PAs are widely used in
current wireless communication systems as the linearity of a PA is one of the most important design concerns.

3This cognitive process itself consumes power. Therefore, additional work shall be conducted to understand the power
consumption of this process and to draw a conclusion on overall power consumption. This work focuses on understanding the
achievable power savings first.
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the combinations manually. A CR based parameter adaptation framework can be very useful in this
case by trying different combinations, learning corresponding performance, and deciding appropriate

configuration based on learned characteristics.

Power Savings for Single Input Single Output Communication Systems using the CR Framework:

This work investigates the relationship between the radiated power, the PA power consumption, and
the PA efficiency characteristic in single carrier single input single output (SISO) communication
systems. A unified PA efficiency model characterizing theoretical Class A, Class B, and practical
PAs is adopted and enables the analysis of the impact of different radio configurations and channel
conditions on power efficiency. With PA efficiency knowledge, the CR framework is able to minimize
the power consumption by adapting radio parameters, such as, modulation, coding rate and coding
gain, and radiated power. In addition, radio parameters and radio component characteristics (i.e., PA
efficiency characteristic) are jointly adapted to obtain further system power consumption reduction

for given channel and QoS requirement.

Power Savings for Multiple Input Multiple Output Communication Systems using the CR Framework:
This work further leverages the results from information theory and the capabilities of a CR (e.g.,
the awareness of the component capabilities and characteristics) and develops a theoretical framework
to minimize power consumption for multiple input multiple output (MIMO) communication systems.
The power consumption minimization problems under a sum rate constraint for MIMO systems under
various scenarios (e.g., channel state information availability at the transmitter and the receiver and
antenna correlation at the transmitter) are mathematically formulated. Several heuristic numerical

algorithms are developed to solve the constraint optimization problems and evaluated by simulation.

Cognitive Engine Development for Power Consumption Optimization:

A cognitive engine is used to facilitate learning and decision making in the CR framework. A CR
can not only learn the channel conditions as in conventional radios, but is also aware of the radio
(component) capabilities and characteristics. The CE can be implemented with different techniques
and different levels of complexity according to the requirement of the application. As a proof of
concept, this work presents and simulates a case-based reasoning cognitive engine reference design for

the application of power consumption minimization.
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1.3 Organization of the Dissertation

This dissertation consists of journal papers on each topics delineated above. To assist the readers, before
each chapter a transition cover page is prepared summarizing the work discussed in this chapter and the

connection to other chapters.

To be specific, the dissertation is organized as follows. Chapter 2 reviews the finding on power consumption
breakdown in a battery powered mobile and wireless communication device, the existing work on power
reduction using radio reconfiguration. Chapter 3 (Energy Consumption Minimization for Mobile and Wireless
Devices - A Cognitive Approach) presents the CR framework for power consumption optimization and power
savings for SISO systems. Chapter 4 (Power Consumption Minimization for MIMO Systems - A Cognitive
Radio Approach) shows the power savings results for MIMO systems. Chapter 5 (A Survey of Artificial
Intelligence for Cognitive Radios) reviews some existing cognitive engine design work and artificial intelligence
techniques employed in the CE implementation. Chapter 6 (Designing a Cognitive Engine Framework for
Radio Power Consumption Optimization) discusses the CE designed for power consumption optimization.

Chapter 7 concludes the dissertation.

Here is a list of chapters and corresponding detailed citations of the journal publications.

e Chapter 3: A. He, S. Srikanteswara, K. K. Bae, J. H. Reed, and W. H. Tranter, Energy consumption
minimization for mobile and wireless devices - a cognitive approach, IEEE Transactions on Consumer

Electronics, vol. 56, no. 3, pp. 1814-1821, Aug. 2010.

e Chapter 4: A. He, S. Srikanteswara, K. K. Bae, T. R. Newman, J. H. Reed, W. H. Tranter, M.
Sajadieh, and M. Verhelst, Power consumption minimization for MIMO systems - a cognitive radio

approach, IEEE Journal on Selected Areas in Communications, vol. 29, no. 2, Feb. 2011.

e Chapter 5: A. He, K. K. Bae, T. R. Newman, J. Gaeddert, K. Kim, R. Menon, L. Morales, J. Neel,
Y. Zhao, J. H. Reed, and W. H. Tranter, A survey of artificial intelligence for cognitive radios, IEEE
Transactions on Vehicular Technology, vol. 59, no. 4, pp. 1578-1592, May 2010.

e Chapter 6: A. He, S. Srikanteswara, K. K. Bae, J. H. Reed, and W. H. Tranter, Designing a Cognitive

Engine Framework for Radio Power Consumption Optimization, to be submitted.



Chapter 2

Background

This chapter starts with findings on power consumption breakdown in battery powered mobile and wireless
communication devices and shows the importance of understanding the transmitter power consumption,
especially, the power consumption related to the power amplifier, which is the theme of this dissertation.
Then, it highlights the most relevant existing work on radio power reduction using radio reconfiguration
in the literature and touches upon the concept of cognitive radio which is a convenient tool for the power
consumption optimization that this work deals with. Finally, this chapter discusses the gaps and limitations
of the existing work and highlights the reasons and importance of the research carried out in this work to

advance the state of the art.

2.1 Power Consumption Breakdown in Mobile and Wireless Com-

munication Devices

It is a very challenging task to accurately quantify the power consumption of each component/module in
mobile wireless communication devices. And the exact breakdown is platform and application dependent.
Usually, this is done by the manufacturers and kept to themselves. There are very limited results in the
publicly available literature on the detail power consumption of real communication systems. This section

summarizes these results.

In [30], the power consumption breakdown of a 3G phone running video streaming is provided in a pie chart.
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Although no specific numbers are provided in [30], it is estimated from the pie chart that approximately
30% of the total power is consumed by the transmitter including the PA, 18% by the receiver, 22% by the
baseband and the mixed signal processing including the analog to digital converter (ADC) and the digital

to analog converter (DAC), and 30% by the user interface hardware including display, speakerphone, etc.

[31], referring to [30], provides some power consumption numbers for a multimedia cell phone operated in
the 384kb/s video streaming mode. The power consumption of the RF receiver and the cellular modem is
about 1200mW, the user interface (the audio, the display, the keyboard backlight, etc) about 1000mW, the
application processors and memories about 600mW, and the mass memories about 200mW. These numbers

approximately match the pie chart in [30].

In addition to the direct results on power consumption breakdown in [30, 31], the power consumption
breakdown can be estimated using simulation. For example, given the models and numbers in [18], simple
calculation shows that at a distance of 100 meters the radio front end (RFE) module, mainly the PA, accounts
for more than 75% of the system power consumption, which includes the RFE power consumption, the
baseband signal processing power consumption, the MIMO detector power consumption, and the FEC power
consumption. At further distance, the RFE takes an even larger portion of the system power consumption
since the needed radiated power increases more than linearly with the distance (usually, P,qq o< d>~*) while
the power consumption of other parts stays almost constant. One possible reason this result is different
from that in [30, 31] is that [18] excludes power consumption of user interface, receiver, and complex video

processing in baseband signal processing.

Comparing the result calculated from [18] and that in [30, 31], we observe that the exact power consumption
breakdown depends on many factors, such as, applications, system architecture, hardware choices, and soft-
ware implementation. However, in general, for medium and long range applications, the transmitter module
consumes about half the total power of the mobile and wireless devices. The baseband signal processing
including the ADC and the DAC consumes significant amount of power, especially for the multimedia appli-
cations, such as video streaming, where date throughput and data processing rate is high. The user interface

module consumes comparable amount of power with the baseband signal processing module.

The PA is usually a major power consuming component in the RFE module due to the high radiated power
requirement of the wireless device for medium and long range coverage and the low power efficiency of the PA
for required linearity. For example, Skyworks provides many PA products for various wireless applications

[32], including 2G and 3G cellular applications, WiFi and other ISM band applications. Most of these PAs
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provide maximum output power around 20 - 30 dBm with efficiency much less than 50%. Even if the PA
efficiency is 50%, the power consumption of the PA is about 23 - 33 dBm for these wireless applications.
As we will see in the later chapters, the PA efficiency usually peaks at the maximum output power and
decreases at lower output power levels. The dynamic range of the radio radiated power can be tens of dB
and the average output power can be 10 dB lower than the maximum output power [33]. The average PA
efficiency is then much lower than its maximum efficiency so that the PA power consumption is much more

significant.

In medium and long range wireless communications, the RFE module usually dominates the system power
power consumption, of which the PA takes a significant portion. This work focuses on the impact of the
PA on the system power consumption of mobile and wireless devices. Other significant power consuming
components, such as, ADC, DAC, mixer, digital baseband signal processing unit, and filters, can be integrated
into the work as needed. Note that most of the existing work on system power consumption minimization
[9, 10, 13, 14, 15, 16, 17, 18] deals with short range or sensor network applications where power consumption

of these components becomes comparable to that of the RFE module.

2.2 Existing Work on Power Reduction Using Radio Reconfigura-

tion

The research on power reduction through radio reconfiguration is closely related to the research on trans-
mission rate improvement using adaptive modulation. Many ideas come from the adaptive modulation
work. This section first briefly reviews the idea of adaptive modulation for transmission rate improvement.
Then, it summarizes the work on power (radiated power and consumed power) optimization through radio

reconfiguration.

2.2.1 Adaptive Modulation

Adaptive modulation (AM) was first proposed in 1960’s [34]. However, the research on AM did not thrive
until 1990’s when enabling technologies, such as, reconfigurable hardware and accurate channel estimation
techniques, became available and the demand for spectrally efficient communications increased. The AM
system changes its transmission parameters to meet certain QoS requirements (e.g., bit error rate (BER))

based on the channel state information. In this way, the AM system can achieve higher transmission rate
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under good channel conditions and improve average transmission rate compared to the fixed transmission
system which is usually designed for worst case scenarios. The transmission parameters adapted include
radiated power [34], symbol rate [35], error correction coding [36], modulation [37], or the combination of
any of these parameters [38, 39, 40, 41, 42, 43, 44, 45, 46, 47]. In addition, AM can be integrated with MIMO

and OFDM techniques to achieve even higher transmission rate [48, 49, 50, 51].

2.2.2 Power Minimization through Radio Reconfiguration

There are other important aspects in wireless communications in addition to the transmission rate. After
tremendous improvement in transmission rate, the power minimization problem, a problem closely related
to the transmission rate maximization problem, has emerged as an important research topic in wireless
communications, especially, in battery powered mobile and wireless communications. Many concepts in the
transmission rate maximization using AM are adapted for the power minimization. Recent research has
shown significant power reduction through limited radio reconfiguration based on the channel condition in
various wireless communication applications. The research can be generally categorized into two groups:
radiated power minimization problem and consumed power minimization problem. In this dissertation, the
radiated power refers to the output power from the transmit antennas and the consumed power refers to the
total power consumed by the radio (i.e., the power drawn from the power supply of the radio). Since the
purpose of this research is to reduce the consumed power of mobile and wireless communication devices, this

section focuses on consumed power minimization with a brief review of radiated power minimization.

Radiated Power Minimization

The required radiated power has to compensate for the radio propagation loss between the transmitter and
the receiver so that the received signal to noise ratio (SNR) is sufficient for the receiver to demodulate and
decode the transmitter signal at a target BER. Transmission parameters can be adapted to minimize the
required radiated power given the target transmission rate and the channel condition. The selected work on

radiated power minimization is summarized in Table 2.1.
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Table 2.1: Summary of existing work on radiated power minimiza-

tion
Ref. | Parameters Constraints Target Year
1] Trellis coded modula- | Constant transmission | Overall radiate power in OFDM | 1999
tion, power distribution | rate, constant BER systems
2] Radiated power, trans- | Signal to interference ra- | Overall radiated power in Code | 2002
mission rate tio, transmission rate, | Division Multiple Access systems
overall radiated power
[3] Modulation, antenna di- | SNR, overall network | Overall uplink radiated power in | 2004
versity scheme throughput, average user | multiple access networks
throughput
[4] Modulation, power dis- | Transmission rate, BER | Radiated power in MIMO- | 2004
tribution OFDM systems with Channel
State Information at Transmitter
(CSIT) and Receiver (CSIR)
5] Modulation, radiated | Transmission rate, BER | Radiated power in IEEE 802.11b | 2005
power links
[6] Modulation, radiate | Transmission rate, BER | Radiated power in MIMO sys- | 2006
power tems with imperfect channel state
information
[7] Modulation, coding Average transmission | Time Division Multiple Access | 2008
rate, BER systems with quantized CSIT.

System Power Minimization

Radiate power is of particular interest to capacity and interference analysis. However, consumed power is
also important. The consumed power includes power consumed by all components of the radio. Past systems
tended to rely on fixed hardware and software and thus had fixed power consumption. This might be part of

the reason why the radiated power minimization problem has been investigated much more thoroughly than
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the consumed power minimization problem has. However, today’s systems can be quite flexible, offering a
variety of hardware and software configurations that can be changed on-the-fly. Key to enabling cognitive
radio hardware is the availability of good power models. In reality, it is very challenging to accurately
model the power consumption of a radio. First, modern radios usually allow several operation modes.
Second, within each operation mode, the number of tunable radio parameters and the number of choices
for each radio parameter can be large. Third, for a specific combination of the set of radio parameters, the
implementation related issues, such as, hardware component variation, and software runtime variation, make
an accurate power consumption model prohibitively complex to allow mathematical analysis. Therefore,
simplification and approximation is inevitable in almost all power consumption models developed. System
power consumption model is key, and thus in this section, we review such models as well as the system power

minimization approaches.

Various system power consumption models discussed in the literature are summarized in Table 2.2. In general,
the system power consumption consists of transmit power consumption and circuitry power consumption.
The transmit power consumption usually characterizes power consumption related to PA at the transmitter.
The circuitry power consumption usually characterizes power consumption related to other electronic circuits,

such as, ADC, DAC, low noise amplifier (LNA), mixer, frequency synthesizer, and filters.

Table 2.2: Summary of existing system power models

Ref. | Transmit power consumption, F;,. Circuitry power consumption, P, Year

8] Py = Prad (Prad, radiated power) Linear function of the symbol rate 2001

Viterbi decoding: sum of switching and | 2002
Py = aPrgq + 0 (o and B, two constants
[9] leakage power;
characterizing PA efficiency)
Receiver electronics: constant;

Radio startup power: constant

LNA: constant; 2003
Frequency synthesizer: constant;
[10] | Pi = Prga/n (n, PA drain efficiency)
Mixer: constant;

Filters: constant

Continued on next page
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Table2.2 — Continued from previous page
Ref. | Transmit power consumption, P;,. Circuitry power consumption, P, Year
[11] Py = ¢t Praa (¢, a constant characterizing | Source coder: linearly proportional to the | 2003
power used for modulation and amplifica- | number of operations
tion)
[12] | Model in [10] Model in [8] 2003
All component models in [10]; 2005
ADC: linearly proportional to sampling fre-
[13] P, = Pmd% (&, signal peak to average
ratio (PAR)) anenes
DAC: sum of static and dynamic power con-
sumption;
Viterbi decoder: linearly proportional to
the bit rate
[14] | Adapt model in [13] for MIMO Adapt models in [13] for MIMO 2004
[15] | Model in [13] Receive power: constant; 2007
Sleeping mode power: constant
[16] | Model in [13] Models in [13] 2008
[17] | Model in [13] Models in [13] 2009
[18] | Adapt model in [13] for MIMO All component models in [13]; 2010

Baseband signal processing: linearly pro-
portional to bandwidth;

Forward error correction (FEC) decoder:
linearly proportional to the processing rate;
MIMO decoder:

linearly proportional to

the processing rate

Using the system power models listed in Table 2.2, various system power minimization approaches have been

proposed. The research on system power consumption minimization is summarized in Table 2.3.
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Table 2.3: Summary of existing work on system power consumption
minimization

Ref. | Parameters Constraints Application Year

8] Modulation, transmission rate, | Constant BER, delay Wireless packet scheduling | 2001
radiate power systems

[9] Coding rate, constraint length, | BER, latency, range Wireless micro sensor net- | 2002
radiated power, processor sup- works
ply voltage

[10] Modulation, radiated power BER, transmission rate, | Short range applications 2003

delay, peak power

[11] Source coding, channel coding, | Constant end-to-end dis- | Wireless multimedia appli- | 2003
radiated power tortion cations

[12] Modulation, radiated power, | BER, average transmis- | Wireless links 2003
radio on/off sion rate

[13] Modulation, coding, radiate | BER, delay, transmission | Short range applications 2005
power rate

[14] Modulation, Alamouti based | BER, Delay, transmis- | MIMO and virtual MIMO | 2004
MIMO schemes sion rate sensor networks

[15] Modulation, subchannel alloca- | BER Cognitive sensor networks | 2007
tion

[16] Modulation, radiate power, | BER Sensor networks 2008
packet length, retransmission,
overhead

[17] Modulation, radiated power Average BER Short range single-hop and | 2009

multi-hop applications
[18] Modulation, coding, number of | Packet error rate, trans- | Short range  MIMO- | 2010

antennas, MIMO detection al-
gorithm, bandwidth, radiated

power

mission rate

OFDM applications
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2.3 Cognitive Radio

The term “Cognitive Radio” was first coined by Joseph Mitola [23]. Although there is no universal definition
on coguitive radio, several definitions, such as those in [23, 24, 52, 53|, show the most important common
characteristics of a CR. A CR is an intelligent wireless communication system which is able to determine
the most favorable operating parameters (cognition) based on the radio environment and its own capability
(awareness) and reconfigure the radio accordingly (reconfigurability). By doing this, more efficient use of
radio resource can be achieved. Awareness and cognition (learning, and decision making) reside in the
cognitive engine. Here, a CE is defined as an “intelligent” agent that manages the cognition tasks in a CR,

where intelligence denotes behavior that is consistent with a specified goal [53].

To date, the driver and the most common application of CR is spectrum management, to be specific, dynamic
spectrum access (DSA). DSA is motivated by the lack of unassigned spectrum for new wireless applications
and the observation of the inefficient use of most of the spectrum assigned under static allocation [54]. DSA
aims at refarming the unused or inefficiently used spectrum, such as that within the TV spectrum band. Some
examples include the dynamic frequency selection in IEEE 802.11 [55] and IEEE 802.16 [56], and CR for TV
white space in IEEE 802.22 [57]. Other potential applications of CR include link reliability improvement [58],
automated interoperability for public safety systems [59], cognitive networking [60], spectrum markets [61],
femtocells [62], self-organizing networks, cooperative relaying and networks [63], smart grid communications
[64], and vehicular networks [65]. CR promises to dramatically improve spectrum access [54], capacity [66],
and link performance [67] while also more closely connecting the behavior of the network to the needs of the

user [68].

2.4 Opportunities in Advancing the State of the Art

From the review of the power reduction research shown in Tables 2.1-2.3, it is obvious that the research
community has started to realize the difference between the radiated power and the consumed power. A
closer look at the transmission power consumption models adopted in the literature (see Table 2.2) shows
a clear path in understanding the relationship between PA output power and power consumption. This
difference was much ignored first [8] where the PA radiated power was taken as consumed power. Then,
several very similar linear and signal characteristics independent models were developed [9, 10, 11, 12]

where the PA efficiency was modeled as a constant value less than 1 to characterize the imperfect power
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conversion from its DC power supply to its output. Later, this model was refined by incorporating signal PAR

characteristic, first shown in [13, 14], then adopted by other researchers in the community [15, 16, 17, 18].

At this point, this is no reason for ignoring this difference in power consumption related research. However,
we find out this model only suitable for theoretical Class A PA with an underline assumption that the
maximum power of the signal is the same as the maximum PA output power in its linear region. Therefore,
in this work, we develop a PA model which can characterize theoretical Class A and Class B PAs and even
some realistic PAs in the whole linear region. It is obvious that due to a change of model some results would

not hold and we investigate some typical scenarios while much more research opportunities remain.

In addition to the analysis of the potential power savings, this works adopts a CR as a tool to optimize system
power consumption of mobile and wireless communication devices. A CR can not only learn the channel
conditions and adapt its modulation, coding and radiated power as in conventional radios, but is also aware
of the radio (component) capabilities and characteristics (e.g., PA efficiency characteristics). The knowledge
of radio capabilities and characteristics and application helps to further optimize system power consumption.
The power consumption optimization process considered in this work is rather complex and involves many
different functional entities and layers, such as, radio platform supervision (e.g., PA efficiency characteristic
extraction), environment measurement, radio configuration decision making, policy and constraint validation
and communication with higher layer entities. A cognitive radio turns out to be a convenience framework

to capture all these essential functions to the power savings.



Chapter 3

Power Optimization for SISO Systems

Using Cognitive Radio

This chapter! shows how cognitive radio can help to optimize radio power consumption for SISO systems.
It starts the discussion on the power optimization work with a relatively simple scenario, SISO systems.
On this subject, we first bring up the idea of using cognitive radio as a tool to better optimize radio power
consumption and a CR framework which enables such optimization. Then, the theoretical foundation and
simulation results for power savings are presented for SISO systems with theoretical Class A and Class B
and some practical PAs using the CR framework. A unified PA efficiency model characterizing theoretical
Class A and Class B and some practical PAs is adopted in this work and facilitates the formulation and

analysis of the power consumption optimization problem.

Note that the efficiency for theoretical Class A and Class B and some practical PAs can be modeled as:

|3

=[P = (Pi)a Dimas (3.1)

where P, is the PA output power, P is the PA power consumption, P,,,; is the maximal PA output power,

1©2010 IEEE. Reprinted, with permission, from A. He, S. Srikanteswara, K. K. Bae, J. H. Reed, and W. H. Tranter,
“Energy consumption minimization for mobile and wireless devices - a cognitive approach,” IEEE Transactions on Consumer
Electronics, vol. 56, no. 3, pp. 1814-1821, Aug. 2010. This material is posted here with permission of the IEEE. Such
permission of the IEEE does not in any way imply IEEE endorsement of any of the Virginia Tech’s products or services.
Internal or personal use of this material is permitted. However, permission to reprint/republish this material for advertising or
promotional purposes or for creating new collective works for resale or redistribution must be obtained from the IEEE by writing
to pubs-permissions@ieee.org. By choosing to view this material, you agree to all provisions of the copyright laws protecting it.
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Nmaz 18 the maximum PA efficiency which is always less than 1, and « characterizes the PA efficiency
characteristics and is 0 < « < 1 for theoretical Class A and Class B and some practical PAs considered
in this work. Hence, any radio configuration minimizing the radiated power, P;, minimizes the consumed
power, P. This conclusion generally holds for any SISO system whose PA efficiency characteristic can be

modeled as (3.1) with 0 < a < 1.

However, this conclusion does not necessarily hold for the energy case as energy is a product of power and
time (the faster it transmits, the more power it requires while the quicker it finishes). Therefore, this chapter
studies energy consumption minimization per a fixed amount of data to be transmitted under a constant

BER constraint for systems with theoretical Class A and Class B and some practical PAs.

In addition to the results included in this chapter, the average energy savings (battery lifetime improvement)
can be roughly calculated given the probability density function of the distance between the radios. For
example, assuming a uniform distribution for the distance in Figure 3.3, average energy savings are about

48% for o = 1, which almost doubles the battery lifetime.

(The following is the published journal paper on this subject.)

Energy Consumption Minimization for Mobile and Wireless Devices - A Cogni-

tive Approach

3.1 Abstract

Energy consumption for mobile and wireless communication devices, such as cell phones, has long been
an important aspect for both designers and customers. This paper shows how a cognitive radio (CR)
framework can help to reduce system energy consumption of a mobile and wireless communication device
based on the application quality of service requirement, the channel condition, and the radio capabilities and
characteristics. The CR framework enables not only adaptation of modulation, coding rate, coding gain,
and radiated power as conventional adaptive modulation (AM) scheme, but also joint adjustment of radio
component characteristics (e.g., power amplifier (PA) characteristics) to achieve high energy efficiency. A
unified PA efficiency model characterizing theoretical Class A, Class B, and practical PAs is adopted and
enables the analysis of the impact of different radio configurations and channel conditions on energy efficiency.

Significant energy savings (up to 90%) using the proposed CR framework for systems with theoretical PAs
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and with a realistic PA can be achieved compared with the conventional AM approach in simulation. This

framework can also be used to manage other radio resources.

3.2 Introduction

As the mobile and wireless communication devices become more and more powerful, system energy con-
sumption becomes one of the important aspects to be considered by design engineers and end users. As one
of the methods reducing energy consumption in a radio device while meeting operational requirements, it
has been shown that radio reconfiguration can improve energy efficiency. At the system level, for example, in
[6, 8,9, 13, 18, 69], according to the application quality of service (QoS) requirement along with the channel
condition, modulation, coding, antenna configuration, and radiated power are adapted to minimize energy
consumption, especially for short range sensor network applications. At the circuit level, for example, in
[20, 21, 22], power amplifier (PA) biasing voltage and/or current are adjusted according to the PA output

signal envelope to improve the PA efficiency at low output power levels.

However, the system level approach and the circuit level approach are investigated mostly independently. In
[70], we have proposed a cognitive radio (CR) framework enabling synergies between the conventional system
level adaptation and the conventional circuit level adaptation to further improve radio resource usage (e.g.,
energy consumption) based on not only the application QoS requirement and the channel condition as in
conventional radios, but also the knowledge of radio (component) capabilities and characteristics rendered
by CR. The proposed CR framework has achieved significant (up to 95%) energy savings for a mobile and

wireless communication device using a theoretical Class A PA with two biasing levels [70].

