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ABSTRACT

We investigate the statistics of transmission time of wireless systems employing
adaptive transmission. Unlike traditional transmission systems where the transmis-
sion time of a fixed amount of data is typically regarded as a constant, the transmission
time with adaptive transmission systems becomes a random variable, as the trans-
mission rate varies with the fading channel condition. To facilitate the design and
optimization of wireless transmission schemes, we present an analytical framework to
determine statistical characterizations for the transmission time with adaptive trans-
mission. In particular, we derive the exact statistics of transmission time over block
fading channels. The probability mass function (PMF) and cumulative distribution
function (CDF) of transmission time are obtained for both slow and fast fading sce-
narios. We further extend our analysis to Markov channels, where the transmission
time becomes a sequence of exponentially distributed random-length time slots. An-
alytical expression for the probability density function (PDF) of transmission time is
derived for both fast and slow fading scenarios. Since the energy consumption can be
characterized by the product of power consumption and transmission time, we also

evaluate the energy consumption for wireless systems with adaptive transmission.
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Cognitive radio communication can opportunistically access underutilized spec-
trum for emerging wireless applications. With interweave cognitive implementation,
a secondary user (SU) transmits only if a primary user does not occupy the channel
and waits for transmission otherwise. Therefore, secondary packet transmission in-
volves both transmission and waiting periods. The resulting extended delivery time
(EDT) is critical to the throughput analysis of secondary system. With the statistical
results of transmission time, we derive the PDF of EDT considering random-length SU
transmission and waiting periods for continuous spectrum sensing and semi-periodic
spectrum sensing. Taking spectrum sensing errors into account, we propose a dis-
crete Markov chain modeling slotted secondary transmission coupled with periodic
spectrum sensing. Markov modeling is applied to energy efficiency optimization and

queuing performance evaluation.
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Chapter 1

Introduction

1.1 Background and Motivation

We are in an era of big data. Data are generated and collected at an acceler-
ating rate. The timely processing, delivery, and analysis of these data will bring
huge social and economic benefit. With the intensive ongoing deployment of wire-
less communication systems, most big data will be transmitted over the air. In fact,
smart mobile devices contribute significantly to the generation of big data. The
ever-growing Internet of Things (IoT) devices serve as another source of big data
for wireless transmission. The supporting of big data transmission presents several
technical challenges to wireless system design, including spectrum efficiency enhance-
ment of radio access network (RAN), capacity provision of fronthaul/backhaul links,
and network architecture improvement for traffic scalability. To effectively support
various big data and IoT applications, future wireless systems need to optimize their
transmission strategies for a large amount of data from diverse sources.

Current wireless systems typically apply the same transmission strategy to all
transmission sessions over the wireless channel channel. With the application of ad-
vanced transmission technologies, the properties of the channel, e.g. average data
rate and average error rate, will be improved, which usually translates to better aver-
age quality of service experienced by individual sessions. Conventional transmission
design ignores the specifics of individual transmission sessions, such as the traffic
characteristics and the prevailing network /channel condition. When the transmission
sessions are short, the quality of service experienced by individual sessions vary dra-

matically around the average. With the growing popularity of IoT devices and big



data applications, future wireless systems need to support increasing number of short

transmission sessions, initiated for example by sensor nodes.

1.2 Temporal Characterization of Data Transmis-
sion

Transmission time refers to the time duration required to transmit a certain
amount of data from source to destination. Generally, transmission time over a
point-to-point link can be calculated as the ratio of data amount over transmission
data rate for constant-rate transmission systems. As a characterization of channel oc-
cupancy, transmission time has many applications in wireless communication system
analysis and design.

Specifically, the analytical results on transmission time can help investigate the
delay performance of various transmission strategies over wireless channels [1]. [2]
analyzes transmission time for cognitive radio network with the consideration of pri-
mary interference. Transmission time was applied to investigate the extended delivery
time of secondary packet transmission with interweave cognitive radio implementa-
tion [3]. [4] evaluates the collision probability of communication networks employing
random access protocols with the analytical results of transmission time. [5] develops
a new scheduling scheme by taking transmission time into account, which results in
smaller waiting time. [6] proposes an embedded Markov chain to evaluate the queu-
ing performance of underlay cognitive radio communication assuming that packet
is being dropped when transmission time is greater than a pre-determined time-out
threshold. Furthermore, as the energy consumption of transmitter can be calculated
as the product of transmission time and transmit power, transmission time analysis is
instructive in designing energy-efficient wireless communication system. The optimal
adaptive modulation strategy to minimize total energy consumption is analyzed for
fixed-size packet transmission in [7] and [8]. [9] investigates an on-line algorithms to
minimize transmission time for energy harvesting systems.

Previous works typically assume constant transmission time for a fixed amount
of data [2-5], which is particularly applicable to constant-rate transmission systerms.

Specifically, the minimum transmission time for static channel is regarded as a con-



stant and can be estimated as

i
Blog,(1+7)’

Tir min = (1.1)
where H, is the data amount, B is the channel bandwidth and v is the received sig-
nal to noise ratio (SNR). However, constant-rate transmission becomes inefficient and
unreliable when operating over time varying channels. Assuming slow fading environ-
ment, where the data transmission completes within one channel coherence time, the
distribution function of transmission time is derived using random variable transfor-
mation [10]. For fast fading scenario, where the data transmission experiences many
different channel realizations, ergodic channel capacity is used to estimate transmis-

sion time as

=

H,
T, ~ = = ‘ (1.2)

C B[ log(1+ ) f()dy’

where C' denotes the ergodic capacity with f,(-) the probability density function
(PDF) of received SNR.

These characterizations of transmission time are insufficient for the following rea-

sons. Firstly, these works use channel capacity in the analysis, which is as upper
bound of supportable data rate for reliable communication. These results are, there-
fore, generally optimistic. Secondly, for large amount of data or a channel with larger
Doppler shift, channel realization will vary during transmission. The assumption that
channel realization remains constant during the transmission will be invalid. Finally,
finite-amount data transmission may not experience all channel realizations resulting
in inaccuracy in ergodic capacity based transmission time calculation.

Adaptive transmission is an attractive technology to improve the transmission ef-
ficiency with guaranteed reliability. With adaptive transmission, the transceiver can
adjust its transmission scheme with the prevailing channel quality, while maintaining
an acceptable bit error rate (BER) performance [11,12]. Typically, higher rate trans-
mission schemes are used when the channel condition is favourable, while lower rate
or no transmission applies when channel quality is poor. As a result, the transmission
rate varies with the instantaneous realization of the received SNR. The optimal rate
used and the associated thresholds that maximize the average spectral efficiency is
discussed in [13]. In practice, AMC has been incorporated in several current and

emerging wireless communication systems [14-17].



1.3 Thesis Outline

Chapter 2 investigates the statistics of transmission time with AMC over block fad-
ing channels, where the transmission slot is assumed to be fixed-length channel
coherence time and Markov fading channels, where the transmission slot is
exponential-length. For block fading channels, the exact and approximate CDF
expressions are presented. For Markov channel, assuming data transmission
completed within one or two slots, the exact PDF of transmission time is also
obtained. If the data transmission experiences medium level fading, we apply
the mizture model to estimate the PDF of transmission time. If channel in-
troduces fast fading, or equivalently, the data amount is large, we propose an
analytical framework to approximately evaluate the statistics of transmission

time.

Chapter 3 derives the PDF of EDT of SU transmission with interweave cognitive
radio implementation and AMC. The EDT consists of a interleaved sequence
of random-length waiting slot and transmission slot. Two spectrum sensing
strategies are considered, namely continuous sensing and semi-periodic sensing.
For certain application, transmission is accomplished in one SU transmission

period. The statistics of EDT for such application is also discussed.

Chapter 4 proposes a discrete-time Markov model to characterize slotted secondary
transmission process. Closed-form solution of collision probability is obtained.
Assuming SU transmission adopts AMC, we then carry out the queueing anal-
ysis based on a two-dimensional-finite-state Markov chain for small-size packet
transmission. The optimal length of secondary slot is solved by maximizing
energy efficiency subject to a collision probability constraint. For large-size
packet transmission, the PMF of EDT for secondary packet transmission is also

derived. The effect of sensing imperfection is also discussed.

Chapter 5 concludes the whole thesis



Chapter 2

Transmission Time and Energy
Consumption Evaluation for

Adaptive Transmission Systems

2.1 Introduction

Data are generated and collected at an accelerating rate. Over the past decade,
mobile data traffic has been experiencing a compound annual growth rate of over
40%. This growth rate is expected to accelerate in the coming years as the result
of increasing popularity of mobile broadband applications, such as high-resolution
video streaming, remote monitoring, real-time control, and broadband downloading
[18]. The timely processing, delivery, and analysis of these data can bring huge
social and economical benefit [19-21]. With the intensity of ongoing deployment of
wireless systems, much of the big data will be transmitted wirelessly. These big data
applications bring new challenges to the wireless communication system design [22].
To more effectively support the wireless transmission of big data, a novel data-oriented
approach to design and optimize wireless transmission strategies is introduced in [23].
Taking the video traffic as a study case, reference [24] proposes a novel scheduling
policy to assist real-time big data delivery in wireless networks.

The fast growing wireless traffics quickly drive up the energy usage of wireless
systems. Modern communication systems consume 4.7% global electricity produc-

tion and it is predicted that 4.4 terawatt-hours energy will be consumed by about



100 million small cells deployed by 2020 [25]. 5G system is expected to achieve up to
90% of energy reduction [26]. While energy consumption has always been a serious
concern for wireless transmission, future wireless systems need to achieve even higher
energy efficiency. An accurate energy consumption analysis is essential to develop
energy-efficient solutions for next generation wireless communication systems [27].
In traditional wireless systems, where the communication distance is usually large
(> 100 m), circuit power consumption is negligible. However, with the intense on-
going deployment of small cells, WiFi networks, and Wireless Body Area Networks
(WBANS), the wireless nodes are densely distributed, resulting in a smaller commu-
nication distance (< 10 m). In such scenario, the circuit power becomes comparable
to the transmit power, or even dominates in the total power consumption. Taking
circuit power into account, several work has analyzed the energy consumption of wire-
less transmission systems. [28] presents a system-level energy model including all the
radio frequency (RF) and analog front-end components and shows that, given the
quality requirement, the energy consumption of wireless system can be reduced by
properly adjusting transmission parameters (e.g. roll-off factor, symbol rate, or signal
center frequency). Under a WBANSs scenario, [29] proposes an energy consumption
model and analyzes the trade-off between circuit power and transmit power with a
threshold distance. [30] proposes a novel performance metric in term of the energy
consumption per unit distance, which is optimized to achieve energy-efficient coop-
erative transmission. In [31], an energy-efficient transmission scheduling scheme is
developed for delay-limited bursty data under the assumption that the circuit power
consumption is non-ideal. [32] presents energy consumption models to characterize
Wi-Fi data transmission. The transmission of big data will usually involve multiple
channel coherence time, even for slow fading environment.

With AMC, the modulation/coding scheme is adjusted with instantaneous chan-
nel condition, while maintaining an acceptable bit error rate (BER) performance. As
such, AMC is a suitable candidate for the efficient and reliable transmission of big
data over fading wireless channels. Meanwhile, the transmission time/energy con-
sumption of AMC systems is no longer a constant but a random variable depending
on channel realization. In this chapter, we propose an analytical framework to investi-
gate the transmission time/energy consumption of wireless big data transmission over
fading channels with AMC. We first consider block fading, where transmission rate

is adjusted with channel quality every channel coherence time. We derive the exact



distribution function of transmission time for both slow and fast fading scenarios. To
reduce the computation complexity, we also obtain an approximate probability mass
function (PMF) of the transmission time in fast fading scenario. Then, we generalize
the analysis to Markov channel case. The exact PDF is derived for slow fading. For
fast fading scenario, the approximate PDF of transmission time is derived. Selected
numerical examples are presented and discussed to illustrate the mathematical for-
mulations. We show that the transmission time with adaptive transmission may vary
dramatically with the prevailing fading channel condition (i.e. Doppler shift or the
average of received SNR).

The statistics of energy consumption for wireless transmission of big data with
AMC under slow/fast fading scenario can be similar obtained. If data transmission
experiences medium level fading, we apply the mixture model to estimate the PDF of
energy consumption. The analytical results will greatly facilitate further analysis of

wireless communication systems in terms of delay performance and energy efficiency.

2.2 System Model

We consider a digital transmission system operating over flat fading wireless chan-
nel, as shown in Fig. 2.1. Specifically, the information bits s; are modulated to gen-
erate the transmitted signal x(t). The wireless channel introduces flat fading channel
gain g and additive white Gaussian noise (AWGN) n(t), which leads to the received
signal y(t) = ga(t) + n(t). We assume that the receiver performs coherent detection
on the received signal with perfect channel phase estimation. As such, the instanta-

neous channel quality is characterized by the instantaneous received SNR defined as

_ l9PEs
No

of additive noise.

, where F, denotes the symbol energy and Ny is the power spectral density

The transmission system adopts constant-power, variable-rate adaptive transmis-
sion. In particular, the transmission rate is adaptively adjusted based on the fading
channel quality by using different modulation and coding schemes, while the trans-
mission power remains constant. More specifically, the value range of received SNR
is divided into N regions, A; = [yi—1,7%), ¢ = 1,..., N, with 79 = 0 and vy = oc.
When the received SNR ~ falls in region A;, the system will use a modulation and
coding scheme with transmission rate R; bits/symbol, i = 1,2,---N. R; can be

calculated as R; = logy,(M;)Rc,, where M; and R¢, are the constellation size and
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Figure 2.1: Adaptive modulation and coding systems over fading channels.

coding rate of the ith modulation and coding pair, respectively. The boundary SNRs
Yi, © = 1,2,--- N — 1, are typically determined such that the instantaneous BER
for selected modulation and coding pair is below a target BER value, denoted by
BERa [33]%

To implement AMC, the receiver needs to estimate the received SNR and deter-
mine which SNR region it falls into. The receiver then feeds back the index of the
chosen modulation scheme to the transmitter via an error-free feedback channel. Af-
ter that, the transmitter and the receiver communicate using the chosen modulation
scheme. The probability of using transmission rate R;, denoted by 7;, can then be

calculated as the probability that ~ falls into region A;, i.e.

Vi
= [ par (21)
Yi-1
where f.(-) represents the PDF of received SNR. The modulation-coding scheme se-
lection should be periodically updated according to the prevailing channel quality,
usually once every channel coherence time 7,.. As such, when big data is transmit-
ted with AMC, the transmission rate may vary during the transmission. The total

transmission time will involve multiple channel coherence time. In the following sec-

L As an example, for a general class of uncoded square 2”-QAM modulation scheme. It has been
shown that the instantaneous BER of square 2-QAM over an AWGN channel with SNR ~ can be
approximated by BER,,(v) = % exp [—%} , n=1,2,--- N [34]. Therefore, the boundary SNR

to satisfy a target BER value of BERy,, can be determined as v; = —% In(5BERga;) (2011 — 1), i=
1,2,-- N — 1.
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Figure 2.2: Transmission time with four-state AMC implementation over block fading
channels

tions, we derive the distribution function of the transmission time for block fading

and Markov fading channels.

2.3 Transmission Time Analysis for Block Fading

Channels

In this section, we derive the exact and approximate PMF and CDF of transmis-
sion time for block fading channels. The channel gain of block fading channels remains
constant within a fixed-length time interval in the order of the channel coherence time
T., which is a measure of the minimum time required for the magnitude change or
phase change of the channel to become uncorrelated from its previous value. T, can
be estimated using the maximum Doppler shift, denoted by fp, as 0.2/ fp second to
0.4/ fp second empirically. We assume that the transmission rate used in each channel
coherence time varies independently from one to another. As such, transmission time

for block fading, denoted by T2, is a discrete random variable consisting of random
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number of 7.s, as illustrated in Fig. 2.2. Here, we assume that the transmission starts

at the beginning of a channel coherence time without loss of generality.

