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SUMMARY

Cognitive radio networks need to operate in a wide range of frequencies. This
requirement brings up new challenges that do not exist in other wireless networks.
Switching from a certain frequency to another frequency incurs a non-negligible cost
in cognitive radio networks and depends on the wideness between the previous and
current frequencies. This cost is especially important in ad hoc cognitive radio
networks when the cognitive devices have a single transceiver. Frequency switching
also leads to energy consumption. Research studies related to green networks indicate
the need for methods that address energy consumption in cognitive radio networks;
hence, the energy consumption due to frequency switching is of paramount
importance.

In this thesis, we focus on two problems regarding cognitive radio network
energy optimization. First, we focus on frequency switching cost aware resource
allocation (FSCARA) problem. We analyze the impact of the frequency switching cost
in terms of energy consumption by formulating an optimization problem that makes
frequency and time slot allocation to the cognitive devices in an ad hoc cognitive radio
network so that the energy cost related to frequency switching cost is minimized. We
formulate our optimization problem as an integer linear program and comparatively
evaluate the energy cost of varying switching energy consumption with constant
switching energy consumption.

Second, we work on a related optimization problem called minimum changeover
cost arborescence (MINCCA) problem. In an edge-colored graph, changeover cost
corresponds to frequency switching cost in FSCARA problem. The objective of the
MINCCA problem is to find a spanning tree which yields the minimum total
changeover cost. We propose two heuristic algorithms for MINCCA problem. We
compare the performance of our algorithms with the algorithm that calculates random
changeover cost for varying parameters such as the number of colors, node and graph
density. Simulation results demonstrate that our heuristic algorithms yield

significantly better performance than random case.

Key Words: cognitive radio, ad-hoc networks, energy efficiency, channel
switching, frequency switching, resource allocation.



OZET

Bilissel radyo aglari, ¢alismak icin genis frekans araliklarina ihtiya¢ duyarlar.
Bu gereksinim diger kablosuz aglarda olmayan yeni zorluklar1 beraberinde getirir.
Biligsel radyo aglarinda bir frekanstan diger frekansa gecisin maliyeti g6z ardi
edilemeyecek kadar biiyiik olup degisim, frekanslar arasindaki uzakliga baghidir. Bu
maliyet 6zellikle tek antenli bilissel radyo ag1 cihazlari i¢cin 6nem tagimaktadir. Yesil
aglar ile ilgili caligmalar biligsel radyo aglarinin enerji ihtiyacini diizenleyen metodlara
ihtiya¢ duyuldugunu gostermektedir. Bu tezde, biligsel radyo aglarinda enerji
optimizasyonu konusu ile ilgili iki farkli problem {izerinde yogunlastik.

Ik boéliimde frekans degisiminin etkisini enerji tiikketimi acisindan inceledik.
Oncelikle frekans degisim maliyetini dikkate alan kaynak tahsisi (FSCARA)
problemine odaklandik. Tasarsiz bilissel radyo aglarinda bilissel cihazlar i¢in frekans
ve zaman dilimi atamasini frekans degisimlerinden ortaya ¢ikan enerji maliyetini en
aza indirecek sekilde yapan bir optimizasyon problemi formiile ettik. Bu optimizasyon
problemini tamsay1 lineer programlama yontemi ile tasarladik ve degisken frekans
gecisi ile sabit frekans gecisi arasindaki enerji maliyetlerini karsilastirmali olarak
inceledik.

Ikinci kisimda, benzer bir optimizasyon problemi olan agac yapilarinda en az
degisim maliyeti (MINCCA) problemi {izerine galistik. Kenarlar1 renklendirilmis bir
cizgede degisim maliyeti, FSCARA problemindeki frekans degisimi maliyetine
karsilik gelmektedir. MINCCA problemi en az toplam degisim maliyeti olan bir
kapsayan agaci bulmay1 amaclar. MINCCA probleminin ¢oziimii i¢in 2 adet sezgisel
algoritma gelistirdik. Gelistirdigimiz bu algoritmalari rastgele maliyet hesaplayan bir
algoritma ile karsilastirdik. Sonuglar gelistirdigimiz algoritmalarin rastgelelikten daha
1yl ¢alistigin1 ve ¢izgede artan kenar ve renklere gore de tutarli bir sonug¢ ortaya

koydugunu gdstermektedir.