Given the example of significant energy savings using CR framework shown in [70], this paper investigates
the theoretical foundation of the CR-based energy optimization framework and greatly extends the previous
work in the following ways. First, a unified PA efficiency model applicable to the theoretical Class A and
Class B PAs is proposed. This unified model facilitates convenient and tractable analysis of the impact
of PA efficiency characteristics and channel conditions on energy efficiency. An energy efficiency metric is
also defined based on this unified model. Second, in addition to the theoretical Class A and Class B PAs,
the efficiency characteristic of a realistic PA is also considered for the investigation of energy savings. It
has been shown that the proposed unified efficiency model fits the realistic efficiency characteristics very
well. Hence, this unified model helps to extend mathematical analysis to systems even with certain practical

PAs and enable fast calculation of power/energy consumption avoiding a long lookup table needed for
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efficiency characteristics with high resolution. For all cases considered in this paper, the energy optimization
CR framework achieves significant energy savings compared with the conventional adaptive modulation

approach.

In practice, a cognitive radio can enable the additional energy saving over adaptive modulation. It can
provide necessary information on radio environment and radio component capabilities and characteristics,
determine favorable configuration for the QoS requirement and accumulate knowledge on the interaction
between radio environment and radio component characteristics which is usually hard to model analytically.
There are many interesting potential gains CR can provide as compared with conventional radio, the main
objective of this paper is the potential gains that CR can offer in terms of energy consumption optimization.
The analysis on the enabling capabilities (awareness and cognition) and the tradeoff between power savings

and complexity will be presented in a future paper.

This paper is organized as follows. Section 3.3 reviews the CR-based optimization framework. Section
3.4 presents the system power and energy consumption models used in this paper and analyzes the energy
efficiency of different radio configuration given different PA efficiency models. Section 3.5 evaluates the
potential energy savings of the proposed scheme through simulations for different PA efficiency characteristics,

including practical PA efficiency characteristics, under various channel conditions. Section 3.6 concludes the

paper.

3.3 Energy Optimization Framework Using CR

The energy optimization CR framework proposed in our earlier work is shown in Figure 3.1 [70]. In this
framework, the solid lines and boxes are components in a conventional radio and the dashed lines and the

cognitive engine (CE) block are new components enabling CR, capabilities.

Conventionally, adaptive modulation (AM), dating back to 1960’s [34], is used to adapt the radio configura-
tion (e.g., modulation, coding, and radiated power) to channel changes for certain communication goal (e.g.,
maximizing rate or minimizing radiated power) with little consideration of radio component characteristics
in the optimization process. On the other hand, in a CR, the CE learns the radio (component) capabilities
and characteristics and controls the radio configuration through the bidirectional connections between the
CE and various component blocks in Figure 3.1. The CR can change the radio configuration to optimize the

use of radio resource based on the application QoS requirement, the channel condition, and the knowledge of
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Figure 3.1: CR energy optimization framework.

component characteristics and capabilities. This paper names the CE-enabled dynamic transmission scheme
as cognitive transmission (CT). In general, the CT knows more information about the radio capabilities
and characteristics and makes better use of the information than the conventional AM does. Two levels
of CT enabled by the capabilities of CR are investigated in this paper: conventional AM with component
knowledge (e.g., knowledge of the efficiency characteristic of the PA in the system) and conventional AM

with component adaptation (e.g., the adaptation of the PA biasing leading to favorable PA operation mode).

Another important aspect of CT is the acquirement of component characteristics. This information can
be obtained in several ways. First, the product data sheet usually provides a good starting point for this
knowledge. Second, field measurement and observation can refine the knowledge for specific radio and
environment. Of course, this would need certain hardware support, such as, small sensors, in the radio. This
support, however, would be necessary for future radio if further performance improvement is desired. Similar
sensors have already been deployed on the motherboard of a personal computer for real time monitoring and
diagnosing purposes. Similar technology would be expected to appear on radios in the near future. This
paper assumes such support and component characteristics (i.e., PA efficiency characteristics) are available

to the CE. The learning process of CE will be left as a future study for further investigation in more details.
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3.4 System Power and Energy Consumption Models

For mobile and wireless devices used in medium and long range mobile and wireless communications, such
as cellular phones, the PA usually dominates the system power and energy consumption. Therefore, among
various important parameters of a communication system, this paper focuses on the impact of the PA
on the radio energy consumption. Other significant energy consuming components, such as, analog to
digital converters (ADC), digital to analog converters (DAC), mixers, digital baseband signal processing
units, various filters, and user interface components, can be incorporated in the CR framework for different

applications.

3.4.1 Radiated Power and Radiated Energy Models

The required average radiated power for a given QoS requirement (i.e., bit error rate (BER)) can be expressed

as [71]:

(2R5EeC) . Ry [Rs, M] - No- PLId]- Lm
req.

No
Pt [daMaRC)GCaRS]: G -G P
t - YUr

(3.2)

where (E*’[MTI(?CGC]) is the required signal to noise ratio (SNR) per bit for a given QoS requirement
req.

depending on modulation scheme (M), coding rate (R.), and coding gain (G.) used. Ry is the bit rate
given by R, = Rs - M (R symbol rate, M modulation order or the number of bits per symbol). Ny is the
noise power spectral density. G; and G, are the transmitting antenna gain and the receiving antenna gain,
respectively. PL [d] is the path loss at distance d with a path loss exponent n, and Lm is the link margin.
Gy, G, and L'm depend on the radio and system setup and are assumed fixed and known in the following

discussion. We also assume R is fixed and known, which suggests the bandwidth in the system is fixed.

The total radiated energy can then be expressed as:
Et [d7 M7 R07G07RS] = Pt [d7 M7 R07G07RS] - T7 (33)

where T is the total transmission time for a task in seconds.
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3.4.2 System Power and Energy Consumption Models

In this paper, PA power consumption is the main focus in discussing system power consumption since the
PA usually dominates the power consumption of a radio in medium and long range wireless applications.

The system power and energy consumption can then be expressed as follows.

Pt [du Mu Rcu ch Rs]

P[d, M, RcaGcaRsan] = ) (34)
n
and
E[du Mu R07G07RS777] = P[d7 M7 RCaGcaRsun] -T
o Pt [duMuRcuchRs] T
n
Ey|d,M,R.,G., Ry
_ t [ ) 3 /F] ]7 (35)

where 7 is the average PA efficiency (over the underline waveform going through it), which is modeled using

an engineering approximation as [70, 72| in this paper

where 1 [P;] is the instantaneous PA efficiency at the average output level P;. In general, a more accurate
PA average efficiency model can be developed if the distribution of the power of the underlying signal is

available [72].

Using the theoretical instantaneous PA efficiency expressions in [73], the average PA efficiency for Class A

and Class B PAs can be collectively written as

P «
ﬁ =1 [Pt] = (szm) *Nmazx (37)

where P,,4, is the maximum PA output power, 7,4, is the maximum PA efficiency, and « is the efficiency

exponent depending on the type of the PA. To be specific,

Nmax,A = 0.25 ap = 1, Class A;
"hmaxz,B = 0.785 ap = 05, Class B.
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The theoretical efficiency characteristics of Class AB PA generally falls in between Class A and Class B PAs.
In order to make the problem analytically tractable, this paper assumes that the theoretical efficiency of a
Class AB PA can also be represented as (3.7) where nmaez. 4 < Mmaz,AB < Mmas,B a0d ap < aap < aa. Note
that this unified PA efficiency model, (3.7), also fits well for some realistic PA efficiency characteristics as
shown in Section IV-B3). In other words, this unified PA efficiency model enables convenient and tractable
mathematical analysis on system energy efficiency of different radio configuration (e.g., the following modu-

lation energy efficiency analysis) during product development phase.

The system energy consumption in (3.5) can be expressed by using (3.2), (3.3), and (3.7), as

E [d, M, Rc, GC; Rsvn]

_  PRldMR.GeR) (3.9)
n
Py 11—«

= 35 7= Pld, M, R, Ge, R,

where D =T - Ry, =T - M - R, is the amount of data to be transmitted.

The energy efficiency of different radio configuration can then be compared based on (3.2) and (3.9). The
relative energy efliciency metric is defined as the ratio of the energy consumption of two radio configurations
and it provides insight on how one scheme compares with another in terms of energy consumption given the

same application requirement.

El [d7 M7 R07 ch RS777]
E2 [da Ma RC; GC; Rsﬂ?]

11—«
7 (Eb [My1, Re1, Gea]/No),oq (M @ (3.10)
| (BEy[M2, Re2,Ge 2]/ No) M) '

req,2

Note that this definition assumes that different configuration uses the same PA, antenna, etc. Hence, the
factors based on them are canceled out. This is the case for most radios where reconfiguration is usually
limited to modulation, coding, and output power. We call this “soft” reconfiguration. However, this metric
can be easily extended to include reconfigurable PA, antenna, etc., where the fundamental characteristics
of these component can be changed as needed. In that case, we call it “hard” reconfiguration. This paper
discusses the soft reconfiguration in details since it characterizes the reconfiguration capability of most radios
so far. We do discuss the extra benefit that can be achieved for radios with certain hard reconfiguration

capability, such as changing PA biasing level to change its efficiency characteristics.
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Using (3.10), in terms of energy efficiency of different radio configuration, we have

m < 1, configuration 1 is more efficient;
m =1, configuration 1 and 2 are equally efficient; (3.11)

m > 1, configuration 2 is more efficient.

It is clear from (3.10) and (3.11) that the relative energy efficiency of each radio configuration varies, de-
pending on the PA efficiency characteristics, in our model, o in (3.7). This is also confirmed in simulation
results. In practice, the energy efficiency of each radio configuration depends on the efficiency characteristics

of the actual PA used in the radio.

Then, for a delay-insensitive application, the system energy consumption minimization problem with a QoS

constraint can be mathematically defined as

Enin |d] = ; Eld,M,R.,G¢, R, 1) oS- 312
4 {]W,gil,gc,ﬁ}{ [ 1} lQos ( )

In contrast, the transmit energy minimization problem with the same constraint usually associated with

conventional AM is formulated as

E; min [d] = i Et[d, M, Re, Ge, Rs]} |00s. 3.13
o ld) = min (B 1} lqos (313)

Due to the nonlinear relationship between the radiated power and the consumed power of the PA in (3.6) and
(3.7), the radio configuration minimizing radiated energy obtained in conventional AM does not necessarily
minimize consumed energy. Note that although this paper focuses on a delay-insensitive application, the
optimization problem defined in (3.12) and the following discussion and simulation can be extended for a
delay-sensitive application by adding a data rate constraint. In addition, the settling time constraints need to
be considered to in delay-sensitive applications to meet the delay constraint. These factors will be considered

in our future work.
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Table 3.1: Simulation parameters

Parameter Value or Range

Symbol rate, R constant 10°

QoS (BER) requirement, P, constant 10~°

Distance, d 200 - 1000 m

Path loss exponent, n 3

Modulation, M (number of bits per symbol) QPSK, M =2; 16QAM, M =4; 64QAM, M =6

Coding rate, R, 1 (no coding); %; %; %

Coding gain, G. 0-8dB

PA efficiency, n low biasing, n; (maximum output power P4, =
20 dBm);
high biasing, 7, (maximum output power
Praz,n =32 dBm)

3.5 Simulation Results

3.5.1 Performance Metric and Simulation Environment

The performance metric (energy savings) is defined as

_ Eam — Ecr

Sp = -100%, (3.14)
Eanm

where Eor is the radio energy consumption when operating in CT mode, and E s the radio energy con-

sumption when operated in AM mode.

The performance of the proposed energy minimization CR framework is simulated in the radio channel with
power law path loss and additive white Gaussian noise (AWGN). Convolutional code with variable coding
rate and coding gain is used. The PA characteristics (e.g., efficiency) are assumed known to the CE. Table 3.1

summaries the simulation parameters which have been used in [70] earlier.

The energy minimization problem in (3.12) has been solved with exhaustive search in this paper since the
search space is limited. More computationally efficient algorithms (e.g., making use of experience) can be

developed for practical applications. The discussion of such algorithms is out of the scope of this paper.
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3.5.2 Simulation Results

The energy savings using the CR framework for single channel communication system with Class A PA under
a relatively static channel environment (fixed path loss exponent) has been investigated in detail in [70]. This
paper focuses on the impact of component characteristics (i.e., different PA efficiency characteristics) and
environment characteristics (i.e., different path loss exponents) on energy savings. It also investigates the
energy savings using the CR framework for a system with a realistic linear PA? [74], which has been used in

many different communication devices.

We partition our CT simulation into two levels. The first level CT extends the conventional AM to minimize
energy consumption by incorporating the knowledge of PA efficiency characteristics in the optimization.
In this level of CT, the PA is biased at a fixed level and its maximum output power is sufficient to cover
the target distance range. The transmission parameters (modulation scheme, coding rate, coding gain, and
radiated power) are adapted to minimize energy consumption for various distances with the knowledge of
the PA efficiency characteristics. The second level CT extends the first level CT by allowing adaptation of
PA efficiency characteristics. The second level CT jointly adapts the PA efficiency characteristics and the
transmission parameters used in level one CT. We call this kind of PA a gear shifting PA [70]. It is assumed
that the PA gear shifting is achieved by adapting the PA biasing levels as proposed in [20, 21, 22| in order
to reduce PA power consumption at low output power levels. Two biasing levels (low and high) are adopted
in the gear shifting PA, resulting in two different PA efficiency characteristics (e.g., see Figure 3.2 for those
based on a theoretical Class A PA efficiency characteristics. The fixed biasing level of the PA adopted in
the level one CT is the same as the high biasing level of the gear shifting PA used in level two CT. In other
words, the PA efficiency characteristic used in level one CT corresponds to the curve for high biasing level

in Figure 3.2, whereas for level two CT, both curves in Figure 3.2 can be used as needed.

Impact of PA Efficiency Characteristics

As shown in [70], the proposed CR framework and CT scheme can achieve significant energy savings for a
communication system with Class A PA and level two CT can achieve even further savings compared with
level one CT. This section focuses on the impact of different PA efficiency characteristics on the energy

savings.

As discussed earlier, the energy efficiency of a transmission scheme depends on the efficiency characteristics

2The Texas Instruments (TI) TRF4002.



An He Chapter 3. Power Optimization for SISO Systems Using Cognitive Radio 26

251

—+— High biasing level
—*— Low biasing level

=
[$2)
T

PA efficiency (%)

=
o
T

20 S0 o 10 20 30 40
PA output power (dBm)

Figure 3.2: Gear shifting PA efficiency characteristics with two biasing levels based on theoretical Class A
PA.

of the PA used in the radio. The critical values for the efficiency component, «, for the modulation schemes
investigated in this paper can be obtained as follows. For example, at BER = 107%, the required SNR
values for uncoded QPSK, 16QAM, and 64QAM are 10.5 dB, 14.5 dB, and 19 dB, respectively. In order for
16QAM to be more energy efficient than QPSK, using (3.10) we have

1010:5/10\ 17/ N @
Solving (3.15), we have @ > 0.57. Similarly, we can obtain critical values for other scenarios. Hence, we have

05<a<057 QPSK;
057 < a <072 16QAM; (3.16)
0.72<a<1  64QAM.

This result?® is an important practical extension of the energy efficiency concept in most digital communica-
tions textbooks, such as [71]. It shows that the energy efficiency of a particular modulation scheme depends

on the PA efficiency characteristics of the radio where the modulation is used. Note that (3.16) holds when-

3To better understand this result, an extreme case might be helpful. Consider a Class A PA case where alpha = 1. From
(3.7), the consumed power of a Class A PA is the same no matter what the radiated power is. In this case, although a higher
order modulation, such as 64QAM, requires a higher radiated energy per bit, it takes shorter time to transmit the data and
therefore consumes a smaller amount of energy compared with a lower order modulation, such as QPSK.
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Figure 3.3: Energy savings comparison for different PA efficiency characteristics using level one CT.

ever the maximum output power of the PA can support that modulation at certain distance. This analysis
can be readily extended to other modulation schemes and coded cases. Furthermore, implementation loss in
practical systems does not affect this metric as in most systems the implementation loss is usually the same

across different modulation and its impact is then canceled out.

To understand the impact of different PA efficiency characteristics on energy savings, the energy savings
using level one CT for systems with four different PA efficiency characteristics (o« = 0.5, « = 0.6, « = 0.75,
and a = 1) are shown in Figure 3.3. The corresponding modulation choices for these efficiency characteristics
are shown in Figure 3.4. It is clear from the simulation results that energy savings and modulation choices
are consistent with that predicated by (3.16). Whenever a modulation order higher than QPSK can be
chosen, some amount of energy can be saved. This is because conventional AM tends to choose QPSK in
order to minimize radiated energy without considering the imperfect energy conversion in PA. Hence, to
minimize energy consumption due to both radiation and PA operation, higher order modulation can be used
to take advantage of more favorable PA operation point to save energy. In Figure 3.4, the modulation order
decreases at further distances. This is because the required radiated power of the favorable modulation at
further distances exceeds the maximal PA output power and only lower order modulation can be supported

at those distances.

Further energy savings can be achieved using level two CT for all cases discussed. For example, the energy

savings with two levels of CT for @ = 0.75 and o« = 1 are shown in Figure 3.5. Clearly from Figure 3.5,
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Figure 3.5: Energy savings using two levels of CT for different PA efficiency characteristics.

additional energy savings are available using level two CT than corresponding level one CT for short distances,

where the radiated power requirement is lower. In addition, higher energy savings can be achieved with larger

value of a which corresponds to worse PA efficiency performance.

28
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Figure 3.6: Energy savings using level one CT for different av under various channel path loss exponents.
Impact of Channel Conditions

The above section shows that significant energy savings can be achieved using the proposed CR framework
and CT scheme for a communication system with different PA efficiency characteristics under a channel
with a fixed path loss exponent. This section investigates the impact of different path loss exponents on the

energy savings.

The energy savings for systems using level one CT for a = 0.75 and o = 1 under some typical channel
path loss exponents (n = 2.5, n = 3, and n = 3.5) are shown in Figure 3.6. Observe that higher savings
are achieved at the same distance under favorable channel conditions (smaller path loss exponent) for both
PAs since better channel condition allows more choices in terms of possible radio configuration at the same
distance. Again, additional savings can be achieved using level two CT for all channel conditions. These

results are omitted here to avoid repetition.

System with a Realistic PA

After the investigation of the impact of different PA efficiency characteristics and channel conditions on the
performance of the proposed energy optimization CR framework, this section considers the energy savings

using the two levels of CT for a system with a realistic PA under a channel with a path loss exponent n = 3.
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Figure 3.7: The realistic PA efficiency characteristics and the curve fitted efficiency model.

The efficiency characteristics of the realistic PA shown in Figure 3.7 are based on the product data sheet
[74]. Also shown in this figure is the curve fitted model of the realistic PA efficiency to the PA efficiency
model in (3.7) under the minimum mean square error (MMSE) criterion. The curve fitted efficiency model
(Nmaz = 0.35 and a = 0.8) is reasonably close to the realistic efficiency characteristics. This suggests the
applicability of the proposed PA efficiency model in (3.7) for some practical PAs with unspecified type.
This unified model enables mathematically tractable analysis of a practical system and fast calculation
of power/energy consumption avoiding a long lookup table needed for efficiency characteristics with high

resolution.

The energy savings are shown in Figure 3.8. The associated gear shifting PA efficiency characteristics are
shown in Figure 3.9. Both levels of CT achieve great energy savings compared with AM and level two CT
achieves even further energy savings than level one CT. The performance of the two levels of CT converges
at a distance of 700 m where the required radiated power exceeds the allowable radiated power of the PA
at the low biasing level and both schemes actually use the same PA (the PA with the high biasing level and

hence higher maximum output power).

It is also verified by the simulation that the change of PA biasing happens at exact the same distance where
the performance of the two levels of CT converges. These results are compatible with that obtained using
theoretical PA efficiency characteristics in [70] and in the above sections. In addition, since the curve fitted

PA efficiency for the practical PA has a value o« = 0.8, its energy savings performance is expected to fall
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Figure 3.9: Gear shifting PA efficiency characteristics with two biasing levels based on the efficiency charac-
teristics of the realistic PA.

between that for « = 0.75 and o = 1 in Figure 3.5. This is confirmed in Figure 3.8.
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3.6 Conclusion

This paper provides the theoretical foundation and simulation results for energy savings using an energy
optimization cognitive radio framework. A unified mathematical PA efficiency model applicable to theoretical
Class A, Class B, and Class AB, and practical PAs is proposed in this paper. This model enables convenient
and tractable mathematical analysis and optimization for system energy consumption during development
phase. The impact on system energy efficiency of different PA efficiency characteristics (including realistic
PA efficiency characteristics) and various channel conditions has been investigated. The results show that
the proposed cognitive radio framework can utilize radio resources more efficiently than the conventional
adaptive modulation approach by matching radio capabilities and characteristics with channel conditions
and application QoS requirements. All these benefits stem from incorporating the knowledge of the radio
capabilities and characteristics in the optimization process. The cognitive radio framework enables such
utilization. This framework can be applied to optimize the use of radio resources for other purposes such as

spectral efficiency improvement as well.



Chapter 4

Power Optimization for MIMO Systems

Using Cognitive Radio

After the investigation on SISO systems, this chapter! moves on to a more complicated topic, MIMO systems,
and shows how cognitive radio can help to optimize radio power consumption for MIMO systems. Leveraging
results from information theory and capabilities of a CR (e.g., the awareness of the component capabilities and
characteristics), a theoretical framework on the system power consumption minimization for MIMO systems
is developed. This chapter first mathematically formulates the system power consumption minimization
problem under a sum rate constraint for MIMO systems. The impact of channel correlation and partial
channel state information at the transmitter is considered. Numerical algorithms are then developed to solve
the constrained optimization problems. The simulation results on power savings and relative performance
of the numerical algorithms are discussed. This optimization in this work only uses spacial multiplexing.
Other MIMO techniques, such as beamforming might be included in the optimization formulation and new

results might be obtained accordingly.

The result in this work is based on simulation of a confidence interval of 95%. This confidence interval

1©2011 IEEE. Reprinted, with permission, from A. He, S. Srikanteswara, K. K. Bae, T. R. Newman, J. H. Reed, W. H.
Tranter, M. Sajadieh, and M. Verhelst, “Power consumption minimization for MIMO systems - a cognitive radio approach,”
IEEE Journal on Selected Areas in Communications, vol. 29, no. 2, pp. 469-479, Feb. 2011. This material is posted here with
permission of the IEEE. Such permission of the IEEE does not in any way imply IEEE endorsement of any of the Virginia
Tech’s products or services. Internal or personal use of this material is permitted. However, permission to reprint/republish
this material for advertising or promotional purposes or for creating new collective works for resale or redistribution must be
obtained from the IEEE by writing to pubs-permissions@ieee.org. By choosing to view this material, you agree to all provisions
of the copyright laws protecting it.
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determines the number of simulation runs to determine the average performance metrics, such as, power

savings and number of active antennas.

Note that the simulation results in this chapter indicate a high possibility that one of the numerical algo-
rithms, to be specific, the branch optimization algorithm, might actually be optimal as its performance is
always hardly distinguishable from that of the exhaustive search based quasi-optimal algorithm for all the
scenarios investigated in this work. Unfortunately, I was not able to prove it. This might be meaningful
future work as it might give hints in solving many related problems in MIMO as well as MIMO-OFDM

systems.

(The following is the accepted journal paper on this subject.)

Power Consumption Minimization for MIMO Systems - A Cognitive Radio Ap-

proach

4.1 Abstract

This paper shows how cognitive radio (CR) can help to optimize system power consumption of multiple
input multiple output (MIMO) communication systems. Leveraging results from information theory and
capabilities of a CR (e.g., the awareness of the component capabilities and characteristics), a theoretical
framework is developed to minimize the system power consumption of MIMO systems while still considering
radiated power. This paper mathematically formulates the system power consumption minimization problem
under a sum rate constraint for MIMO systems. The impact of channel correlation and partial channel state
information at the transmitter is considered. Numerical algorithms are developed to solve the constrained
optimization problem. The simulation results show that significant power savings (e.g., up to 75% for a 4 x 4
MIMO system with Class A power amplifiers) can be achieved compared to conventional power allocation
schemes. The results also show that the more computationally efficient suboptimal heuristic algorithms can

achieve power savings comparable to the exhaustive search algorithm.
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4.2 Introduction

This paper shows how cognitive radio (CR) can be used to optimize system power consumption of multiple
input multiple output (MIMO) communication systems by dynamically reconfiguring the radio based on the
required Quality of Service (QoS), the channel condition, and the knowledge of the platform (component)

capabilities and characteristics.

Recent research has shown significant power reduction through radio reconfiguration based on channel con-
ditions and QoS requirements, mostly in short range and sensor network applications. In [9, 14, 13, 15,
70, 75, 76|, various system power consumption models have been proposed and used for power optimization
by adapting modulation, coding, antenna configuration, and radiated power to channel conditions and QoS

requirements.

The dual MIMO capacity problems, [77, 78|, rate maximization (maximizing rate under a total power
constraint) and power minimization (minimizing power under a sum rate constraint), have been widely
investigated. Various power and bit allocation algorithms have been proposed to solve both problems.
However, most investigations focused on the received power or the radiated power. For example, in [3], the
modulation scheme and the antenna diversity scheme are adapted to minimize overall uplink radiated power
in a multiple access network under average user throughput and overall network throughput constraints. In
[6], the modulation scheme is adapted to minimize radiated power in MIMO systems with imperfect channel
state information (CSI) under bit error rate (BER) and transmission rate constraints. The system power
consumption of MIMO systems, on the other hand, has only received limited attention. In [14], the Alamouti
code based MIMO scheme and modulation are jointly adapted to minimize system power consumption under
throughput and delay constraints for sensor networks. In [75], the number of antennas, modulation, coding,
MIMO detector, bandwidth, and radiated power are jointly adapted to minimize system power consumption
under packet error rate and throughput constraints for short range applications. However, the fundamental

relationship between rate and system power consumption has not been fully investigated.