2.3.1 Exact Expression

Specifically, T2 is the sum of random number of intact T,s and one partial T..
the length of T2 depends on the total amount of data H; and those transmitted over

each coherence time. Mathematically, the transmission time can be formulated as

H, —HP

B f— J—
T‘tr - (L I)TC + R(L) )

L=12-, (2.2)
where RY) denotes the transmission rate used in the Lth 7, and H? | is the amount
of data transmitted over the previous L — 1 T,.s. Note that transmission rate over
each T, is determined by the corresponding channel realization. Let us assume that,
during the first L — 1 channel coherence times, the received SNR falls into region A;
n; times, ¢ = 1,2,---, N, and as such, transmission rate R; is used n; times, where

SV n; = L — 1. Accordingly, H? | is given by

N
HY =Y nRT.. (2.3)

i=1
Let vector m = [n1,n9, -+ ,ny| represent such channel realization. Applying the

block fading assumption, the probability that such channel realization occurs can be

calculated as
N

L—-1
Pr[n] = s 2.4
r[n] (nlvn%'”unN)Hﬂ-Z ’ ( )

i=1

L—-1 ) _ (L-1)!
nilng!l--ny!

where ( denotes the multinomial coefficient. Eq. (2.4) helps

ni,n2, NN

us arrive at the following PMF of the amount of data transmitted over the first L —1

channel coherence times as

N
L—1
= ” e 2.
<n17n27"'7nN) K ( 5)

i=1

N
Pr [Hf_l =T.) R

i=1

It is important to note that data transmission completes in exact L channel co-

herence time if and only if the data transmitted over the first L — 1 coherence time
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Algorithm 1 Calculate Ff} (t) = Pr[T}? < t]

Input H;, T,, w;’s, R;’s
Start cdfTtr =0
for L=1:[3L8 | do
for SN n; =L —1do
for k=1:N do
Hin=T, Zf\il n; R;

if H, — HLn € (0, R;T.] then
Prtemp = T |:(n1,TLL2/7_-}7nN) sz\;l ﬂ-znz}
else
Prtemp =0
end if

if (L —1)T, + #=n < ¢ then
cdf T'tr = cdthr + Priemp
end if
end for
end for
end for

Output cdfTtr

HZ_, falls into the region (H;—

RyT., H;|, while rate Ry, is used in the Lth 7. Noting

that rate Ry is used in the Lth channel coherence time with probability 7, we can

determine the PMF of Tf ,

Hy — T, n;R;
Pe |18 = (L — 1y, + P e

by considering all L values, as

r
7Tk<

L—-1

N1, M2, vy

N
e
)H
ny

i=1
N
0<H —T.) nRi < R
i=1
otherwise;
(2.6)

For the special case of L = 1, we have H? | = 0, which leads to

Pr {Tf =

Ht} B
Ry, 0,

otherwise.

e, 0 < Hy < RT;

(2.7)

For L = 2, we have H? | = RWT. where R is the rate used in the first 7, and
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equal to R; with probability m;. The corresponding PMF terms for L = 2 are given
by

H, — R/T.

P
r R

T =T, + (2.8)

{ e, 0 < Hy — RT. < R, T

0, otherwise.

Accordingly, the exact CDF of T2 over block fading channel model, denoted by

FB(t), can be calculated as

_N L -1 N N
— Z Z Z Tk (nl g ) 77‘?" X I(QRch} (Ht — Tc Z anl>
L w e 1 i=1

1 LNy i

N
U (t (L -1 T"%’:l ”ZRZ> , (2.9)
k

where U[] denotes unit step function, Z4(x) is an indicator function, equal to 1 if
x € A and zero otherwise, and ) is carried over alln; >0, ¢ = 1,2,--- , N, subject
to ZZN:1 n; = L — 1. In practice, L can not be very large given the increasingly
high transmission rate and finite amount of data. As shown in numerical results,

taking summation over L € [1, [3LZ ]] can achieve sufficient accuracy, where L2 =
H;
N

Te Zi:l R;m;
illustrates the procedure of calculating the exact CDF of T}2.

is the average number of channel coherence time required. Algorithm 1

2.3.2 Approximate Distribution

When the channel introduces fast fading and 7, is very short compared to total
transmission time, we can arrive at more convenient expression for PMF of T2, by
assuming that data transmission always completes in integer number of channel co-
herence time, (i.e. T2 = LT.,). The probability that transmission completes over L
T.’s equals to the joint probability that data transmitted in previous L —1 T.’s is less
than H,, and data transmitted in L T,.’s is greater than Hy, i.e.

Pr [Tf - LTC} =Pr[H? , < H, H? , + RVT, > H,]. (2.10)
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Conditioning on channel realization over L channel coherence time and applying the

result in Eq. (2.5), we obtain the approximate PMF of T}Z as

N
Pr(T\7 = LT,] = Y Pr[H,— RyT. <H} | < Hym,

=1
a L-1 \{

- Z Z (m Ng, ... nN) Hﬂzn k- (2.11)
h=1 7 ot 125 s i1

HP | €[H—Ry,Te,He)

The inner sum in Eq. (2.11) is carried out over all possible 1's satisfying that H?
falls into region (H; — RyT., H,].

2.4 Transmission Time Analysis for Markov Chan-

nel

Inthis section, we derive the PDF of transmission time for Markov channel. We
assume that the wireless channel can be modeled as a homogeneous continuous-time
finite-state Markov chain. We adopt an N-state Markov chain with the ith state
corresponding to the event that the received SNR fallsin A;, ¢ =1,2,--- | N, as illus-
trated in Fig. 2.3. The sojourn time of the Markov chain in state ¢ is an exponential

random variable with average \; calculated as

T .

i =———— 1=1,2,--- N. 2.12
1(31"Z' + lCl"Z'_l ! ( )
where lcr; denotes the average level crossing rate with respect to boundary threshold

v;. For Rayleigh fading, we have

27 i
ler; = 77 fpexp <——7) . (2.13)
ry f}/

where 7 is the average received SNR. The PDF of the sojourn time in state ¢ is given
by

fr(t) = %GXP (—Ai) : (2.14)

1
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4 Received SNR
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7 N
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>
1

Start of transmission TtrM End of transmission
- Transmission with rate R1 I:l Transmission with rate R2
- Transmission with rate R3 - Transmission with rate R4
40 qa 9ijia1 qyin-1
. N . N
9o 9 9y -y

Figure 2.3: Hlustration of continuous-time Markov channels with rate adaptation and
corresponding Markov chain model.

The transition rate from state 7 to its neighbouring states, denoted by g;—1; and g;1y;,
can be respectively calculated as
ler;_q ler;

qdi—1)i = y Qi1 =
Ur i

(2.15)

It follows that the transition probability from state ¢ to state i — 1 and 7 + 1 are
calculated as

qi—1}i ler;_y
Pi—1)i = = )
Gi—1)i + Giy1;i  leri—g +lery
(2.16)
Qi1 ler;
Pit1)i = =

Qi—1)i + Giv1|i  leri_g + ler;”
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respectively.

Transmission time over such Markov channel, denoted by TM | is a sequence of
random-length slots, each of which is represented by exponential random variable
(See Fig. 2.3). The CDF of TM for a given amount of data H, is formulated, with
the application of total probability theorem, as

FY (@) =Pr [T} <t] = ZPr (T3, < t, L slots used] (2.17)
L

where TM, can be in general calculated as

- H, = S RO
T, =) TW 4+ = EJZ%—&) . (2.18)

Here R® denotes the transmission rate over the ith transmission slot and 7@ the
duration of the 7th slot, which is modeled as exponential random variables for Markov
channels. Note that L transmission slots are required to finish transmission if and
only if the data transmitted over first L — 1 transmission slots is less than H; and
that transmitted over L slots is larger than H;. Therefore, the joint probability

Pr [T}, < t; L slots used], denoted by F2Y;(t), can be in general rewritten as

L—1 L—1
; — > ROTO
FY(t)y=Pr |y T A R(L <t,

i=1

> ROTO < H, ZR > H,|. (2.19)
The corresponding PDF of TM is given by

fil (¢ Z SR me (2:20)

We now derive the F}'; (¢)/f{,(t) for small L and general L separately.

2.4.1 Small L

L =1 is a special case. For L = 1, the transmission time is equal to iy

with probability that data transmitted over the first period is greater than H; (i.e.
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Hel — e  Rini,

an exponential random variable with average \;, we have Pr [Tt]f[1 = &
’ i

ROTW > H,). Conditioning on received SNR falls into 4;, RV = R; and TW is now
J = med

We can show that

N
Jzi o
L) => U (t - ﬁ) e T (2.21)
i=1 v

Accordingly, fl(t) can be obtained as
_ My
(2.22)

Moy al H, e
fml(t)—Z(; t_ﬁ e it

1=1

where §(-) is the unit impulse function.
For L =2, F}!,(t) is formulated as the joint probability of three events as

(1)
(1_R_>T(1)+ﬂ<t

Ft%(t) =Pr e

ROTW <« g, ROTW 4 RATE) > Ht]-
(2.23)

We proceed by conditioning on the channel realization and rewrite Tt% as

E;Jf,lz(t) =
N
Z { Pr |:(Ri+1 — R)TW <tR;, — H;, RTY < H,, RTY + R,/ ,T® > Ht]pi-i-l\i
=1

+Pr[(Riy = R)TY <tRy — Hy, RTY < H, BT+ R T > Ht]pi_w}m.

(2.24)
Let F*(t) = Pr [(RH1 ~“R)TW < Ry — H,, RTV < H,, RTO + Ry T > Ht]
and F; (t) = Pr [ (Ri.1— R)TW <tR; 1 —H,, RTY < H;, RTW+R;, ,T? > Ht]

F:*(t) can be further rewritten as

)

tR;,1 — H, H H, — R,TW
Fre)=pr |TW <« 2L 7t p() 228 p(2) 5 207 T2 295
(® ' [ T R - R R’ N Riy (2.25)

Note that given the channel was in state ¢ in the first transmission slot and then
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transit to state ¢ + 1 in the second slot, the duration of the first slot 7MW will be

an exponential random variable with average ); and that of the second slot 7 will
be another exponential random variable with average A\;1 1. Therefore, applying the

PDFs of TM and T®| F*(t) can be calculated as

( H
0 t< —L
) < R ;
i+1
tRi 1 —Hy o = i
Rit1—R; ] f
() [, dzd < 2t
F(t) = S / AR fr(@) frs W)dady, = <t < B
0 Ri{q +
T "
/ /H Rz fTi(x)fTiH (y)dzdy, t > X
\ 0 ﬁ 1
( H,
0 < t .
) < R :
i+1
. . _ H (RiNi—Riyp1Xjy1) (8R4 1 —Hy)
TR ARH?HI)\ € R {6 Ripthipihi(Rip1 =Ry 1] ; RHt <t< %5
iNi — L1 A4 . )
i ; (RiNj—Riy1 XNy 1)H
Rz+1>\z+1 6_ Ri+1f§‘i+1 e Ri+1>‘i++11Ri+A1i t _ 1 . &
’ )
[ Ridi — Rividin 7

Similarly, F; (¢) can be calculated, while noting that 7® will be an exponential

random variables with average \;_1, as

( H
t
R;
. . H (BiXi—Ri_1Ai—1)Hy
Ri1Aizy e Ri71§i71 e BiNiRiiNia
Rz)\z - Ri—l)\i—l
(RN —Ri—1Xi—1)(tR; 1 —Hy)
— e BitdiciM(Bi1-Ry) & <t < H, .
Y e — 3
R; R4
) ) H (RiXAi—Ri_1Xi—1)Hy
Ri1 iy e Py vt e prmry ey vl 1 t> Hy
Y )
\ Rz)\z - Ri—l)\i—l Ri—l
(2.27)

After substituting Eq. (2.26) and Eq. (2.27) into Eq. (2.23) and taking the derivative
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with respect to t, ft%(t) is given by

N 1 Hy (RN —Rip1Aip1)(tRy 1 —Hy)
ftr ) E Z Tt o RixiNigie  Ripidipr MR —Ry) (228)
i—1 2 2+1 R )
Ht Ht
[L[ (t v —U\t- T, ) | P (2.29)
i+1 )
Ri—l 7 (RiXi—Ri1Aj—1)(tR;_1 —Hy)
e Ri—1dic1e  Ricidi—iXi(Bi_1—-Ry) (230)

NER R

{u (t - %) —u <t - Ri)} pi_li}m. (2.31)

For L = 3, by conditioning on the channel realization, thfg(t) can be calculated

as

N

Rl =Y Y TP

J k

il — BT

H_
T+ T+ — K <t,
Ry,

RT; + RjT; < Hy, RT;+ RjT; + RpTy > Ht] TiDj|iPk|j»
(2.32)

where j =i+ 1/i—land k=j+1/j—1. Let X=T,+T; and Y = R,/ T; + R;T;. It

can be rewritten by

F0 zzzpr

X—l—

Y
<z Y< Hy YA+ RTy > Ht] TiPj|iPk|j-
(2.33)

The joint PDF of X and Y, denoted by fxy(x,y), is solved via its Jacobian and given
by

Rjx—y i r— Rjxz—y Rix—
fr, ( J )fT ( R R j) B exp [_7&(}%—&)} exp [_7/\3-(&—?%)

) _ ] 2.34
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v
<

Figure 2.4: Integral regions when Rik > R%» > Ri

The support set for Eq. (2.34) can be determined as

Yy Y 1 1
I<Z=<r< =< f—>——
RSV R ST UR TR
Y Y . 1 1
I<=<zr<=< f—>— 2.35
R x R; +o00 1 T ( )
In general, conditioning on the independent random variable T}, we obtain
H, —-Y H, —
Pr (X + <z, Y <H; Y+ R, > H; ://fXY(xay)eXp 2V R
Ry, R Ry A
= // K exp(Az + By)dR,
R
(2.36)
ith A = MEAR p o Ah L and & = SPCs) t soluti
WIth A = SN @Ry P = 5 m—ry T aem 4R = R, gyp- Hhe exact solution
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depends on the rate used in the first, the second, and the third slot determining the

integral region R. Suppose that Rik > R%- > R%_, the integral region is illustrated in

Fig. 2.4. As such, the corresponding conditional probability, denoted by F}ﬂflg‘ ks isi(L):

can be solved as

thy,[3|k>j>z’(t) =

0 t < Hy
7 < RZ’
N Arlow) H, H,
/RiRk i, /y K exp(Azx + By)dxzdy, = < t < =
Rp—R; <t_R_k) R; i :
/%?%G-%> FR) st + Binay
X X Y )
Ry Ry (t—ﬂ> y
Ri—R4 Ry, R;
" RL] Ht Ht
Ry —R; R R;
Hy RLJ Ht
/ / K exp(Ax + By)dzdy, £ o
\ /0 7 .
(2.37)

The formulas for other cases can be obtained by adjusting the integral boundaries

accordingly.

2.4.2 Large L

For the general cases where L > 3, F\'; (¢), is formulated as

H, — Hj,

o < b HiLy < Hi, HiL + RPTH > [,|, (2.38)

FthL(t) =Pr T} , +

where TV | = S E 070 and HY | = P ROTO. To proceed further, we again
condition on the channel realization. Let us consider a particular channel realization
over L transmission slots, where the channel ends in state k over the Lth slot. As
such, R will be equal to Rj, based on the mode of operation and 7% will be an
exponential random variable with mean )\;. Suppose also that rate R; is used n; times
over the first L — 1 slots, where Zjvzl n; = L —1. Then, the time duration of the first
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L—1 transmission slots T | will be the sum of n; random variables with PDF fr, (¢),
ne random variables with PDF fr,(¢), ..., and ny random variables with PDF fr, (¢).
Furthermore, H} | will be the sum of n; random variables with PDF fr, (t/R;)/Ry,
ny random variables with PDF fr,(t/Rs)/Ra, ..., and ny random variables with PDF
fry(t/Ry)/Ry. These relationships apply to all channel realizations that leads to
same vector m = [n1,n9, -+ ,ny| and channel state in Lth slot. By conditioning on

the channel realization leading to the same T and Lth slot state, we arrive at

E;JKIL(t) =
H HJLW 1 (L)
ZP TL 1w T R <t HL 1w < Hy, HL 1\—’+RkT > H,

k=1 o k

x Pr[n’ and slot L in state k. (2.39)
Let FY, = () denote Pr [TV P oy g H, HM

e L® x(t) denote Pr 1w T R S L g < Hy B gt
R, T > Ht]. In general, calculating F LE «(t) is challenging since it is the
joint probability involving correlated events. Essentlally, TL ® = ZZL:_II T® and
HY T ZZL:_ll ROTE are two linear combinations of one identical set of L — 1

i.n.d. exponential random variables, whose joint PDF is unknown even in the statistic
literature, to the best of authors’ knowledge. To proceed further, assuming multiple
transmission slots are usually needed to complete transmission, we apply central limit
theory to obtain an approximate expression of FM

tr,L| 0,k
— and H¥ _ _ are jointly Gaussian distributed

(t) for moderate value of L.