Anahtar Kelimeler: bilissel radyo, tasarsiz ag, enerji verimliligi, frekans
degistirme, kanal degistirme, kaynak atamasi.
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1. INTRODUCTION

Fixed spectrum assignment policy in current wireless networks leads to
inefficiency in spectrum usage. To this end, researchers have proposed dynamic
spectrum access concept, which refers to opportunistic usage of frequencies by
intelligent devices called cognitive radios (CR) or secondary users (SU). Users who
have exclusive rights to use the spectrum are called primary users (PU). SUs need to
operate in such a way that the operation of PUs is not affected. Availability of a
particular frequency to a particular SU depends on the spectrum usage behaviors of
the PUs in the vicinity of the SUs [1].

An SU consumes energy to change its operation frequency. This energy
consumption in general depends on the wideness between the previous and current
frequency bands [2]. For instance, switching from central frequency of 700 MHz to 10
GHz leads to larger energy consumption than switching from 700 MHz to 750 MHz.
This behavior is directly related to the different channel switching delay while
switching to different frequency bands [3] since spending more time for switching
naturally consumes more energy. This energy consumption might be negligible in
wireless technologies that operate in a narrow band; however, cognitive radios are
expected to operate in a wide range of spectrum and hence the energy consumption
due to channel switching is crucial for cognitive radio networks [2]. The emerging
green networking paradigm that focuses on energy efficiency of both wired and
wireless technologies puts emphasis on techniques that enhance the energy efficiency

of new technologies such as cognitive radio networks [4].

1.1. Contribution

In the work we analyze to impact of frequency switching for multi-hop CRNs
with a single transceiver in terms of energy consumption. To this end, we formulate
an optimization problem as an Integer Linear Programming (ILP). Simulation results
demonstrate that taking into account varying switching cost is of paramount

importance.



We also develop and discuss two heuristic algorithms: Minimum Changeover
Solver (MINCS) and Minimum Changeover Sorted Solver (MINCSS) for MINCCA
problem. Our simulation results indicate that MINCS and MINCSS perform

significantly better than random case.

1.2. Thesis Outline

This thesis consists of two major parts. First, we demonstrate problem
formulation and results for energy consumption minimization caused by channel
switching in CRN networks. Second, we present two different greedy algorithms for

changeover cost minimization problem.

¢ Chapter 3 includes ILP formulation tests and results for the FSCARA problem. In
this chapter we define input and decision variables and also objective function
which sets the minimization criteria for our model. Then we show test results and
compare them by constant frequency switching cost case.

e Chapter 4 presents two heuristic algorithms we proposed for the MINCCA

problem as well as the comparative simulation results.



2. RELATED WORK

Studies in the literature analyzed the impact of channel switching in CRNs
mostly in terms of delay [5]-[10]. Most of these works focus primarily on minimizing
the number of channel switching along the routing path; in other words, they assume
constant switching delay whenever channel switching occurs irrespective of from
which frequency and to which frequency the channel switching has taken place.
However, frequency switching delay, which also is referred to as hardware delay
caused by the delay of the frequency synthesizer of the antenna is not constant. Instead,
it is highly dependent on the source and final frequencies. Since frequency switching
is handled in a step by step manner, oscillator must be locked into one phase before
switching to the next one on the frequency band. In the literature, only the works in
[5] and [6] consider the dependency of channel switching delay on the wideness
between the previous and current frequencies.

Another aspect of the cost of frequency switching is channel switching power.
The works [26], [27] show that energy required for channel switching is almost the
same as the required energy for data transmission. For example, the works in [26], [27]
demonstrate that the power that wireless card running on Linux for switching is the
same the power for data transmission (both 750 mW). In a similar way, in the work
[2], they take the channel switching power as 1000 mW in their setup.