With the advance of CR technologies, some capabilities of a CR can be adopted to optimize radio system
power consumption further. A CR [23, 24] is an intelligent wireless communication system which is able to
determine the most favorable operating parameters for the application QoS requirement (cognition) based
on the knowledge of the radio environment and its capability and characteristics (awareness) and reconfigure
the radio accordingly (reconfigurability). By doing this, radio resources can be used more efficiently. In

[15], in addition to modulation adaptation, best available subchannel is dynamically detected and chosen
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for transmission to minimize power consumption under a bit error rate (BER) constraint in a CR sensor
network setting. Moreover, a CR can not only learn channel conditions as in a conventional radio, but also
be aware of platform (component) capabilities and characteristics. The knowledge of component capabilities
and characteristics helps system power consumption optimization. A power optimization framework using
CR for given QoS requirements based on channel conditions and radio capabilities and characteristics has

been proposed in [70, 76]. Significant power savings are demonstrated using this framework.

This paper extends our previous work in [70, 76] to MIMO systems. The research leverages information
theory results and cognitive radio capabilities (e.g., learning capability in obtaining radio capabilities and
characteristics) for the development of a theoretical framework for system power consumption minimization
of MIMO systems. Instead of focusing on specific MIMO techniques, such as those investigated in [14, 75|,
this paper mathematically formulates a generic system power consumption minimization problem with a
sum rate constraint for MIMO systems and develops numerical solutions. This paper intends to provide
some heuristic algorithms and show the potential benefit of this new approach in system power consumption
minimization. A more rigorous approach to this problem will be studied in a more general cognitive radio
based radio resource management framework. The work focuses on medium and long range applications
where the power amplifier (PA) usually dominates the system power consumption. Other power consuming
components, such as, digital signal processor, mixer, and low noise amplifier, can be integrated into the

framework as future work.

The power saving approach proposed in this paper can be enabled by cognitive radio. The awareness of a
cognitive radio can provide necessary information on radio component capabilities and characteristics as well
as radio environment. The reasoning and learning enables the radio to determine favorable configuration
for the QoS requirement and accumulate knowledge on the interaction between radio environment and radio
component characteristics which is usually hard to model analytically. The focus of this paper is to emphasize
the potential gains of this cognitive radio approach. The detailed analysis on the enabling capabilities

(awareness and cognition) and the tradeoff between power saving and complexity will be presented in another

paper.

This paper is organized as follows. Section 4.3 discusses the system model. Section 4.4 formulates the
system power consumption minimization problem with a sum rate constraint. Section 4.5 discusses numerical
algorithms to solve the constraint optimization problem. Section 4.6 evaluates the potential power reduction

of the proposed framework by simulation. Section 4.7 concludes the paper.
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4.3 System Model

A MIMO system with ¢ transmit antennas and r receive antennas can be modeled as [79]
y =Hx+n, (4.1)

where x € C**! is the transmitted signal vector, y € C"*! is the received signal vector, H € C"*? is the
channel matrix, and n € C™*! is the noise vector, which is modeled as a zero mean complex Gaussian vector
with independent and equal variance real and imaginary parts and covariance E {nnT} = I,02 where o2 is

the noise variance and I,. is a r X r identity matrix. H is assumed to be independent of x and n.

The radiated power from the transmit branches is

p = diag (Q), (4.2)
where Q is the covariance matrix of the transmitted signal vector x, Q = E {XXT} and diag(-) is a vector
consisting of the diagonal elements of the underlying matrix.

Therefore, the total radiated power becomes

where p,, is the nth element of p and the radiated power from transmit branch n.

The power consumption from branch n is modeled as

ﬁn = ﬁPA,n = ﬁn/ﬁna (44)

where p,, is the nth element of the power consumption vector from transmit branches p, ppa n is the power
consumption of the PA from transmit branch n , 7, is the average efficiency of the PA from transmit branch
n. Note that only the power consumed by the PA is considered in (4.4) as this paper focuses on medium and
long range applications where the PA at the transmitter usually dominates the system power consumption.

Other power consuming components can be integrated into (4.4) as future work.
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Thus, the system power consumption is

n=1 n=1

An engineering approximation model is adopted for average PA efficiency [70, 76, 72].
=1 (13) : (4.6)

where 7 (P) is the instantaneous PA efficiency at the average output level P. A more accurate average
efficiency model can be developed if the distribution of the power of the underlying signal is known [72].
With the instantaneous PA efficiency equations in [73], the average PA efficiency for Class A and Class B

PAs can be collectively written as

n=n (P) = (P/Pmaw)a * Tmaz (4.7)

where P4, is the maximal PA output power, 7,4, is the maximal PA efficiency, and « is the efficiency

exponent depending on the type of the PA. To be specific,

maz = Nmaz,A = 0.5 a=aoay =1, Class A,
N Nmaz,A A (48)

Nmaxz = Nmaz,B = 0.785 «=ap =0.5, Class B.

Note that in a practical system, a cognitive radio would enable learning of the efficiency relationship (e.g.,

(4.7) and (4.8)).

Therefore, the system power consumption from branch n in (4.4) can then be expressed as

. P a —an”A, Class A;
Pn = *Pn = Pl/z’ 1/2 . (49)
tmaz somas - pp -, Class B

It is interesting to note that, according to (4.9), the power consumption of a Class A PA is independent of
its output power level. In other words, the power consumption of a Class A PA is constant over its whole
range of output power level. Note that in this work we assume that the PAs in all branches are the same,
which is common in practice. However, this assumption can be removed by replacing Pz, Tmaz, and «

with their corresponding values for each branch if the PA in each branch is different for certain application
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requirement.

4.4 System Power Consumption Optimization for MIMO Systems

The learning capability of a CR helps minimize system power consumption. A CR learns not only channel
conditions as in a conventional radio, but also platform (component) capabilities and characteristics needed
for system power consumption optimization. This section formulates the system power minimization problem

with the knowledge on PA efficiency.

Based on the system model in Section 4.3, the system power consumption minimization problem with a
sum rate constraint can be formulated mathematically. This paper investigates the problem under two
common scenarios whose corresponding capacity results and capacity achieving power allocation algorithms
are available in the information theory literature [79, 80| so that performance comparison of the proposed

framework and the conventional MIMO system is possible. These scenarios are:

e Perfect channel state information at the receiver and the transmitter (CSIR-CSIT).

e Perfect channel state information at the receiver and channel distribution information at the trans-

mitter (CSIR-CDIT).

In this work, the CSI refers to the channel matrix, H. Therefore, under CSIR or CSIT, H is known at
the receiver or the transmitter, respectively. Under CDIT, the statistical distribution of H is known at the

transmitter.

For the CSIR-CSIT case, the system power consumption minimization with a sum rate constraint is formu-

lated as

P =Eg P(Q)], (4.10)

min
Q:C(Q)=Clgt
where Eg [] is the expectation operation with respect to the channel matrix H, Cy,, is the target rate, and

the achieved rate for the input covariance matrix Q is given by [79, 80]
C(Q) =log|I, + HQH'|. (4.11)

In this case, since every channel realization H is known at the transmitter, the transmitter can adapt the

transmit signal covariance matrix Q accordingly and obtain one optimal transmit signal covariance matrix
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Q for each channel realization H under the target rate constraint Cig:. The system power consumption is

averaged over all the channel realizations.

For the CSIR-CDIT case, the system power consumption minimization with a rate constraint can be formu-
lated as

pP= min P(Q), 4.12
Q:Eu([C(Q)]=Cltg: @ ( )

where C (Q) is given by (4.11). In this case, since the transmitter only knows the ensemble characteristics
of the channel realization H, it has to determine the transmit signal covariance matrix Q according to the
distribution of the channel realization H, resulting in only one transmit signal covariance matrix Q for all

channel realizations abiding by the same channel distribution under the target rate constraint Cjg;.

Since the PA efficiency characteristics 77, depending on the type of PA, can be nonlinear as shown in (4.7)
and (4.8), the analytical solutions to the constrained minimization problems defined in (4.10) and (4.12)
can only be obtained for certain class of PA. Therefore, numerical algorithms are developed to solve the

constrained optimization problems.

In contrast to the constrained system power consumption minimization problems defined in (4.10) and (4.12),

the problems that have been widely investigated in information theory are defined as [77, 78]

P=E min P , 4.13
Hqc@F@ﬂ(Q) (4.13)

and
P= min P(Q), (4.14)

Q:Eu[C(Q)]=Clgt
for the CSIR-CSIT case and the CSIR-CDIT case, respectively. These constrained minimization problems
focus on radiated power rather than system power consumption. Various power allocation algorithms have
been developed to solve these problems. However, the solutions to (4.13) and (4.14) may not be the same as
those to (4.10) and (4.12) due to the nonlinear relationship between the radiated power and the consumed
power. This paper solves the constrained system power consumption minimization problems under several
channel conditions and uses the solutions to the conventional constrained radiated power minimization prob-
lems as comparison baseline to demonstrate the benefit achieved with the knowledge of the radio component

characteristics using the proposed framework.
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4.5 Numerical Algorithms

This section discusses numerical algorithms to solve the constrained system power consumption minimization
problem defined in (4.10) and (4.12) in Section 4.4. It is assumed that any branch of the MIMO system can
be set to inactive independently as needed to reduce power consumption. Deactivating a transmit branch
results in a change in H, i.e., the column of H corresponding to the inactive transmit branch is removed
from H. In addition, for the same number of active transmit branches, different branch combination results

in different H.

Conventionally, the water filling algorithm [77] is used to solve the problem defined in (4.13) [79, 80]. For the
problem defined in (4.14), equal power allocation provides the optimal solution [79, 80]. However, due to the
nonlinear relationship between the radiated power and the consumed power, the algorithms solving problems
(4.13) and (4.14) are not necessarily the optimal solutions to the constrained system power consumption
minimization problems defined in (4.10) and (4.12). For this reason, this paper proposes several algorithms
to solve the constrained system power consumption minimization problems defined in (4.10) and (4.12). The
optimal solutions to the constrained radiated power minimization problems defined in (4.13) and (4.14) are

used as the comparison baseline.

4.5.1 Quasi-optimal Algorithm - Exhaustive Search

One way to find a quasi-optimal solution to the constrained minimization problem is exhaustive search. This
approach tests all antenna configuration and power allocation combinations for a given power allocation step
size to find a solution that is negligibly different than the true optimal solution. The pseudo code describing

the exhaustive search process is in Table 4.1.

For a MIMO system with ¢ transmit branches, the total number of power allocation combinations which has

to be searched by the algorithm, is

i t P —_ P . n
N.,s = _mazr - min +1 4.15
Z <[ Pstep —‘ ) ( )

n=1 n

Pmaz _szn !
([P e2) -
Pstep

where Pz, Pmin, and P, are the maximal output power, the minimal output power and the step size of
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Table 4.1: Quasi-optimal Algorithm - Exhaustive Search

e Initialization

1. Create and store N power allocation combinations in Q..

2. Power allocation combination index: ¢ = 0.

e Iteration

1. i=4+1.
2. If ¢ < Nes
(a) Pick power allocation Q = Q.(7).

)
) Calculate and store corresponding achieved rate, C' (Q).
(¢) Calculate and store corresponding radiated power, p.
) Calculate and store corresponding consumed power, p.
) Calculate and store corresponding system power consumption, P Q) = 2221 Dn-
) Go to step 1.

e Decision

1. If any power allocation achieves target rate, Cyqy

(a) Return power allocation and antenna configuration achieving target rate with min-
imal power consumption.

else

(a) Return power allocation and antenna configuration achieving maximal rate with
minimal power consumption.

42
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the power allocation, respectively, and [-] is the ceiling function. This number is related to the computational
complexity and the memory footprint of the algorithm. For a large power range, a small step size, or a large

number of branches, the execution time and memory footprint of this algorithm can be prohibitive.

4.5.2 Suboptimal Algorithm 1 - Branch Adaptation

In order to reduce the computational burden and the memory requirement, a suboptimal algorithm is
proposed. The water-filling algorithm and equal power allocation are used to allocate power for each branch
combination for problems defined in (4.10) and (4.12), respectively. Hence, the time and memory consuming
exhaustive search is avoided. This algorithm differs from the conventional water-filling algorithm and the
equal power allocation algorithm in a way that the branches in the conventional water-filling algorithm and
the equal power allocation algorithm are fixed while the choice of branches in this proposed algorithm is
adapted to minimize system power consumption. Therefore, we call this algorithm branch adaptation. The

pseudo code describing the branch adaptation algorithm is in Table 4.2.

The total number of power allocation combinations to be searched by the algorithm is
Noa =) =2 1. (4.16)

The branch adaptation algorithm results in much less computational burden and smaller memory requirement

as compared to the exhaustive search algorithm.

4.5.3 Suboptimal Algorithm 2 - Branch Minimization

The suboptimal algorithm 1 can be further simplified based on the observation in the MIMO systems
employing Class A PAs: the more transmit branches the MIMO system uses, the more power the system
consumes. The power consumption of the Class A PA is the same no matter what the output power is.
Therefore, it makes sense to use the minimal number of branches (PAs) as the system power consumption
is linearly proportional to the number of active branches as long as the target rate can be achieved. In
suboptimal algorithm 2, the number of active branches increases only when the current number of active
branches cannot satisfy the rate requirement. We call this algorithm branch minimization. As in branch

adaptation algorithm, the water-filling algorithm and the equal power allocation algorithm are used to
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Table 4.2: Suboptimal Algorithm 1 - Branch Adaptation

e Initialization

1. Number of active transmit antennas: n; = 0.

2. Power allocation: Q = 0.
e Iteration

1. nt:nt—l—l.

(a) Calculate and store power allocation, Q, (water filling algorithm for problem (4.10)
and equal power allocation for problem (4.12)), for target rate, Cygs.

(b) Calculate and store corresponding radiated power, p.

(¢) Calculate and store corresponding consumed power, p.

(d) Calculate and store corresponding system power consumption, P Q) = 2221 Dn-
(e) Go to step 1.

e Decision

1. If any power allocation achieves target rate, Cyqy

(a) Return power allocation and antenna configuration achieving target rate with min-
imal power consumption.

else

(a) Return power allocation and antenna configuration achieving maximal rate with
minimal power consumption.
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Table 4.3: Suboptimal Algorithm 2 - Branch Minimization

e Initialization

1. Number of active transmit antennas: n; = 0.

2. Power allocation: Q = 0.
e Iteration

1. nt:nt—l—l.

(a) Calculate and store power allocation, Q, (water filling algorithm for problem (4.10)
and equal power allocation for problem (4.12)), for target rate, Cygs.

=

o

Calculate and store corresponding radiated power, p.

Calculate and store corresponding consumed power, p.

D~
o

Calculate and store corresponding system power consumption, P Q) = 2221 Dn-

—
@

If any power allocation achieves target rate, Cyg;

i. Return power allocation and antenna configuration achieving target rate with
minimal power consumption

else if ny >t

i. Return power allocation and antenna configuration achieving maximal rate
with minimal power consumption

else

i. Go to step 1.

allocate power for each branch combination for problems defined in (4.10) and (4.12), respectively. The

pseudo code describing the branch minimization algorithm is in Table 4.3.

In the worst case, the total number of power allocation combinations for branch minimization algorithm
is the same as that for the branch adaptation algorithm. The actual average number of combinations the
branch minimization algorithm has to evaluate, depending on the distribution of the channel state and the

target data rate, is lower than that of the branch adaptation algorithm.

Note that the branch minimization algorithm provides better performance for systems with Class A PAs
than for systems with Class B PAs since the power consumption of systems with Class B PAs depends not
only on the number of active branches but also the actual radiated power from each branches. This difference
is observed in the later simulation results. However, the branch minimization algorithm is simpler than the
exhaustive search algorithm and the branch adaptation algorithm. It may be useful for systems with Class

B PAs when fast adaptation is desired.
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4.6 Performance Evaluation and Simulation Results

This section evaluates the performance of the proposed optimization framework and algorithms by simulation.
We assume a 4 x 4 MIMO system with identical branches (r =t = 4). Maximal output power for each branch
is 1 W (Ppar = 1 W) and an inactive branch radiates zero power (P, = 0 W) and consumes zero power.
In the exhaustive search algorithm, a step size Psip = 107 W is used. The channel is memoryless flat
Rayleigh faded. For the CSIR-CSIT case, both uncorrelated and correlated fading are considered. For the
CSIR-CDIT case, the fading is assumed to be uncorrelated. For the uncorrelated case, H is assumed to
be a complex Gaussian random matrix with independent and identically distributed (i.i.d.) entries, each
entry having independent real and imaginary parts with zero mean and equal variance % [79]. Hence, the
amplitude of the element of the channel matrix follows a Rayleigh distribution. Correlated channel matrix is
generated using uncorrelated channel matrix and covariance matrices at transmitter and receiver as shown
in [81]. The maximum average signal to noise ratio (SNR) per channel? under maximum radiated power is
assumed to be 10 (e = 10) to achieve the desired rate range. In other words, the radiated power from
each branch can be scaled (from 0 to Py,,.) so that the received SNR satisfies the requirement for the given
target rate. Monte Carlo simulation consisting of 10° trials is performed and one channel matrix realization

is drawn for each trial.

The system power consumption reduction is defined as

Pcon _Pcog

con

- 100%, (4.17)

Psaving =

where P,,, is the system power consumption of a MIMO system with a conventional power allocation scheme
(i.e., the water-filling algorithm for the CSIR-CSIT case and the equal power allocation for the CSIR-CDIT
case), and P.,, the system power consumption of a MIMO system with the proposed CR framework. The

MIMO systems employing Class A PAs and Class B PAs are simulated for each case.

4.6.1 CSIR-CSIT Case

The proposed framework is evaluated for the CSIR-CSIT case under the uncorrelated and correlated Rayleigh

fading environment, respectively. The comparison baseline is a MIMO system with the water-filling algorithm

anttE [IIH||%], where ||H]||f is the Frobenius norm of H. In this work, we assume o2 = 0.1,

zf_ymaz is defined as Ymaz =

so that maz = 10.
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Figure 4.1: Power savings for MIMO systems with Class A PAs for CSIR-CSIT case.

which is the optimal power allocation scheme for the CSIR-CSIT case in terms of radiated power minimization

[79, 80].

CSIR-CSIT with Uncorrelated Fading

The performance of the proposed framework for MIMO systems with Class A and Class B PAs under

uncorrelated Rayleigh fading is discussed in this section.

The power savings and the corresponding antenna configuration of the proposed framework for MIMO
systems with Class A PAs under different rate constraints are shown in Figures 4.1 and 4.2. Up to 75%
power savings can be achieved depending on the rate requirements. The power savings decrease as the target
rate increases. The proposed framework and algorithms tend to use as few transmit branches as possible.
As mentioned in Section 4.3, the power consumption of Class A PA is the same for all output power levels.
Therefore, the more transmit branches the MIMO system uses, the more power it consumes. At lower target
rate, the proposed framework uses fewer transmit branches. As the target rate increases, more transmit
branches are activated (see Figure 4.2). In other words, the power consumption of the proposed framework
increases as the target rate. On the contrary, the system power consumption of the conventional approach
is the same over all target rates since it always uses all transmit branches no matter what the target rate

is. Therefore, the power savings decrease as the target rate increases. The decrease in power savings also
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Figure 4.2: Antenna configuration for MIMO systems with Class A PAs for CSIR-CSIT case.

indicates that the power efliciency of conventional MIMO systems is better at higher rate region. Note that
the power savings results are average power savings and obtained using Monte Carlo simulation. Due to
the statistical nature of the channel, it is rare that all channels simultaneously fall in deep fade. Therefore,
when the transmit antennas can be selected based on the knowledge of the channel matrix, it is highly likely
that some good channels can be found for a given target rate. In other words, the number of antennas is

expected to be similar even for different channel realizations given the same target rate.

The power savings and the average number of active antennas results in Figures 4.1 and 4.2 are almost
identical for the exhaustive search, the branch adaptation, and the branch minimization algorithms. This
is because the system power consumption and power savings for the Class A PA case are determined by
the number of active antennas. The exhaustive search, the branch adaptation, and the branch minimization
algorithms arrive at the same number of active antennas for the same target rate. The results suggest the
branch minimization algorithm provides the best tradeoff between power savings and algorithm complexity

for the Class A PA case.

The power savings and the corresponding antenna configuration results of the proposed framework for MIMO
systems with Class B PAs are shown in Figures 4.3 and 4.4. Up to 30% of power savings can be achieved
depending on the rate requirements. Compared with the Class A PA case, lower power savings are observed
for the Class B PA case. This is because Class B PAs have higher efficiency than Class A PAs at all output

power levels. Hence, the power consumption penalty for using more branches in conventional MIMO systems
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Figure 4.3: Power savings for MIMO systems with Class B PAs for CSIR-CSIT case.
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Figure 4.4: Antenna configuration for MIMO systems with Class B PAs for CSIR-CSIT case.

is less severe for the Class B PA case.

Note that the power savings and the average number of active antennas results in Figures 4.3 and 4.4 are
almost identical for the exhaustive search and the branch adaptation algorithms. However, the performance
gap between the exhaustive search and the branch minimization algorithms is larger than that in the Class A

PA case. This observation is consistent with earlier discussion on the branch minimization algorithm that its
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performance may be inferior to the branch adaptation algorithm for systems with Class B PAs. For example,
at target rate of 5 b/s/Hz, there is a large gap in power savings between the exhaustive search algorithm
(and the branch adaptation algorithm) and the branch minimization algorithm as shown in Figure 4.3. From
Figure 4.4, the exhaustive search algorithm (and the branch adaptation algorithm) uses 2 branches while the
branch minimization algorithm uses only 1 branch at that rate. This suggests at certain rates, for MIMO
systems with Class B PAs, using more transmit branches can reduce system power consumption. Overall,
the results suggest the branch adaptation algorithm provides the best tradeoff between power savings and

algorithm complexity for the Class B PA case.

CSIR-CSIT with Correlated Fading

This paper also investigates the performance of the propose framework and algorithms for the CSIR-CSIT

case with correlated Rayleigh fading.

Channel measurement results show that the channel covariance matrix can be modeled as [82, 83]
Ru = Riy ® Ri¥, (4.18)

where Ry, Rf{ and Rﬁz are the channel covariance matrix, the covariance matrix at the transmitter, and

the covariance matrix at the receiver, respectively, and ® stands for Kronecker product operation.

The underlying correlated channel can then modeled as [81]

H= (RI{%)W H, [(RQ)W]T, (4.19)

1/2

where H,, is a stochastic channel matrix with i.i.d. elements, and (-)1/2 and (:)T denote the matrix square

root operation and matrix conjugate transpose operation, respectively. In this paper, the elements of H,,
are assumed to be i.i.d. complex Gaussian random variables having independent real and imaginary parts
1

with zero mean and variance 5-

The covariance matrices at the transmitter and the receiver are modeled by the exponential correlation model
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[84] for equally spaced antennas

[ 1 oT pfr_l ]
e 120
o7 oer I
and _ _
1 PR e Pt
R — | " 1 ,pgz : (4.21)
PR PR I

respectively, where pr and pr are covariance between adjacent antennas at the transmitter and the receiver,

respectively.

As this work focuses on PAs at the transmitter, this section only shows the simulation results for systems
with channel correlation at the transmitter. Similar results can be obtained for systems with correlation at

the receiver and at both transmitter and receiver.

The power savings and the corresponding antenna configuration results obtained with the proposed frame-
work for MIMO systems with Class A PAs are shown in Figures 4.5 and 4.6 for different channel correlation
at the transmitter. In these figures, the results are plotted within their corresponding achievable rate region
(i.e., 17 b/s/Hz for pr = 0, 14 b/s/Hz for pr = 0.2, and 8 b/s/Hz for pr = 0.8). The proposed framework
and algorithms achieve significant power reduction. In general, the capacity decreases as the antenna corre-
lation increases [80]. In other words, more antennas are usually needed to achieved the same target rate as
correlation increases. Therefore, the power savings decrease. This relationship between the power savings
and the number of active antennas is clearly demonstrated in Figures 4.5 and 4.6 for MIMO systems with

Class A PAs.

The power savings and the corresponding antenna configuration results obtained with the proposed frame-
work for MIMO systems with Class B PAs are shown in Figures 4.7 and 4.8 for different channel correlation
at the transmitter. As in the Class A PA case, the results are plotted within their corresponding achievable
rate region. The proposed framework and algorithms achieve significant power reduction. Different from

what observed for the Class A PA case, the power savings for a channel with higher correlation could be
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Figure 4.5: Power savings for MIMO systems with Class A PAs with channel correlation at the transmitter
for CSIR-CSIT case.
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Figure 4.6: Antenna configuration for MIMO systems with Class A PAs with channel correlation at the
transmitter for CSIR-CSIT case.

higher than that with lower correlation in some target rate region. This is largely due to the nonlinear rela-
tionship between the radiated power and the power consumption for the Class B PA case instead of constant
power consumption for the Class A PA case. This nonlinear relationship results in possible power savings

with more antennas within certain target rate region. This observation is also confirmed by the simulation
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Figure 4.7: Power savings for MIMO systems with Class B PAs with channel correlation at transmitter for
CSIR-CSIT case.
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Figure 4.8: Antenna configuration for MIMO systems with Class B PAs with channel correlation at trans-
mitter for CSIR-CSIT case.

results in Figures 4.3 and 4.4 for uncorrelated MIMO systems with Class B PAs. Comparing the power
savings and the number of active antennas results between the exhaustive search algorithm (quasi-optimal)
and branch minimization algorithm (suboptimal 2) in Figures 4.3 and 4.4, it is clear that at some target

rates, using more antennas can achieve further power savings.
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Figure 4.9: Power savings for MIMO systems with Class A PAs for CSIR-CDIT case.

Based on the results observed for the Class A PA case and the Class B PA case, it is necessary for the
framework to dynamically decide the antenna configuration for different channel conditions and PA charac-

teristics.

4.6.2 CSIR-CDIT Case

The proposed framework is evaluated for the CSIR-CDIT case with uncorrelated Rayleigh fading. The
comparison baseline is a conventional MIMO system with the equal power allocation algorithm which is
optimal for the CSIR-CDIT case in terms of radiated power minimization [79, 80]. MIMO systems with
Class A PAs and Class B PAs are investigated.