Specifically, we approximate that T L[5

random variables (i.e. (T} s HY 1‘n)

are derived in Appendix A. The joint PDF of TL |5 and ]I-]I |5 is given by

L-17
N (Nzy 02, 1y, 05, p)), whose parameters

1
Jrm HM _)(Iay) =

Mo 2rarog /T =
X oxp (_2(1 1 ’ ((x - Zz)2 B 2p(ﬂj — )y —=m) (v - Zy)Q)) '

Oy 020y oy
(2.40)

By conditioning on the independent random variable T, FM LF ( ) can now be

calculated as

L-1|m’ L-1|x

H Hi—y
FM it / / e e (o) deay. (241)
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For Markov channels, the probability of all channel realizations that lead to a vec-
tor I over first L—1 slots and state k in the last slot, is challenging to calculate exactly
due to the correlation between channel states over subsequent transmission slots. In
other words, the duration of two consecutive slots is not necessarily independent due
to the memory property of Markov process. In the following, we assume that the num-
ber of transmission slots is large and as such, the possible channel realizations lead to
the same vector m" are huge. Then the joint probability Pr[n and slot L in state k|

can be approximately calculated by neglecting the correlation as

N
L—1 ;

Pr[m and slot L in state k] = . 2.42

r[n’ and slot L in state k| 7Tk< nN)li[lw] (2.42)

ny, N, -,

After substituting Eq. (2.40) and Eq. (2.42) into Eq. (2.41), taking derivative
with respect to ¢t and much manipulations with the help of [35], we obtain the PDF
of the transmission time when L transmission slots are needed, T}};, as
N 1 N
M _ M - n;

R0 = X5 fatom (, 70 TR (2.43)

k=1 7 j=1

where
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H
H, (t—_—ﬁz) 0y2+2p77y010y(t—R_;—nw)+01277y2
eXp "Ry eXp | — 2(1—p2)os 20,2

oo/ 1 — p?

(= =12)0y* +P 20y (1 )0, 20, Hy 2 ’
Ry, B Ri Mk - paxoy(t T Ry 7796) — Oz Ty
X exp
( 2p0’zCTy + Uﬁ) 2(1 — p?)o,20,>
(t_ﬂ_nw)UyQ'f‘Pnyo'ny 1—p2)o, 20,2 .
( - Ry, —! pRi)\k - paxay(t - g_k - nx) - Ugc27]y>
x < erf
oy? OO
\/(Rii —2p7pt + amz) 2(1 = p?)o,%0,2
2(1 — p2)o,20,2
. (1 —p?)o.?oy 1,
( — 2p7 + Uzz)
(t—%—nx)Uyz-‘rpnyaway (1—p*)os? 0y2 Hy 2
Ry, - Ren — po0y(t — Re Ne) — 02"y
—erf

\/< —2p7Ft + Uﬁ) 2(1 — p?)o,20,2
(2.44)

where erf(+) is the Gauss error function.

Finally, the distribution function of transmission time, T, can be evaluated by
substituting Eq. (2.43) into Eq. (2.20) and taking summation over an appropriate
range of integer L. In fact, the average number of slots required can be estimated by
Loye = ﬁ We can achieve satisfactory accuracy by taking summation over

L € [1,[3Laye]] as shown in numerical examples.
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2.4.3 What if data transmission experiences medium level
fading?

When the channel introduces medium level fading or the data amount is relatively
large, data transmission completes in several slots. In such scenario, the accurate
mathematical analysis of transmission time becomes very challenging and the condi-
tion for the central limit theorem is not satisfied. Hence, we apply the mixture model
to directly estimate fM(t). Specifically, we use Gamma Mizture Model (TMM) [36]

as

fol(t) = Z wi fr, (1), (2.45)

where fr,(t) = %to‘i_le_ﬁit is the Gamma PDF and I'(-) is the Gamma function.
The weights for each Gamma component w;’s satisfying 0 < w; < 1 and Zle w; =1,
a; and f; are the shape parameter and rate parameter for the ith Gamma component,
respectively. Provided a training data set of size K (e.g. t = [t1,--- ,tk]), the log-

likelihood function for f(t) is given by

K o
ﬁftl\lfl(taw:l). . 'wfaala e )Oéfyﬁl)' .. ’ﬁI) — log [ZZwZ (Fﬂ(;l)tzz—le—ﬁbtk)] .

k=1 1=1

(2.46)

It can be easily seen that the resulting likelihood function for estimating the 37 — 1
parameters wq, - - wr_q, 1, ,aq, B, , 7 is non-linear and has no closed-form
solution. As such, one can resort to the Ezpectation Mazimization (EM) algorithm [37]

or its variants [38].

2.5 Energy Consumption Analysis

In this section, we present the energy consumption analysis with the framework
proposed in previous sections. We assume that the power consumed in the RF chain
dominates the overall transmitter power consumption. Each component along the
RF chain consumes a certain amount of energy as illustrated in Fig. 2.5. The RF
power consumption is divided into two parts: PA power Payp and other component

power P,. Payvp depends on the target transmit power P, and can be calculated as
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Figure 2.5: Mlustration of components along the RF chain for adaptive transmission
system over fading wireless channels.

Pavp = (%) P, where £ > 1 is the peak-to-average power ratio of RF signal, which
depends on the chosen modulation scheme, and 1 < 1 is the draining efficiency of
the PA [39]. P, characterizes the power consumption of other components, including
filter Ppr,, mixer Pyix, and D/A Ppaa.

We consider the energy consumption of variable rate adaptation assuming that the
transmission power is fixed to P;,. The energy consumption for wireless transmission
of big data depends on the number of random-length time slots required to complete
transmission. The total energy consumption, denoted by £, is the sum of the energy
consumed in each slot. The CDF of £ for a given amount of data H; is formulated

using the total probability theorem as

Fe(z2) = Z Pr €L, < z; L transmission slots used], (2.47)
L

where £, denotes the total energy consumed when L transmission slots are required
for transmission.

Energy consumption over the ith slot £ can be calculated as the product of the
transmitter power consumption level over the ith slot P®) and the duration of the ith
slot T as

ED = pOTO (2.48)

When the channel gain ¢ falls into region j over the ith slot, 7 is an exponential

random variable with average value A;, and PO = P;. Pj is the power consumption
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when the jrh transmission mode is used, depending on the modulation scheme used

since the peak-to-average ratio £ is a function of modulation constellation size. For

(Y
squared MQAM, &; = 3 <\/ﬁj+1

constellation [40]. Specifically, the transmitter power consumption when the jth

with M; being the number of symbols in the

transmission mode is adopted is
Pj:%Ptr+Pci>j:1>2a"'>N' (249)

When L slots are required to finish transmission, £ is the sum of energy consumed

over the first L — 1 intact slots and that consumed in the last partial slot and hence

L-1 L=1 (i) (i
o H, =S P ROTO
Er=) V4= Z&—&) pD, (2.50)
=1

The energy consumption over slow/fast block/Markov fading channels can be simi-

larly evaluated.

2.6 Numerical Example

We now present numerical results for the analytical solution. All the analytical and
simulating results are carried out based on the received SNR divided into four regions
corresponding to BPSK, QPSK, 8PSK, 16QAM transmission, (i. e. [Ry, Ro, R3, Ry] =
[1,2,3,4] bits/symbol). The symbol period is 1 ps. The threshold of each region is
calculated using Rayleigh fading (v ~ Exp(7), where 7 is the average received SNR).

Fig. 2.6 reveals the exact PMF of T2 over fast fading channel for different data

amount H;. We notice that 7} varies dramatically around its average value.
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Figure 2.6: Exact PMF (2.8) of transmission time over block fading channels, where

fp =50 Hz and 4 = 15 dB.
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Fig. 2.7 plots the analytical results of approximate PMF of T2 and its Monte
Carlo simulation, where a large number of trials were simulated, and the results were
compiled to estimate the PMF of T}Z. The perfect match between analytical and

simulation results verify our analytical approach.

0.16 T T T T T . T T

: : : : : [ |Simulation

4 O Analytical result, (2.13)
omaf b e e

012_ : o o i o : - _e_ : : o : : B n

0.1

LT-«
= 0.08
A
0.06F g

004F i O

1 | ﬂe-ref
0—e—o

Figure 2.7: Exact CDF of transmission time over block fading channel versus various
Doppler shift, where the channel coherence time is estimated by 7. = 0.2 ms, ¥ = 15
dB, and H; = 3.25 Mb.
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Fig. 2.8 compares the exact CDF expression of T2 in Eq. (2.9) and its approxima-
tion assuming fast fading for various data amount. We observe that the approximate
CDF matches the exact CDF well at integer channel coherence time. As such, the

approximate solution can be an effective alternative in T2 analysis.
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Figure 2.8: Exact and approximate solution of CDF of 7% with different data amount
H,;, where ¥ = 15 dB and fp = 20 Hz.
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The distribution of TZ greatly depends on the average received SNR 4, Doppler
shift fp and the data amount H;. We examine the behaviour of the analytical results
with different parameter settings in Fig. 2.9. The average value of T2 increases as H;
gets larger as the probability of transmission completed within fewer T.’s decreases.
In fact, the variance of T2 slightly increases as well when H; becomes larger. When
channel quality improves, higher order modulation schemes have more chance to
be used, resulting in smaller values for both the average and variance of T since
the amount of 7. required decreases (see Fig. 2.9(a)). As Doppler shift reduces,
the length of T, increases and fewer T.’s are required. Thus, the variance of T
increases. However, the average value barely change given the data amount and

channel condition, which is shown in Fig. 2.9(b).
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Figure 2.9: Approximate distribution of T2 with various channel average value,
Doppler shift, and data amount.

For Markov channels, the transmission slot is exponentially distributed. If the
channel introduces slow fading and the transmission rate is high, data transmission
will most likely complete over two time slots. The overall PDF of transmission time
can be approximated by fl/,(t) + fi!5(t). Fig. 2.10 plots the analytical PDF and
corresponding simulation results of transmission time for slow fading scenario versus
various average received SNR. The perfect match between the analytical formulation
and Monte Carlo simulation validates our investigation. We observe that the proba-
bility distribution of T over each sub-region [H;/R; 1, H;/R;] varies w.r.t. channel

Hy

condition. The average value of TM approaches minimum transmission time, Y

while average received SNR increases.
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Figure 2.10: Monte Carlo simulation verification of analytical expression of PDF for
Ty with adaptive modulation over slow fading (e.g. fi(t) = f},(t)+ f}/5(t)), where
H;, =0.1 Mb and fp = 50 Hz.

Fig. 2.11 plots both Monte Carlo simulation and analytical expression of PDF of
TM. The good match between simulation and analytical results validate our analytical
framework in evaluating transmission time. As the range of the summation over L
gets larger, the approximation becomes more accurate. However, the computation

grows fast accordingly.
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Figure 2.11: Monte Carlo simulation and analytical result in evaluating 7i., where
H; =5 Mb, fp =50 Hz, and ¥ = 15 dB.

It is obvious that the transmission time depends on the channel average value 7,
Doppler shift fp and the data amount H;. Typically, more transmission slots are
required for large-amount data transmission, the average value and variance of T}
increases with increasing H;. On the other hand, as Doppler shift becomes smaller,
the length of transmission slot increases and less transmission slots are required.
Thus, the variance of T increases. However, since T2 = >, T}, the average value

barely changes given H; as revealed in Fig. 2.12.
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2.7 Concluding Remarks

In this chapter, we proposed an analytical approach to investigate the transmission
time of wireless system with adaptive modulation. Assuming the transmission slot is
of the order of channel coherence time, the exact and approximate PMF and CDF
of the transmission time are derived under block fading model. Then we generalized
our analysis into continuous-time Markov channel, where transmission slots have ran-
dom length. We first assume that channel experiences slow fading or, equivalently,
data amount is small. The PDFs of T;}/; for one-slot and two-slot transmission are
derived. By applying central limit theory, the approximate PDF of Tt]yL is also de-
rived for larger L. Transmission time evaluation can be helpful in both system design
and performance analysis. The statistical results in this work can directly apply to
designing energy efficient communication system or evaluating the delay performance

of various communication systems.

Derivation of Conditional CDF in FY. (1)

L1 (i)
T%u = > TY and Hy 17
L —1 independently non-identically distributed exponential random variables T}, | =
1,---,L — 1. We approximate that ’]I‘L |7 and ]HIL |7 are jointly Gaussian dis-
tributed random variables. Specifically, (T} |7 HY |7 =) ~ N, 02, ny, 05, p).

= YV ROTO are two linear combination of

Given the channel realization, we can directly calculate their marginal first and sec-

ond order statistics as 7, = E [']TL 17 ] Z N, 02 =V [TJLV[ 7 } = Z LAY
n, =E [H]LW 7 } = SN niRi) and oy =V [Hﬁ/[ 17 ] = SN ni (RiN)?, where E[]

and V[-] denote the expectation and variance, respectively. The covariance of T} 1|7
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and Hf_lm, denoted by Cpm SEM |, Cal be calculated as
L—-1|" "L-1|7

Cry _gum =E :TJLV[_HWHJLM 1|7 } [TJLV[ 1|7 } E [HJLV[—HW}
L—

L—-1|®" " L-1|7
[ /L-1 1 L—-1
=E <ZT(”>< RU TO) ~E ZT(”
L \I=1 j=1

L-1L-1 L-1
—TF ZZRU)T(J)T(D _ < E[T ) (ZE R(] )
Li=1 j=1 =1
L—1L-1 L—1L-1
_ ROE[TOTO] — ROE[TDIE[TV]. (2.51)
=1 j=1 =1 j=1

If the number of transmission slots is large and as such, the possible channel
realizations lead to the same vector 7 are huge. By neglecting the correlation, 7"
and T are independent when [ # j, as such E[TOT W] —~E[TW|E[TW] = 0 for | # j.

Therefore, Cynr v can be rewritten as
’ L-1|7w" L-1|7%

L—1 L—1 _
Cry e = RUE(T")’] =Y ROB[TY) =Y ROE[TY)*] - B [T"))
=1 =1
L—1 N
=Y ROV[TU] =3 "n;Ri\. (2.52)
=1 =1

Hence, by definition, the correlation coefficient can be calculated as

o C’EILW l\nH%{ 1w . szil anz)\?
p= - === . (2.53)
Rt ] Vot oy
As such, FM 7 (1) can be rewritten as
Ft%LW,k@)
Ht - Hy 1 Ht - HM —
= L-1|n
= Pr [Ty—lﬁ S t— Rk 0 < HL 17 < Hta T( ) R—k ,
(2.54)

where we restrict data transmitted to be non-negative.
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Chapter 3

Extended Delivery Time Analysis
for Secondary Transmission with
Rate Adaptation

3.1 Introduction

Radio spectrum scarcity is one of the most significant problems faced by wireless
communication industry nowadays. By exploring existing licensed frequency bands
opportunistically, cognitive radio becomes a promising solution to such problem. Var-
ious implementation strategies exist for opportunistic spectrum sharing [41-47]. With
underlay cognitive implementation, primary user (PU) and secondary user (SU) can
utilize the same spectrum simultaneously as long as the SU-to-PU interference sat-
isfies a certain interference constraint. As such, SU transmitter needs to know the
SU-to-PU channel condition, which can be very challenging in practice. With inter-
weave cognitive implementation, the SU can access the licensed frequency band only
when PU does not occupy it and must vacate the spectrum when PU starts trans-
mission. Therefore, SU transmission causes no interference to PU. Meanwhile, SU
needs to monitor PU activity on the target frequency band and perform spectrum
hand-off adaptively for relinquishing or reaccessing the channel. Typically, multiple
spectrum handoffs are involved to complete the secondary transmission of a given
amount of data, resulting in extra delay. The total information delivery time, termed

as extended delivery time (EDT) [48], would consist of waiting time and transmission
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time. We analyse the EDT of interweave cognitive radio system and investigate its
statistical characteristics, which is essential to delay performance evaluation for SU
transmission.

The concept of EDT was first introduced to derive the throughput bounds and
delay performance of SU in cognitive radio transmission system [48]. Generally, EDT
consists of an interleaved sequence of transmission periods and waiting periods. By
taking into account of the waiting time during secondary packet transmission, EDT
is an important performance metric for cognitive systems. [49] investigates EDT con-
sidering the spectrum sensing error. [50] studies EDT for cognitive radio system with
multiple available channels and multiple SUs. The statistical characteristics of EDT
depend on both spectrum sharing strategy and packet transmission policy. SU can
adopt either work-preserving strategy [49,50], where SU restarts the transmission from
the breaking point without wasting the previous transmission, or non-work-preserving
strategy, where the SU retransmits the whole packet after reaccessing to the chan-
nel. Work-preserving strategy is achievable with the help of rateless codes [10,51,52],
and also applies to the transmission of individually-coded small packets. In [3], the
exact PDF of EDT for secondary packet transmission is derived for work-preserving
strategy.