The work in [3], on the other hand, focuses on scheduling in centralized
cognitive radio networks and analyzes the impact of channel switching delay on
throughput. The authors propose a scheduling algorithm that considers the different
hardware delay that occurs while switching to different frequency bands. The work in
[11] focuses on minimizing the service interruption by taking into account the
dependency of switching delay on the frequency separation distance. However, unlike
our work, the work in [2] concentrates on scheduling in centralized cognitive radio
networks.

Most works about routing in cognitive radio networks consider the case where
the CR devices have multiple transceivers/interfaces [11]-[15]. However, having
multiple transceivers is costly and therefore, scenarios where CRs have a single
transceiver are more realistic. There are some works in the literature that focuses on

the case with single transceivers [16]-[18]. In a multi-hop CRN, channel switching
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cost becomes especially important when each CR has a single transceiver. However,
unlike our work, none of the works in [16]-[18] focus on the energy cost related to the
channel switching of the single transceiver.

In the literature, many applications involving network optimization problems are
modeled using edge-colored graphs. In an edge-colored graph, there can be a route
which has color changes along a path. These color changes are considered as the cost
of the operating application. The cost metric is usually referred to as reload cost or
changeover cost.

Reload cost concept was instructed by Wirth and Steffan [28] which is taken as
a problem of finding a spanning tree having minimum diameter in terms of reload cost.
Later on, in the work [29] the same problem was introduced in a different way. The
work [30] concentrates on the minimum reload cost cycle cover problem. In the study.
[31] introduced the Minimum Changeover Cost Arborescence (MINCCA) problem for
directed edge-colored graphs. Most works [33]-[36] focus on computational
complexity and parametrized complexity of the MINCCA problem. In addition, the
work [32] focused on the special cases of the problem such as bounded degree,
bounded cost values and bounded number of colors.

The concept of changeover cost can be in used many network optimization
problems which can be modeled by edge-colored graphs. In communication networks,
especially in cellular networks whose structure is mostly heterogeneous, changeover
cost is incurred while sending packets from one endpoint to another. Optimizing the
changeover cost in such networks increases the efficiency of data transmission.
Transportation networks is another application area for the MINCCA problem. Each
transportation option can be represented by a color and cargo delivery from one carrier
to another can be modeled by the concept of changeover cost. Cognitive Radio
Network (CRN) is a wireless network model where cognitive agents tend to
communicate with other agents by using the best available frequencies in order to
optimize power usage and delay. CRN networks can also be modeled by edge-colored
graphs where colors correspond to available frequencies for each agent. In such a
network, power and delay optimization be modeled as the MINCCA problem, which

we focus on in this thesis.



3. PROBLEM FORMULATION

3.1. ILP Formulation

We represent the ad hoc CRN as a graph G = (V, E), where the vertices in V
correspond to the SUs and the edges in E corresponds to the communication links
between the SUs. We consider the situation where the routing is predetermined; in
other words, if a link exists between a pair of SUs, it means that link is used to carry
data along some route. The scheduling period consists of T time slots. There are a total
number of F frequencies. A subset of these F frequencies is available for each SU in
each time slot. Availability of the frequencies is determined by the PU spectrum
occupancy behavior in the geographical region of the ad hoc CRN. The goal of our
integer linear programming (ILP) formulation is to assign a time slot and frequency to
each SU so that the total energy consumption of the SUs due to frequency switching

is minimized.

Table 3.1: Table for decision variables.

Variable | Description

X _ (1,if vertex v is assigned frequency f in some time slot
vf 0, otherwise.

X _(1,if edge e is assigned frequency f in time slot t
eft ~ 10, otherwise.

X _ (1,if vertex v is assigned frequency f in time slott
vft ~ 10, otherwise.

y _ 1, lf Xyft = 1or va(t_l) =1
vft 0, otherwise.