The power savings and the corresponding antenna configuration results of the proposed framework for MIMO
systems with Class A PAs are shown in Figures 4.9 and 4.10. Up to 75% of power savings can be achieved
depending on the rate requirements. Similar trend in power savings and the number of active antennas is

observed in the CSIR-CDIT case as in the CSIR-CSIT case with Class A PAs.

As in the CSIR-CSIT case, the exhaustive search, the branch adaptation, and the branch minimization
algorithms achieve identical results in power savings and the number of active antennas for the CSIR-CDIT
case as shown in Figures 4.9 and 4.10. The results suggest the branch minimization algorithm provides the

best tradeoff between power savings and algorithm complexity for the Class A PA case.
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Figure 4.10: Antenna configuration for MIMO systems with Class A PAs for CSIR-CDIT case.
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Figure 4.11: Power savings for MIMO systems with Class B PAs for CSIR-CDIT case.

The power savings and the corresponding antenna configuration results of the proposed framework for MIMO
systems with Class B PAs are shown in Figures 4.11 and 4.12. Up to 50% of power savings can be achieved
depending on the rate requirements. Similar trend in power savings and the number of active antennas is
observed for the CSIR-CDIT case as for the CSIR-CSIT case with Class B PAs under uncorrelated fading.
The power savings for the CSIR-CDIT case is higher than that for the CSIR-CSIT case at low rate region.
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Figure 4.12: Antenna configuration for MIMO systems with Class B PAs for CSIR-CDIT case.

As the CSIR-CSIT case has more accurate information on the channel, the transmitter (both conventional
and cognitive) can be more power efficient than that for the CSIR-CDIT case. Hence, the room for further

power savings is less for the CSIR-CSIT case.

As the CSIR-CSIT case, the exhaustive search and the branch adaptation algorithms achieve almost identical
results in power savings and the number of active antennas as shown in Figures 4.11 and 4.12 for the CSIR-
CDIT case. The performance gap between the exhaustive search and the branch minimization algorithms is
larger than that for the Class A PA case for the same reason as in the CSIR-CSIT case. The results suggest
the branch adaptation algorithm provides the best tradeoff between power savings and algorithm complexity

for the Class B PA case.

4.7 Conclusion

This paper discusses the theoretical framework of system power consumption optimization for MIMO systems
using cognitive radio. The system power consumption minimization problem with a rate constraint for MIMO
systems is formulated and numerical algorithms to the constrained minimization problem are developed. The
power savings achieved by the proposed framework and power allocation algorithms in comparison with the

conventional power allocation scheme is evaluated by simulation for 4 x 4 MIMO systems with Class A PAs
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and with Class B PAs, respectively. The impact of availability of channel state information at the transmitter
and the receiver and the correlation between the transmit antennas are investigated. The simulation results
show that significant system power savings (e.g., up to 75% for MIMO systems with Class A PAs and 30%
for MIMO systems with Class B PAs when the channel state information is known at both the transmitter
and the receiver, and 75% for MIMO systems with Class A PAs and 50% for MIMO systems with Class B
PAs when the channel state information is known at the receiver and the channel distribution information is
known at the transmitter) can be achieved using the proposed framework. In addition, the power savings for
the Class A PA case and for the Class B case set the boundaries for the popular Class AB operation. This
framework can be applied to other MIMO structures other than the 4 x 4 MIMO example, which has been
proposed in recent wireless standards. For example, 4 x 4 MIMO is optional for LTE and IEEE 802.11n and
mandatory for LTE-A. For other MIMO structures, such as, 2 x 4 or 4 X 2, the maximum number of parallel
virtual channels and the maximum achievable rate may be different under the same channel characteristics

assumption. However, the trend on average power savings is similar.

The framework and results obtained in this paper can also be used to improve power efficiency of existing
MIMO systems. The knowledge of PA efficiency characteristics and its impact on system design are essential
for the power savings. For example, a simple yet effective modification of a conventional system, which is
allowed to activate/deactivate branches, is to minimize the number of active antennas. This is the suboptimal
2 algorithm. It achieves good performance for systems with Class A PAs and some power savings for systems
with Class B PAs. Note that additional devices, added complexity, and associated power consumption
are critical aspects to be considered when modifying the existing systems. Based on our experience on
implementing a cognitive engine for wireless regional area networks (WRAN) devices [85], we think the
balance between power savings and additional cost can be found. This balance depends much on specific
system requirement and requires extensive studies. A detailed cost study would have to be done carefully
and elaborately. In additional to cost, another important decision on how fast the antenna configuration
is adapted has to be made in modifying existing systems or designing new systems. To maximize power
savings, we need to shut down the unused branches (at least PAs). Due to the inertia of analog circuits (take
some time to power up and power down), this cannot be done instantaneously. It, e.g., requires a few micro-
seconds (depends heavily on the design). There is a balance between how fast we can adapt and how much
power savings we can achieve. In this paper, we assume the adaptation of antenna configuration can keep
up with channel changes. However, in real systems, it may not be possible to adapt antenna configuration

(shutting down / powering up branches, etc) as fast as channel changes. It may not be desirable to change
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antenna configuration during transmission of a data packet, either. On the order of packet rate, it is possible
to adapt antenna configuration. Therefore, the proposed approach needs to be carefully revised for real

system implementation.

In addition to power consumption optimization detailed in this paper, the cognitive radio based approach
may be useful to optimize radio operation for other goals. Unique to a CR system are its awareness, learning,
and decision making capabilities, which enable some popular applications, such as dynamic spectrum access
(DSA) [25] to improve radio spectrum efficiency. In this paper, we focus on the benefit CR can bring in terms
of power savings, which is one aspect of many other optimizations CR is expected to handle. Furthermore,
the new universal mobile telecommunications system (UMTS) proposals advocate self-configuring and self-
organizing wireless networks [86] which is able to automatically manage wireless networks during operation.
A CR based approach may be beneficial to this new automatic management task through online learning
and monitoring of network operation, integrating learned knowledge about network operation in network
optimization, and dynamically reconfiguring network to improve network efficiency. In summary, a cognitive
radio based radio resource management framework may be applied to many applications and provide unique

benefits beyond a conventional radio resource management framework.



Chapter 5

Review on Artificial Intelligence

Techniques for Cognitive Engine Design

After the investigation on power savings for SISO and MIMO systems, this chapter!' deals with the enabling
function in this work, the cognitive engine. It reviews several widely used artificial intelligence (AI) tech-
niques: artificial neural networks, meta-heuristic algorithms, hidden Markov models, rule-based systems,
ontology-based systems, and case-based systems. Factors that influence the choice of Al techniques, such as
responsiveness, complexity, security, robustness, and stability are discussed. These factors are illustrated in

the discussion of two cognitive engine design cases to provide readers with a more concrete understanding.

(The following is the published journal paper on this subject.)

A Survey of Artificial Intelligence for Cognitive Radios

1©2010 IEEE. Reprinted, with permission, from A. He, K. K. Bae, T. R. Newman, J. Gaeddert, K. Kim, R. Menon, L.
Morales, J. Neel, Y. Zhao, J. H. Reed, and W. H. Tranter, “A survey of artificial intelligence for cognitive radios,” IEEE
Transactions on Vehicular Technology, vol. 59, no. 4, pp. 1578-1592, May 2010. This material is posted here with permission
of the IEEE. Such permission of the IEEE does not in any way imply IEEE endorsement of any of the Virginia Tech’s products
or services. Internal or personal use of this material is permitted. However, permission to reprint/republish this material for
advertising or promotional purposes or for creating new collective works for resale or redistribution must be obtained from the
IEEE by writing to pubs-permissions@ieee.org. By choosing to view this material, you agree to all provisions of the copyright
laws protecting it.
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5.1 Abstract

Coguitive radio (CR) is an enabling technology for numerous new capabilities such as dynamic spectrum
access, spectrum markets, and self-organizing networks. To realize this diverse set of applications, CR
researchers leverage a variety of Artificial Intelligence (AI) techniques. To help researchers better understand
the practical implications of AI to their CR designs, this paper reviews several CR implementations that used
the following AI techniques: artificial neural networks, meta-heuristic algorithms, hidden Markov models,
rule-based systems, ontology-based systems, and case-based systems. Factors that influence the choice of Al
techniques, such as responsiveness, complexity, security, robustness, and stability are discussed. To provide
readers with a more concrete understanding, these factors are illustrated in an extended discussion of two

CR designs.

5.2 Introduction

With roots arguably tracing back to early cellular systems and personal communications systems, cognitive
radio (CR) research has greatly expanded since the concept was first formalized in late 1990’s [23]. The
assumption of CR or CR-like capabilities formed the basis for the FCC’s tentative approval to unlicensed
devices to operate as secondary users in the TV spectrum (the so-called “white space”) [87], the OFCOM’s
plans for the digital dividend [88], and the plans for future US military networks [89]. CR has been proposed
for a wide range of applications such as automated interoperability for public safety systems [59], cognitive
networking [60], spectrum markets [61], femtocells [62], self-organizing networks, cooperative relaying and
networks [63], smart grid communications [64] and vehicular networks [65]. CR promises to dramatically
improve spectrum access [54], capacity [66], and link performance [67] while also more closely tying the

behavior of the network to the needs of the user [23].

While all of these applications are recognized as in the domain of “cognitive radio,” there is much disagreement
on exactly what is, and is not, a CR with seemingly everyone having their own definition (e.g., see [23, 24,
53, 57, 90, 91]). Nonetheless, the following attributes are commonly expected from a CR and form a baseline

set of assumptions for the remainder of this paper.

1. Observation - collect information about the operating environment, capability, and characteristics of

the radio;
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2. Reconfiguration - change the operation parameters of the radio;

3. Cognition - understand the environment and capability of the radio (awareness), make informed
decisions on actions (reasoning), and learn the impact of these actions on the performance of the

radio as well as the performance of the network in which the radio is embedded (learning).

These three attributes can be embodied in a common element known as a cognitive engine (CE). This paper
defines a CE as an “intelligent” agent that manages the cognition tasks in a CR, where intelligence denotes
behavior that is consistent with a specified goal [53]. The CE can be implemented as an independent entity
interacting with the radio transceiver (e.g., reconfigurable radio transceiver implemented with software de-
fined radio (SDR)), or as a collection of interacting entities with each entity fulfilling a specific role. Given
the input from its environment or user (observation), the CE analyzes and classifies the situation and deter-
mines the appropriate response to the stimulus (cognition), and carries out the decision (reconfiguration).
As an example, this response can be adapting radio parameters, such as, channel coding scheme, modula-
tion scheme and operation frequency, given user requirements, current environment conditions, and previous

experiences at the CE.

How to implement the various aspects of a CE is an active area of research in which considerable attention
is given to each of these three attributes. This paper focuses on the practical issues associated with realizing
cognition in a radio, which we view as an application of artificial intelligence (AI) to the radio domain,
while only considering the aspects of observation and reconfiguration as needed for clarity. Specifically, this
paper surveys the state-of-the-art in the use of Al in CR to ascertain available choices for implementing
a practical CR and the relative merits of various proposed techniques in differing applications. The paper
takes the following structure: Section 5.3 reviews Al techniques proposed for use in a CE and presents
examples of their applications. Section 5.4 discusses practical issues with CR such as convergence time,
implementation complexity, stability and how to handle multiple coexisting Als, perhaps within a single CE.
Section 5.5 reviews two CEs developed using different AI techniques. Finally, Section 5.6 concludes with

some observations on the different Al techniques.

5.3 Artificial Intelligence Techniques for Cognitive Radio

Awareness, reasoning, and learning are the basic components of a CR discussed in this paper. Despite

various definitions of these terms, in this paper, awareness refers to the process of extracting the information
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regarding environment and radio itself for a specific purpose. Reasoning is defined as the process of finding
an appropriate action in response to a particular situation with a system target (e.g., maximum operating
lifetime, maximum robustness, lowest-cost communications) based on user application quality of service
(QoS) requirement (e.g., latency, bit error rate (BER)) and willingness to share resources and collaborate
with other devices in the network. Learning is defined as the process of accumulating knowledge based
on the observed impact upon applying the action. Typically, these processes complement each other to
improve the operation of the CR process as a whole. In other words, awareness, reasoning, and learning
in a CR interact and influence each other. Among these three, awareness is the starting point of a CR
process and is the foundation of learning and reasoning. Learning can improve reasoning by enriching the
knowledge or experience used in reasoning process. Powerful reasoning can improve the efficiency of learning
by providing good examples for learning in return. This section presents some Al techniques that have been
proposed throughout literature as possible candidates for CR. They are presented in the order of historical
development. The discussion on general Al and its applications is out of the scope of this paper, on which
abundant information may be found at [92], the website provided by the Association for the Advancement

of Artificial Intelligence.

5.3.1 ANN

The first artificial neural was presented by the neurophysiologist Warren McCulloch and the logician Walter
Pits in 1943 for the study of human brain. The idea of artificial neural network (ANN) then be applied to
computational models. Modeled on a nerve plexus, an ANN is nothing more than a set of nonlinear functions
with adjustable parameters to give a desired output [93]. Different types of ANNs are separated by their
network configurations and training methods, allowing for a multitude of applications. However, they all
are comprised of neurons interconnected to form a network. Each artificial neuron usually produces a single
output value by accumulating inputs from other neurons. While there are many types of ANNs available in

the literature, only those most common and applicable to CR are presented here.

MLPN

Multi-layer linear perceptron networks (MLPNs) are comprised of layers of neurons, each a linear combination
of the previous layer’s outputs. Generally, the weights for the linear combination are chosen randomly before

training and can be updated using several methods, such as back propagation (BP) [93], genetic algorithm,
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or combinations of methods. The performance of such training algorithms is dependent upon the size of the
network and its application. Hybrid training methods can be used to extract the best features from each,

such as pre-training a network with a genetic algorithm, and then refining the output using BP.

NPN

By introducing nonlinearity into the network through perhaps squaring the inputs, or cross-multiplying two
inputs, the network can be customized to fit the sample set. Although multilayer nonlinear perceptron
networks (NPNs) can provide highly flexible and dynamic results, their network configuration must often
reflect the data which they represent. Furthermore, BP for training the weights in the neurons may be slow

to converge, requiring significant processing time to achieve precise results [93].

RBFN

Similar to NPN, radial basis function networks (RBFNs) have a built-in distance criterion with respect to a
center (a radial nonlinear function) in its hidden layer. This transformation has the advantage of preventing
the network from settling into local minimals, a common problem with perceptron networks. The function
itself is usually Gaussian, but Euclidean distance and others have also been used [93]. Training is often

implemented with the gradient descent method.

Application of ANN to CR

Because of their ability to dynamically adapt and be trained at any time, ANNs are able to “learn” patterns,
features, and attributes of the system they describe. The term “learn” refers to the fact that the neurons are
stored in computer memory, the outputs of which can be adjusted systematically to yield a new result for a
new situation, and remember the results. The attributes can be highly nonlinear, complex, and numerous,
yet ANNs can be constructed by only a few examples, thus reducing the complexity of the solution. For this
reason they have long been used to describe functions, processes, or classes that are otherwise difficult to
formulate analytically. Therefore, ANN not only can be used to classify or recognize received stimuli, but

also to assist in solution adaptation process.

The ANN has been adopted in spectrum sensing for CR [94, 95, 96]. In [94], Fehske et al. develop an

ANN-based signal classifier utilizing the extracted cyclostationary signal features. The combination of cy-
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clostationary analysis and ANN provides efficient and reliable signal classification and reduces the online
processing time by performing significant amount of computation offline. In [95], Cattoni et al. use the ANN
to classify different IEEE 802.11 signals (the complementary code keying (CCK) signal and the orthogonal
frequency division multiplexing (OFDM) signal) based on the frequency features. In [96], Zhu et al. evaluate
an ANN-based spectrum sensing algorithm for wireless mesh networks. The simulation results show that the

ANN-based algorithm achieves better performance in accuracy and speed than the Bayesian based algorithm.

The ANN has also been used for radio parameter adaptation in CR [58, 97, 98]. In [58], Reed et al. de-
velop a CR testbed using Tektronix test equipment as RF hardware and a PC running Open Source SCA
Implementation (OSSIE [99, 100]) for different waveforms. The ANN determines radio parameters for given
channel states with three optimization goals, including meeting BER, maximizing throughput, and minimiz-
ing transmit power. In [97], Hasegawa et al. propose an ANN-based distributed optimization algorithm for

large scale cognitive wireless clouds which consists of many heterogeneous terminals and networks.

Baldo et al. propose to use the ANN to characterize the realtime achievable communication performance in
CR [101]. Since the characterization is based on runtime measurement, it provides certain learning capability
that can be exploited by CE. The simulation results demonstrate good modeling accuracy and flexibility in

various applications and scenarios.

In addition, the ANN has been used for pattern classification in a pattern based transmission for CR [102, 103]
where the transmission bit string is mapped to a signal pattern at the transmitter and the received pattern

is classified and mapped back to a bit string at the receiver using the ANN.

5.3.2 MA

Explicit relations between parameters of a CR and desired performance metrics are usually not available.
Therefore, search algorithms based on mathematical relations cannot be applied to find optimal parame-
ters with respect to performance metrics. Instead, metaheuristic algorithms (MA) [104] can be applied to
computationally hard problems to search through the solution space while learning and establishing the
requisite relationships. Although the term “metaheuristic” was probably first mentioned in 1986 [105], it
can be traced back to earlier work on stochastic optimization methods in 1950’s [106]. Several selected

metaheuristic algorithms are presented here and their relative merits are summarized in Table 5.1.
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Table 5.1: Characteristics of metaheuristic techniques

Decision Pro-
cess

Key Benefits

Drawbacks

Provides globally optimal solu-
tions for class of convex opti-
mization problems; Convergence
properties are well-analyzed.

Could yield sub-optimal (non-desirable) solutions
for ill-behaved functions; Branch-and-bound, clus-
tering and multi-start techniques that enhance
performance need access to global information in
addition to being computationally intensive.

Classical Tech-
niques
Genetic  Algo-
rithms

Well-investigated for wireless ap-
plications.

Convergence has not been fully investigated; Effi-
ciency depends on proper parameter selection.

Simulated An-
nealing

Asymptotically converges to
globally optimal solution with
probability 1; Easy to implement.

Convergence rate can be slow; Only converges to a
global optimal as time goes to infinity for a finite
search space.

Tabu Search

Easy to implement.

Efficiency depends on proper parameter selection.

Ant Colony Op-
timization

Can easily adapt to changes in
real-time.

Inferior to simulated annealing for local searches.

Evolutionary/Genetic Algorithms/GAs

GAs [107], which are a particular class of evolutionary algorithms, draw their inspiration from genetic

evolution and natural selection of species in nature.

The definitions of chromosomes and fitness functions are fundamental to the description of a GA. Chro-
mosomes are abstract representations of candidate solutions. A fitness function, closely correlated with the
objective of the algorithm or optimization process, quantifies the desirability of the solution. Candidate
solutions are evaluated on the basis of the values they generate for the fitness function (called fitness levels),
which characterize the performance of candidate solutions. An ideal fitness function should lend itself to
fast computation, since it takes several evaluations to produce a single generation, and several generations
to produce a useful result. A GA maintains a population of candidate solutions for a given problem. The
fitness of the population is evaluated and multiple individuals (based on fitness levels) are selected to form
a new population by “reproduction” (combination of candidate solutions) and “mutation” (incorporation of
some new solution trait to the current solution). This new population then becomes the current population
for the next iteration (or generation). In this process, “unfit” elements eventually die out and are replaced

by solution offspring with increased fitness levels.
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SA

Simulated annealing (SA) [108] is a simple approach for global optimization in a large search space. SA is
motivated by the annealing process in metallurgy, a process involving controlled slow cooling of a heated

melt to reduce or remove defects and achieve perfect crystallization of the material.

At each step, the SA algorithm considers some neighbors of the current state s, and probabilistically decides
either to move the system to state s’ or stay in state s. The probabilities are chosen so that the system
ultimately tends to move to states of lower energy. Typically this step is repeated until the system reaches a
state which is good enough for the application, or until a given computation budget has been exhausted. The
local search space size is usually a function of the current energy level or sometimes time from start. This
way, the algorithm initially wanders in a broad area of the search space containing good solutions, ignoring
small features of the energy function and as it moves toward lower energy regions, the search space becomes

narrower and narrower.

TS

Tabu search (TS) [109] enhances the performance of a search method by using a memory structure.

The basic elements of TS are memory structures called Tabu list. The list ensures that a recent move is
not repeated or reversed. TS uses memory in different ways to guide the search procedure and the role
of memory can change as the search proceeds. When the search procedure is in some region with more
acceptable solutions, it might be more advantageous to intensify or focus the search. Such intensification
can be carried out by prioritizing solutions which have common features with the current solution. This
can be done with the introduction of an additional term in the objective function which penalizes solutions
far from the present one. At other times, it might be useful to spread the exploration space of the search
algorithm and this can be done by diversification. As before, diversification can be achieved by introducing
an additional term in the objective function which penalizes solutions that are close to the present solution.
Dynamic weights are attached to the intensification and diversification terms such that intensification and

diversification phases alternate during the search.
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ACO

Ant colony optimization (ACO) [110] is inspired by the behavior of ants in finding shortest paths from their

colonies to food sources.

Ants initially wander randomly and upon finding food return to their colony while laying down pheromone
trails. Upon finding a pheromone trail, other ants follow this trail rather than randomly wandering. Thus
a successful pheromone trail (a trail that leads to food) is continually reinforced. Also, the pheromone trail
starts to evaporate over time. Hence the pheromone trail is more attractive if the time taken to travel the
path is shorter as this gives the pheromone lesser time to evaporate. The ants are thus successful in finding
the shortest path to a food source. ACO mimics this ant behavior with “simulated ants” walking around
a graph representing the problem to solve and finding locally productive areas. ACO algorithms search
in parallel over several constructive computational threads based on local problem data and a dynamic
memory structure containing information on the quality of previously obtained result. These algorithms
thus combine apriori information about the structure of a promising solution with a posteriori information

about the structure of previously obtained good solutions.

Application of MA to CR

The metaheuristic techniques presented here can not only be used for reasoning or finding optimal solution
with objective/utility function, but also be used for learning with the aid of training examples when the
relationship between parameters and a desired performance measure is not well understood. The objective of
learning is to identify a hypothesis or a rule set from the search space that maximizes the fit of the training
examples to the target concept or in other words, to identify a hypothesis set or a set of rules that is consistent
with the training examples. Although the characteristics of each search algorithm are different as can be
seen in Table 5.1, a common challenge in the application of metaheuristic techniques is the formulation of

extensive examples for target scenarios.

Among the various metaheuristic algorithms, the GA has been widely adopted to solve multiobjective op-
timization problem and dynamically configure the CR in response to the changing wireless environment
[67, 111, 112, 113, 114, 75, 115, 116]. In [67], Rondeau et al. apply GA to adapt the radio parameters
of a SDR to the changing radio environment. In their implementation, the fitness function dynamically
links and weights different objects according to the link conditions and user application requirements. In

[111], Newman et al. design a GA-based CE to control the radio parameters for single and multicarrier
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transceivers. This paper derives a set of fitness functions to guide the search direction of GA and investigate
the trade-off between the convergence time and the size of the GA search space. In [112], Hauris uses the GA
to adapt the parameters of CRs on autonomous vehicles. These autonomous vehicles form a geographically
varying dynamic wireless network for communication and information sharing among the vehicles and the
base station. In [113], Park et al. validate the applicability of GA-based radio parameter adaptation for the
¢dma2000 forward link in a realistic scenario with Rician fading. In [114], Thilakawardana et al. investigate a
GA-based cell-by-cell dynamic spectrum allocation scheme achieving better spectral efficiency than the fixed
spectrum allocation scheme. A new solution encoding technique is proposed to reduce the GA convergence
time. In [75], Kim et al. implement a software testbed for CR with the spectrum sensing capability and a

GA-based CE to optimize radio parameters for dynamic spectrum access (DSA).

5.3.3 HMM

Hidden Markov Model (HMM) was first introduced in late 1960’s. It is a convenient and mathematically
tractable statistical model to describe and analyze the dynamic behavior of a complex random phenomenon
[117] which can be modeled as a Markov process with observable and unobservable states. The HMM gener-
ates sequences of observation symbols by making transitions from state to state, one symbol per transition.
However, the states are hidden and only the output is observable. In general, a real world process can be
expressed as a random process producing a sequence of observation symbols or patterns with hidden param-
eters generating the observables. The symbols or patterns may be discrete or continuous depending on the

specific processes.

An HHM can be completely specified in a compact form, A = (A,B,7(1)), where A is state transition
probability matrix of dimension N x N, B the observation symbol probability matrix of dimension K x N,
(1) the initial state probability vector of dimension N x 1, N the number of states, and K the number of

distinct observation symbols per state.

Three basic problems for an HMM

There are three key problems associated with HMM in real world applications [117]:

1. Evaluation or recognition problem: Given the parameters of the model, A\, compute the probability

of a particular observation sequence. The forward-backward algorithm solves this problem.
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2. Decoding problem: Given the parameters of the model, A\, and the observation sequence, find the
sequence of hidden states that best explains the observation sequence. The Viterbi algorithm solves

this problem.

3. Training or learning problem: Given an observation sequence, find the most likely set of state transition
and observation symbol probabilities. In other words, this estimates an HMM, A, using observation
sequence. This problem is the subset of expectation maximization (EM). The Baum-Welch Algorithm

(BWA) solves this problem.

Application of HMM to CR

An HMM can be built for a specific system to explain and characterize the occurrence of the observed symbols
or patterns. This model can then be used to identify the sequences of observations with the same pattern
by choosing the model that would most likely produce the observed sequences. Therefore, HMM can be
used as an observation process of CE to recognize or classify received stimuli and can achieve awareness. In
addition, since it can reproduce the training sequences, it can be used for prediction. Furthermore, learning

can be accomplished by creating new models.