The delay and throughput analysis for secondary transmission is closely related to
EDT, especially for interweave implementation. [53] investigates the average waiting
time and average service time of the SU in one transmission slot with general primary
traffic model. [54] derives a probability distribution of the service time available to
SU within a fixed period of time. To evaluate the delay performance for secondary
users, [55] proposes a priority virtual queue model. In cooperative wireless commu-
nication scenarios, [56] investigates the probability of successful data transmission
with the hard delay constraints. [57] analyses the end-to-end delay performance of an
interweave cognitive radio network in terms of the quality of service parameters. [58]
carries out a queueing performance analysis for secondary users with dynamic spec-
trum access. A dynamic channel selection method is proposed in [59] to minimize the
delay for secondary transmission in a pre-emptive resume M/G/1 queueing network.

With AMC, which can guarantee reliability, the transmission rate will change with
the channel condition, leading to varying transmission time for fixed-amount data.
Specifically, the implementation of AMC in an underlay fashion was investigated

in [13]. In [60], achievable capacity gain by implementing AMC was analyzed for
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an underlay cognitive radio system. Assuming transmission completes in one SU
transmission period, the BER performance and spectral efficiency for an interweave
cognitive radio system with AMC was investigated in [61] considering PU traffic and
imperfect spectrum sensing. We extend previous work on EDT analysis for secondary
data transmission with AMC. AMC can take advantage of better channel conditions,
resulting in data throughput improvement, with a guaranteed BER [62]. Since SU
can only access the channel when PU is off, throughput improvement is critical in
secondary system design.

In general, the EDT of secondary data transmission depends on the spectrum
sharing policy, data transmission policy, and spectrum sensing strategy. We focus
on analyzing the EDT performance of the secondary data transmission with work-
preserving strategy, practical spectrum sensing, and AMC under an interweave imple-
mentation. In particular, we consider the transmission of both large amount of data,
which requires multiple secondary transmission periods, and data of small amount,
which can be delivered in one period. For the first case, noting the difficulties in ob-
taining the exact solution, we derive the approximate PDF of the transmission time

by applying the central limit theorem.

3.2 System Model

We consider a cognitive transmission system with interweave implementation.
Specifically, SU opportunistically explores a licensed PU channel by transmitting
when PU does not utilize the channel and stopping its transmission whenever PU
transmission occurs. We use a continuous-time two-state Markov chain to describe
PU activity with state space being PU busy and PU idle. The duration of busy
and idle periods are, therefore, modelled as independent, non-identical exponential
random variables with average busy duration A and average idle duration u, respec-
tively!.

The transmission decision of SU depends on channel sensing strategy. Here we
focus on two sensing strategies, namely continuous sensing technique [66] and semi-

periodic sensing technique, to guarantee no interference caused by secondary trans-

"Empirical and experimental studies on IEEE 802.11 Wireless LAN (WLAN) support a semi-
Markovian model for various traffic types. Therefore, Markovian model serves as a reasonable
approximation and is widely used in evaluating the performance of secondary packet transmission
in various scenarios [63-65].
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mission. With continuous sensing, SU transmitter continuously senses PU channel
while transmitting and waiting, which could be implemented with matched filter or
energy detector [66]. SU starts its transmission immediately when the channel be-
comes available. Similarly, SU stops its transmission as soon as PU re-occupies the
channel. Continuous spectrum sensing can fully utilize PU channel at the cost of
higher energy consumption and system complexity. For semi-periodic sensing, SU
senses the channel periodically with a fixed period T to explore transmission oppor-
tunity. When the channel is sensed free, SU will start or continue its transmission.
Otherwise, SU will wait T time period and sense the channel again. In order to avoid
any interference to PU transmission, SU continuously monitors the channel during
its transmission. For both spectrum sensing strategies, the continuous time period
during which SU transmits is referred to as a SU transmission period. Similarly, the
continuous time period during which SU waits is referred to as a waiting period. For
semi-periodic sensing case, the SU waiting period also includes the time when the
channel is available, but the SU has not performed sensing yet. As being illustrated
in Fig. 3.1, the whole time line, in term of secondary transmission, has been classified
as SU transmission period and SU waiting period. With adopted PU model and sens-
ing strategy, SU transmission period and SU waiting period are exponential length
with average p and A, respectively. We assume that the sensing result is perfect, and
as such, no interference is caused to PU transmission.

We consider a wireless communication system operating over flat fading chan-
nels, as illustrated in previous chapter. We also assume that secondary transmis-
sion adopts AMC, where the transmission rate measured in bits/symbol remains
unchanged within each SU transmission period. However, between different trans-
mission periods, the transmission rate can be varied on the basis of the secondary
channel quantity. As such, suppose that SU received SNR is divided into N regions,
rate R; is selected when falls into region A; with probability ;.

To implement adaptive modulation, SU transmitter sends a pilot signal once the
spectrum sensed free. The receiver estimates the received SNR from the pilot signal
and determines which SNR region it falls into. Then, the receiver feeds back the
index of the selected modulation scheme to the transmitter via an error-free feedback
channel. After that, the transmitter and the receiver will be configured to use identical

modulation scheme.
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Figure 3.1: Secondary transmission with continuous spectrum sensing strategy and
semi-periodic spectrum sensing strategy, respectively.

3.3 Extended Delivery Time Analysis

We consider a SU is intended to transmit certain amount of data. The secondary
transmission starts at a random point in time. The EDT of a fixed-amount SU data
transmission can be formulated as: Tgyp = Ti, + Ty, where Ti, is data transmission
time and Ty, is total waiting time. Notice that, in general, T, and T, are random
variables. Typically, T, depends on T},, primary user activity and sensing strategies.
T};, in turn, relies on data amount and secondary channel condition when PU channel
is available. In the following two subsections, we derive the PDF of EDT considering

both continuous spectrum sensing and semi-periodic spectrum sensing strategies.

3.3.1 Continuous Spectrum Sensing

With Markov PU activities and continuous spectrum sensing, The SU transmission
period, denoted by T’ is exponentially distributed with average u. Similarly, the SU

waiting period, denoted by W, is an exponential random variable with average .



43

l PU activities

SU activities

L Transmission slots

Start of transmission (7=0) End of transmission

L-1 Waiting slots

L Transmission slots

|:| PU is on PU is off - SU transmits |:| SU waits

Figure 3.2: Secondary transmission when PU is off and on at the start of secondary
transmission with continuous sensing.

The PDF of EDT with continuous sensing, denoted by ngD (), depends on PU is
on or off at the start of secondary transmission as revealed in Fig. 3.2. We denote

the conditional PDF of EDT when PU is on and off at the beginning of transmission

by ff. Llon(t) and f5 oo (), Tespectively, and corresponding CDF by Ef Llon(t) and
FgEDmﬂ(t). We have
Foo(0) = 52 Ffpon8) + 2 1)
Tep\"/) — A+ p Tgpon P Tgp |off
3.1

o A dFJQI;D|0n(t) 1% dFTQ}:;D|0ff (t) ( )

S A+p dt A+ p dt
where ﬁ‘ﬂ and Fﬂu are the probabilities that the PU is on or off at the transmission

start for secondary transmission. The number of waiting periods is same as the num-
ber of transmission periods when PU is on at the beginning of secondary transmission.
Hence, T, includes L waiting periods if L transmission periods are required to com-

plete transmission as illustrated in Fig. 3.2. Given the data amount H,, FTCE D|0n(t)
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can be formulated as

P ion(®) =Y Pr(Tyup+ Ty <t Hyy < Hy Hy > H, (3.2)
L

where T, 1, and Ty, are the total transmission time and waiting time when L trans-
mission periods are needed. Hj;_; and Hj denote the amount of data transmitted
over L —1 and L transmission periods, respectively. It can be easily shown that Hj_;

and H, are given by
L—-1
Hyy =Y RUT;, Hp=H+RYTy, (3.3)
=1

respectively, where R) is the transmission rate adopted in the jth transmission
period without the information of channel realization, which is a random variable (e.g.
RU) = R; with probability m;, i =1,2,---, N). Tj; is the jth SU transmission period
and R®) is the transmission rate used in the last transmission period. Meanwhile,
Ty depends on the data amount and secondary channel realization. Specifically,
T 1 is a sequence of L — 1 intact transmission periods plus one partial transmission
period, since secondary transmission may stop anywhere within the last transmission
period depending on H; and data transmitted over previous L—1 transmission periods.

Hence, we obtain

L-1

H,— Hy_,
Tor =2 Tt —fm —

Hy —Hp
T RO < Ty, (3.4)

Jj=1

=Tr1 +

where Ty, = Zf:_ll T; represents the total length of L — 1 transmission periods.

Similarly, Ty, ; can be mathematically expressed as

L
TW,L = Z VV[, (35)
=1
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where W, represents the length of the [th waiting slot. After proper substitution, we
can rewrite the CDF of SU data transmission time as

C
FTED Jon (t) =

H, — 5 11 ROIT, L-1 L-1
ZPr ZT +ZWI J(L) <t Y RUT; <H; > ROT;+ RPT, > H,|.
j=1 j=1
(3.6)
To simplify the representation, let FgE o L‘On(t) denote the probability that Pr [Zf:_ll T;+

) ) .
S Wy B T g L RO <y M ROT,+ ROT, > H,]. With

AMC, if the received SNR of the secondary link, denoted by ~su, falls in region A;
over the jth transmission period, then rate R; is used. The secondary transmission
with adaptive modulation is revealed in Fig. 3.3. Suppose that packet transmission
completes over L transmission periods and gy falls into the ith region n; times over
the first L — 1 transmission periods. Hence, rate R; is used n; times 1 =1,2,--- | N.
Here, let us define the vector m = [n4, ..., ny], where ZZN:1 n; = L —1. Hy_q, given

a certain channel realization represented by n’, can be rewritten as

L—-1 N n;
HL—lm = Z R(j)Tj = Z R; (Z Td) . (3.7)
j=1 i=1 d=1

Note that, I?; is the rate used in the jth transmission period provided channel real-
ization, which is considered constant. Therefore, H;_; 3 is the summation of L —1
independent but not necessarily identical exponential random variables. Further-
more, if ygy falls into region A, over the last transmission period, then Ry is used
(i.e. R%®) = R;). By conditioning on the channel realization of the L SU transmission

periods, F. TED Lon(t) can be rewritten as

FI%D,L\on(t) =

— H;
Z +ZVVl+ L <t Hp yw < Hy; Hp w5 + Ry1r > Hy

(3.8)
where ) - represents the summation of all the possible combinations of n;’s satisfying
Zﬁil n, =L — 1>[Ui]i1 (vsu € A)™ sy € Ak} denotes the event that the received
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Figure 3.3: SU transmission with four-state AMC under continuous sensing strategy.

SNR of secondary channel falls into region A; totally n; times, ¢ = 1,2,--- N, over
the first L — 1 periods and region Ay in the last transmission period. Note that, due
to the existence of waiting period, the duration of transmission periods is modeled by
independent, not necessarily identical exponential random variables. After applying

multinomial distribution with the independent fading assumption, we can show that

N
L—-1
= i 3.9
ﬂ-k(nla"')nl\f)r_‘[ﬂl ( )

N
Pr U (vsu € A)™, su € Ay

i=1

Thus, FS

TED\on(t) can be expressed as

N

N

L—1 N

Fhainl®) = 3 P sin® = 3 5 Py aent®) e, ° ) TT
L L k=1 ® T =

(3.10)

where FTCE LT 1on(t) denotes the joint probability that Pr [Zf:_ll Ty + S, Wi+

IHI{;+”? <t Hp_yw < Hy Hy gz + BT > Ht}. The corresponding PDF,
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f%mon(t), is given by

NN

c dFTcEplon(t) Z ZN Z c L—-1 a ni
fTED|on(t) = dt = fTED,L‘ﬁ},kpn(t)Xﬂ-k n Hﬂ-z ) (3]‘1)
L o ! i

dES N G)
¢ — _Tep, LI kon
where fr 115 pon(t) = dt

Note the difficulties obtaining the exact solution of FTC IE
ED> | n ,k,on

multiple secondary transmission slots are needed to complete transmission, we apply

(), assuming that

the central limit theory to approximate the time duration required and data transmit-
ted by two jointly Gaussian random variables as X7, = Z;L:_f Tj+ZlL:1 Wi Viwon =
Z]L:_ll R;T;. Then, Xpjon and Yy 5 o are jointly Gaussian distributed whose first and
second order moments are 7, = (L—1)u+L\, 0,2 = (L—1)p>+ LA\, 1, = S0, n;R;
and 0,2 = 123N n;R?. The correlate coefficient, denoted by p, can be calculated
as (See Appendix A)

2NN R
p— M2 i il . (3.12)
VI =02+ L2 3L niR2
Then Ff L/ kon(t) can be rewritten as
H, - Yo H, — yor_
on In” on . L
Ffyp L pon(t) = Pr | X" <t — — R, 0 Vim s Hs Tz T]’

(3.13)

where we restrict the data transmitted to be non-negative.
Consequently, conditioning on the independent random variable 77, the condi-
tional PDF fIO“ZD\L,R(t) can be calculated as

o ILING
fngD L\ﬁkm(t) _ " TppL|W kon
b 3 5 dt
H,
t Ht — y Ht B y
Ty e (t_ Ry ’y) I <_ w319

where fx; .y, - .. () is the PDF of two jointly Gaussian random variables. With
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the help of [35], the conditional PDF is given by

Ht (t_g_;_nx)20y2+zpnyaway(t_1}3[_;_7796)+Uw277y2
exp exp

2(1—p?)oz20y>

fTED,Lm,k,on(t) -

Ano,oy\/1 — p?

27(1 = p)0,%0,

X
( 2pcrzcry +U;p2)
(t———nx)ay +pNyoLoy _ (1=p?)os20y? H, ) 2
R po, (¢ = e — ) — 0%,
X exp
<_ _ 2pamy + 0x2> 2(1 — p?)o,20,
(= B =)oy > +omy sy (1 )5, %0, 2
( Ry RZ voety pR)k,u v — pO'xO'y(t — 5t — nx) O'xzny)
x < erf
\/(“R_g — 207t + 0, ) 2(1 = p?)o,%0,”
2(1 — p?)o,20,2
+ ( )U Uy Ht
< 2p0x0y + sz)
(= FE=1)0y 2 4Pp1y0s0y (120,20,
( R RZ viety pPBkH v — pO'xO'y(t — g_; - 77:(;) - 0':(:27731)
—erf

\/< —2p7p" + 0x2> 2(1 — p?)o,20,?

where erf[-] is the Gaussian error function.

(3.15)

When PU is off at the instant of packet arrival, the only difference here is that
total waiting time has one less waiting slot as illustrated in Fig. 3.2. One can directly

obtain ngD’Lm’k’OH(t) by replacing 7., 0,2 and p in Eq. (3.15) accordingly. The PDF
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Figure 3.4: Monte Carlo simulation verification for the analytical PDF of EDT with
continuous sensing (H; = 30 kb, ¥ =15 dB, =1 ms, A = 3 ms).

of EDT for secondary packet transmission with AM is finally obtained as

N
A It
oo® = E S (555 Fmsan® + o )
L k=1

—
n

N
L—1
. 1
X T <n1, ) HWZ (3.16)

We then present selected numerical results to verify and illustrate our analytical
solutions. We assume that the secondary system adopts an AMC system with trans-
mission rates [Ry, Ro, Rs, R4) =[1, 2, 3, 4] bits/symbol, corresponding to BPSK,
QPSK, 8PSK and 16QAM modulation schemes, respectively. The symbol period is
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1us. We also assume that the channel gain of secondary link follows Rayleigh distri-
bution. As such, SU received SNR follows exponential distribution with average 7,
(i.e. vsu ~ Exp(%)). Identical AMC implementation is applied throughout the whole
chapter.