Vet _ Lif yppe=10ry, =1
vIrt 0, otherwise.

Table 3.1 and 3.2 present the decision and input variables, respectively, of our
ILP formulation. If x, ¢, = 1, it means the single transceiver of the SU corresponding
to vertex v is tuned to use frequency f in one of its incident links (an incident link e

with x,¢; = 1) in time slot t. Besides, y,,,, is the main decision variable used in the



calculation of the objective function. Basically, y, . = 1 if vertex v switches from

frequency f to f' in time slot ¢
Table 2 shows input variables that are given to the ILP formulation. The value

of switching cost ¢, denotes the energy consumption that occurs while switching

from frequency f to f' and depends on the hardware of the cognitive nodes. Besides,
the values of a, . are determined by the spectrum usage behavior of the PUs.

Obijective function of our ILP formulation is as follows:

vl r

mmzz z Zcfff X Vurfit (3.1)

v=1f=0f"=0t=

Table 3.2: Table for input variables.

Input Description
Variable
= Switching cost (in terms of energy consumption) to
s transition from frequency f to frequency f'
oyt _ {1, if frequ.ency f is available for vertex v in time slot t
0, otherwise.
G =) = Network represented as a graph with vertex set V and

edge set E

= Total number of time slots

= Total number of frequencies

The objective function in Equation (3.1) minimizes the switching cost of all
vertices (nodes) in the graph (network). The decision variable y,, (., indicates whether
there has been a frequency switching at vertex v from f to f' in time slot ¢; i.e.,
basically, ¥, ¢ e = Yure X Yopr(e—1) (this relation will be provided by the constraints
and explained later).

Recall that routing is predetermined in our scenario. In other words, every edge
e € E carries data and should therefore be assigned at least one time slot during the

scheduling period. The following constraint achieves this behavior:



F T
szeﬁ >1; Ve €E (3.2)
f=1t=1

Since only available frequencies can be assigned to a particular vertex, we need

the following constraint:
Xpst < Qypes Y0, ft (3.3)

Since each node (vertex) has a single transceiver, at most one incident edge can

be given service in each time slot. Therefore, we need to ensure that x,r =

ZLEE'E(V) Xer¢- Furthermore, since the values of the decision variables y,, ... depend
on the frequency assignments in the previous time slot, in order to properly handle the
situation in the first time slot, we define an auxiliary frequency f = 0 and an auxiliary
time slot t = 0. The auxiliary frequency f = 0 is not assigned to any vertex for time
slots t > 1. Besides, all vertices are assigned frequency f = 0 in time slot ¢t = 0 (will
be enforced by constraints (3.13) and (3.14). The inputs ¢, are given such that the
switching cost from frequency 0 to all other frequencies equals zero. This behavior is
necessary in order to linearize our integer programming formulation and handle the

border case in the first time slot. Hence, we need the following constraints:

|E|

Xyt = Z Xere = 0; for f =0 (3.4)
e €E(v)

|E|
Yoo = ) Kepe 20, Vf 2 1 (3.5)

e EE(v)

The following constraints ensure the multiplication of the decision variables

such that y,rere = Yore X Yyrp/e—1y- This way, if there is a switching between

frequencies f' and f at vertex v, the variable y, ¢, is set to 1.

Yorr't < Yores V0, f, 021 (3.6)



Yorf't S Yope—1y; V0, f, 6 =1 (3.7)

Yort  Yor't-1) < Yors'e U1 f 621 (3.8)

Notice that it is not a requirement that each vertex is assigned some frequency
in every time slot; some vertices may not be assigned a frequency in some time slots.
We refer to such a time slot as a silent time slot for that vertex. We assume that the
transceiver of the node is tuned to the last used frequency in that time slot. When some
other frequency is used in a time slot following the silent time slot(s), an energy
consumption cost corresponding to frequency switching occurs. We need to make sure

that the decision variable y, ¢/, handles the silent time slots properly. To this end, we
need to ensure the following set of nonlinear inequalities: a) If x, ;. = 0, then y, ¢, =