HMDMs have been applied to CR research. Rondeau et al. propose to model the wireless channel online using
HMM for CR [118]. The HMM is trained using the GA with data from a broadband channel sounder in a

line of sight additive white Gaussian noise channel.

HMMs have also been used for spectrum sensing in CR [119, 120]. In [119], Kim at al. propose to use
the HMM to process signal cyclostationary features for primary signal detection in CR. The HMM-based
spectrum sensing approach can detect and classify signals at low SNRs with only limited information on
signal bandwidth. In [120], Ghosh et al. validate the existence of a Markov chain model for wireless channel
utilization with real-time measured data in the paging band and formulate the spectrum sensing problem

using an HMM.

In addition, HMMSs have been used for spectrum occupancy prediction [121, 122]. In [121], Akbar et al.
develop an HMM-based DSA algorithm where the HMM models and predicts the spectrum occupancy of the
licensed radio bands for CR networks. The paper shows that the HMM-based DSA algorithm can achieve
significant signal to interference ratio improvement compared to the traditional carrier sense multiple access

(CSMA) based approach.
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5.3.4 RBS

In a rule-based system (RBS), rules are extracted from a specific application area (automatically or manually)
and used in decision making for that domain. It is a natural way of encoding a human expert’s knowledge in
a narrow area into an automated system. The idea of RBS was used in the development of DENDRAL, one
of the oldest expert system developed in 1964. A typical RBS consists of the following fundamental elements
[123]:

e Rule base: Contains a list of permanent rules.

e Inference engine (IE): Infers information or takes action based upon the input and the rule base.

Rules are usually expressed in the following form [123]:

IF conditions THEN actions.

The input is tested against the conditions, and the actions are taken if the conditions are satisfied. In general,
the order in which the rules are executed is not critical to the final result as long as all rules are executed

[123]. This is different from most procedural programs where the order is important.

Operation of Inference Engine

Generally speaking, there are two broad sets of inference engines: forward chaining and backward chaining
[123]. In a forward-chaining IE, new data trigger rules whose conditions are met and conclusions are drawn
based on these rules. Conclusions can further trigger other rules to generate new conclusions. This process
continues until no more rules can be triggered. In other words, a forward-chaining IE is data-driven. On
the contrary, a backward-chaining IE is goal-driven. In a backward-chaining IE, a particular goal is set to
be proved and rules whose conclusions match the goal are identified. The conditions of those rules are then

set as goals for new rules. This process continues until no new conditions are identified.

Application of RBS to CR

The most significant advantage of a RBS is its simplicity. A radio can deduce actions for an input quickly

using a RBS. Given the proper domain knowledge, the rule base can be built automatically or manually.
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During the rule derivation process, relevant and irrelevant features can be handled differently for a rule.
However, this process is usually tedious for a complex domain. The accuracy of the RBS system depends on
the completeness and accuracy of the underlying rule base. If the domain is not perfectly understood, the
RBS system might return inappropriate responses. This is often the case for some CR applications, such
as, dynamic spectrum access (DSA). One possible solution to this issue is to assign certainty values to rules
[123] and make use of statistical tools, such as Bayesian analysis. Although this approach leads to a less
rigorous conclusion, it could provide a good guess for situations that are not perfectly understood. Another
choice can be to combine the RBS with the case-based system and make use of experience to compensate

for the inaccuracy in the RBS.

The rule-based reasoning cognitive engine (RBR-CE) has been designed for CR [124, 125, 126]. In [124, 125],
Reed et al. design and evaluate a RBR-CE for IEEE 802.22 WRAN applications. The developed RBR-CE can
achieve similar performance to the CE based on the genetic algorithm with a lower computational complexity.
In [126], Clancy et al. develop a RBR-~CE using predicate calculus, focusing on a generic CR architecture
enabling learning in the reasoning process. The learning results are expressed in predicate calculus and
therefore, can be used in the CE. The operation of the CE is demonstrated for capacity maximization and

DSA problems.

Fundamental to any rule-based reasoning system is the generation of the rule database. In [127], Weingart
et al. develop a systematic method to derive the rule database through automatic experiments over a vast
parameter space using statistical analysis of variance and design of experiments. Important parameters
across the protocol layers and relationships between parameters and performance metrics are identified and
modeled through the experiments. Based on the extracted rules, optimal configuration can be drawn for

specific channel condition and application requirement.

5.3.5 OBS

Although “ontology” was not deliberately defined in computer science until early 1990s by Tomas Gruber
[128], it has been used in Al community since 1980s. An ontology is an “explicit”, “shared”, “formal” repre-
sentation of a set of concepts within a domain and relationships among these concepts [129]. As a formal
representation, the ontology becomes machine-understandable. In addition, the ontology needs to be ac-
cepted or shared in a community to make it useful. In ontology-based systems (OBSs), the ontology is used

to reason about the attributes of the domain of interest.
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An ontology usually includes the following basic components [129]:

e C(lasses: a set of objects in the modeled domain.
e Instances: individuals belonging to classes in the modeled domain.
e Attributes: properties of objects.

o Relations: links between various entities.

Ontology Languages

An ontology is expressed using an ontology language to facilitate machine processing. A number of ontology
languages have been developed for various ontologies. Here, we focus on web-based ontology languages due

to the immense impact of World Wide Web. There are three major web-based ontology languages:

e XML Topic Maps (XTM) [130]: This is an ISO standard that allows relations among any number of

entities.

e Resource Description Framework (RDF) [131]: This is a World Wide Web Consortium standard that

only allows relations between two entities.

e Web Ontology Language (OWL) [132]: THis is a World Wide Web Consortium standard that only

allows relations between two entities. It is an extension to RDF.

Note that RDF and OWL are fundamental technologies for semantic web, a web of data (computer manip-

ulatable) instead of a web of documents (human readable) [133].

Application of OBS to CR

Using ontology languages, an OBS is able to deduce facts logically. A radio equipped with OBS can under-
stand the capability and characteristics of itself and other radios using logic deduction. This understanding
as well as understanding of the environment helps the radio to deduce optimal operating parameters. Note
that the logic derivation in the inference engine might be impractically long [132]. For example, the time
requirement of OWL-Full, the most sophisticated level of OWL, is undecidable, which means some derivation

cannot be completed within a finite amount of time.
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Ontology language has been investigated for CR development [134, 135]. An important example is DARPA’s
neXt Generation (XG) policy language framework [134]. This framework is based on an extensible ontological
framework to facilitate future extension of spectrum rules and related concepts. It allows both regulatory
and system policies to be expressed and enforced. A good tutorial on the properties of a formal language
for CR is provided in [135]. Kokar et. al. start the investigation with the OWL and extend the capability
of the OWL as the areas that the OWL cannot support are identified. This paper concludes that a good

language for CR should be able to express rules, introduce new functions, and specify radio behaviors.

In [136], ontology-based reasoning (OBR) is used to achieve self-awareness and interoperability among SDR
nodes. With an example on radios negotiating equalizer training sequence structure, the authors show

self-awareness can improve the interoperability of SDRs. OWL is used in the OBR.

In addition to self-awareness and interoperability, OBR is also used to apply spectrum policy to DSA [137,
138]. A prototype framework is built for CR using OBR [137, 138]. Ontologies and rules are combined to
achieve a knowledge-driven differential-response capability, which, as defined by the authors, is the capability
of reasoning about a failure in an attempt and identifying alternative actions to satisfy the goal using
knowledge of radio technology, policy, goals, and other contextual information. In other words, the CE

learns from its failures and avoids the same failures in the future.

5.3.6 CBS

The case-based system (CBS) can trace its root to the work of Roger Schank on the model’s of dynamic
memory in early 1980s. It is an Al area that focuses on using previous similar experiences, or cases, to
guide the problem solving process and to obtain a solution [139]. In a CBS, a solution to the new problem
is created by selecting the cases that are most relevant to the problem, narrowing down the selected cases
to a single case, and adapting this case to fit the current scenario. Adapting the parameters of the case
can be viewed as an optimization problem. The purpose of the initial similar case retrieval is to allow the
optimization process to begin at a point closer to the goal in a search space by finding similar cases. This
reduces the time and processing needed to optimize the parameters the system is looking for. Upon new

solutions obtained from case adaptation, the case database is updated with the new cases.

The characteristics of CBS [139] include the capability to solve problems within partially understood domains,
the capability to provide unique explanation, and the close resemblance to actual human reasoning process.

One of the key issues of CBS is that the performance relies on previous cases. If previous cases have been
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solved incorrectly, it is possible for mistakes to propagate onto new cases. In addition, for a complex domain
where the system requires a large case database to represent its characteristics, populating and searching
such a case database can be time consuming and sometimes difficult. In this case, integration with other
techniques, such as with a rule-based system, may be necessary to improve the performance and reduce the

time to build and search the case database.

Modules in a CBS

In general, a CBS may contain the following functional modules [139]:

e (Case representation and indexing module: format the input information such that it can be understood

by other modules of the system.

e C(ase selection and retrieval module: search the case database and obtain cases that satisfy the request

under certain criteria.

e (Case evaluation and adaptation module: evaluate the performance of the retrieved case for the new

problem based on some criteria and modify the case if its performance is not satisfactory.

e (Case database population and maintenance module: populate initial case database, insert new cases,

update existing cases, and remove redundant cases in the case database as necessary.

Application of CBS to CR

Given the currently observed environment and radio objectives, a CR can use a CBS to determine an
acceptable solution (action) for current environment based on the existing case in a case database. As a case
database may not include all possible situations a CR may encounter in operation, a CR needs to learn new
cases when it encounters new situations, generate new actions for the new situations, and update the case
database with the new cases. These are the general tasks of the case-based system or case-based reasoning

(CBR) in a CR.

CBR has been investigated for CE design recently [140, 85, 141]. In [140, 85], Reed et al. design a case-based
reasoning cognitive engine (CBR-CE) to obtain radio parameters for IEEE 802.22 WRAN applications.
The performance of the CBR-CE is evaluated under various radio scenarios and compared to several multi

objective optimization only algorithms, including the hill climbing search and a genetic algorithm. The
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simulation results show that the CBR-CE can achieve comparable performance with less complexity after
appropriate training/learning. The learning process of the CBR is also simulated and discussed. In [141],
Khedr et al. design a CE using CBR and fuzzy logic to determine the channel type (flat fading vs. frequency

selective fading, fast fading vs. slow fading) for WiMAX systems.

In [142], Le et al. propose a CE architecture and the use of CBR in a CE. The functionalities of the
building blocks in the cognition cycle and the CE are discussed, including environmental awareness, case-
based learning, multi-objective optimization, and hardware-portable interface. The implementation of the

building blocks is also suggested.

5.4 Practical Issues and Interactions of Cognitive Engines

5.4.1 Implementation of a Single CE

Artificial neural networks are mathematical emulations of biological neural networks, used primarily for non-
linear pattern matching and statistical modeling. They are able to describe complex relationships between
multi-dimensional data sets, and are trainable online to contend with fluctuations in trends. ANNSs are
excellent candidates for classification. However there is little theory to link the particular application with
the required network size, nor the specific type of network. Furthermore, over-training a network to recognize

only the initial data set is a possible problem.

Metaheuristic or search algorithms are very efficient when the rules to be learned are in the form of searching
for a set of parameters that optimize a given performance metric. Furthermore, the effectiveness of the
algorithms can itself be improved by using the algorithms in conjunction with learning mechanisms such as
prior knowledge-based learning (as is done in Soar [143] and Prodigy [144]) and inductive learning where new
search-rules are formulated on the basis of training examples and/or patterns observed in previous iterations
of the search. The biggest challenge for Metaheuristic search algorithms is the formulation of the hypothesis
space. By definition, these techniques only try to find the best hypotheses from the search space and cannot
create new hypotheses beyond the search space. Hence the formulation of a comprehensive search space,
that includes all possible hypotheses or relationships between contributing factors, is extremely critical to

the performance of these algorithms.

An HMM based approach can analytically model a complicated stochastic process using the observation



An He Chapter 5. Review on Artificial Intelligence Techniques for Cognitive Engine Design 76

sequence. Both classification and predication can be achieved using an HMM. However, the development of
an HMM requires a good training sequence and the training process can be computationally complex. Other
AT techniques, such as GA, to improve the model training efficiency [118]. In addition, RBS and CBS can

help the HMM to determine the required observation duration.

The most significant advantage of a RBS is that it is simple to understand and that it can tackle unforeseen
scenarios. RBS also has the ability to include only relevant features while formulating a rule. However, the
rule derivation process could be tedious, and it requires perfect domain knowledge which may not always
be available. In practice, RBS can be combined with CBS and OBS to better deal with unfamiliar domain.
Without characterization and abstraction of radio scenarios, the number of rules in the knowledge base could
be prohibitively large for implementation. Tradeoff has to be made between the levels of abstraction and

the details of the solutions for adaptation [125].

An OBS provides a good approach to enable the radio to understand the characteristics, capabilities, and
constraints of itself and others in the radio environment. In addition, this understanding can be further used
in its logical deduction. One challenge for OBS lies in the development of ontology. This process usually
requires perfect domain knowledge and extensive processing. In addition, the logic derivation process using
the ontology can sometimes be time consuming [132]. In order to improve the efficiency and robustness of
OBS, CBS and RBS can be incorporated to gather effective experience and to reduce the work load of the

logic deduction.

Similar to human learning and reasoning process, a CBS can develop as it operates. This characteristic is
especially appealing to CR design as a CR needs to be able to operate in an unfamiliar environment. On the
other hand, appropriate training of the CBS before deployment can reduce the processing time and improve
the robustness of the system [85]. In addition, prior knowledge about the expected deployment environment
can help to reduce the size of the case database, to accelerate the case retrieval time, and more importantly,

to reduce the impact of irrelevant patterns.

These preceding tradeoffs are summarized in Table 5.2.
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Table 5.2: Comparison of different Al techniques

Ability to tackle unforeseen sit-
uations

Ability to include only rele-
vant features while formulating

a rule

cess
Requires  perfect  domain
knowledge which is not

always available

Alg. Strengths Limitations Options

ANN Ability to describe a multitude | Training may be slow depend- | Can use other learning tech-
of functions ing on network size niques in the training phase
Conceptually easy to scalable Possible over training (i.e.,, GA)
Excellent for classification No theory to link application | Can be combined with RBS
Can identify new patterns with required network

MA Excellent for parameter opti- | Formulation of rule space is | Can be used in conjunction
mization and learning involving | difficult when learning or op- | with RBS Learning can also
relationship between parameter | timization is not restricted to | be used in the search process
values parameter values
Can use other learning tech-
niques in the training phase
(i.e,, GA)

HMM | Can model complicated statisti- | Requires good training se- | Based on previous knowledge,
cal processes quence CBS and RBS can help HMM
Good for classification Computationally complex determine the observation du-
Easily scalable ration for a specific applica-
Can predict based on experi- tion and overcome issues with
ences new situations

RBS Simple implementation Tedious rule derivation pro- | Can be combined with CBS

and OBS to better deal with

unfamiliar domain

Continued on next page
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Table5.2 — Continued from previous page
Alg. Strengths Limitations Options
OBS Ability to logically deduce Requires  perfect domain | Can be combined with CBS
Ability to understand the capa- | knowledge to develop ontol- | and RBS to improve efficiency
bilities and characteristics of its | ogy and robustness
own and others Low efficiency for sophisti-
cated ontology and ontology
language
CBS Close to human reasoning Relies solely on previous case | Can be combined with RBS

Can work in a chaotic situation
with lots of variables
fast

Allows acquisition  of

knowledge

Requires large case memory
Might include irrelevant pat-

terns

and OBS to yield a more ro-
bust problem solving system
that does not rely solely on ex-

perience

Allows learning in the absence

of domain knowledge

5.4.2 Coexistence of Multiple CEs

As highlighted by the movement toward cognitive femtocells, centralized control of hundreds and thousands
of clusters adapting in real-time quickly becomes infeasible. So we can expect that there will be numerous
CEs each controlling a subset of all adaptive radios. Further simplifications could be made if instead of
implementing a single CE process that manages all aspects of a radio’s (or subnet’s) behavior, several quasi-
independent processes could be used to manage different aspects of the system’s behavior, e.g., different
processes for spectrum utilization, transmit power, group membership, and routing. Likewise independent
processes could be used to make different observations (e.g., location, presence of a primary user, link states
elsewhere in the network) and to guide radio behavior (e.g., ascertaining policy and user objectives) and
to differentiate radios in the network. Thus rather than realizing a CE as a singular Al, computational
considerations dictate the deployment of multiple Als each controlling their own domain, but influenced by

the choices of the other Als in the radio or network.

So, whether we consider each device in a wireless network to be controlled by a singular autonomous CE,
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or we consider the adaptations of each device to be jointly determined by several CEs distributed across
the protocol stack, or we consider multiple devices controlled by a single CE in a cognitive network [60], it
is clear that the deployment of CR will introduce countless situations where the performance and thus the
choices of each CE is influenced by the choices of the multitude of other CEs in the environment. These
interactions can easily spawn an infinite sequence of adaptations that never converge, can yield an unstable
network whose behavior radically changes with small changes in the environment, or can produce a network
with decidedly suboptimal performance (e.g., a tragedy of the commons [145]). Examples of this unstable
behavior arising from even simple cognitive processes are illustrated in [146, 66]. The analysis and design of
networks with numerous interactive processes is further complicated by market realities where platform and
process implementations will vary by vendor. Thus it is insufficient to designs Al process for a CE that only

considers the behavior of the AI in isolation.

While these interactions makes CR networks much more complex to analyze and design, the interaction of
multiple networked Als has a natural analog - the interaction of multiple (somewhat) networked natural
intelligences we call human society - that can be drawn upon to guide the practical design of coexisting Als.
Extending informally back to the dawn of human history and more formally since the 18th (Waldgreave),
19th (Cournot), 20th (Zermelo) centuries depending on the desired level of formalism, game theory provides a
collection of models and analytical techniques that permit the prediction of likely outcomes of the interactions
of intelligent decision makers. Generally, the basic model of these interactions - a game - consists of at least
a set of players, which correspond to the intelligent decision makers, sets of available adaptations for each
player, and a set of preferences over the possible outcomes from these interactions (usually expressed as
utility functions - analogous to the objective or cost functions discussed in Section 5). The analogy between
the Als in CR networks and the natural intelligences in human society was so clear that almost immediately
after the term cognitive radio was publicly coined, papers were written suggesting the use of game theory in
the design and analysis of the interactions of cognitive radios [147]. By leveraging analysis techniques from
game theory, CE researchers are able to predict likely operating states for interacting CR Als as the points
from which no CE would choose to unilaterally adapt away from lest its own performance suffers (points
called Nash equilibria) and characterize convergence and stability properties of complex networks of CEs

[146].

Further, by drawing on the relatively rich body of literature game theory has developed for humans, CR
researchers have identified numerous game models that allow for the researchers to shape the way their Als

will interact in the field. This includes:
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e Supermodular games as applied to distributed power control [148]

e Supermodular games for beamforming and power control in MIMO systems [149]
e Repeated games with punishment to encourage the forwarding of packets [150]

e Auction theory for power control and resource allocation [151]

e Potential games as applied to distributed spectrum management [66]

e Potential games as applied to routing algorithms [152]

e Potential games for topology control algorithms [153]

e Stochastic games with strategic learning applied to spectrum management [154]

In general these game models are adopted because they yield the desired behavior when CEs interact in the
desired domain, but also dictate what properties the Als must adopt to ensure the networked deployment
achieves the desired results. For instance, cognitive processes designed assuming interactions that can be
modeled as a supermodular game (loosely, a game with strategic complementaries between players) require
the Als to exhaust its search space so that each adaptation is individually“optimal” to ensure convergent
behavior. While this may not be practically achievable in the general case, it has proven quite doable for
various power control applications [148]. Likewise, when the interactions can be modeled as a potential
game (a game where there exists an emergent function that increases monotonically with every unilateral
selfish adaptation by an AI), there are virtually no further restrictions on the design of cognitive processes
- only informed selfish unsynchronized behavior is required. However, ensuring the Als satisfy the requisite

conditions for a potential game is not as readily done as for other game models [146].

5.5 Case Study

This section presents cognitive engine development efforts by researchers at the Wireless @ Virginia Tech
as a case study for applying Al techniques to CR. Two design examples are presented, one using an ANN
and the other using CBR. The first example uses ordinary lab testing equipment to build fast cognitive
radio prototype. It also proves that in general an Al technique (e.g., an ANN) can be chosen to accomplish

complicated parameter optimization in the CR for given channel state and application requirement. The
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second example builds upon the observation from the first one and develops a refined CE framework and
process flow based on CBR. The CBR-based framework can better facilitate the interaction among awareness,

reasoning, and learning in the CR.

5.5.1 ANN-Based CE Development

As a proof of concept, a cognitive radio testbed, Cognitive Radio Tektronix System (CoRTekS), has been
developed by researchers at the Wireless @ Virginia Tech [58]. The block diagram of this testbed is shown in
Figure 5.1. It consists of a transmitter (Tektronix arbitrary waveform generators (AWGs), a mixer, filters,
an amplifier, and an omni-directional antenna), a receiver (Tektronix real-time spectrum analyzer (RSA)
and an omni-directional antenna), and a personal computer (on which software defined radio and cognitive

engine run).

The CE controls the transmitter and receiver by determining the best set of radio parameters for the given
channel state and application requirement. An image is transmitted over the air where potential interference
exists. As shown in Figure 5.2, the image is successfully received with the current channel condition and

radio parameters.

As the first attempt at CE implementation, a classic Al technique, i.e., ANN, has been chosen to drive
the CE. In the CE, an MLPN ANN assists in deciding the parameters to be used in the next block of
transmissions. The CE uses the ANN to determine how closely a set of parameters meet a set of goals, and

then chooses the set of parameters which maximizes the utility functions. The radio can change modulation
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Figure 5.2: Screen shot of the cognitive radio testbed.
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type, transmission power, and frequency to minimize interference, avoid the channels primary users use, and

optimize three main goals: meeting QoS (BER), maximizing throughput, and minimizing transmit power.

Periodically, the CE re-trains the ANN based on decisions it has made and results observed. Gradually, the

ANN learns a better parameter set for a given situation by drawing relationships between radio parameters

and system performance.

In order to protect primary users while the CR operates, spectrum sensing and policy are enforced in the

testbed. Spectral information shown in Figure 5.2 indicates available spectrum, detected interference, and

current spectrum usage. On the other hand, active policies, as demonstrated in Figure 5.2, include the

transmit spectral power mask and allowable modulation schemes. Each solution adopted by the radio, e.g.,
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the waveform (radio configuration, such as, operating frequency, bandwidth, modulation scheme, channel

coding scheme, and transmit power) used in the screen shot, complies with both policies.

5.5.2 CBR-Based CE Development

After the validation of the feasibility of applying Al techniques in CE design, further efforts were taken to
investigate the architecture of the CE and the performance of different Al techniques. Due to the inherent
structure and flexibility of a CBR system, various Al techniques can be employed in different modules of
a CBR system to tailor the CE to a specific application. A CBR based CE has been developed for IEEE
802.22 WRAN applications. This work has been reported in [85] in detail. Here, we review the architecture

of the CE and the observation based on this development.

An architecture of the CE is shown in Figure 5.3 [85]. The CE consists of three major processes:

1. Orientation: maps the current scenario (e.g., primary user detected) to a state vector that the opti-

mizer (e.g., CBR) can understand.

2. Reasoning and learning: develops and optimizes the solution (e.g., a case in CBR case database) to

the current problem under the policy.

3. Solution mapping and validity checking: maps the solution to a specific action and validates it against

the policy and regulation before it is applied to the radio.
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Furthermore, a CBR-based framework has been proposed for the IEEE 802.22 WRAN applications as in

Figure 5.4 [85]. The arrows and the number markups in Figure 5.4 indicate a general processing flow of

the CE. The CBR-CE is designed in modules with well-defined interfaces so that each module can pass on

necessary information properly. This modular approach makes easier to replace any functional block with

an equivalent processing element. This approach also makes the framework useful for testing and evaluating

different algorithms.

The functionalities of the modules in this proposed framework are as follows.

e Spectrum Manager (SM): Monitors the radio environment, interfaces with the physical radio hardware,

and allocates resources according to the solution received.

e Policy Engine (PE): Interprets policies, including standards, regulations, and customer specifications,

to guide the operation of the CBR. It checks the legitimacy of a candidate solution before returning

this solution to the SM.

e (Case-Based Reasoner (CBR): Provides candidate solutions based on the request from the PE module.

e Radio Environment Map (REM) Database: Stores scenario-specific parameters about the system,

such as geographic features, network and service availability, spectrum information, radio location

and activities, policies, and experiences [125].
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e Multi Objective Optimizer (MOQO): Adapts parameters at the PHY and MAC layers based on the
solution provided by the CBR. The algorithms investigated include hill climbing search (HCS), the
GA, and a combination of HCS and GA. Note that other algorithms can be added to the MOOQO. The
algorithms can also be combined to achieve a better balance between performance and the execution

time.

e Expected Radio Performance Indicator (RPI): Evaluates the anticipated performance for a given
solution before applying it in the real environment. The result is used in the MOO to determine

whether QoS requirements are satisfied and whether further optimization is necessary.

Using the framework in Figure 5.4, we emulate the operation of a CR base station (BS) and customer premise
equipment (CPE). A GA based CE (GA-CE), an HCS-based CE (HCS-CE), a CBR based CE (CBR-CE),
and a CE based on the combination of CBR and HCS (CBR+HCS-CE) are used to find optimal radio
configurations for specific channel conditions and application QoS requirements. In the simulation, a BS
allocates resources to multiple CPEs with different QoS requirement. The complexity of the problem depends
on the number of CPEs. So do the execution time and the performance. The simulation result we obtained
(see Figure 5.5) indicate that a tradeoff between CE performance and execution time needs to be explored
for specific applications. In this figure, the performance of each CE is normalized by the its corresponding

execution time for different number of CPEs. For the IEEE 802.22 WRAN applications where the response
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time of the CE is critical, a CBR-CE with or without MOO (CBR-+HCS) provides a sound balance between
the achieved performance and the execution time. The detailed discussion and more results can be found in

[85].