Fig. 3.4 compares the analytical results for the PDF of EDT for SU packet
transmission with those obtained by Monte Carlo simulation, where a cognitive radio
system is simulated with randomly generated PU on/off duration decided by param-
eter © and A. The simulation and the analytical results match well, which validates
our analytical approach for moderate value of L. In fact, the EDT of SU transmission
greatly depends on PU activity and transmission slots required. Fig. 3.5(a) reveals
the PDF of Tgp with different packet size H; and secondary link quality 7. Intuitively,
as H; increases, more transmission slots are required, thus, both average value and
variance of Tgp increase. Higher order modulation and coding schemes are used more
frequently for larger 4, which results in shorter Tgp. As shown in Fig 3.5(b), for large
value of A, SU wastes more time in waiting for transmission. For large value of p, SU

can access the channel for longer duration, resulting in shorter EDT.

3.3.2 Semi-periodic Spectrum Sensing

With semi-periodic spectrum sensing, SU continuously monitors the PU channel
while transmitting and periodically senses for transmission availability with constant
period T§. Therefore, Tgp is the summation of a continuous random variable T, and
discrete random variable T,,. Noting that, total waiting time 73, depends on total
transmission time 7i., the PDF of Tgp can be obtained by taking the distribution
of T,, into account while conditioning on the distribution of T.. Hence, the PDF of

EDT with semi-periodic spectrum sensing, denoted by foE _(t) can be calculated by
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Figure 3.5: Distribution of EDT for secondary transmission under continuous sensing
with various secondary data amount, secondary link quality and PU parameters.
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conditioning on the transmission time as

i (©)

P 1

Mg

fTED Lt T, = mTy) Pr [Ty, ;, = mTy]
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Il

(3.17)

where fjjli ’ L\ﬁ,k(t) is given by Eq. (2.44). Pr [TW,L = st} denotes the probability
that Ty 1 is equal to m sensing periods. Specifically, the probability mass function
(PMF) of Ty, 1, depends on whether the primary user is transmitting or not at the
start of secondary transmission. The number of sensing periods in 7T, ;, when PU is
off is one less than those when PU is on. Conditioning on that PU is on and off at

the start of secondary transmission, we can calculate Pr [T}, , = mT}] as

Pr [Ty, = mTy] = ﬁ Pr [Ty pjon = mTy] + %ﬂ Pr [Ty pior = mTs],  (3.18)
where Ty rjon and Ty, o denote the total waiting time given that PU is on or off
at the start of secondary transmission, respectively. Pr [TW,L‘OH = st] is actually
the probability that it takes m sensing periods to find out exactly L times that
PU is off. Applying the result of negative binomial distribution, we can compute
Pr [TW,L‘OH = st} as

m—1
Pr [Ty rjon = mTy] = (L 1)(1 — Bon)E 3L (3.19)
where [, is the probability that provided PU was on at the previous sensing instant,
PU is also on at current sensing instant. While PU is modelled by a continuous-time
Markov chain with transition rate p and A, (,, does not equal to the stationary

probability that PU on. The reason is that SU will sense the channel again at current
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instant only after the channel is sensed busy at the previous sensing instant. Hence,
Bon is calculated as the probability that given PU was on at certain point in time, the
PU is again on after a time interval 7. Note that there is a chance that PU turns off
and then turns back to on between two sensing instants. According to the property of

two-state-continuous-time Markov chain model for PU, f3,, can be calculated as [67]

A [ (—RA)
on — —'— px T8 . 320
2 A )\+ue (3:20)

Similarly, in case of PU is off at the instant of packet arrival, the number of waiting

periods is one less than the number of transmission periods. Thus, we can compute
Pr [TW,L‘OH = mTS} as

Pr [Ty Lo = mTy] = (?:21) — Bon) T BT, (3.21)

After substituting Eq. (3.18) into Eq. (3.17) and several carrying out manipulations,
the PDF of EDT for secondary transmission with AMC and semi-periodic spectrum

sensing strategy under interweave cognitive radio implementation is obtained as

N N 00
E0-T Yy [m( )| LD o e
K i=1 m=1

m — ) 1—/60n)L g;bl L_‘_%(?:;)( _/Gon)L 1/6m L+1]

(3.22)

Fig. 3.6 compares the analytical results for the PDF of EDT for secondary data
transmission with those obtained by Monte Carlo simulation, where a cognitive radio
system is simulated with randomly generated PU on/off duration decided by param-
eter ;n and A. We observe that when L, is large, the simulation and the analytical
results match well, which validates our analytical approach. When the parameters
H;, ¥ and pu lead to small L,.., the secondary packet transmission completes in a few
periods, resulting in inaccurate analytical PDF of T},, as shown in Fig. 3.6 (b).

Fig. 3.7(a) plots the PDF of EDT for SU transmission with various parameters
for PU activities. As we can see, increasing A causes the mass of the PDF move to

the right, which implies larger Tgp on average, since larger A leads to longer waiting
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ms, H; = 60 kb in (a) and H; = 30 kb in (b), respectively.
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time. On the other hand, larger p helps reduce the Tgp as SU transmission period
becomes longer on average. The PDF of Tgp with various H; and 7 is revealed in Fig.
3.7(b). It can be clearly seen that as secondary channel condition becomes better, the
EDT reduced. This is because there are more chances that modulation and coding
schemes with higher rates are used, resulting in fewer transmission periods. As H,
increases, both average value and variance of Tgp increase. In fact, for larger Hy,
the average value and variance of both Ti, and T, increase as more SU transmission
periods are required to complete secondary data transmission. Fig. 3.7(c) shows
the packet delivery time with periodic sensing for various sensing period Ti. It is
interesting to observe that the expectation and variance of Tgp decreases as T gets
smaller. This is because that smaller T} helps reduce the time lag that PU has vacated
the channel already, but SU has not sensed the channel yet. Note that T only effects
the waiting time. Mathematically, for each L, the expectation and variance of Ty,

slightly decrease with decreasing 7.

3.3.3 One-shot Transmission

In certain cognitive radio application, the data amount can be so small that one
SU transmission period is sufficient to complete its transmission. Such data may only
contain temperature or humidity measurement, or some other environment index.
In this subsection, we derive the PDF of EDT for small amount data transmission.
Note that, the transmission time is equal to %, where transmission rate R; depends
on secondary channel realization. When PU is off at the instant of transmission
initiation, there is no waiting time. The PDF of EDT for one-period transmission

with semi-periodic sensing when PU is off can be calculated as

al H
Fhoaior) =Y 0 <t —~ ﬁt) i, (3.23)
=1 g

where J(-) is the impulse function. Otherwise, when PU is on at the start of secondary
transmission, a sequence of m sensing periods should be included as waiting time.

Following similar derivation in previous subsections, we derive the PDF of Tgp for
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Figure 3.7: PDF of EDT for secondary transmission with semi-periodic sensing for
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period.

this case as

Flup 1jen(t) = Z [Z 0 <t - % - st) (1= Bon) g’;ﬁ*] ;. (3.24)

=1 m=1

Thus, the PDF of EDT for one-shot transmission is given by

A p
P - —
fTEDJ(t) — A+ fTED71\0H(t)+ )\_l_,ufTED,l\off(t)

> (t— % —mTS) (1 = Bon) 31

H H,
—O|t—— i
+>\+M ( Ri) }W

Similarly, the PDF of EDT for one shot transmission with continuous sensing can

()
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be calculated as:

(3.25)

T

N T H:
It H, 1 t— & H,
- Pt = - oy (= 2
2 N+ < Ri)+A+ueXp< N\ ) < R

where U(+) represents the unit step function. The PDF of one-shot transmission with

semi-periodic sensing when PU is on at the start of secondary transmission is given
in Fig. 3.8. The discrete distribution indicates that T;, for one-period transmission
is discrete distributed once the corresponding transmission rate is given. In fact,
distribution of Tgp is actually obtained shifting the distribution of T;, by mT,, m =
1,2, - and scaling it by the probability Pr[T,; = mT}]. For continuous sensing, the
peaks attribute to the application of AMC.

3.4 Concluding Remarks

We propose an analytical framework to evaluate the extended deliver time of sec-
ondary data transmission with adaptive modulation and coding in this chapter. The
analysis is carried out assuming that SU performs continuous or semi-periodic spec-
trum sensing strategy with work-preserving transmission. Specifically, for continuous
sensing, both transmission time and waiting time are continuous random variables.
The approximate PDF of Tgp is obtained applying the central limit theorem assum-
ing that service time and data transmitted are jointly Gaussian random variables.
For semi-periodic sensing, the approximate PDF packet transmission time Ti, for a
fixed-amount data transmission is derived by applying the central limit theory. Then
conditioning on the distribution of 7%, the PDF of EDT is obtained by taking the
discrete distributed waiting time into account.

For certain application with very small data amount, distribution of EDT of one-
shot transmission is also derived in this chapter. Monte Carlo simulation and numeri-
cal results are also included. Simulation results validate our analytical results. These
results will facilitate the design and optimization of secondary systems for diverse
target applications, such as deriving throughput bounds [48] or evaluating secondary

queuing performance by investigating the first and second order moment of EDT
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following the same analytical procedure in [3].

Derivation of Correlation Coeflicient Defined in Eq.
(3.12)

We can calculate the correlate coefficient by calculating the covariance, denoted by

Cyy, first.
Cay
[ vi] - ElxE (Vi
L—-1 L—-1 L—-1
() () () ()
j=1 d=1 I=1 d=1
[L—1 L—-1
~E Y Ti+> WI|E|> Ry
Lj=1 =1 d=1
L—1 L—1 L—1 ] L—1
=E ( T]> (ZRde> ~E T\ E|> Ry, (3.26)
j=1 d=1 j=1 d=1

where E[ | denotes the statistical average. The last equality follows Zle W, and
5:_11 R,T,; are independent. Eq. (3.26) can be further simplified into

L—1L-1 L—-1
Coy =E |> > RJIT, —< E[T, ) (ZERde>
7=1 d=1 7=1
L—1L—-1 L—1L—1
- R4E[T;T5) — RE[T;|E[Tq]. (3.27)
J=1d=1 j=1d=1

When j # d, we notice that 7; and 7T, are independent, leading to E[T;1,] =
E[T;|E[Ty]. Eq. (4.3.2) can be rewritten as

L-1

R; (E = 1 Zn .. (3.28)

=1
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Hence, by definition, the correlation coefficient can be calculated as

(Cx 2 N 14l
p= T W 2im B (3.29)
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Chapter 4

Slotted Secondary Transmission
with Rate Adaptation under
Interweave Cognitive

Implementation

4.1 Introduction

In cognitive radio communication, SU is allowed to communicate over the under-
utilized licensed frequency bands of primary system with opportunistic spectrum
access strategies. Meanwhile, interference caused by secondary transmission must be
appropriately controlled so that the PU’s communication is not significantly affected.
To seek the transmission availability, SU transmitter has to sense PU activity on the
target frequency band. Ideally, SU continuously monitors the target spectrum while
transmitting and waiting [68]. With perfect continuous monitoring, secondary trans-
mission causes no interference to PU, at the cost of higher energy consumption and
implementation complexity. However, it is challenging that SU performs transmission
and spectrum sensing simultaneously. As such, SU can also perform spectrum sensing
on a periodic basis, which leads to lower complexity and at the same time occasional
interference to PU.

In this chapter, we construct Markov models to evaluate SU performance (collision

probability, energy consumption, and queuing performance) under perfect /imperfect
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spectrum sensing, where SU applies a sense-then-transmit protocol and perform spec-
trum sensing on a periodic basis. Such slotted secondary transmission leads to lower
complexity but, at the same time, occasional collision with PU transmission. Sub-
stantial amount of previous work has been carried out in developing practical ac-
cessing strategies with various PU and SU models. Assuming that all the primary
users and secondary user share the same slotted transmission structure, [44] designs a
novel MAC protocol based on optimal and suboptimal spectrum sensing and access-
ing strategies, where the optimization problem is formulated as a partially observable
Markov decision process. [45] proposes optimal and suboptimal access protocol by
maximizing the throughput of secondary transmission subject to the collision prob-
ability constraint, where the SU adopts slotted transmission coupled with periodic
sensing strategy. [69] investigates the average system throughput for a slotted ALOHA
based cognitive system. [70] designs a combined channel sensing and access scheme
for a cognitive ALOHA network and evaluates the performance based on a five-
dimensional Markov model. [71] proposes an optimal sensing order selection strategy
for multiple PUs and multiple SUs cognitive radio network, where the proposed sens-
ing strategy converges to the collision free channel sensing order when the number of
SUs is less than the number of the channels.

The delay and throughput analysis for secondary transmission is also of consid-
erable current research interests. Assuming SU continuously monitors the spectrum
when PU is on and periodically senses while PU is off, [53] investigates the average
waiting time and average service time of SU in one transmission period, under gen-
eral heavy tail and light tail PU traffic models. [54] derives the distribution function
of SU service time over a fixed-length time duration. The analytical result is then
applied to the average delay evaluation for real-time constant-bit-rate traffic. In [58],
a queuing performance analysis is carried out for two-server-single-queue and single-
server-two-queue cases, under a Markov PU traffic model. The maximum arrival
rate that stabilizes the queue with respect to different service rates and interruption
parameters is obtained via a numerical approach. The energy consumption evalu-
ation and energy efficiency analysis are also of great interest. In [72], a stochastic,
energy-aware model is proposed to investigate the optimal spectrum sensing interval
by exploring the tradeoffs between energy consumption and SU throughput. In [73],
the average energy efficiency maximization problem in fading channels is solved as

a joint optimization problem of the spectrum sensing duration and the SU transmit
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power, where collision might occur due to miss detection.

Spectrum sensing is performed before each transmission period as secondary user
transmits with a slotted structure. Thus, sensing error could impact the performance
of secondary transmission. The analytical formulations of the throughput of cognitive
multi-channel MACs with perfect and imperfect sensing are presented in [74], where
a discrete time Markov chain is used to model the number of communicating node
pairs in the MAC protocols. The authors in [75] precisely analyzed the effect of
imperfect sensing on the stability region of the multi-user cognitive radio system. The
condition with sensing errors, for which the identical stability region achieved with
perfect sensing, is also presented. The effects of imperfect channel sensing decisions,
interference from the primary user, are studied in [76] using a Gaussian mixture
model. Joint algorithm for sensing adaptation and opportunistic resource allocation
is proposed in [77] to minimize the total expected cost of the throughput loss and
utilization of unused frequency bands.

Previous work on queuing performance evaluation concentrate on waiting time
analysis while assuming that the packet transmission rate is constant. With adaptive
modulation and coding (AMC), the transmission data rate will be adaptively adjusted
with the channel condition [62]. The queuing performance with AMC in conventional
communication system is studied in [78]. However, with cognitive implementation,
the analytical approach is different since SU has to wait for transmission opportuni-
ties and SU transmission may fail due to collision. In [60], achievable capacity gain by
implementing AMC was analyzed for an underlay cognitive radio system. Assuming
transmission completes in one SU transmission period and imperfect spectrum sens-
ing, the bit error rate (BER) performance and spectral efficiency for an interweave
cognitive radio system with AMC was investigated in [61]. With continuous spectrum
sensing, the statistics of packet service time for SU packet transmission with adaptive
modulation is studied in [79]. In this work, we study the queuing performance for
slotted secondary transmission with AMC.

In this chapter, we consider a single PU and single SU cognitive communication
scenario, where the SU adopts a slotted transmission structure. Collision occurs
with periodic spectrum sensing when PU starts transmission, however, SU has not
sensed the channel yet. Different from previous works, we focus on collision, delay
and throughput analysis of SU with slotted communication protocol. We propose a

discrete-time Markov chain to characterize secondary transmission procedure. Steady
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state probability is obtained to evaluate collision. We propose a two dimensional
Markov model to study the queuing performance for slotted secondary transmission
with AMC. We also study the effect of imperfect spectrum sensing on energy efficiency

and queuing performance of secondary transmission.

4.2 System Model

We assume that SU opportunistically access a PU channel in an interweave fash-
ion. The PU behaviour on the channel is modeled by a two-state homogeneous
continuous-time Markov chain, where state B represents that PU is transmitting
(i.e. channel unavailable for secondary transmission) and state I corresponds that
PU is not transmitting. Researches on IEEE 802.11 Wireless LAN (WLAN) sup-
port a semi-Markov model for various traffic types. As such, Markov model serves
as a reasonable approximation [63-65]. The sojourn time in states B and I follow
independent non-identical (i.n.d.) exponential distribution with average A and p,
respectively.