Yof(t-1) and b) If x,rr = 1, then y,r = ypr(c—1). These nonlinear constraints can be

linearized as follows:

Yort = Yore-1) < Xpre VU, f, 621 (3.9)
xvft S yvft; vvlf) t 2 1 (310)
Yoft-1) — Yort < Xpres V0,621 (3.11)

Frequency f = 0 and time slot t = 0 are auxiliary time slots to handle the value
of y,¢ ¢, inthe first time slot ¢ = 1. All vertices are assigned frequency f = 0 in time

slot t = 0. Switching cost between frequency f = 0 and any other frequency is zero.

Frequency f = 0 cannot be used in other time slots t # 0.
Xpoo = 1; Vv (3.12)
Yoo = 1; Vv (3.13)
Since each node has a single transceiver and a transceiver can tune to at most

one frequency at a time, we need to add a constraint that ensures that at most one

frequency is assigned to each vertex in each time slot:



F
vaft <1; Vot (3.14)
=1

We also need to model the relationship between the decision variables x,,, and
Xyfe. In particular, if x,, = 1, then there must be a frequency f assigned to vertex v in

timeslot ¢:

F
z Xope = Yo V0, (3.15)
=

In order to increase the utilization in the network and achieve more throughput,
less queueing delay and more realistic network behavior, we need to avoid the situation
that two adjacent vertices are idle. To this end, at least one of two neighboring nodes
should be assigned some frequency in each time slot. Let N(v) denote the
neighborhood of vertex v, i.e., the set of vertices that are adjacent to vertex v. The

following constraint models this behavior:

Xpe + Xy 2 1; VE,v,v" € N(v) (3.16)

3.2. Simulation Results

In this section, we present our simulation results and comparatively evaluate our
ILP formulation solutions with different input parameter settings. We have
implemented our ILP formulation introduced in Section 3.1 by using CPLEX [19]. We
have made performance evaluation under different number of frequencies, primary
users and secondary users. In our simulation environment, PUs and SUs are distributed
randomly in a 400 m? two dimensional Euclidean space. As in [11], we set the
operation range of each SU to a radius of 110 m. If two SUs are within the operation
range of each other, then there is an edge connecting the two vertices corresponding
to these SUs in the input graph G fed into our ILP formulation. Likewise, we set the
operation range of each PU to 170 m radius. An SU within the operation range of a PU

cannot use the frequency used by that PU in that time slot. Furthermore, each



scheduling period consists of 20 time slots, i.e., T = 20. All PUs are assigned a
random frequency at the beginning of the simulation. In every time slot, each PU
changes its frequency with a probability of P. = 0.1. If a PU changes its frequency,
the probability of selecting each frequency is equally likely.

In 2009 full power analog television stopped operation and hence, the frequency
range between 54 MHz and 806 MHz were cleared due to the transition to digital TV
[20]. In accordance with these frequency bands that became available for cognitive
radio operation, we set the frequency range in our experiments between 460 MHz and
700 MHz with the bandwidth of each channel being 20 Mhz. In other words, the
highest number of frequencies used in our experiments is 13. According to the work
in [2], switching latency is 0.1 ms/MHz. In the same article, channel switching power
Is assumed to be 1 W. In accordance with this information, we set in our model the
energy consumption incurred due to switching between two frequencies with a
difference of 20 MHz as 0.002 Joule.

We have evaluated the impact of the following three parameters in our
simulations: the number of primary users, the number of secondary users, and the
number of frequencies. Values of the other parameters remain constant in all
experiments. As a result, we calculate two separate solutions corresponding to two
different cost schemes. Notice that the energy consumption due to frequency switching
is proportional to the time it takes to complete the frequency switching, i.e., switching
delay. We refer to the first scheme as varying cost. Varying cost scheme relies on the
fact that switching delay and hence the energy consumption due to frequency
switching depends on the wideness between the previous and current frequencies. We
refer to the second scheme as fixed cost. Fixed cost scheme relies on the assumption
that switching delay and hence the energy consumption due to frequency switching is
the same (constant value) as long as the previous and current frequencies are different.
We have taken this constant value as 0.002 Joule in our simulations.