5.5.3 Observations from the Case Study

The examples studied above show that although various Al techniques can be used for a particular applica-
tion, a CE must be carefully designed observing the tradeoff between performance and complexity determined

by the application requirement.

Another important observation is that training and learning is necessary for the cognitive engine to achieve
acceptable performance. In the ANN based CE, it takes a significant amount of cases (simulated or measured)
to train the ANN. Similarly, after appropriate training, the CBR-CE performs well for new scenarios. In

addition, the designed CBR-CE is capable of performing real time learning.

5.6 Conclusions

AT techniques lie at the heart of CR and understanding the tradeoffs in the selection and design of AI processes
is critical to a successful CR design. This article reviewed several artificial intelligence techniques - ANNs,
metahueristic algorithms, hidden Markov models, rule-based systems, ontology-based systems, and case-
based systems - that have been proposed for providing the cognition capability in a CE. While we saw where
AT techniques have been applied to numerous CR applications [87, 88, 89, 59, 60, 61, 62, 63, 64, 65, 54, 66, 67|,
many implementations remain rudimentary, perhaps due to the interdisciplinary nature of the field and

perhaps because products are just beginning to appear.

We saw where the appropriateness of Al techniques varied by application and implementation. The decision
in choosing one or some Al techniques over other techniques in CE design needs to be made based on
the application requirement, considering the tradeoffs among response time, processing complexity, training
sample availability, robustness, etc. In addition, the learning capability of the Al technique needs to be
considered and exploited in designing a CE as learning is critical to the performance of autonomously

deployed CRs.

Additionally, we noted that the design of AI processes should consider how the processes perform when
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deployed in the context of other AI processes and not just performance in isolation. While game theory
provides an approach to make this problem analytically tractable, any analysis must begin with knowledge
of expected operation of other Als that may be encountered which is problematic assuming different imple-
mentations from different vendors and if the AI processes self-direct their evolution. Thus developing an
inter-CE (and thus inter-Al) etiquette that is robust to variances in Al implementations will be important
to the success of large-scale deployments of CRs. Ultimately, the implications of the etiquette will need to

flow down all the way to the choice of performance metrics that guide the AI processes’ decisions [155].

Our experience suggests that for a robust cognitive engine, different AI techniques should be used to com-
plement their relative strengths and weaknesses. A CE needs to be tailored for the desired application by
identifying and appropriately combining different reasoning/learning Al algorithms. Attractive combinations
we have found include combining CBS, OBS, and RBS or combining HMMs with GAs or RBS. Given that
the best combination of Al techniques varies by application, CE designs should accommodate mechanisms
to change Al combinations as applications change. If use of a single AI technique is required, we feel that
the modularity of CBR comes closest to achieving the cognitive capabilities and application flexibility while

still maintaining suitability for real-time systems.

In addition to the choice of AI techniques, the CE training process is crucial to performance. Training
could be hastened by using cooperative training techniques, but to limit potential security vulnerabilities,
these sources should be authenticated and externally learned behaviors evaluated against self-generated field

measurements.

Last but not least, although secondary spectrum access enabled by dynamic spectrum access has received
the most interest in the CR community and arguably does not require Al, we believe the greatest payoff
from CR will come from the ability to support self-organizing networks that can continuously improve the
management of heterogeneous network elements and radio resources far beyond what the CR’s designers
could conceive. To achieve this goal, the application of Al techniques to CR will need to be further refined
and extended to a meta-cognitive process. To learn how to design radios that learn is a journey of exploration

that has just begun.



Chapter 6

Cognitive Engine Design for Radio

Power Consumption Optimization

This chapter! discusses the design of a cognitive engine for radio power consumption optimization using a
case-based structure. In Chapters 3 and 4, we have shown the theoretical framework for power consumption
reduction and the potential power savings when radio component capabilities and characteristics are consid-
ered in the radio adaptation process in addition to application quality of service requirements and channel
condition. A cognitive radio is a good conceptual method of achieving the potential savings as it is able to
observe and learn radio environment and radio component characteristics, make decision on favorable radio
configuration to achieve the required application quality of service based on the knowledge on the environ-
ment and the radio, and reconfigure the radio based on the decision. In Chapter 5, we have reviewed several
artificial intelligence techniques that can be used in a cognitive radio to facilitate this cognition process and
based on our experience a case-based framework which can integrate different techniques for different sub-
tasks works well for a cognitive radio. This chapter presents the work on designing such a cognitive engine

for power consumption optimization.

(The following is the manuscript under preparation on this subject.)

Designing a Cognitive Engine Framework for Radio Power Consumption Opti-

1This chapter is based on reproduction of a manuscript to be submitted to a journal. The complete citation of the work is
as follows: A. He, S. Srikanteswara, K. K. Bae, J. H. Reed, and W. H. Tranter, “Designing a Cognitive Engine Framework for
Radio Power Consumption Optimization,” to be submitted.
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mization

6.1 Abstract

In our previous work, we have demonstrated significant power savings beyond conventional power opti-
mization can be achieved using a cognitive approach. This paper presents the design of a cognitive engine
framework which enables the savings. A cognitive engine (CE) is the critical component performing learn-
ing, reasoning, and decision making in a cognitive radio (CR). CR and CE have been widely researched for
dynamic spectrum access to improve spectrum efficiency. This paper discusses using CR for radio power
consumption minimization. This application can also serve as an example of a cognitive approach to radio
resource management. In this paper, a CE framework is designed and its dynamics in optimizing power
consumption are studied by simulation. In addition, this CE can also facilitate learning of radio hardware
characteristics and monitoring of radio hardware operation, which is not only essential to achieving the power

savings, but also important for maintaining and trouble shooting future complex radio systems.

6.2 Introduction

Our previous work [156, 157| has demonstrated significant potential power savings beyond conventional
power optimization approaches when radio capabilities and characteristics are incorporated in the radio
operation optimization process. This paper focuses on one of the enabling technologies, a cognitive engine
(CE) framework that facilitates learning of radio environment and radio capabilities and characteristics,
reasoning and decision making on favorable radio configuration, and control of radio reconfiguration. This
paper discusses the design philosophy of the CE framework and the general processing flow. It also presents

some simulation results using the developed CE framework.

CE design has been presented in several papers in the literature, mainly focusing on the application of
dynamic spectrum access (DSA). For example, in [67, 85, 114, 125, 126, 141], CE has been designed to
determine optimum radio configuration for DSA applications. In [134, 137], the enforcement of spectrum
policy for DSA in CE has been discussed. In [136], the awareness of the radio software has been introduced
using an example where radios negotiate the equalizer training sequence. However, none of the above CE

development has addressed learning of radio hardware capabilities and characteristics and incorporating this
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knowledge in the radio resource management.

The CE in this paper is tailored toward the radio resource management. In particular, this work studies the
dynamics of the CE for power consumption minimization in response to changing application requirements
and radio environment. It also shows a feasible way of learning radio capabilities and characteristics and
monitoring radio operation which has not been addressed in previous CE design. This learning can extract
the relationship of a particular component in responding to a certain signal waveform. For example, it can
learn the PA efficiency characteristics for different input waveforms. It would be tedious to characterize for
all possible waveform during the design phase. In addition, a CR based approach can learn the characteristics
even for new waveforms that the radio is not originally designed for. The learning can extend to capture the
interaction between different modules and that between an individual component and the overall system.
Furthermore, the capability of controlling radio parameter adaptation is especially useful for future radios,
where complex digitally controlled analog components are used. For example, a wideband Motorola RF
transceiver IC [29] has thousands of possible parameter combinations to control the programmable internal
filter banks, synthesizer, amplifier gain, etc for various communication needs. It is almost impossible to test
all the combinations manually. A CR based parameter adaptation framework can be very useful in this
case by trying different combinations, characterizing corresponding performance, and deciding appropriate

configuration based on learned characteristics.

This paper is organized as follows. Section 6.3 presents the CE framework and the processing flow. Section 6.4

discusses the simulation settings and analyzes the results. Section 6.5 concludes the paper.

6.3 Design of a Cognitive Engine Framework

A generic CE for the radio resource management given application quality of service (QoS) requirement,

radio environment knowledge, and radio platform capabilities and characteristics needs to

e communicate with applications,
e monitor radio environment,
e obtain radio platform characteristics and control radio platform functionalities, and

e determine favorable radio configuration satisfying QoS requirement based on channel and radio char-

acteristics.
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Figure 6.1: Cognitive engine framework and flowchart for power consumption optimization.

In addition to the above functional requirement, the structure of learning and decision making needs to be

considered in the framework.

6.3.1 CE Framework and Processing Flow

A CE framework and processing flow for power consumption optimization (or general radio resource man-
agement) fulfilling the above requirements is shown in Figure 6.1. The functionalities of the components in

the CE framework are as follows.

e Central management unit: This module handles all the control processes in the CE and directly
communicates with other functional blocks. All inter-block communication has to go through this
unit. It collects radio platform and radio environment information from radio platform supervisor
and radio environment monitor, respectively, and sends the information to the reasoning and learning

agent along with the application QoS requirement received from the application module. This design
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enables a relatively simple interface and a flexible processing flow where certain functional blocks
can be easily bypassed or replaced to achieve better performance tradeoff during the radio operation.
During an application, when the central management unit receives updates from other modules (e.g.,
channel gain matrix update from the radio environment monitor) it formulates an appropriate inquiry

with the update to the reasoning and learning agent for possible new radio configuration.

e Application: This module is the interface between applications and the central management unit
of the CE. It converts an abstract application request (e.g., email, voice, and video) to one of the
predefined radio QoS requirements (e.g., a combination of data rate, delay, and bit error rate (BER)).
It also notifies the application of the CE results. These notifications can include but are not limited
to whether the requested application can be executed under current environment, what the expected
performance is, and what alternative options are if the original requirements cannot be satisfied. For
example, under certain condition (e.g, bad radio link or low battery), the radio can support audio
but video. If a user request a video phone call, instead of declining such a request, the CE can
suggests via this module an alternative, a regular phone call such that part of the user request can
be accommodated under the current condition. This function is not currently supported but will
be a nice feature if a cognitive radio resource management approach with radio hardware learning

capability is adopted.

e Radio platform supervisor: This block supervises the radio platform. It is not only responsible
of reconfiguring different radio components upon the order of the central management unit as in a
software defined radio, but also in charge of learning the capabilities and characteristics of various radio
components. This additional learning capability provides valuable information that the reasoning
and decision making module can take advantage of and is the foundation for further optimizing the
operation of conventional radios. In addition, this learning capability can be used for radio monitoring
and trouble shooting. When the observation varies greatly from what has been remembered, the
radio platform supervisor can perform diagnostic scanning and pass the scanning result to the central
management unit for further analysis. For example, this approach can help understand the radio
aging issue or even the human factor in radio operation (e.g., hand effect on antenna radiation). This
monitoring and trouble shooting capability is beyond the focus of this paper. In this work, the radio

platform supervisor learns the PA efficiency characteristics.

e Radio environment monitor: This module monitors the dynamic radio environment. In addition,

it can store certain statistical channel information depending on the system requirements, such as,
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memory size, responding time, and granularity. The statistical channel information may include
channel availability which can be used in determining the best channel for a specific type application.
For example, for a voice application, a channel with longer available time is preferred to minimize
channel switching which may degrade application QoS. On the other hand, for a data downloading
application, more frequent channel switching is acceptable as the user can tolerate certain data rate

variation.

e Reasoning and learning agent: This is the “brain” of the framework. It determines appropriate radio
configuration that achieves the goal (e.g., minimizing radio power consumption in this work) based
on the application QoS requirement, the channel condition, and radio characteristics. The reasoning
process can naturally incorporate learning from experience, both direct and indirect experience. Here
the direct experience refers to what the module has experienced as the radio operates, whereas the
indirect experience refers to what has been gathered from either simulation or other radios and stored
for the module to use. The indirect experience can help the radio to greatly reduce the time to
learn and adapt during its initial operation in a new environment. On the other hand, the direct
experience is what the radio experiences itself and can provide most relevant information for decision
making. Similar concepts of direct and indirect experience apply to the learning of radio component
capabilities and characteristics as well where indirect experience can be obtained from data sheets
and direct experience can be obtained from measurement during radio operation. Direct experience
is usually more pertinent to a specific radio. In this module, combination of several reasoning and

decision making techniques can be used. This is discussed in anther section in more details.

e Policy engine: The policy engine deals with policies and constraints, such as the spectrum mask for a
specific frequency band. It validates a radio configuration determined by the reasoning and learning
agent based on policies and constraints. Specific design constraints can also be incorporated in this
block. Some policy consideration can be enforced in the reasoning and learning process. This increases
the possibility that the returned solution from the reasoning and learning agent complies with policy.
However, it also increases the complexity of the reasoning and learning process in finding a possible
solution. This balance needs to be carefully studied for specific design situation. For example, in this
work, we impose constraints on maximum output power from each branch and fixed bandwidth in the
reasoning process. This module validates whether the possible solution complies with the spectrum

mask for a specific channel. Other constraints can be incorporated as needed.
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A typical CE processing flow is also shown in the CE framework in Figure 6.1.

(D Service request: The application module converts an abstract application request received into a QoS

requirement that the radio can understand and passes that to the central management unit.

Radio platform information retrieval: The central management unit retrieves radio capabilities and

@I

characteristics from the radio platform supervisor. This information is used by the reasoning and

learning agent.

Radio environment information retrieval: The central management unit retrieves current channel

@I®

condition and possibly historical spectrum information from the radio environment monitor. This

information is used by the reasoning and learning agent to quantify channel quality.

The reasoning and learning agent determines favorable radio configuration based on the QoS require-

Qle

ment, the radio platform information, and the radio environment information received from the central
management unit. Multiple possible radio configurations can be returned to the central management
unit depending on the system specification. In the case that the requested QoS requirement may not
be satisfied on the current platform or under the current radio condition, the reasoning and learning

agent may suggest an alternative option with corresponding QoS.

Radio configuration validation: The policy engine validates the radio configurations forwarded from

@@

the central management unit against policies and constraints. Although the spectrum policy is most
common, other policy and constraint can be incorporated. As we mention earlier, some policy infor-
mation can be included and considered in the reasoning process, which may lead to added complexity

in reasoning. This paper assumes that no explicit policy is considered in the reasoning process.

Radio platform reconfiguration: After the policy engine validates the possible configuration, the

cle

central management unit can then request the radio platform supervisor to reconfigure the radio
using the new configuration. After the radio is properly configured and ready for the task, the radio

platform supervisor notifies the central management unit with a success.

@ Service launching: When the central management unit receives a successful reconfiguration message
from the radio platform supervisor, it notifies the application module to send the message to allow
the requested application to be launched. When the requested service cannot be supported for some

reason, the central management unit will also send a message with either reasons or alternative options.
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In the above process, some steps may occur iteratively. For example, the radio platform information retrieval
may happen only once when a service request is received. However, the CE may need to circle through radio
environment information retrieval, radio configuration determination and validation, and radio platform
reconfiguration multiple times during the duration of an application when the radio environment changes.
It is also necessary to perform radio platform information retrieval again if some abnormal phenomena are

observed.

6.3.2 Learning and Reasoning

Learning and reasoning is a unique and important element of this cognitive radio approach to radio power
optimization. The learning process resides in multiple modules in the framework. First, the framework
learns radio component characteristics and capabilities. As shown in [156, 157], the knowledge of radio
component characteristics is essential to achieving the power savings beyond conventional mechanisms. The
radio platform supervisor is responsible for this learning process. This work focuses on the impact of the PA
efficiency characteristics on the radio power efficiency since the PA is usually one of the most significant power
consuming components in a radio in medium to long range applications, such as cellular services. The basic
PA efficiency characteristics can usually be obtained either from component data sheet or from measurement
at the design stage. However, it is very tedious if is not impossible to capture the run time characteristics,
including specific waveform effect, temperature effect, aging effect, process variation, and so on. The radio
platform supervisor needs to learn them. The learning of hardware characteristics can be enabled by some
new measurement IC products. For example, a small form factor and low power consumption device, the
ADM1191 - digital power monitor by Analog Device [158], can be integrated in the radio to measure power
consumption. Note that this learning process only needs to be performed once in a relatively long period
of time (in days, weeks, or even months) compared with application duration depending on how stable the
component characteristics are and how accurate the characteristics need to be. Therefore, the overhead
incured due to such learning can be minimized. In addition, a similar approach can be used to monitor the

operation of other radio components and the results can be used for radio malfunction troubleshooting.

Another important place where learning plays a vital role is in the reasoning and learning agent. In this
module, learning and reasoning intertwine with each other similar to some other CE designs [85, 114, 126].
In a survey of artificial intelligence (AI) techniques for CR [159], we have found out that careful selection
of a combination of several Al techniques is critical for a specific application of CR. In addition, the survey

and our practice show that the case-based reasoning (CBR) approach provides a nice structure for a CE
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to incorporate learning and reasoning for applications such as radio resource allocation [85]. Using the
CBR based structure, different Al techniques can be integrated in the CE to implement different functions.
Therefore, in this work, the CBR is also adopted in the reasoning and learning agent. Since this work focuses
on the CR framework and its operation and the detailed CBR based CE designed has been discussed in [85]
for a similar radio resource management application, we highlight the essence of the reasoning and learning

process.

Case based reasoning [139] is a reasoning process based on experiences (cases). This process resembles
certain human reasoning process where a decision is made based on similar experience instead of rigorous
deduction. Hence, CBR possesses many features similar to its human counterpart. For example, it can
arrive at a decision quickly as step by step derivation is avoided. In addition, it can come up with a solution
to a problem where there is limited knowledge about the problem or missing steps in existing analytical
solution finding procedure by trying and modifying a known solution to a similar problem. These features
make CBR particularly appealing to radio resource management since the knowledge (model) about the
radio environment is usually ambiguous and it is important to make decision quickly in response to changing
environment to explore the benefit that dynamic radio resource management can bring. Therefore, CBR is

adopted here for radio power consumption minimization.

The functional components of CBR naturally include [139):

e Case representation and indexing: formats the experience so that it can be later used by the reasoner

and retrieved accordingly;
e (Case selection and retrieval: finds the case in the case database that matches the request;

e Case evaluation and adaptation: evaluates the retrieved case using a performance model or by applying

the solution and observing the outcome;

e Case learning and case database maintenance: retains useful experience by creating a new case or
adapting an existing case and manages the case database to maintain a balance between case granu-

larity and retrieval efficiency.

This work adopts the same architecture as in [85] and implements it for the purpose of power consumption

optimization.
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Figure 6.2: Case structure.

One concept that is worth additional attention is the definition of a case as it needs to be tailored for each
specific application of CBR. A case, a fundamental element in CBR, is a piece of contextualized experience
that “teaches a lesson fundamental to achieving the goals of the reasoner [139].” As shown in Figure 6.2, the
content of a case includes three components: problem description which describes the most distinguishing
features of a problem, solution which explains how the problem was solved, and outcome records the result
of applying the solution. The design of a case is important to the performance of the CBR. A case needs to
capture necessary information for future use. The representation of information may lead to vastly different
performance in terms of memory requirement, retrieving speed, and accuracy. This aspect is studied in more

details in the simulation results.

6.4 Simulation Environment and Results

A CE framework is designed and evaluated by simulation to study the dynamics of the framework in response
to the changes in application and radio environment. This section presents the simulation environment and
some results. Since some results on a CBR based CE for a similar radio resource allocation application have
been discussed in [85], this section focus on the essence of the reasoning and learning process, such as, the

learning of the radio hardware component characteristics, the case design, and the online and offline learning.

6.4.1 Simulation Environment

The simulation considers a single cell radio environment with a base station (BS) and a mobile station (MS).
The current simulation focuses on a single link between the BS and the MS. Multiuser /multilink scenario
will be studied in future work. We assume that the MS is moving at a constant speed within the cell range.
This motion is mathematically modeled as a two dimensional (2D) random walk. At a constant observation

rate, the location of the MS and the radio channel between the MS and the BS are estimated. It is assumed
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Table 6.1: Simulation Settings

Parameter (unit) Value or Range
Number of cells 1
Cell radius (m) 1000
Path loss exponent 3
Number of BSs 1
Number of antennas on BS 4
Maximum output power from each BS antenna (W) | 1
Number of MSs 1
Number of antennas on MS 4
Maximum output power from each MS antenna (W) | 1
Channel central frequency (MHz) 900
MS speed (km/h) 3.6

Type of application, spectral efficiency (b/s/Hz): | Low, 2: voice (3); Medium, 5: Internet music
Example application (exponential duration (min): | (4); High, 8: Internet video (7)

mean)
Application arrival model (/min) Poisson process with arrival rate %

that the radio can be reconfigured at the same rate if it is needed. Both BS and MS are equipped with
multiple antennas and the channel gain on each antenna experiences uncorrelated Rayleigh fading along
with path loss depending on the distance between the BS and the MS. Other channel models can also be
adopted. The change of radio channel during the period of an application may lead to reconfiguration of the
radio given the optimization target. This is determined by the reasoning and learning agent. The system
supports three categories of applications based on the spectral efficiency assuming a fixed bandwidth for all
applications, namely, low rate (2b/s/Hz), medium rate (5b/s/Hz), and high rate (8b/s/Hz). The application
request arrives according to a Poisson process, and different types of application requests appear with equal

probability. The detailed system settings are summarized in Table 6.1 for easy reference.

6.4.2 Learning of Radio Component Characteristics

As one of the important features of the CR framework, the radio platform supervisor is able to learn radio
hardware characteristics, e.g., PA power efficiency characteristics in this case. Since the PA power efficiency
characteristics are relatively stable, the learning can be performed only once in a long period of time and the
results can be stored in memory for future retrieval. Every time the characteristics learning is performed,
the memory is updated with the new results. This update will also be able to detect any significant changes
in the characteristics and alert the central management unit of possible malfunction of the component.
An important tradeoff in this process is between the accuracy and the memory space and speed. In this

framework, the radio platform supervisor curve-fits the measurement data to the two-parameter PA efficiency
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Figure 6.3: PA efficiency characteristics parameter extraction via MMSE curve fitting.

model in (6.1) first used in [76, 160]

ﬁ—n[Pt]—< " >anmax, (6.1)

where P, is the PA output power, P4, is the maximum PA output power, 7,4, is the PA efficiency at
its maximum output power level, and « is the efficiency exponent depending on the particular PA used.
This model based approach requires only two parameters and captures the efficiency characteristics of the
theoretical Class A and Class B PAs and some real PA based on minimum mean square error (MMSE)
criterion [156]. On the other hand, if a table lookup approach is adopted for efficiency knowledge, a large
memory space is inevitable for required accuracy. The lookup table approach may also lead to relatively

longer processing time compared with the model based approach.

In this work, a real PA (TRF4002 [74] by Texas Instruments which has been used in several wireless products)
is assumed to be used in the system. A measurement IC (e.g., ADM1191 - digital power monitor [158] by
Analog Devices with upto 400K Hz) is assumed to be integrated in the radio platform to monitor the PA
power consumption. The “measured” 2 PA efficiency characteristics are shown as circles in Figure 6.3. Also
shown in this figure is the MMSE curve-fitting result of the realistic PA efficiency characteristics to the

analytical model in (6.1). The extracted parameters for this PA are 7,4, = 0.32 and « = 0.7. As expected,

2This measurement is emulated by using the PA efficiency curve in the product data sheet of the realistic PA, TRF4002.
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this set of parameters falls in between Class A and Class B PA parameters. The following results are all

based on this extracted realistic PA efficiency model.

6.4.3 Case Design

The average signal to noise ratio (SNR) per channel in this work is defined as

Y 2
7= B[] (6:2)

where P is the radiated power from a transmit antenna, o2 is the noise power spectral density, r and ¢ are
the number of transmit and receive antennas, respectively, and ||H]|| . is the Frobenius norm of channel gain

matrix H.
The Frobenius norm can be expressed as [161]

rot min(r,t)
2 2
HIE =YY byl =t (HH) = Y A, (6.3)
i=1 j=1 i=1
where h; ; is the element on the i-th row and j-th column of the channel gain matrix H, tr (-) is the trace

function, and ); is the i-th singular value of channel gain matrix H and A? is the i-th eigenvalue of HH.

The element of the channel gain matrix, h;j;, captures path loss and Rayleigh fading effects with two
independent multiplicative components. The path loss at a distance d with a path loss exponent n, PL(d,n),

is defined as [162]

PL(d,n) = (d%) - PL(dy, ), (6.4)

where PL(dg,n) is the path loss at the reference distance dy with the path loss exponent n. The Rayleigh
fading component [162], g; j, is modeled as a complex Gaussian random variable with zero mean and equal

variance % for its real and imaginary parts. Since path loss is about average power and Rayleigh fading is

about amplitude, the channel amplitude gain h; ; can be expressed as

1

hii= ] ——— g
7\ PL(d,n)

(6.5)

o% _

Therefore, h; ; is a complex Gaussian random variable with zero mean and equal variance % m for

its real and imaginary parts.
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Hence, we have

2] 2] r-t
B[] =B {Ihl’] = 5oy (6.6)
and
_ P 2 1
5= WE [HHHF] =P o2 PL{dn)’ (6.7)

In the simulation, we use normalized power spectral density 02 = 1 and the maximum average SNR per

channel under maximum output power at the cell edge is set to 3 dB to achieve desired application QoS.