SU employs a slotted transmission strategy as illustrated in Fig. 4.1. SU periodi-
cally senses the PU spectrum with a fixed SU period Ts. Each Tg is divided into two
phases, sensing phase 17, and transmission phase Tj;. SU performs spectrum sens-
ing in the sensing phase and makes transmission decision according to the sensing
result. If PU spectrum is sensed busy, SU will wait for T1; duration and sense again.
Otherwise, SU starts its transmission immediately during the following 77;. Here, we
assume that Ty is sufficiently small compared to A and u, and as such, the chance
that PU activity changes more than once during one Ty is negligible [61,80,81]. As
such, if the spectrum is sensed busy, the SU waits in the following 7. If the spec-
trum is sensed free at two consecutive sensing phases, secondary transmission after
the first sensing phase has not collided with PU transmission. However, if the spec-
trum is sensed busy after being sensed free in previous sensing phase, the secondary
transmission has interfered with primary transmission.

We also assume that secondary transmission adopts AMC technique. Here, the
transmission rate measured in bits/symbol remains unchanged in each Tj;. However,
between different SU periods, the transmission rate can be variant depending on
the secondary channel quality. More specifically, the value range of received SNR

is divided into N + 1 regions each of which corresponds to one possible data rate
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Figure 4.1: Slotted secondary transmission with periodic spectrum sensing strategy
and the structure of SU period.

R;;i=0,1,..., N. R; is selected with probability 7; as discussed in previous chapters.

4.3 Perfect Sensing Result

In this section, assuming perfect spectrum sensing results, we introduce Markov
modeling of secondary slotted transmission. Close-form solution of stationary prob-
ability is used to investigate the collision probability. The queueing performance for
small-size packet transmission with AMC is evaluated by construct a two-dimensional
Markov chain with proposed secondary transmission model. The analytical results of
EDT for large size packet transmission are also obtained considering both fixed-rate

and variable-rate modulation.
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Figure 4.2: Markov modeling of secondary slotted transmission and state transition
based on PU activity.

4.3.1 Markov Model for Secondary Transmission

We form a three-state discrete-time Markov chain to characterize SU activity,
where state W represents the Ty that SU is waiting for transmission, state S that
SU transmits without collision and state C' that SU transmission collides with PU
transmission, over a Tg, as illustrated in Fig. 4.2. Let H; denote the PU activity at
the start of ith Ts. Assume perfect sensing, we have H; = 1 if PU is on and H; = 0
if PU is off. The transition probability from state W to state S is given by

pS|W = PI’[Hl'+1 = 0, Hl'_|_2 = 0|Hl = ].]
= PI’[HH_Q = O|HZ‘+1 = 0] PI'[HH_1 = 0|I’IZ = ].]
= ﬁoﬁ(l - ﬁon)a (41)
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where (,, = Pr[H; = 1|H;-; = 1] is the probability that PU is sensed on at
the sensing instant given PU is also on at previous sensing instant. Accordingly,
Bot = Pr[H; = 0|H;,_1 = 0] represents the probability that PU is sensed off given
previous sensing result is also off. (., / Bog can be calculated as the probability that

PU transmission/waiting duration is larger than Tg as [67]

T Tg

/gon - 6_Tsa /Goff - 6_77 (42)

respectively!. Similarly, the transition probability from state S to state S is calculated

as
psis = Pr[H; 1 =0, Hiyp = 0[H; =0, Hipq = 0]
= PI'[HH_Q = 0|HZ’+1 = 0]
= ﬁofﬂ (43)

Other transition probabilities can be obtained following similar step. Thus, the tran-

sition probability matrix of proposed three-state Markov chain is given by

Ds|s  Psjw  DPs|c Boft (1 = Bon) Bost 0
P=|pwis pww pwic| = 0 Bon 1. (4.4)
Pcis  Peiw  Polc L= 0o (1= Bon)(1=0Bog) O

The stationary distribution of the Markov chain can be calculated from the eigen-

vector of P corresponding to eigenvalue one, given by

[(1 - ﬁon)ﬁoffa 11— ﬁoffa (1 - ﬁon)(l - ﬁoff)]- (45)

After normalization, the stationary distribution of our three-state Markov chain is

obtained as

(1 - ﬁon)ﬂoff 11— ﬁoff (1 - ﬂon)(l - ﬁoff)
2_ﬂon_6oﬁ’2_6on_ﬂoff’ 2_ﬁon_6oﬁ

[ps, pw, po] = (4.6)

"'With continuous PU model and slotted secondary transmission, the exact expression of fug is
ﬁ + F’\He_(%'ﬁ):rs [82]. In our analysis, Bog is approximately calculated by Eq. (4.2). When Tg
is small compared to A and u, the approximation error is small. For the typical values we choose in
our numerical results (A = 50 ms, u = 30 ms), the error is approximately 0.02 when Ts = 10 ms.
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Figure 4.3: Correspondence of collision probability and sensing period for various PU
activities.

The Markov model can be verified by solving Markov chain at equilibrium. As an
illustration, for state C'

prC|W +pspc|s = (1 - ﬂoff)(l - 6on)% + (1 — ﬂoﬂ)%

= Pcpw|c
(4.7)
An immediate application of the Markov chain modeling is to evaluate the collision
probability with secondary slotted transmission strategy. Fig. 4.3 plots the collision
probability po as a function of sensing period Ty for different primary transmission
parameters. Larger A or larger p results in smaller collision probability. Note that

collision only occurs when PU restarts transmission. We also observe that collision
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Figure 4.4: Secondary transmission with AMC for small-size packet.

probability increases for a longer sensing period as expected by intuition.

4.3.2 Queuing Analysis of Secondary Packet Transmission

In this subsection, we apply the proposed discrete-time Markov chain to evaluate
the queueing performance of secondary packet transmission. We assume that SU
information data is fragmented into equal-size packet. The packet size is chosen such
that j packets can be transmitted over one Tj; [83] when the primary channel is
available and secondary link can support transmission rate R;,j = 0,1,--- , N — 1,
where Ry = 0 corresponds to SU decides not to transmit due to unacceptable BER
performance. During each Tg, at most one packet may arrive at the SU transmitter
with probability p,. The newly arrived packet will be put into a first-in-first-out
(FIFO) buffer with K waiting positions before being delivered over the next available
transmission slot as illustrated in Fig. 4.4. Only those packets that are successfully
received will be removed from the buffer. We also assume that the SU received
SNR remains unchanged over each Ts and changes independently afterwords. Let

A; € {0, 1} represent no arrival or one packet arrival during the ith Ts. We have

as a = 17
Prid, =a] =4 (4.8)
1 —p4 a=0.
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Figure 4.5: Two-dimensional discrete-time finite state Markov chain model for sec-
ondary transmission with AMC.

Unlike fixed-rate transmission, service time is a dynamic process in adaptive trans-
mission system. Different from conventional adaptive transmission system, service
time is bursty with cognitive radio implementation, since SU has to vacate the chan-
nel when PU transmits. With AMC, the number of packets can be transmitted over
each Ty depends on channel availability and quality of secondary link. We denote the
service state of the ith Ty as D;, where D; € {S, W, C}.

Let £; denote the instantaneous queue length of ith Ts, where £; € {0,1,..., K'}.
New arrival will be dropped if the queue is full. The queue will be emptied if the
number of queuing packets is less than the rate used. As illustrated in Fig. 4.6, the

recursion of the queue length can be expressed as
»Ci = min{K, max{O, Ei—l - Di_1} + «Ai—l}- (49)

To investigate secondary queuing performance, we construct a two-dimensional
Markov chain with state being the (D;, L;) pair, as illustrated in Fig. 4.5. Let
D(D;,£)|(Ds_1,L51) denote the transition probability from state (D;_q,L;_1) to state

(D;, L£;). Accordingly, the state transition probability matrix, denoted by Pgq, is
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Figure 4.6: Queue recursion of secondary transmission.
organized as
Pweyweiy Pweoiscy Pweolec
Pq = P(S,Ei)|(Wvl:¢71) P(S,Ei)|(57£¢71) P(S,Ei)|(cvl:¢71) ) (4’10)
Pecywe ) Pecoscey Pecoeri
where the (K + 1) x (K + 1) sub-matrix Pp, £,yp,_,.z,_,) is of the form
DP(D;,0)|(Di-1,0) P(D;,0)|(Di-1,K)
P('Dhﬁi)‘('pifhﬁifl) = : .. , (411)
DDy, K)|(Di-1,0) -+

- P(Di,K)|(Di-1,K)

with D;_, € (W, S,C') and D; € (W, S, C). The transition probabilities can be further

simplified, while noting that current service state is only dependent on previous service
state, as

P, )(Di—1,Li1) = Pr[Dia ‘Ci|Di—1a Ei—l]

= Pr[Di|Di—1] PY[£¢|D2‘—1; Ei—l]
= PDy|D; 1 PLy|Di—1,Li—1-

(4.12)

pp,p,_, can be calculated by the transition probabilities given by Eq. (4.4). Accord-
ingly, Eq. (4.10) is rewritten in a block form as

pwiwPx O Py

psiwPx  psisPr O |, (4.13)
powPx poisPr O

Pq =
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where O represents (K + 1) x (K + 1) zero matrix. When D; = W or C, SU waits
for channel availability or collision occurs. As such, no packet was assumed to be
successfully transmitted. When D; = S and rate R; is used, j packets are transmitted
successfully. As derived in Appendix B, sub-matrices Py, Pt are given by Eq. (4.14)
and Eq. (4.15), respectively.

(1—p, 0 0 000 0
pa ]- - pa O O 0 0 0
O a 1 - Fa O 0 0 0
Py — P b , (4.14)
0 0 Da 000 0
|0 0 0 .0 0 O 1]
Pr=
_ N N -
1—p, (1—pa) > (1 —pa) > m; 0
j=1 j=2
N N
Pa  (I—=p)mo+pad, 7 (L=pa)m+Dpay, ™ .. 0
j=1 j=2
0 DaT0 (1 = pa)mo + pam ... 0
0 0 PaTo . 0
(1 - pa>7T1 + PaT2
i o + PaT1 i
(4.15)
The steady state probabilities for Pq, denoted by
¢Q = [¢W,07 T ¢W,K7 ¢S,07 ) ¢S,K7 ¢C,07 T 7¢C,K]7 (416>

is the left eigenvector of Pq corresponding to eigenvalue 1, which can be calculated
by difference equations and normalization equation. The stationary distribution of
queue length can be also found as ¢, = ZD:W,S,C opi, K=0,1,--- K.

Fig. 4.7 compares the analytical results of stationary distribution of the queue

length against corresponding Monte Carlo simulations, where a four-state AM system
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Figure 4.7: Analytical and simulation results on the stationary distribution of queue
length with different sensing periods, primary user parameters and secondary channel
condition, where K = 30 and p, = 0.16.

with transmission rates [Rg, Ry, Ry, Rs] = [0, 1, 2, 3] bits/symbol is introduced.
The target BER is set to be 1073. The received SNR. boundaries are set accordingly
as [v1,72, 73] = [9.39, 13.95, 16.09] dB. We also assume that secondary link introduces
Rayleigh fading with average received SNR 4 dB (i.e. f,(y) = —e 3) Identical AMC
implementation is applied throughout this chapter. The perfect match here validates
our analytical approaches. When PU channel is available for secondary transmission,
the probability distribution decreases as k increases based on the assumption that
average arriving rate is less than the average service rate. However, when PU trans-
mits, the queue would continuously build up resulting in higher ¢x even for a small

packet arriving probability. Smaller \ or larger p leads to shorter waiting time or
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longer transmission time, which can help reduce the queue length. For larger value of
7, high order transmission rates have more chances to be used, which can increase the
average service rate. Next, we will evaluate the queuing performance with stationary
distribution of the queue length. The packet drop probability is, the one that new
arrival finds out the queue is full, given by Pyop, = prp.. The average queue-length,
denoted by E[Q], and average throughput, denoted by E[T'h|, of secondary system

can be calculated as

K

K
E[Q] =) kpi, E[Th] =ps Y E[S|k|ps, (4.17)
k=0 k=0

respectively, where pg is the stationary probability that SU transmits without collision
and E[S|k] is the average number of packets been successfully transmitted per 7§ given
k packets waiting in the queue. Note that when £; ; < D;_1, L, 1 packets will be

transmitted over the upcoming slot. E[T'h|k] can be calculated as

0, k=0;
k N
i+ k m;,, 0<k<N,
E[S|k] = Z Z ’ (4.18)
N
> im, N<k<K
\ =1

The average queue-length, denoted by E[Q], can be calculated as E[Qr] = S, ks
Applying Little’s law, the average queuing delay can be calculated as

E[Ty) = il _ o (4.19)

E[Th]  ps K E[S|klpk

We present the analytical results of secondary queuing performance. More chances
to access the channel (i.e. larger p or smaller A) or better secondary link quality helps
increase average throughput and results in lower average queuing time as expected
by intuition (See Fig. 4.8 (a) and Fig. 4.8 (b)). The average delay saturates as input
traffic intensity grows because packets are dropped when queue is full. When average
throughput approaches its maximum, packet drop probability increases sharply as
shown in Fig. 4.8 (c).
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Figure 4.8: Average queuing delay, average throughput and packet drop probability
versus various secondary channel quality and primary user parameters.

4.3.3 EDT analysis for slotted secondary transmission

For large-size packet, multiple Tss are required to complete single packet trans-
mission. As such, packet service time consists of waiting time and transmission time.
We derive the statistics of EDT assuming fixed-rate transmission and variable-rate

transmission in the following subsections.

Fixed-Rate Transmission

Firstly, We derive the PMF of EDT (Tgp) for a fixed-size packet transmission
with a fixed data rate. Tgp should include all the waiting periods, collision periods
and transmission periods before transmission completed. Specifically, the statistics of

Tgp depends on the state of the first Tg at the instant of packet arrival as illustrated
in Fig. 4.9. Conditioning on the first Tg being in state S, W and C. The PMF of
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< L-1 slots including k transmission slots >
wo. W wo.. W wo. W
Packet arrival Ns w = NC|S =i-1 End of transmission
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Packet arrival Ngy =i Neg=i-1 End of transmission
« L-1 slots including k-1 transmission slots >
w . W w .. WS .. w|..|W
Packet arrival N s i N s~ i End of transmission

Figure 4.9: EDT sequence conditioning on the first slot is in state W, C' and S,
respectively.

Txp can be calculated as

Pr[Tep = LTs| = pw Pr [TED|W = LTS} + ps Pr [TED|S = LTS} + pc Pr [TED|C = LTS} ;
(4.20)

where Pr[Tepw = LT3], Pr[Tepis = LTs], and Pr[Tgpc = LTg] denote the condi-
tional probabilities that the first 75 is in state W, S, and C|, respectively.
The number of transmission periods needed to complete transmission, denoted by

f, can be approximately calculated by

0 —

H,
4.21

where H; represents the amount of data in a packet, and R is the pre-determined

data rate. Let IV,. denote the number of certain transition of secondary transmission.
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For example, Ngjw = a represents that transition from state W to state S occurs a

times. As such, the conditional PMF of Tgpjy can be written as
Pr[Tgpjw = L1s] = Pr[Ngis + Nejs + Nsjw + Nwiw + Now + Nwie = L—1], (4.22)
which can be further simplified, while noting N¢js + Nojw = Nwjc,as

Pr[TED|W = LTs] = PI'[NS|5 + NS|W + NW\W + 2NC|W + 2Nc‘g =L - 1]

(4.23)
Conditioning on that Ngw =i, i =1,2,--- .60, Eq. (4.23) is written as
Pr[Tgpw = LTg]
= i Pr[Nww + 2Neyw = L —1 -0 —2(i — 1)] Pr[Ngjw = i, (4.24)
i=1

while noting Ngs + Ngis = 0 and Ngis = Ngw — 1. Applying the statistics of

binomial random variable, we have

. 9 - 1 —5 =
Pr[Ngw = i] = (Z B 1)p95|5p0§. (4.25)

Conditioned on Ngjw = j and Ny w = m — j and applying negative-multinomial

distribution, we have

Pl"[Nw|W + 2N0|W =L—-1—-60-— 2(7, - 1)]

m+1—1Y\ ; ; i
= Z < P )pSWp](AWpWWjV‘ (4.26)
m, j s.t. o
m+2j=L—1-0—2(i—1)

Substituting Eq. (4.25) and Eq. (4.26) into Eq. (4.24), we have

PI[TED|W = LTs] =

6 .
Z Z < i1 i )pswpawpvvn%/] (z _ 1)pg5pc|§. (4.27)
=1 m, j s.t. 0

m+2j=L—1—6—2(i—1)
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Conditioning on that SU transmission starts with C', the first two slots are in state

C and W, respectively. We have
Pr[TED|C = LTs] =

9 .
mAi=l ' m 0—1 0—i_i—1
Z Z ( i—1, )pswpmwpwwjv] ( 1)]95ng|5 (4.28)
T8 5 i

Conditioning on starting with S, the differences are Ngjyw = Ngjg = ¢, i = 1,2,--- ,0—
1 and Ngyw + Ngjg = 60 — 1. Pr[Tgp|s = LTs] can be calculated as

PI[TED‘S = LTs]
—1 .
m+i—1Y\ , e (01N o 01
Z Z ( i—1, g )pSIijcwpwvjv< ; )p5|s Pois| +0(0)pgs
= m+72nj7:]LS—.tG.—2i
(4.29)

where §(-) represents impulse function. § (Q)pS| o+ is the special case that Tgp is just a
sequence of # transmission slots without collision. The final PMF of Txp is obtained
as

Pr[Tgp = LTs] =

( Bon ﬂoﬁ -
2— ﬁon ﬁoff

1=1 m, j s.