Table 3 displays the range of values for the evaluated parameters. When
investigating the impact of a particular parameter, we set the value of the other
parameters to their middle values, which are also shown in Table 3.3. We take the

sample mean of 15 random experiments in each setup.
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Table 3.3: Parameter names and range of values evaluated in the experiments.

Parameter | Range Min | Range Max Middle Value

Number of frequencies 5 13 10
Number of SUs 5 13 10
Number of PUs 4 7 5

Switching Cost for Varying Number of Frequencies
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Figure 3.1: Average switching cost for varying number of frequencies.

Figure 3.1 shows that varying cost scheme is advantageous when the number of
frequencies in the CRN is less than 7. Furthermore, when the number of frequencies
is high, the cardinality of the frequency set that is available for the SUs also increases.
This increasing availability makes it possible to switch to closer frequencies and hence

decreases the energy consumption due to frequency switching.
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Switching Cost for Varying Number of Secondary Users
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Figure 3.2: Average switching cost for varying number of secondary users.

In Figure 3.2, we observe that the number of secondary users does not have a
consistent and stable impact on the performance of the fixed cost scheme, which
fluctuates and is hence unpredictable. In contrast, the switching cost of varying cost
scheme increases linearly with number of secondary users. In some parts, fixed cost
scheme performs better than varying cost. However, its unpredictability can
discourage cognitive radio systems to rely on fixed switching cost in order to schedule
their networks. As a result, predictable and consistent performance of varying cost

scheme (in addition to the fact that it is more realistic) can make it preferable.
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Switching Cost for Varying Number of Primary Users
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Figure 3.3: Average switching cost for varying number of primary users.

Figure 3.3 shows the impact of increasing number of PUs. Since the frequencies
that are available for the SUs decrease as the number of PUs increases, SUs become
obliged to make frequency switching more often and between increasingly distant
frequencies. Especially when we have more than 5 primary users, average switching
cost of fixed cost solutions increases faster than varying cost solutions. Figure 3.3
demonstrates the strength of our varying cost scheme since it outperforms the constant

cost scheme especially when there is a high number of PUs.
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4. HEURISTIC ALGORITHMS FOR MINCCA
PROBLEM

4.1. Problem Formulation

Given an edge-colored connected undirected graph G = (V, E), a root vertex r
and a coloring function C:E(G) — ¢, COC: (e, e,) » R* Ve, e, € E(G) denotes
the changeover cost function. The goal is to find a spanning arborescence of G rooted
at r such that the total changeover cost is minimized.

Given atree T and a root vertex r, for each path from root vertex r to all leaves
constitute a series of color selections depending on which edges are used. For each

path, a changeover cost function can be defined as follows:

oP = (eq,€y,...,e), Where path has length k.
eCOC, = Y¥,C0C(e; €;+1) where k > 0,otherwise COC, = 0

Total changeover cost is the sum of all paths from root vertex r to all leaves. Let
P,y = {P;, P, ..., B,} be the set of all paths from root vertex to leaves. Then total

changeover cost is COCyprq; = 2i=q COC;.
Changeover cost function has the following properties:

*COC(eq,e;) = |C(e1) — Cer)]
e (C0OC(eq,e;) = COC(ey,eq)
.COC(el, el) =0

4.2. Heuristic Algorithms

In this section, we present two heuristic algorithms: Minimum Changeover
Solver (MINCS) and Minimum Changeover Sorted Solver (MINCSS).

Figure 4 describes the MINCS algorithm, which starts with root vertex and
greedily selects a vertex which generates minimum changeover cost in each iteration.

A set called visited is used to keep track of the visited vertices. Selected vertices are
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added to the visited set. When a vertex is selected, the edge which connects the selected
vertex to visited vertices is also selected. Algorithm runs until all vertices are visited.
Finally, the selected edges yield the resulting spanning tree.