The design of a case is critical to the performance of CBR. Since the channel information is important in
determining antenna combination and rate allocation, it needs to be properly presented in a case. Naturally,
we can either keep the channel gain matrix H or the corresponding singular values ); in a case. It is important
to estimate the number of cases that the case database should hold. This parameter determines the memory
space that needs to be reserved and also the retrieval time and the power consumption for retrieval in
the CBR. To determine which form of information to store in a case, we investigate the probability density

functions (PDFs) of the element of the channel gain matrix and the corresponding singular value, respectively.

The PDF of the element of the channel gain matrix (real or imaginary part) can be expressed using a mixture

distribution [163] as follows:

i () = [ f(s) - Frlhi o), (6:8)
s
n2
where fz(h;s) is the PDF of the real or imaginary part of h; ; parameterized by s and fu (h;s) = _271'8/26T/2 ,
fs(s) is the PDF of s, the variance of h; ;, and s = 02 = var [h; ;] = —PL(ld_n). For each value of s in the set

S, fu(h;s) is a PDF with respect to h; ;. This mixture distribution reflects the fact that the variance of
the element of the channel gain matrix is different when the MS is at different location (different distance

between the MS and the BS).

Assume the location of the MS in the cell is uniformly distributed, i.e.,

d2

fD(d) = ﬁ’

(6.9)

where d is the distance between the MS and the BS and R is the cell radius. It is easy to show that the

variance of the element of the channel gain matrix, s, follows

o dg 2 2 2_4q

fs(s) = R (PLo) ™ -s7n7 . (6.10)
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Figure 6.4: PDF of the element of the channel gain matrix.

The resulting PDF of the real or imaginary part of the element of the channel gain matrix is plotted in
Figure 6.4. The estimated PDF based on histogram is also shown in this figure. The estimated PDF

matches closely the theoretical expression of the PDF.

Similarly, we can obtain the PDF of the corresponding singular values of the channel gain matrix. The

limiting density of the eigenvalues of a Wishart matrix (W = $1XXT) is given by [164]

1

2mcx

fx(x) V(s — ) (z—bo), (6.11)

where X is of dimension r x t whose element z; ; is independent and identically distributed (i.i.d.) with zero
mean and unit variance, c = 7, and by = (1+ \/E)2 With simple derivation, we can show that the limiting

density of the eigenvalues of a matrix V = YYT where Y is of dimension 7 x t whose element y; ; is i.i.d.

2

with zero mean and variance o can be expressed as

_ 1
© 2mcto?y

fr () V(to?by —y) (y — to?b). (6.12)

Furthermore, due to the relationship 22 = y between the singular value, z, of the matrix Y and the eigenvalue,
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Figure 6.5: PDF of the singular values the channel gain matrix.

y, of the matrix V, the limiting density of the singular values of the matrix Y can be expressed as

Fo(zs) = —— /Esby —22) (2 —tsb), (6.13)

mwctsz

where s = o2.

Therefore, the PDF of the singular values of the channel gain matrix with random variance can be expressed

using a mixture distribution as follows:

(z) = /fg(s)fz(z;s)ds. (6.14)

This PDF is plotted in Figure 6.5 along with the estimated PDF based on histogram.

Using the obtained PDFs, we can determine the ranges of the channel gain and the singular value in which
the channel gain and the singular value fall with a probability greater than or equal to 95%. This range is
approximately [—8, 48] and [0.1,22] for the channel gain and the singular value, respectively. These ranges
can be used to estimate the required memory space for storing such information. For example, if a step
size of 1 is used for both the channel gain and the singular value, there are 17 steps and 22 steps for the
channel gain and the singular values, respectively. For a 4 x 4 system considered in this work, it may generate

approximately 176 and 23* cases, respectively, if we assume the channel gains and the singular values are
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independent. It is obvious that it requires much less memory space to store the singular values in a case
than the channel gains in a case. Note that the actual number of cases in a case database can exceed these
numbers since when the radio operates long enough, it experiences scenarios with small probability and
corresponding cases are added to the case database. On the other hand, the singular values are required in
determining the actual power and rate allocation. Therefore, it is a better choice to store singular values in

a case.

6.4.4 Dynamics of Reasoning and Learning Agent

After studying the learning of radio hardware component characteristics and the case design, this section
investigates the dynamics of the reasoning and learning agent in responding to various types of applications

and channel conditions.

Using the PA efficiency characteristics learned by the radio platform supervisor, the CR framework deter-
mines appropriate radio configuration to minimize power consumption. This work focuses on the CSIR-CSIT
scenario considered in Chapter 4 as an example, where the channel state information is known at the receiver
and the transmitter in a multiple input and multiple output (MIMO) system. As in Chapter 4, the power

savings metric is defined as
Pcon - Pcog

S:
Pcon

- 100%, (6.15)

where P, is the power consumption using a conventional power allocation approach, P.,, is the power

consumption using the proposed CR based power allocation approach.

Offline Learning vs. Online Learning

For many artificial intelligence techniques, training is a critical step for its operation. The case based
reasoning can actually work without any training and learns as it operates. However, the CBR can also
learn (accumulate experience) in an offline fashion (the offline learning) where it is trained with limited
typical scenarios and improve its learning process. To differentiate, we call the learning process during the

CBR operation the online learning.

In the offline learning process, the CBR starts with an empty case database and is provided with purposely
created training scenarios. When the CBR sees a training scenario, it first tries to find a similar case in its

case database. If it cannot find one, it then uses the heuristic algorithm developed in Chapter 4 to determine
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Figure 6.6: Offline learning for the CBR.

an appropriate solution. This solution is then validated and the validated solution is stored in the case
database for future use. The online training process is similar to the offline training except that in the online

training, the CBR learns with actual scenarios.

Figure 6.6 shows the average offline learning progress for the three types of applications investigated in this
work. The results are averaged over a sufficient number of sample offline learning processes such that a 95%
confidence interval is guaranteed. In each offline training process, 1 x 10* training scenarios are used and
each scenario corresponds to one distinct location and each scenario has one channel observation. It is clear
that the rate of case accumulation in the case database is fast when the number of cases in the case library
is small. This rate slows down when the number of cases increases further. Finally, it tends to saturate
for application type 1 and type 2 where the number of cases in the case database is presumably small. It
is natural to observe that the number of cases in the case database depends on the application type. In
other words, the case database contains more cases for the application with higher rate requirement. This is
because under the same channel condition, the application with higher rate requirement may require more
antennas at the transmitter which leads to a larger number of singular values. Hence, it has the opportunity
to create cases using more active antennas. These scenarios are created using the channel model discussed
above. After the offline learning, the CBR accumulates on average 61, 71, and 242 cases for the three types
of applications, respectively. It is also possible to further study the characteristics of the accumulated cases

(e.g., the statistical characteristics of the cases) for the different applications and create a set of typical cases
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Figure 6.7: Online learning for the CBR.

for each application. These sets of typical cases can then be directly load into the the case database as the

offline learning results.

In comparison, Figure 6.7 shows the average online learning progress for the three types of applications
investigated. FEach offline training process consists of 50 applications of a specific type and each application
consists of many channel observations. Based on the average result, to obtain the similar number of cases
in the case database, the online learning process requires 8 x 104, 8 x 104, and 5 x 10* channel observations,
respectively. In compared with 1 x 10* channel observations used in the offline learning process, much more
channel observations are required in the online learning process to accumulate a similar amount of cases in
the case database. This is because in the offline learning process the training samples are created such that
they are spread out in the target coverage area whereas in the online learning process the observations from
each application session tend to lump around a specific location in the coverage area (i.e., the initial location
of the radio determined at the start of each application session). Generally speaking, the offline learning
process accumulate typical experience and the online learning process collects more detailed experience under

the specific environment.

From the result on the comparison of the offline learning and the online learning, the offline learning can
accumulate typical experience quickly. On the other hand, the benefit of using the online learning is that
the radio learns as it operates and that it does not consume additional resource for learning. Therefore, in

this framework, we combine both types of learning to exploit their benefits. In other words, first the radio
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Figure 6.8: MS location for different applications.

performs the offline learning for the CBR to gain some general experience. Then, it use the trained case

database in the following operation and performs online learning to gain specific experience.

Power Savings and Time Complexity

To study the dynamics of the CE framework, a temporal simulation is performed where 100 independent
random application requests for each application type are generated and corresponding performance results
are observed. Each application type is generated equally likely. At the beginning of each application, a
random MS location uniformly distributed in the cell range is created and the MS moves at a constant speed
according to a 2D random walk process during the application duration. Figure 6.8 shows a sample MS
motion trajectory in the cell range. At a constant frequency, the MS location is noted as a point on one
trajectory. At the mean time, the channel realization at that location is observed and used in determining
a preferred radio configuration for the given application type. If the new configuration is different from the

current configuration, the radio needs to be reconfigured.

It is important to study the power savings and the time complexity performance using the CBR approach
compared with the exhaustive/heuristic algorithms. Figures 6.10 and 6.9 show the average power savings
that can be achieved using a numerical algorithm and the relative power savings performance of the cognitive

approach with respect to the numerical algorithm approach, respectively.
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Figure 6.9: Average power savings using a numerical algorithm (branch optimization in Section 4.5.2) for

three types of applications.
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Figure 6.10: Relative power savings for three types of applications.

Application index

In addition, the relative time complexity of the cognitive approach with respect to the numerical algorithm

approach is shown in Figure 6.11.
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Figure 6.11: Relative time complexity for three types of applications.

Note that relative power savings and the relative time complexity are defined as:

SCT
Sre1 = 3 . 100%, (6.16)
and
TCT
Too = =27 . 100%, (6.17)
Tnum
respectively.

It can be seen that the CBR based approach can achieve on average about 90% power savings with less than
75% time complexity depending on the type of application. Note that this time reduction is based on one
of the heuristic algorithms, which is already much faster than the pure exhaustive search algorithm. Here
we use the heuristic algorithm as baseline since in practical implementation the time consuming exhaustive
search approach would not be chosen as it cannot keep up with the time requirement. Observe that the
relative time complexity for application type 1 is lower than that of application type 2 and type 3. This
is because the case database for application type 1 is generally smaller than that of type 2 or type 3. The
difference between the time complexity is partly due to the search of the case databases of different size. It
is interesting to notice that the power savings are confined in a certain region for each applications even if
the MS is wandering around the cell. For curiosity, Figure 6.12 shows the average power savings when the

initial locations of the MS are either at the cell edge or at the cell center. This result confirms that the
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Figure 6.12: Average power savings using a numerical algorithm for type 3 application at either cell edge or
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power savings in Figure 6.9 should fall in between the two extreme cases.

6.5 Conclusion

This paper discusses a cognitive radio approach to radio power consumption optimization and the design
of a case based cognitive engine that realizes the additional power savings beyond conventional approaches
for mobile and wireless communications. The proposed CE framework incorporates the learning of radio
hardware component characteristics and the radio operation optimization for power reduction using the
learned radio characteristics. The capability of learning hardware component characteristics has a wide
potential not only for radio operation optimization but also for radio operation monitoring and problem
trouble shooting and diagnosis. This learning capability can provide valuable information for applications
such as the radio self-organizing networks in the Long Term Evolution (LTE). This paper also investigates
the tradeoff between the offline learning approach and the online learning approach and designs a combined
learning approach for the cognitive engine where the offline learning quickly equips the cognitive engine
with typical cases for operation and the online learning then obtains specific experience for close match. In
addition, the power savings and time complexity of the case based approach are compared with the numerical

approach we studied in our previous work. The result shows that the case based approach can achieve almost
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all the power savings with lower time complexity by exploiting the experience recorded as a case in the case
database. Hence, the case based approach provides a flexible way to balance the potential power savings and
the time complexity given the actual radio operation requirement. For example, for a more time constraint
environment, the case based CE can be adjusted such that faster adaptation is achieved with lower potential

power savings.



Chapter 7

Conclusions

7.1 Research Summary

Power consumption has been a critical aspect in wireless and mobile communications. Previously, a tremen-
dous amount of work has been devoted to this field from the device level to the system level. This work
seeks to advance the understanding and the optimization of system power consumption taking advantage of

the emerging cognitive radio technologies.

Specifically, this work first proposes a methodology of using a cognitive radio framework for power con-
sumption optimization. The framework enables learning of the radio component characteristics (e.g., the PA
efficiency) which is necessary for power consumption optimization. Using the learned component characteris-
tics, radio parameters and component characteristics can be jointly adapted to minimize power consumption
given the channel and meet the QoS requirement of an application. This framework can be extended to
optimize radio operation to achieve additional goals. This work focuses on the impact of the PA characteris-
tics on the power consumption since the PA usually dominates the power consumption in medium and long

range wireless applications. Other components can be integrated into the framework as needed.

Then, this work goes on with the potential power savings using the CR approach for the SISO systems. The
relationship between the radiated power, the PA power consumption, and the PA efficiency characteristic
in SISO systems is investigated. A unified PA efficiency model characterizing theoretical Class A, Class B,

and practical PAs is adopted and enables the analysis of the impact of different radio configurations and

112
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channel conditions on power efficiency. With PA efficiency knowledge, the CR framework is able to minimize
the power consumption by adapting radio parameters, such as, modulation, coding rate and coding gain,
and radiated power. In addition, further system power consumption reduction for given channel and QoS
requirement can be achieved if radio parameters and radio component characteristics (i.e., PA efficiency

characteristic) are jointly adapted.

The potential power savings using the CR approach for the MIMO systems is also investigated. Leveraging
the results from information theory and the capabilities of a CR (e.g., the awareness of the component
capabilities and characteristics), we develop a theoretical framework to minimize power consumption for
MIMO systems. The power consumption minimization problems under a sum rate constraint for MIMO
systems under various scenarios (e.g., different channel state information availability at the transmitter and
the receiver and antenna correlation at the transmitter) are mathematically formulated. Several heuristic
numerical algorithms are developed to solve the constraint optimization problems and the power savings are

evaluated by simulation.

After understanding the potential power savings, we develop a cognitive engine to enable the savings. This
cognitive engine facilitates learning and decision making in the CR framework. A CR can not only learn
the channel conditions as in conventional radios, but is also aware of the radio (component) capabilities
and characteristics. In this work, a case-based reasoning cognitive engine is designed and evaluated. A
combined learning approach is adopted in the cognitive engine where the offline learning process quickly
equip the CE with typical experience and the online learning accumulates specific experience while the radio
operates. With the combined learning, the CE is able to achieve most of the power savings from the numerical

algorithms with significantly lower time complexity.

7.2 Future Work

This work focuses on power consumption optimization for a wireless link and shows significant savings using
the cognitive approach. SISO and MIMO systems are investigated. It is natural to extend the work to
orthogonal frequency division multiplexing (OFDM) as MIMO and OFDM are two enabling technologies

widely used in emerging communication standards.

In addition to the work on a single link, it is important to understand the network aspect where the individual

links affect each other. It is observed that both SISO and MIMO systems can benefit in power efficiency by
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transmitting at high output power levels. This makes the research on potential interference and interference
mitigation and management critical in a network where high output power level from each node is favorable

for individual node. In a centralized network, scheduling might be used to alleviate the interference issue.

This work assumes linear PA and operation in linear region. If this assumption is relaxed by accepting certain
controllable distortion by allowing the PA to run in nonlinear region, better efficiency might be achieved.
However, the nonlinear operation introduces distortion which has to be carefully compensated. The tradeoff

between allowable signal distortion and achievable power efficiency is an interesting topic to study.

All the above topics including this work focus on the gain, the power reduction. It is equally important to
study the cost, the necessary additional computation burden to achieve the gain, e.g., the power consump-
tion of the cognitive radio framework. Some interesting work has been developed on computation power
consumption. It would be great if this kind of study can be integrated with the power reduction study. Sev-
eral key topics in integration include computation power consumption models and computation complexity

models for various algorithms and operations and their relationship.
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Appendix A

Development of a Case-Based Reasoning
Cognitive Engine for IEEE 802.22
WRAN Applications

This chapter! discusses the design of a case-based reasoning cognitive engine for IEEE 802.22 WRAN appli-

cations in details.

(The following is the published journal paper on this subject.)

Development of a Case-Based Reasoning Cognitive Engine for IEEE 802.22
WRAN Applications

A.1 Abstract

On Nov. 4 2008, the Federal Communications Commission adopted rules for unlicensed use of television white
spaces. The IEEE 802.22 Wireless Regional Area Networks (WRAN) standard is the first IEEE standard

utilizing cognitive radio (CR) technology to exploit the television white space. A decision engine that is able

1Copyright held by authors. This chapter is reprinted from A. He, J. Gaeddert, K. Bae, T. Newman, J. H. Reed, L. Morales,
and C. Park, “Development of a case-based reasoning cognitive engine for IEEE 802.22WRAN applications,” ACM Mobile
Computing and Communications Review, vol. 13, no. 2, pp. 37-48, Apr. 2009.
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to respond to the changes in the radio environment is necessary to efficiently exploit underutilized spectrum
resources and avoid interfering with the licensed systems (e.g., TV services). This paper discusses the
development of a case-based reasoning cognitive engine (CBR-CE) for the IEEE 802.22 WRAN applications.
The performance of the CBR-CE is evaluated under various radio scenarios and compared to that of several
multi objective search based algorithms, including the hill climbing search (HCS) and the genetic algorithm
(GA). The simulation results show that the developed CBR-~CE can achieve comparable utility with faster
adaptation than the search based cognitive engines after appropriate training / learning. The learning

process of the CBR is also simulated and discussed.

A.2 Introduction

The IEEE 802.22 Wireless Regional Area Networks (WRAN) standard is the first IEEE standard based on
the cognitive radio (CR) technology to exploit the underutilized spectrum (frequency white space) allocated
to the television (TV) broadcast services [57, 165]. Sharing spectrum resources can only be achieved by
minimizing interference to such primary users (PU) as not to degrade their service quality. PUs for WRAN
systems consist of TV stations, TV receivers, TV translators, TV boosters, and wireless microphones. The
secondary user (SU), the unlicensed user of the licensed spectrum band, may include base stations (BS) and
customer premise equipment (CPE) nodes. The IEEE 802.22 WRAN standard defines the operation of the
SU in an unlicensed, fixed point-to-multipoint wireless communication manner. The operation of the SU in
the TV band must abide by the IEEE 802.22 WRAN standard such that the SUs’ operation causes minimal

interference with the PUs’ operation.

In correspondence with the IEEE’s standardization process, the Federal Communications Commission (FCC)
has finally adopted rules for unlicensed use of television white spaces on Nov. 4, 2008 [87]. The rules
adopted allow various wireless devices, fixed and portable, to operate in the unused television spectrum with
sufficient protection to the PUs, such as televisions and wireless microphones. In order to guarantee no
harmful interference to PUs, the unlicensed devices have either to access a database of the registered PUs

or to sense the radio environment.

In order to utilize the unused spectrum while protecting the PU service quality, the SU must be aware of
and adapt to the PU activity as well as typical wireless channel impairments (e.g., multi-path fading). Much
of this information can be obtained through the SU’s sensing module and is used appropriately to choose

available spectrum bands and radio configurations to accommodate specific application requests and quality
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of service (QoS) requirements. This process suggests the SU be cognitive of its environment and respond to
such changes in accordance with the IEEE 802.22 standard and puts strict constraints on SU’s performance
and response time. In order to meet these requirements a cognitive engine (CE) that is able to manage a

variety of scenarios is necessary.

This paper discusses the benefits of applying case-based reasoning (CBR), an artificial intelligence (AI) style
approach, to CE design for IEEE 802.22 WRAN applications. In general, a major advantage of an Al
approach is its flexibility. An AI approach can perform reasonably well under the circumstance where the
system model is not well known or the objective functions may change. On the other hand, for a problem
with specific requirements and a precise model, a heuristic approach might be more efficient. However, slight
changes to the system model or the objective function might break it. It is desirable that a CR system is
flexible to respond to various situations, even those that are not planned at design time. Therefore, an Al
approach is preferable and provides a good tradeoff between performance and flexibility for the design of a

generic system under the loosely defined environment. In this paper, we focus on one Al-style approach, the

CBR.

CBR is an emulation of human learning, understanding, and problem solving process based on experience
(cases) [139, 166]. In [124, 125], we have proposed a cognitive engine architecture that is able to incorporate
both case- and knowledge-based reasoning and investigated the performance of a knowledge-based CE for
WRAN applications. A case-based approach (case-based decision theory) is also proposed for CE design in
[142]. Specifically, this paper extends the research in [124, 125] by developing a case-based reasoning cognitive
engine (CBR-CE) for WRAN applications and evaluating its performance under a variety of scenarios. Both
the training and evaluation processes of CBR-CE are discussed. The training and evaluation processes
elaborate the learning and reasoning processes in the CBR-CE. As our results demonstrate, the CBR-CE

provides a computationally efficient means for adapting to the dynamic wireless environment.

The remainder of this paper is organized as follows: Section A.3 discusses the architecture of a generic
cognitive engine for the IEEE 802.22 WRAN applications along with recent research on CE design, the
motivation for developing the CBR-CE, and performance metrics and utility functions; Section A.4 overviews
the basic concepts of CBR; Section A.5 details the framework and the processing flowchart of the CBR-CE;
Section A.6 presents the simulation results under a variety of scenarios and discusses the learning and

reasoning process of the CBR-CE; Section A.7 concludes the paper and proposes some further work.
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Figure A.1: Generic Architecture for the WRAN CE.

A.3 Design Methodology

A.3.1 Cognitive Engine Architecture

A generic process diagram of the WRAN CE is shown in Figure A.1. The CE consists of three major

processes: orientation, reasoning, learning and decision-making, and solution mapping and validity check.

In the CE design for the WRAN applications, the “scenario” includes the following information:

e General spectrum condition: is affected by PU’s activities and characterized by the spectrum avail-
ability. The spectrum availability specifies the TV channel status [57] (occupied, candidate, active,

and null) due to the operation of the PU.

e Policy on spectrum (spectrum mask): specifies the maximum transmission power allowed in one or a

series of adjacent TV channels [57].

e Specific radio environment between the CPE and the BS: specifies the radio channel condition such

as path loss, fading and shadowing.

e Service request of CPE or BS: indicates the type of service and the associated QoS of CPE or BS.



An He Appendix A. Development of a Case-Based Reasoning Cognitive Engine for IEEE 802.22 WRAN Applications 120

The orientation process translates the scenario information into a service request vector and a policy vector.
The service request vector includes the information on the specific radio environment and the service request.
The policy vector includes the information on the general spectrum condition and other constraints. The
reasoning, learning and decision-making process takes the service request vector as input and the policy vector
as a constraint on solution and determines a possible solution. If the anticipated performance of this solution
does not satisfy a certain criterion, the solution will be further adapted using adaptation mechanisms until
the performance criterion is met or an adaptation time limit is reached. The solution mapping and validity
check process maps the solution to a specific action in a vector of operational parameters and validates it

against the policy and regulation before applied to the radio.

In this modular CE design all the processes in Figure A.1 can be implemented using various approaches as
the application programming interfaces (API) between modules have been clearly defined. For example, a

knowledge-based CE can be implemented [125]. In this paper, a CBR-CE is investigated.

A.3.2 Recent Research on Cognitive Engine Development

Various AT techniques have been investigated for CE design. The genetic algorithm (GA) has been applied
to CE design recently. Rondeau et al. apply GA to control software defined radios [67]. The paper focuses
on the adaptation mechanism of a CE that adjusts the radio parameters using GA in a changing radio
environment. Newman et al. also implement a GA-based CE to control multicarrier transceivers [111].
Several fitness functions are defined to guide the GA search direction based on the numerical analysis on the
relationships between environmental parameters and transmission parameters. The way to weigh different
objectives and the trade-off between the convergence time of the GA and the size of the search space are

also discussed.

Weingart et al. [167] apply Design of Experiments (DOE) technique to the CR systems to statistically identify
the factor or combinations of factors (radio configuration and radio condition) that impact significantly the
response (performance goals, such as bit error rate (BER), latency, and throughput) and generate a model
for the system. The learned model is then used to generate a specific configuration for the CR according to
the performance goals and environment condition. The learning of the model can be done either offline or in
real-time. However, for large sets of factors and responses, it needs to be done offline at current computing
capability. In contrast, the CBR approach, as we show in Section A.6.3, is fast and can run in real-time even

though the parameter set is large.
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Case- and knowledge-based reasoning has been proposed for CE design recently. Reed et al. [124, 125] propose
a CE architecture that incorporates case- and knowledge-based reasoning and investigate the performance
of a knowledge-based CE for WRAN applications. In addition, a radio environment map (REM) database is
included to facilitate the reasoning and learning process. Le et al. also propose to use case-based reasoning
in CE design [142]. The functionalities of the building blocks in the cognition cycle and the CE are discussed,
including environmental awareness, case-based learning, multi-objective optimization, and hardware-portable

interface.

A.3.3 Motivation of Case-Based Reasoning Cognitive Engine

As we have discussed in the previous section, interesting results have been demonstrated in designing CE
using different AI techniques [125, 142, 67, 111]. However, as those researchers point out, there is much to
be done. We have conducted a survey on the Al techniques to understand their applicability to CE design
[168]. Six AI techniques are investigated, including case-based reasoning, knowledge-based reasoning, search-
based reasoning, hidden Markov models, artificial neural networks, and cooperative reasoning. Among these
techniques, case-based reasoning is suggested to be promising for the IEEE 802.22 WRAN applications in

obtaining optimal radio configuration under uncertain radio environment and service requests [168].

CBR has been studied and applied in many fields [139, 166]. It is a reasoning process based on experiences
(cases), which resembles human reasoning process to some extent. Generally speaking, there are two styles

of the CBR depending on its purpose [139]:

e Problem solving CBR: suggests solutions and reminds possible problems in various tasks such as

design, planning, and diagnosis.

e Interpretive CBR: justifies solutions in tasks such as situation classification, adversarial reasoning,

and effect projection.