+ 5(9)pg_51}

m+i—1\ . i (O0—=1\ o1
i—1, pS\WpC|WpW\W i )Psis Pcis

9 .
71_603 mti—1y J m—j (0 =1\ o—i i1
2 Bon — Bor ; 2 < i—1,j >pSWpC|WpW|W i —1)PsisPais

1_6011 1_60 s +_1 7 j m—j 0—1 i1
+( 2_501(_6033) > > | (nz_’ . )p5|WpJCWpW|VJV (Z )peswpcg (4.30)

i=1 m, j L,j

Fig. 4.10 compares the analytical result of Tgp and corresponding Monte Carlo
simulation. The perfect match validates our analysis. Tgp depends on the packet
size and PU behaviour. Larger H; results in longer transmission time, which leads
to even longer waiting time. When SU has more chance to acquire the channel, both

average and variance of Tgp decreases. (See Fig. 4.11)
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Figure 4.10: Monte Carlo verification of Tgp analysis (H; = 8 kb, A = 30 ms, p = 10
ms, 7 = 20 dB).

Variable-Rate Transmission

When AMC is used, transmission slots required to complete transmission is no longer
constant but a random variable depending on secondary channel quality. 6 transmis-
sion slots are needed only if data transmitted over # — 1 transmission slots is less than
packet size H;, whereas data transmitted over # transmission slots is greater than the
packet size. The probability that transmission time, denoted by Ti,, is equal to 6 Tss

can be formulated as

Pr[Ty, = 0Ts] = Pr [H, — ROTs <Hy_, < H,], (4.31)
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Figure 4.11: PMF of EDT with fixed-rate transmission for various PU activities and
secondary packet size.

where R denotes the data rate used in the last transmission slot without channel
information. As such, R is a random variable (i.e. R(® = R; with probability
m, | =1,2,---  N). Hy_; denotes the data transmitted over the first # — 1 periods.
If secondary user received SNR falls into region A; at the #th period, then R; is used
(i.e. RY = R)). By conditioning on the channel realization of the #th transmission

period, we have

N
Pr[T, = 0Ts) = > Pr[H, — RiTs <Hy_y < H|m. (4.32)
=1
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Then Pr [T}, = 0Ts] can be calculated by Eq. (2.11) and given by

N 01 N
Pr[Ty, = 0T = ) > (nl,ng,...,nN)Hﬂ?i i,

=1 n s.t.
Hy_1€[H:—RiTs, Htl
where m' = [n1,ng, -+ ,ny] represents certain channel realization of the first k — 1
transmission slots satisfying Zf\il n; = 0 — 1. The inner sum is carried out over all
s satisfying that Hy_; falls into region [H, — R;Ts, H,]. The distribution of Tgp

can be obtained by conditioning on 6 as

Pr(Tpp = LTs] = > Pr[Tgpjg = LTs] Pr(T;, = 0T4], (4.33)

=1

where Pr[Tgpjp = LT5] is the distribution of EDT given 6 periods required, shown
in Eq. (4.30). In practical, the value of 6 can not be infinity, since the packet
size H,; is fixed. Fig. 4.12 compares the envelope of PMF of Tgp versus various
secondary channel quality. As channel quality gets better, both average and variance
of Tgp decreases since less periods are required to complete transmission. Note that,
when channel quality is poor, more time is required to accomplish transmission even
with AM, compared to fixed-rate transmission. This is because that lower rates are

frequently used, or SU decides not to transmit mostly.
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Figure 4.12: PMF of EDT for secondary transmission with four-state AMC.

4.4 Imperfect Spectrum Sensing

SU performs spectrum sensing on the target frequency band to identify transmis-
sion opportunity. Due to the presence of noise, hidden terminals, and other factors,
sensing errors might occur. Sensing errors can greatly affect the performance of sec-
ondary transmission. With slotted transmission protocol, collision occurs when PU
restarts transmission. We investigate SU transmission activity assuming imperfect
spectrum sensing results, where false alarm occurs with probability py. False alarm
is defined as PU has stopped transmission, however, SU still waits for channel avail-
ability due to sensing errors. Another kind of sensing error miss detection is defined
as the event that PU is transmitting but SU senses the channel to be free. According
to the IEEE 802.22 standard, both false alarm probability and miss detection prob-
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Figure 4.13: Slotted secondary transmission under false alarm.

ability should be less than 0.1 [84]. We first assume that the SU adopts very strict
sensing policy to protect PU transmission. As such, the probability of miss detection
is ignorable [71,85,86]. The effect of miss detection will be discussed at the end of
this section. The slotted secondary transmission with false alarm is illustrated in Fig.
4.13.

4.4.1 Markov Model of Secondary Transmission with False
Alam

We form a five-state discrete-time Markov chain to characterize SU activity as-
suming false alarm might occur. Except for state W, S and C, two new states are
formed. If false alarm occurs at the ith sensing phase, SU affirms that collision oc-
curs in the ¢ — 1th Ts. We introduce a false collision state, denoted by Fi, for such
scenario. Consequently, SU waits in the ith period due to the incorrect sensing result
at the ith sensing phase, which corresponds to a false waiting state, denoted by Fyy .
The Markov model is illustrated in Fig. 4.14.

State transition depends on the variation of PU activity and sensing results. With
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Figure 4.14: Markov model and state transitions of slotted secondary transmission
with false alarm.

slotted protocol, SU periodically senses PU activity on the target frequency band.
Similarly, let H; represent PU activity at the ¢th sensing instant. H; = 1 if PU is
on and H; = 0 if PU is off. In addition, H; represents the sensing result at the
1th sensing instant. H = 1 if the channel is sensed busy, whereas H = 0 if the
channel is sensed free. We show the proposed Markov chain and illustrate the state
transmission determined by sensing results in Fig. 4.15. The false alarm probability
py is defined as

pr = Pr[H; =1|H; = 0], (4.34)

Accordingly, we can determine the transition probability matrix. As an example, the

transition probability from state Fy, to state F¢ is calculated as

Pre|Fw
= Pr[H; 1 =0, Hiyp =0, Hf,, =0, Hf,, = 1|H; =0, H} =1]
— Pr[Hiyp =0, Hf o= 1|Hiy1 =0, Hf,, = 0| Pr[H;yy =0, Hj,, = 0|H; =0, H =1]
— Pr[H} , = 1|H; 5 = 0] Pr[H;yo = 0|Hiyy = O] Pr[H;,, = O|H;y, = O] Pr[H, 1 = O|H,; = 0]
= G5 (1= ps)py,
(4.35)
where the second equality results from that [} only depends on H;, and H;;; only

depends on H;. Other transition probabilities can be obtained following similar steps.
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Figure 4.15: State transition illustration.

Thus, the transition probability matrix of proposed five-state Markov chain is given
by

./ / / / / 7]
Pwiw  Pwis Pwic Pwiry Pwirc
/ / / / /

Psjw  Psis  Psic Psipy Psirg

P = / / / / /

Pow  Pcis  Poie Popy  Pojre

/ / / / /
Pryiw Pryls Prylc Pryiry  Pry|Fe

/ / / / /
| Proiw Prols Projc Preiry  Projre

Bon 0 1 1 — Boss 0

(1= Bon)Bogs(L=p)*  Bops(1—=ps) 0 B2 (1 —pyf)? 0

= (1= Bon) (1 = Bogr)X —=pg)  1=08opr 0 Bops(1 = Bops)(L —ps) O

(1 = Bon)ps 0 0 Borrpy 1

(1= Bon)Bops(1 = pg)py Bopsps 0 B35 (1 —ps)ps 0]
(4.36)

The stationary distribution of the Markov chain can be calculated from the eigen-

vector of P’ corresponding to eigenvalue one. After carrying out manipulations and
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normalization, the stationary distribution of proposed Markov chain is obtained as

[Py Pss Pes PRy Prol = (4.37)
1 — Boss (1 = Bon)Bopr(1 = pg)* (1= Bon)(1 = Bogs)(1 = py) (4.38)
2_60n_60ff7 2_60n_60ff 7 2_60n_60ff 7 .

(1= Bon)ps  Bogr(1 = Bon)ps(1 — py)
2_60n_60ff7 2_ﬂon_ﬁoff

(4.39)

An immediate application of the Markov chain modeling is to evaluate the suc-
cessful transmission probability. Fig. 4.4.1 (a) plots p as a function of SU period
for different false alarm probabilities and PU parameter pairs. We can see that pl
is smaller for larger false alarm probability as expected by intuition. Larger average
PU busy period A or smaller average PU idle period p results in smaller ply since SU
wastes more time in waiting for channel availability. Fig. 4.4.1 (b) shows the effect
of false alarm probability and PU parameters on the collision probability. Note that
collision only occurs when PU restarts transmission. Hence, larger p or larger A leads
to smaller p.. We also observe that p, decreases slightly as false alarm probabil-
ity increases. This attributes to that if false alarm occurs right before PU restarts

transmission, secondary transmission will be in state Fj or F instead of state C.
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Figure 4.16: Collision probability/successful transmission probability versus SU pe-
riod for various false alarm probabilities and PU parameters.
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4.4.2 Energy Efficiency of Slotted Secondary Transmission

In this section, we apply the analytical results in previous section to investigate
energy efficiency of secondary transmission by taking sensing energy consumption into
account. SU performs spectrum sensing during the sensing phase and makes trans-
mission decision according to the sensing result in 77. If PU channel is sensed busy,
SU will wait for T1; duration and sense again. Otherwise, SU starts its transmission
immediately during the following 77;. At the sensing phase, SU performs spectrum
sensing with power P, which depends on the target false alarm/mis-detection prob-
ability [87]. The energy consumed in spectrum sensing is calculated as Py, T1. We also
assume that SU transmits with constant power P;,. Then, if SU decides to transmit,
the energy consumed in transmission is calculated as P, T;1. We obtain the average

energy consumption of slotted secondary transmission as

gall = (p/s + p/C + p/FC)PtrTH + PsenTI~ (440)

If collision or false collision occurs, SU declares a transmission failure and retransmits
the data packet in next transmission availability. Hence, energy consumed in previous

SU period is wasted. Energy consumed in successful transmission is characterized as
gT = p,,S(PtrTH + Psenirl)- (441)

We define the energy efficiency as the ratio of the energy consumed in successful

transmission over the total energy consumption as

Er

Rsuc = 5 -
Ean

(4.42)

Typically, 17 is invariant to guarantee a certain sensing reliability, whereas 71 can be

adjusted.
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Fig. 4.17 plots Rgu. as a function of T for different ratios of transmission power
over sensing power. Ry, increases at first because both &, and &r get larger by
similar increment. Rg,. starts decreasing when 7T1; keeps increasing since more energy

is wasted. For larger ]f” , Rsuc reaches its maximum at a smaller Ty because energy
sen

consumed in transmission increases faster.



92

o

Energy ratio, Rguc
o

0.
0.3
| 0 L —— perfect sensing |
02 ‘ ‘ ‘ ‘ ‘ ‘ py=0.01
OLF —B—pf:0.05 u
——py=0.1

0 0.5 1 15 2 2.5 3 35 4 4.5 5}
Transmission phase, T1; (ms)
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ities and PU parameter pairs.

Fig. 4.18 presents the effect of py on Ry, for various PU parameter pairs. We
observe that Rg,. is smaller for larger p; as expected intuitively. For larger p or
smaller \, Ry, maximizes to a larger value at a smaller T1; mainly because SU has

more chances to transmit successfully.
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Note that the collision probability is a function of SU period, which monotonically
increases in Tg, and then in 77;. To protect PU transmission, the collision probabil-
ity must be restricted to be smaller than a tolerable collision probability Cia. (i-e.
Pe(Th) < Ciax). Hence, given SU parameters (i.e. Pien, P and 77) and PU parame-
ter pair (i.e. A and p), the optimal transmission phase can be determined by solving

the optimization problem, given by

max Rgue
T

s.t. p,C'(TH) < Cmax- (443>

The first-order derivative of p, with respect to T is calculated by

e (Tur) [iﬁon(l = Bogs)® + 5 Bops(1 = 6%)2} (1—py)
oTn (2 = Bon — Bogs)? 7

(4.44)

which is positive for 711 > 0. pi(771) is monotonically increasing of Ty for fixed

Ti. The optimal value of 73 is given by 7} = min |arg max Ry, pall(pmax) , where
11

pat () is the inverse of pi(-).

4.4.3 Effect of False Alarm on Queuing Performance

In this section, we evaluate the queuing performance of slotted secondary trans-
mission with AMc. We assume that SU information data is fragmented into equal-size
small packets, the size of which is chosen such that j packets can be transmitted over
one 111 when the primary channel is available and secondary link can support trans-
mission rate R;,j = 0,1,---,N. Ry = 0 corresponds to the case that SU decides
not to transmit because of unacceptable secondary link quality. The newly arrived
packets will be put into a first-in-first-out (FIFO) buffer with K waiting positions
before being delivered over the next available transmission phase. New arrivals will
be dropped if the queue is full. Only those packets that are successfully received will
be removed from the buffer. Let A; € {0,1,---} represent the number of packets

arrived in the ¢th Ts, which is assumed to be poisson distributed. We have

(nTs) e "

po = Pr[A; = a] = o

La=0,1,---, (4.45)
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where 7 is the average packet arrival rate.

The service process is independent of the arrival process. We denote the service
state of the ith Ts as D;, where D; € {C, W, S, Fw, F¢}. When D; = W, C, Fyy or Fg,
no packet was successfully transmitted since SU waits for channel availability or
collision/sensing error occurs. When D; = S and rate R; is used, j packets are trans-
mitted successfully. Let £; denote the instantaneous queue length at the beginning
of ith Ty, where £; € {0,1,..., K}. As such, £; depends on £; 1, D;_; and A; ;.
Specifically, the queue length will be updated as Eq. (4.9). To investigate secondary
queuing performance, we construct a two-dimensional Markov chain with state being
the (D;, L;) pair. Based on the analysis in the previous subsection, the probability

transition matrix Pb i1s rewritten in a block form as

[ Dy P o) Py pym,Ph O

pIS\WPi\I pi@|sP,T o piS’|FWPi\I O
/Q_ p/C\WP{\I p/C|sP/T o p/C|FWPi\I O, (4.46)
/ /

p;?W\WPi\I o o p;?W|FWPN N
_p{Fc|WPi\I pch‘SP{I‘ O p(F‘c‘FWP{\I O

where O represents (K + 1) x (K + 1) zero matrix. When D,y = W, C, Fyy or Fg,
no packet was successfully transmitted. Hence, £; only depends on £;_; and A;_;.

Sub-matrices P} can be calculated by

Po 0 0
D1 Po 0
P2 D1 Po 0

Py = , 4.47

N D3 D2 D1 0 (4.47)
| My Mgy Mg o ... 1]

where M; denotes the probability that more than j arrivals in Ty, given by
a=j

where I'(, ) is the incomplete gamma function.
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When D;_; = S, j packets are successfully transmitted if secondary link supports

rate R;,j =0,1,---, N. According to Eq. (4.9), P/ is given by

Pl =
_ N N -
Do Do Y T Po Y T 0
j=1 =2
N N
D1 PoTo + D1 Y T, Pom + D1 Y T 0
i—1 i—2
N = N
D2 P10 + P2 Y T, PoTo + P17y + P2 Y T PoTN
=1 =2
N N K
PKk—1 PKk—2T0 +Pk-1 9, Tj Dk—3T0+ Pxk—2T1 +DK—1) T ... > P
=1 i—2 i=1
N TN N
MK MK_17T0—|—MKZ7T]' MK_27T()+MK_17T1+MKZ7T]' 7T0—|—ZM]'7T]'
- J=1 j=2 j=1 4

(4.49)

The steady state probabilities of the two-dimensional Markov chain, denoted by

QOQ - [SDW,()) Ty QOW,K) 805707 e 7SOS,K7 SOC,()) Tty SOCJ{

CFhy,0y° " s PRy Ky PFo,05 """ >S0FC,K]a (4-50)

is the left eigenvector of Pq corresponding to eigenvalue one, which can be calculated
from the forward equations and the normalization equation. The stationary distribu-

tion of queue length can be found as ¢ = ZD:W,S,C,FW,FC epk, k=0,1,--- K.
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Figure 4.19: Analytical and simulation results on the stationary distribution of queue
length with different PU parameters, where K = 30 and 4 = 20 dB.