Among the advantages of using CBR, it can work with limited knowledge of the system and provide the
solution quickly [139]. This makes CBR particularly appealing to the CE design for WRAN applications
since the environment where a WRAN CE usually operates can hardly be predicted/understood precisely
especially considering the existence of wireless microphones. Also, the WRAN CE needs to respond promptly
to the changes in the radio environment and be flexible for various service requests [57, 165]. A problem

solving case-based reasoning CE seems to be suitable for the IEEE 802.22 WRAN applications. It proposes



An He Appendix A. Development of a Case-Based Reasoning Cognitive Engine for IEEE 802.22 WRAN Applications 122

solutions based on the cases (experiences) in the case database, revises the old solutions for the new situation,
evaluates the performance before applying the solution in the real environment, collects and analyze the

feedback information, and updates the case database based on the analysis.

In [124, 125, 142|, case-based reasoning has been considered in the CE design. However, no tangible results
(simulation or implementation) have been demonstrated. In this paper, we extend the work in [124, 125]
to evaluate the applicability and feasibility of the CBR in CE development. The training and evaluation
processes are discussed to elaborate the learning and reasoning processes in the CBR. In addition, we compare

the performance and execution time tradeoff between CBR-CE and GA-based CE.

A.3.4 Performance Metrics and Utility Functions

Defining an appropriate utility function to evaluate the performance of a specific solution is crucial to the
design of the CE. The result of this evaluation is used to qualify one solution over another, and is also used
to compare the performance of CE implementations based on different AI techniques. This result can be
used to select a specific implementation for certain application. In the CBR-CE design, we employ the utility
function and utility metrics used in the knowledge-based CE [125]. The utility metrics considered include

the BER, the data rate, and the transmission power.

The utility / performance of an individual CPE is defined as
1 1)? SNz L1 1!
Uepe = —, R,R,) <—,—> Al
o= (g ) £ (i) s (55 (A1)
where the utility function f(-) is defined as

flx,d;m,0) = {tanh [log (g) - n} o+ 1} ) (A.2)

N =

and Pb, Rb, and P, are the target metrics for the BER, the data rate, and the transmission power (in linear
scale) determined by the application requirements, respectively. The threshold and the spread parameters,
1 and o, respectively, are chosen such that the utility is 0.95 when the metric (x) achieves the target (&) and
is 0.05 when the metric is one decade away from the target. As shown in Figure A.2, the utility function
is monotonically increasing and is bounded by 0 < f < 1. Furthermore, the utility exhibits diminishing
returns for increasing the metric beyond its goal. The superscripts in (A.1) weigh the importance of achieving

different goals. Since 0 < f < 1, the larger the superscript of a particular goal, the higher the importance of
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Figure A.2: Generic Utility Function.

that goal. There are other choices for the utility function. In (A.1), a multiplicative function instead of an
additive function is chosen since it is more sensitive to a low value of any attribute. In (A.2), the slope of the
curve is steeper when the attribute value is further away from the target value. Therefore, the combination
of (A.1) and (A.2) produces significant difference between the utility value of a solution achieving all three
goals and that of a solution achieving only two goals while at the same time restrains the utility value in a

finite region of (0,1).

The global utility is then defined as:

ugtopar = | ] (ur)*, (A.3)

k

where wy > 0 is the weight assigned to the individual utility metric wuy.
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A.4 Case-Based Reasoning Overview

The CBR is the core module of the CBR-CE. This section focuses on the design of the CBR module. Since
a case is the fundamental element in a CBR system, its concept is discussed first. Then, the functionalities

of different CBR components are explained in details.

A.4.1 Concept of Case

A case, the fundamental element in a CBR system, represents an experience. All other components in a

CBR system take a case either as input or as output. A case is defined in [139] as follows.

“A case is a contextualized piece of knowledge representing an experience that teaches a lesson

fundamental to achieving the goals of the reasoner.”

Note that although a case represents an experience, not every experience is a useful case. The essence of
a case lies in its capability of “teaching a useful lesson” [139]. In other words, an experience that is worth
remembering by the reasoner is what helps the reasoner to achieve a goal, warns the reasoner against a

potential failure, or specifies an unexpected situation.

A.4.2 Components of CBR

Case-based reasoning refers to the reasoning process based on previous recorded experiences (cases). A
case-based reasoner is an entity that performs case-based reasoning. In the discussion of this paper, CBR
can refer to either case-based reasoning or case-based reasoner according to the context. In general, CBR
consists of case representation and indexing, case selection and retrieval, case evaluation and adaptation,

case learning and case database maintenance [139, 166]. In the following, we discuss these modules in details.

Case Representation and Indexing

Case representation formats the input information such that this information can be understood by other
modules in the CBR. A case usually consists of two parts: the content and the indexes [139]. The content

of a case records the experience or the lesson it teaches. It contains the following information.
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e Problem description: describes the relevant experience. It specifies the detailed information about

the problem including the radio environment and the service request with its QoS requirement.

e Solution: explains how the problem was solved in the past. It specifies a possible radio configuration

for the problem specified in the problem description.

e QOutcome: records the result of applying the solution. It specifies the feedback from the real environ-

ment (e.g., success or failure) after the solution was applied to the CPE.

The other important aspect of a case is its indexes, which specify the context where the content of a case is

gained and where it is useful and describe the distinguishing features of a case.

To assist the readers, as an example, the case structure used in the CBR-CE design is shown in Figure A.3.
The “Problem” field specifies the general event (e.g., new CPE service request, and PU detection), the channel
condition (path loss), and the QoS requirement (BER). This field is used to form the index to a case. The
“Solution” field includes information on modulation and coding scheme, interleaving, transmission power,
and bandwidth use. These are the system parameters the CE can adjust. The “Outcome” field includes
feedback information (achieved utility). It guides the case update in the case database. More details on the

scenario settings and the range of attribute values are discussed in Section A.6.2.

Case Selection and Retrieval

The case selection and retrieval module searches the case database for cases that satisfy the request to
a certain extent. In our CBR-CE design, for example, a policy guided retrieval process is developed. The
policy vector obtained from the policy engine module contains a spectrum mask for a specific frequency band
[57]. The cases are first retrieved from the case database according to their indexes. Then, the retrieved
cases are checked against the policy vector. Those cases that comply with the policy vector will be collected

for further processing. We call them valid cases. The retrieval criterion is the most important aspect in
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effective case retrieval [166]. General weighted sum based retrieval criteria do not work well in our particular
environment due to the policy consideration in the WRAN system. For example, shorter Euclidean distance
between two situation does not always guarantee a closer match of the two situations. This is why the policy

guided retrieval is applied in the CBR-CE.

The case selection and retrieval module returns the best matched case or cases among the valid cases
according to a selection criterion. The selection in our CBR-CE is based on the performance metric discussed
in Section A.3.4. One or multiple valid cases with highest utility are returned. The choice of the selection
criterion is an open question in many CBR applications. The utility metric we use is a choice with acceptable
performance. Other metrics and utility functions such as those discussed in [111] can be adopted easily in this
process in the modular design of the CBR. For example, it is easy to implement a case selection functionality

with a metric on transmission power, such as selecting a case with the minimum transmission power.

Case Evaluation and Adaptation

The case evaluation module evaluates the performance of the retrieved case from the case selection and
retrieval module either by using a performance model or by applying the solution and observing the outcome.
The retrieved case is expected to be applicable to the new problem. However, the applicability or the
performance is not guaranteed. The retrieved case is recorded as a solution to a previous problem and
retrieved as a possible solution to the new problem due to the similarity between the old problem and
the new one. If the performance of the retrieved case is not satisfactory, the case is modified by the case
adaptation module. Note that the case evaluation and case adaptation can be recursive in order to obtain

an appropriate solution. It increases the processing time. Therefore, it is employed only if it is needed.

Case Learning and Case Library / Database Maintenance

A case library is an ensemble of similar cases. Several case libraries can be organized in a hierarchical

structure into a case database for efficient retrieval.

Experiences are remembered by the CBR system as cases in the case database. The CBR gains additional
information, or learns, by solving new problems or receiving feedback. As the experience increases, more
cases are accumulated in the case database. New experience may also be incorporated in the case database
by updating the existing cases. In this way, the size of the case database will not increase linearly with

the number of new problems and may finally converge. This phenomenon is observed in the simulation
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results in Section A.6.3. Although a larger case database does not always guarantee better performance for
a specific problem, a CBR system can generally return a better solution with a larger case database than
with a smaller one. This performance improvement reflects the learning capability of a CBR system. We

discuss the learning process in details with the simulation results.

The case database maintenance module is critical to the learning process and reasoning process of the CBR-
CE. When a solution to a new problem is formulated, this solution needs to be “remembered” by the CBR
for future use. The outcome of applying this solution to the new problem should be “remembered”; too.
As more and more cases are recorded in the case database, the CBR gets more and more efficient in the
sense that it can utilize cases in the case database to the new problem instead of finding a solution from
scratch using computationally intensive optimization. Another important consideration in case database
maintenance is the balance between the number of cases in the case database and the amount of time used
in case retrieval. A larger case database covers a larger problem space. However, this usually also means a
longer case retrieval time and larger memory space. Although memory size is becoming less of a concern in
modern system design due to advancements in memory size, processing time is always a big concern in many
wireless applications. For example, the IEEE 802.22 standard specifies stringent time requirements upon
detection of the primary user (e.g., Channel Move Time (2 s) and Channel Closing Transmission Time (0.1
s)) [165] to protect the PU. Therefore, an appropriate case granularity needs to be defined and redundant

cases removed from the case database to improve execution time.

A.5 Case-Based Reasoning Cognitive Engine Framework

The framework of the CBR-CE for the IEEE 802.22 WRAN applications is shown in Figure A.4. Also shown

in Figure A.4 is a generic processing flowchart of the CE indicated by arrows with number markups.

Since the CBR-CE is designed in modules with well-defined interfaces, each functional block can be replaced
with an equivalent processing element with ease. This modular design makes the framework handy for testing

and evaluating different algorithms.

A.5.1 CE Module Functionalities

The functionalities of the modules of the cognitive engine framework are as follows.
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Figure A.4: Framework of the CBR-CE for the WRAN application.

Spectrum Manager (SM)

The SM monitors the radio environment and interfaces with the physical radio hardware. It abstracts the
information from the spectrum sensing module for radio environment status and exchanges information with
the radio environment map module. In addition, it allocates resources including channels and subcarriers

according to the solution from the multi objective optimizer module.

Policy Engine (PE)

The PE module specifies the general policies, including the standard, the regulation, and the customized
specification. This general policy information is used to guide the operation of the case-based reasoning
module. The PE checks the legitimacy of the solutions returned by the case-based reasoning module and

multi objective optimizer module.
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Case-Based Reasoner (CBR)

The CBR module is the core module of the CBR-CE. It is responsible for providing candidate solutions
based on the request from the PE module. As we have discussed in details in Section A.4, the building
blocks of the CBR include case representation and indexing, case selection and retrieval, case evaluation and

adaptation, and case learning and case library/database maintenance.

Radio Environment Map (REM) Database

The REM database is used to store scenario specific parameters about the system, such as geographic
features, network and service availability, spectrum statistics, radio location and activities, policies, and
experiences [169]. The FCC suggests a database to store the incumbent user service for the unlicensed user

[87]. This database can be incorporated into the REM database.

Multi Objective Optimizer (MOO)

The MOO adapts the solution returned by the CBR to satisfy specific QoS requirement of the new problem.

The algorithms investigated in this paper include:

e Hill climbing search (HCS): sequentially makes small changes to the solution and improves the solution

a little bit each time.
e Genetic algorithm (GA) search: uses evolutionary search methods to find a better solution.

e Combination of HCS and GA: uses HCS and GA sequentially to find a better solution.

The returned solution from the CBR provides a good starting point for the MOO algorithms. Note that
this case adaptation process (MOO module) can be bypassed if the returned solution provides satisfactory
performance to reduce the execution time. This is observed in our simulation results and is the reason
why an independent MOO module is designed in the CBR-CE framework in Figure A.4. In addition, other
adaptation algorithms can be added to the MOO easily. The algorithms can also be combined to achieve a

better balance between performance and execution time.
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Expected Radio Performance Indicator (RPI)

The RPI module evaluates the anticipated performance for a given solution with the utility function before
applying it in the real environment. The result is used in the MOO to determine whether certain QoS

requirement is met and whether further optimization is necessary.

A.5.2 Functional Processing Flow

Enumerated below is the functional description of the processing flow of the WRAN CE described in Fig-

ure A.4. Each process is indicated by a functional example of the information passed through the interface:

1. Event triggered: Primary user is detected on channel #29; channel #29 is now occupied; CPE #51
working on this channel needs to be evacuated. SM passes a CPE evacuation request to PE. This

request includes the information on the event (CPE evacuation) and radio environment information.

2. Query CBR for abstract solution: PE queries CBR for solution/action that should be applied to CPE

#51 with specific information on the event and the CPE.

3. Return solution: CBR employs the policy guided retrieval process as discussed in Section A.4.2 to
identify valid cases in the case database and returns a best matched case in the case structure defined

in Figure A.3 containing specific radio configuration in the “solution” field.
4. Query REM for specific spectrum / channel: PE queries REM for best candidate channel.
5. Return solution: REM informs PE the best candidate channel, Channel #32.

6. Execute MOO: PE sends the solution with specific channel and radio configuration to MOO. MOO
evaluates the expected performance of this solution using RPI. If the anticipated performance is
better than a threshold, the optimization at MOO stops. Otherwise, MOO optimizes the solution and

calculates the anticipated performance until the threshold is met or the optimization times out.

7. Return specific solution: MOO returns the optimized solution with anticipated performance to PE.
PE checks the legitimacy of the solution. CPE #51 should use QPSK with rate 1/2 convolutional code
in channel #32 with bandwidth 1MHz; it should give a utility of 0.92. The solution complies with
the policy. Note if MOO returns an illegitimate solution, PE informs MOO to run again if possible.

Otherwise, a failure is declared to SM.
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8. Return specific solution to SM: PE returns final solution to SM.

9. Apply solution to the radio, measure actual performance, and update databases (not shown in Fig-
ure A.4): SM reconfigures the CPE to work on channel #32 with modulation, coding, and bandwidth
specified in the returned solution from PE. Actual utility is measured and returned as feedback. This
feedback can be used to update the case database through the case database maintenance as in Sec-
tion A.4.2 and the REM database. Actual utility for CPE #51 in channel #32 is 0.83, and the case
database and the REM database are updated.

Note that some processes, such as the MOO and the RPI, might run recursively in the processing flow in

order to obtain an acceptable solution.

A.6 Performance Evaluation and Simulation Results

A.6.1 Testing Methodology

The testing and the evaluation of the cognitive engine for WRAN applications are challenging due to de-
manding and unpredictable environments. In this paper, we apply a scenario driven testing methodology
proposed in [125] where the CE is tested in various scenarios depicted in a series of extensible markup
language (XML) files. Since the GA based CE (GA-CE) provided a consistent performance close to that
provided by the exhaustive search based CE and requires much less time to operate than the exhaustive
search based CE [125], in this paper the GA-CE is used as the bench mark for performance comparison.
The performance of the CBR-CE, the GA-CE, and the HCS based CE (HCS-CE) are investigated under
various radio environments. Note that since the CBR is based on experience, a training process or an initial

learning process is crucial to its performance. This training process is investigated through simulation.

A.6.2 Training and Evaluation Scenarios

In the training and the evaluation of the CBR-CE, the radio links between the BS and CPEs are randomly
generated by Monte Carlo simulations. Here, the training process mainly focuses on the operation of the
CBR in circumstance where little experience has been accumulated or few cases have been added to the case

database. The evaluation process, on the other hand, investigates the operation of the CBR when sufficient
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Table A.1: Simulation Settings

Parameter Value or Range
Number of BSs 1

Cell radius 20 km

Number of new connections 1-35

Distribution of CPEs Uniformly distributed
Type of service, R, and P, Voice: 10kbps, 102

Video: 100kbps, 1073
Low speed data: 250kbps, 10~¢
High speed data: 750kbps, 10~°

Multiplexing/Duplex OFDMA /TDD
Number of subcarriers 2048

Maximal number of active channels supported by the | 1

BS

Table A.2: Adjustable Parameters in the WRAN CE.

Parameter Value or Range

Frequency channel VHF / UHF (54 - 862 MHz)

CPE and BS transmission power Up to 4 Watts EIRP, subject to EIRP profile defined
by 802.22 Standard

Modulation scheme QPSK, 16QAM, 64QAM

Channel coding (convolutional coding) 1/2,2/3,3/4

Number of uplink and downlink subcarriers Variable 4 - 256

cases have been collected in the case database. In other words, the main difference between the training
process and the evaluation process is the sufficiency of the cases in the case database. Note that although
learning exists in both processes, it is more clearly observed in the training process than in the evaluation

process as we see in the simulation results. Therefore, we use the training process to explain the learning

process of the CBR.

The CBR-CE is developed in C++ and run on a personal computer with 3 GHz CPU clock rate and 2 GB

RAM. The detailed simulation settings in a single cell system are in Table A.1.

The simulation evaluates the CE capability to perform dynamic spectrum access and optimize spectrum and
power usage. Various operational parameters for both BS and CPE can be configured and optimized by the
WRAN CE. These adjustable parameters are listed in Table A.2. Although the BS can only support one

active channel at a time [57], it is assumed to be able to operate in the frequency range 54 - 862 MHz.

The training and the evaluation scenarios for the CBR-CE in the simulation are CPE service requests, i.e.,
N new CPE nodes request service to a BS in a cell simultaneously. This scenario is of particular interest
for two reasons. First, it is a common scenario in WRAN applications. Second, in the scenario where PU is

detected and some CPEs need to be evacuated, the CPE evacuation can be looked as CPE service request
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Figure A.5: CBR-CE utility vs. case database size.

with higher priority with regard to other CPE service request.

A.6.3 Training / Learning Results

Figure A.5 and Figure A.6 show the training / learning process of the CBR-CE and the impact of the case
database size on the performance and the execution time of the CBR-CE. No restriction is enforced on
the size of the case database in the simulation. The trailing / learning process of the CBR starts with an
empty case database. As the CBR experiences new scenarios, good results are recorded in the case database.
Therefore, the size of the case database increases as the CBR encounters more scenarios. The cases in the
case database are continuously updated when better solutions are obtained, i.e., a case with higher utility.

Two kinds of update are considered in the simulation.

e Add a new case: When the CBR encounters a new scenario or a scenario that is remotely similar to
previous one, the CBR retrieves a related case and adapts the case to the new scenario. This solution

is then added to the case database as a new case.

e Adapt an existing case: When the CBR encounters a reoccurred scenario or a scenario that is very
similar to previous one, the CBR retrieves a closely matched case and optimizes this solution to

obtained a better solution. The existing case in the case database is then replaced by the new
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Figure A.6: CBR-CE execution time vs. case data size.

solution.

The increase in the size of the case database indicates the accumulation of the experience, or learning, of
the CBR as it experiences more and more scenarios (as well as time elapses). The improvement in the
performance of the CBR as the increase in the size of the case database shows that the CBR works better
with more experience as in Figure A.5. Note that, in Figure A.5, the performance improves very fast when
the size of the case database is relatively small and the performance is poor. This performance improvement
tends to slow down as the size of the case database becomes larger and the performance becomes better.
This phenomenon can be better understood with a comparison to the human learning process. For instance,
imagine a process where we learn to play tennis or any other sport. We can usually learn to start playing
tennis in a relatively short amount of time. We spend more time in practice then we improve our skills.
However, it will take much longer, if not forever, for us to be ATP champions. The result in Figure A.5
indicates the overtraining issue with CBR. In other words, excess training only gets marginal return in
terms of performance improvement (average utility in particular) in CBR. In our simulation, no performance
degradation has been observed using CBR under excess training. This might be due to the capability of
CBR to update its database using better solutions. Our design benefits from this observation such that a
very limited amount of training and database size can provide satisfactory performance. The small training

set and the small database result in fast execution result in Figure A.6.
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Figure A.6 suggests that the execution time of the CBR increases almost linearly with the size of the case
database. This is because the retrieval algorithm used in CBR needs to search through all the cases in the
case database for the solution. As the number of cases increases, the searching time increases as well. Other
algorithms [166] can be used in case retrieval to improve the time performance, but this straightforward
approach provides a useful baseline. Note that the size of the case database depends on the complexity of
the problem and the granularity of the case. In our CBR-~CE, the performance is improved at the expense of
an almost linear increase in execution time (as observed in Figure A.6) as the size of the CBR case database
increases. Note that the absolute value of the execution time varies with the platform where this simulation
is run. However, what is more interesting to note is the nearly linear time complexity. As we see in the
performance comparison in the following section, this is a significant benefit of applying CBR-CE in time

stringent applications such as the IEEE 802.22 applications compared to other Al techniques.

The saturation in performance observed in Figure A.5 and the linear increase in execution time observed in
Figure A.6 indicate that a limited number of cases (about 150 cases in our simulation with a case database
size of 3kB) is sufficient to provide a good balance between performance and execution time. This number

will be different for different applications and needs to be determined through experience.

One common issue with CBR and other AI techniques that need training is that these Al systems might need
to be retrained under certain conditions. In CBR system, this issue is incorporated into the learning process.
As we see in the evaluation process where the CBR is initially trained, the case database is still updated
when a better solution or a new solution is obtained. In other words, the training / learning process and the
evaluation process of the CBR cannot be clearly separated from each other. The training / learning process
is an evaluation process with little experience; and the evaluation process is simply a training / learning
process with great experience. In the mean time, we can imagine that even the CBR is well trained for a
certain environment, it might need to be retrained when it operates in a significantly different environment
where all the experience becomes meaningless. Should that happen, the CBR would pick up new experience

as it operates in the new environment.

A.6.4 Evaluation Results

Several CEs are developed for evaluation purposes including a variety of combinations of algorithms. The
CEs tested in this paper are tabulated in Table A.3. As we see in the simulation results shown in Figure A.7

and Figure A.8, different CEs have different performance and execution time. The results are obtained
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Table A.3: List of evaluated CEs.

Engine name Description
GA GA with 1024 generations
HCS HCS with 4 iterations
CBR CBR without further optimization
CBR+HCS CBR with single iteration HCS
L=
0.9 E
0.8f E
0.7 E
2
5 06 1
3]
g .l \ A
§ 0.5 N
< A\
0.4f : E

©

w
T

s

<~ == GA
Sel - — —HCS
0.2} - CBR |
------ CBR+HCS
01 ‘ ‘ ‘ ‘ ‘ ‘ ‘
5 10 15 20 25 30 35 40
# new nodes

Figure A.7: Utility results for various CEs.

upon 1000 trials for each scenario (random scenarios are generated for each trial).

In Figure A.7, all engines except the GA-CE provide reliable solutions for N < 15, N the number of CPEs
connected to the base station. The performance starts to degrade after N > 15 (N > 10 for GA-CE) in
terms of average utility. In other words, the CEs can successfully handle complicated scenarios, such as
simultaneous new service requests. It is interesting to note that the HCS-CE performs consistently well in
the simulation. The HCS algorithm predictably adjusts each parameter and it can guarantee finding the
local maximum of the solution space. The results above suggest that the solution space for this particular
simulation either has few if any local maximum, or has equivalent local maximums, thus allowing the HCS

to reliably find a good solution.

The execution time of various CEs is compared in Figure A.8. Observe that the CBR-CE executes much

faster than other CEs as expected. Note that the slope of the CBR-CE execution time vs. problem complexity
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Figure A.8: Execution time results for various CEs.

(the number of nodes requests service simultaneously) is not as steep as other CEs. This renders the CBR-
CE a desirable feature in solving complex problems where the response time is crucial (e.g., IEEE 802.22
WRAN applications) since its execution time increases slower than that of other CEs. Surprisingly, for
most practical scenarios (N < 10) the solution from CBR-CE needs no further refinement from the MOO if
an appropriately trained case database is used. This provides a good justification of separating the MOO
module in the CBR-CE framework shown in Figure A.4 so that the MOO can be easily bypassed to reduce
execution time further when the performance is acceptable. On the other hand, due to the nature of the
GA and the chosen utility function, after a certain point only a few parameters significantly affect the total
utility. Because the GA is a stochastic search algorithm, the probability that the crossover or mutation
affects these particular parameters is low, especially for complex scenarios (e.g., N > 10). Therefore, a
significant portion of the search time is wasted on regions of the search space that do not affect the utility

in a positive manner.

As seen in Figure A.7 and Figure A.8, a tradeoff between CE performance in terms of the average utility
and the average execution time needs to be determined. For the IEEE 802.22 WRAN applications where the
response time of the CE is critical, a CBR-CE with or without further multi objective optimization provides

a sound balance between the average utility and the average execution time.
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A.7 Conclusions

In this paper, a case-based reasoning cognitive engine for IEEE 802.22 WRAN applications is presented.
Simulation results show that the CBR-CE can achieve comparable utility performance and fast adaptation
with appropriate training. Further, the size of the case database is small for a moderate problem, which leads
to significantly faster processing. In addition, the case adaption process can be bypassed to further reduce
execution time given a properly trained case database. The fast execution characteristic makes CBR-CE
a good choice for time stringent applications such as IEEE 802.22 WRAN applications. The simulation
results indicate that the CBR-CE can be used with little experience. This means that the CBR-CE can
be applied to the system that needs to be deployed in unknown or unfamiliar environment and the system
performance can improve gradually as it operates. This is useful for IEEE 802.22 WRAN applications since
rural environment may not have detailed radio environment information. In addition, the architecture of the

CBR-CE is generic and the CBR-CE can be easily adapted to other applications.
Although results on the proposed cognitive engine are promising, there are several open questions that we

would like to address in our future work. For example,

e What are other possible indexing schemes and what is the performance of the CBR-CE with other

indexing schemes?

e What are other possible selection criteria in CBR and what is the performance of the CBR-CE with

other criteria?
e What is the appropriate case granularity for this application and how can it be determined for other

applications?

The CBR-CE is designed in C++ in anticipation of its real-time implementation with OSSIE, an open source

software defined radio framework developed in our group [99].
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