Fig. 4.19 compares the analytical results of stationary distribution of the queue
length against corresponding Monte Carlo simulations. The perfect match here vali-
dates our analytical approaches. For larger 1 or smaller A, since SU can acquire the
PU channel for longer time duration, oy is larger for smaller k.

We evaluate the queuing performance in term of throughput, queuing delay and
packet drop rate. The average throughput of secondary system, denoted by E[Th],

can be calculated as .

E[Th) = ps 3 E[Thlklpx, (4.51)

k=0

where E[Th|k] is the average number of packets successfully transmitted per SU



97

period, given k packets waiting in the queue, which can be calculated as

4

0, k= 0;
k N
im; + k 7, 0<k<N;
E[Th|k] = ; j:;—i-l (4.52)
N
> im;, N<k<K.
\ =1

The average queue-length, denoted by E[Q.], can be calculated as E[Q.] =
Zi{zo kpr. Applying the Little’s law, the average queuing delay E[T| can be evalu-
ated by

E[To] = ElQu) Yok (4.53)

E[TH]  ps Yo EIThIKer
Let N, denote the number of dropped packets over one Ty, whose probability

mass function is calculated as

K

Pr[N; =m] = Z Pr[N; = m, k packets in queue]
k=0
K
= PrlA=K —k+m|g, (4.54)

k=0
where the second equality follows that, given k packets waiting in the queue, m
packets will be dropped only when K — k 4+ m packets arrive. The average number

of dropped packets can be calculated as

E[N,] = Z:1m ;(?;)__kfi;; o (4.55)

Fig. 4.20 (a) shows the average throughput versus arriving rate for various average
SU received SNRs and false alarm probabilities. The throughput saturates as input
traffic intensity grows because packets are dropped when the queue is full. Intuitively,
secondary system suffers throughput loss from spectrum sensing error. In Fig. 4.20
(b), we plot the average queuing delay as a function of average arrival rate. As py
increases, the average queuing delay gets larger and saturates at a smaller 1 because

SU has less chances to transmit successfully. For lager 7, transmission schemes with
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Figure 4.20: The effect of sensing error on average queuing delay, average throughput
and packet drop probability versus various secondary channel quality.

higher data rate are used more frequently, which helps improve the throughput and
reduce the queuing delay. The queue is filled up at a faster rate for smaller 4 because

of the lower throughput. Therefore, the packet drop rate increases more sharply (see
Fig. 4.20 (c)).

4.4.4 Effect of Miss Detection

When the miss detection probability is not zero (i.e. p,, = Pr[H = 0|H; = 1] #
0), we can introduce two new states and construct a seven-state discrete-time Markov
chain to characterize the slotted secondary transmission. The Markov chain modeling
and state definition are presented in Fig. 4.21. State ('), corresponds to the case that,
due to miss detection in the ith sensing phase, SU transmits in the 7th transmission
phase and causes collision. State C'y represents the event that miss detection occurs

in the ¢+ 1th sensing phase and the secondary transmission over the ith transmission
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Figure 4.21: Seven-state Markov model of slotted secondary transmission under spec-
trum sensing imperfection.

phase collides with PU transmission. The stationary distribution can be obtained by
solving the forward equations and normalization equation and applied to performance
evaluation.

In particular, the total collision probability can be calculated as Pf = pc +pe,, +
Dcy, where pe,, and pe,, are the stationary probabilities in state C'y; and state Cly,
respectively. pe characterizes the inevitable collision due to slotted secondary trans-
mission scheme and p¢,, + pc, accounts for the extra collision because of miss de-
tection. The queueing performance can be evaluated by the tow dimensional Markov
chain approach. Note that, when D,_; = Cj; or Cy and rate R; is used, j packets

are transmitted and lost due to miss detection. The transition probability matrix P,
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is written in a compact form given by

-pW|WPN O Px  pwir, Pn O pwicy Pr
psiwPn  psisPr psirw PN O pgic,, Pr
pewPN  poisPr poiry Py O pee,Pr

ZQ = pFW|WPN O PFW|FWPN Py PFW\CMPT (4-56>

ProwPN PRy sPr ProiFw PN O prycy P

© OO0 0O
©Oo00O0O0OO0O0

pCM|WPN pC]\ﬂSPT pCM‘FWPN O pCM/‘C]uPT

| poywPnN O O poyirwPx O poyicy,Pr Pr

With the stationary distribution of the queue length, the throughput of secondary
transmission can be obtained by Eq. (4.3.2). Arriving packets will be dropped at the
secondary transmitter if the buffer is full. Additionally, buffered secondary packets
will be lost at the secondary receiver due to collision with PU transmission as the

result of miss detection. The total packet loss probability can be evaluated by
P£:PD+(1_PD)(pCAI+pCN)‘ (457)

Accordingly, the average energy consumption can be calculated as

"o pS(R:rTH + PsenTI) (4 58)
she (ps _'_pC +ch _'_pCM +pCN)Ptr,—rH + Psonf—rl . .
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Figure 4.22: Effect of sensing imperfection on total collision probability, where A = 50
ms and g = 30 ms.

Fig. 4.22 illustrates the effect of sensing imperfection on the total collision prob-
ability. We can see that miss detection dramatically increases the total collision
probability, whereas false alarm reduces total collision probability slightly. There-
fore, to protect PU transmission, the miss detection probability should be made as

small as possible in practice.



103

0.8 ‘ ‘ ‘ ‘ ‘ ‘ ‘ e —

=
3
——

=
(@)
—

e
W
T

1.8495 1.85 1.8505

Average throughput
o
~

, peferct sensing
11——»;=0,p,=0.1
1| —=—pr=0.05,p, =0.1
|- = -pr =0,pn = 0.05
| =< —-pr =0.05pn =0.05
0.6 0.8 1 1.2 1.4 1.6 1.8
SU packet arrival rate, n

o
o

. VY AV L
0 0.05 0101502

0.1}
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Fig. 4.23 presents the secondary throughput as a function of SU packet arrival
rate for various false alarm probability and miss detection probability pairs. We
observe that both false alarm and miss detection have deleterious effect on the sec-
ondary throughput. When SU packet arrival rate is low, buffer overflow barely occurs.
Hence, packet loss due to miss detection is the main factor that reduces secondary
throughput. While SU packet arrival rate grows, packet drop because of buffer over-
flow becomes dominant in limiting the secondary throughput, and the effect of miss
detection diminishes. Meanwhile, false alarm reduces the SU transmission capability
and has more significant impact on secondary throughput. Packet loss due to miss
detection only slightly reduces the secondary throughput when the SU packet arrival
rate is high.
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4.5 Concluding Remarks

We studied secondary transmission performance of slotted transmission. We
first proposed a three-state discrete-time Markov chain to model slotted secondary
transmission with periodic spectrum sensing. The stationary probabilities that SU
waits/transmits/collides with PU transmission are calculated. The Markov model
is then applied to analyze the delay performance of secondary packet transmission.
For short packet transmission, a two dimensional Markov chain is formed to evalu-
ate the queuing delay, average throughput and packet drop probability assuming SU
adopts adaptive modulation. When packet size is large, we derive the PMF of EDT
considering both fixed-rate and variable-rate transmission, respectively.

We propose a five-state discrete-time Markov chain to model slotted secondary
transmission with imperfect sensing. The stationary probabilities are calculated in
closed form to analyze collision probability and SU successful transmission probability.
The stationary distribution is then applied to select optimal transmission phase dura-
tion by maximizing the energy efficiency, subject to a collision probability constrain.
A two dimensional Markov chain is formed to evaluate the throughput, queuing delay
and packet drop rate assuming SU adopts adaptive modulation and coding. We show
that false alarm has significant effect on the secondary throughput, whereas miss de-
tection only notably reduces the secondary throughput when the packet arrival rate

is low.

Derivation of transition probability for two-dimensional

Markov chain

In this appendix, we derive the transition probabilities in Pt and Py, respectively.
We firstly derive each entry in matrix P, denoted by Pr[L; = m|S, L£;_1 = n|. Note
that j packets are successfully transmitted when rate R; is used, which is selected
with probability 7;, j =0,1,--- ,N. For m =0, given D;,_; = S and £,y =n, n =
0,1,---, K, the queue can not be emptied even the highest rate is used if n > N. If
n < N, L; = 0 only when the secondary link can support rate n or higher as well

as no packet arrives in the ¢ — 1th T5. Hence, the entries in first row in Pt can be
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calculated by

0, n > N;
Pr Ez =0 S, 'Ci— =nNn| = Nl 4.59
it TS (4.59)
j=n

If n = 0, based on the queue recursion, m = 1 when one packet arrives in the
1 —1th Ts. If 1 < n < N, m =1 only when n — 1 departures and no arrival, or at
least n packets departed and one packet arrives. If n = N 4+ 1, m = 1 only when
highest rate, Ry, is used and no packet arrives. For n > N 4 1, m can not be one.

Then, the entries in second row can be calculated as

PI‘[,C, = 1|S, »Ci—l = n] =

(

Pa, n=0;
N-1
(l_pa)ﬂ-n—l_‘_pa 7T'>1§ n§N7
; ’ (4.60)
(1 = pa)mn, n=N+1;
L0, n>N+1.

Following similar analytical step, when 2 < m < K, the entries can be calculated
by

Pr[L; =m|S,L;_1 =n| =
( 0, n—m>N—1;
orn—m< —1;
(1 = pa)Tn—m, n—m=N -1 (4.61)
(1 = Pa)Tr—m + PaTn—(m-1y, 0<n—m <N —1;

[ PaT0; n—m=—1.
The special case m = n = K can be calculated by

Pr(l;, = K|S, L1 = K| = 1 + pa71. (4.62)
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Substituting all the entries, Pr is given by Eq. (4.15).
If D,y =W or D,_; = C, the queue length would remain unchanged or add up

one, depending absolutely on the arrival process. Hence,

PI‘[,CZ = m\W, Ei—l = n] = PI'[EZ = m\C’, £i—1 = n] =

p

Pas 0<m=n+1<K;
1 — pa, 0<m=n<K;
(4.63)
1, m=n = K;
L 0, otherwise.

As such, the corresponding (K + 1) x (K + 1) transition matrix given SU waits or
collides with PU transmission at current Tg is given by Eq. (4.14).
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Chapter 5
Conclusions

Adaptive transmission is attractive technology to improve both spectrum efficiency
and energy efficiency with guaranteed bit error performance in wireless communica-
tion systems. As the wireless data traffic is expected to continue its growth in the near
future, adaptive transmission is a promising candidate to support intensive wireless
transmission.

Different from conventional systems, transmission time is no longer constant but
is random variable due to rate adaptation. We studied the statistics of transmission
time for block fading channels, where selected rate remains unchanged over a fixed-
length time interval, and Markov channels, where selected rate has been invariant for
random-length time duration. We extended the analytical results to EDT evaluation
of secondary packet transmission under interweave cognitive radio system. We studied
the statistics of EDT assuming SU adopts continuous spectrum sensing and semi-
periodic sensing. The numerical examples are presented to illustrate and validate the
analytical results.

With more practical sensing policy, we proposed a discrete-time Markov model to
characterize secondary slotted transmission under sensing perfection. The stationary
distribution is applied to evaluate the collision probability with PU transmission. An
optimal length of SU period is calculated by maximizing the energy efficiency. To
analyze the secondary queuing performance with adaptive modulation and coding,
we construct a two dimensional Markov model. The queuing performance in term of
throughput, queuing delay and packet loss probability are studied. We also discussed

the effect of sensing imperfection.
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Chapter 6

Future Work

6.1 Secondary Sensor Transmission with RF En-

ergy Harvesting

For certain wireless implementations, charging or replacing the batteries can be
of high cost, (e.g. the large scale wireless sensor networks). Due to its convenience
and flexibility, radio frequency (RF) energy harvesting becomes a promising solution
for powering wireless sensors. Recently, because of the intensive deployment of WiFi
and small-cell cellular systems, RF energy harvesting receives great research interest.
The feasibility of RF energy harvesting is experimentally proved from a hardware
implementation perspective [88]. In [89], a prototype design has been presented to
enable two devices communicate with RF energy as the only power source. However,
there is insufficient analytical results on the statistics of harvested RF energy over
fading wireless channels.

The amount of harvested RF energy is a critical design metric for RF energy
harvesting based wireless transmission. Previous works typically use an energy queue
to characterize the dynamics of the RF energy harvesting process, where a fixed
amount of RF energy is assumed to reach the sensor at a random time instant.
The overall transmission completion time is analyzed in [90]. The maximum total
throughput is studied for a communication network with RF energy harvesting in [91],
based on the assumption that a node harvests one unit of energy with a certain
probability in a time slot. The energy arrival process is inherently time-varying.

Exponential and Gamma distributions are widely used for characterizing the amount
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Figure 6.1: Unconstrained/interference constrained secondary sensor transmission
with RF harvested energy.

of harvested RF energy over a channel coherence time [92-94]. [93] investigates the
packet loss probability of overlaid wireless sensor transmission with harvested RF
energy, where the sensor is assumed to be harvesting RF energy over multiple channel
coherence time. In [95], the optimal mode switching rule achieving desired trade-
offs between wireless information transfer and RF energy harvesting is investigated.
In [96], the transmission probability of a RF powered user is investigated in a cognitive
radio network. [97] proposes statistical models for battery recharging time over fading
channels, where the recharging time is inversely proportional to the received power.
Applying the Markov modeling, an optimal mode switch policy is proposed in [98] for
the sensor to decide to transmit information or to harvest RF energy, where the sensor
nodes are able to harvest RF energy from primary transmission. [99] investigates
statistics of RF harvested energy, where the wireless sensor node harvests the RF
energy from a multi user MIMO system.

Different from previous work, we intend to investigate the statistics of harvested



110

RF energy in a time-varying fading channel over a random-length time duration.
For delay sensitive traffic, assuming that sensor uses all the harvested RF energy to
transmit, we can derive the exact statistics of received SNR. To better protect primary
transmission, we can also derive the PDF of the received SNR, where secondary sensor
transmission must satisfy an interference constraint as shown in Fig. 6.1. For delay
insensitive traffic, we intent to propose two low-complexity transmission strategies,
depending on if the channel information is available at the sensor or not. The delay

performance can be evaluated.

6.2 Performance Evaluation for Multiple PU Mul-
tiple SU Cognitive Radio Network

Multiple PU channels provide the secondary system with more flexibility. A sec-
ondary system with multiple SUs can explore the transmission availability of the PU
system more effectively. Assume that there are N PUs modeled by an i.i.d. homoge-
neous continuous-time Markov chain. With the analytical results obtained in Chapter
3, we construct a two dimensional Markov chains, whose state space is the number
of PU channels in state S and the number of PU channels in state C pair at the ith
SU period, denoted by (NS;, NC;). The transition probability from (NS;_1, NC;_;)
to (N.S;, NC;) can be calculated by

PI'[NSZ = a, NCZ == b‘NSZl == CL/,NCZ'_l == b/] =

(O, M_b/<a+b<a/;
N—d -V N —arb
N—¥—a—b)lww
min(a,a’) , )
a\ , s_pfa+b—a b bed ik ‘
. Z (k)p5|spac|5 ( a—k )pgwpqgf otherwise
\ k=max(0,a’—b)

To analyze the performance of the secondary system, we observe that
1. Contention occurs if more than one SU chooses the PU channel in state S to

transmit.

2. If at least one SU accesses a PU channel in state C', SU transmission collides

with PU transmission.
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3. Successful secondary transmission occurs when only one SU access a PU channel

in state S.

Ongoing effort has been carried out to derive the probability of the number of

successful transmissions.
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