MINCSS algorithm follows a similar strategy. However, initially it makes some
modification on the input graph. We assume that if colors are alpha numeric, we can
map all used colors to a numeric value. Firstly, the algorithm sorts edges by numeric
color values. Then a spanning tree is constructed by using this sorted vertex list. In
order to construct the spanning tree, we start with an empty graph. Then in each
iteration, we add the median vertex to the spanning tree unless it creates a cycle. If the

addition is successful, we remove the median vertex from the sorted list.

Algorithm: Minimum Changeover Solver (MINCS)
Input: A edge colored graph G=(V,E), root vertex r
Output: A spanning tree

spanning_tree < V(G)

vertex_set « V(G)

visited « {r}

incoming_color_table[r] «< 0

while visited + vertex_set do
min_cost « oo

source_vertex < NULL

O© 0 N O U1 » W N B

min_cost_vertex <« NULL

—_
[en)

min_incoming_color « 0

(SRR
N

for i = 0until |visited| do

—_
w

v « visited. index(i)

[EN
S

neighbours « v.get_unvisited_neighbors()

_
(o) NG, |

for j = 0until length of neighbours do

—_
N

n < neighbors.index(j)

Figure 4.1: MINCS algorithm for MINCCA.
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Figure 4.1: Continue.

18 current_color = get_color(get_edge(n,v))
19 temp_cost

= get_cost(incoming_color_table[v], current_color)

20
21 if min_cost > temp_cost then
22 min_cost « temp_cost
23 source_vertex « v
24 min_cost_vertex < n
25 min_incoming_color < current_color
26
27 visited « visited U {min_cost_vertex}
28 incoming_color_table[min_cost_vertex]
<« min_incoming_color
29 spanning_tree U get_edge(source_vertex, min_cost_vertex)

30 return spanning_tree

31

32 function get_cost(c1,c2)

33 if cl==0o0rc2==0then
34 return(

35 return absolute(cl — c2)

MINCSS is a greedy heuristic algorithm. It uses four variables to construct the
spanning tree. Lines 1 - 4 are initialization of these variables: panning_tree ,
vertex_set , visited and incoming_color_table. spanning_tree and vertex_set
are initialized to all vertices of input graph G, visited is initialized to root vertex and
incoming_color_table is an array each index of which corresponds to a vertex that
holds the color of the incoming edge. The vertex r index of incoming_color_table
is initialized to 0. The algorithm iterates until all vertices in graph G are visited. In
lines 7, 8, 9 and 10, temporary min_cost, source_vertex, min_cost_vertex and
min_incoming_color variables are initialized to infinity and empty. The for loop in
line 12 iterates over all visited vertices and lines 13 and 14 gather neighbors of the

current visited vertex. Line 16 iterates over all neighbors and lines 17, 18 and 19
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calculates the changeover cost for the current neighbor. The if statement in line 21
decides on whether the current neighbor creates the minimum cost. If it yields the
minimum changeover cost, min_cost, source_vertex, min_cost_vertex and
min_incoming_color are assigned to temp_cost, source vertex v, current vertex n,
and current_color variables, respectively. Finally, lines 27, 28 and 29 add the
min_cost_vertex vertex which generates the minimum color cost to the visited set.
Then min_cost_vertex index of incoming_color_table is assigned with
min_incoming_color and it adds the edge which connects source_vertex and
min_cost_vertex to the spanning_tree.

Now we analyze the computational complexity of the MINCS algorithm. In the
worst case, the input is a complete graph. Therefore, the while loop in line 4 iterates
for all vertices. The for loop in line 7 iterates once in the beginning and [V]| — 1 times
in the last iteration. The for loop in line 10 iterates |V| — 1 times for each iteration. To

sum up,

i) MINCS € 0(|V| x (V] = 1) x (V] = 1)) € 0(|V|?)

Algorithm: Minimum Changeover Sorted Solver
Input: A edge colored graph G=(V,E), root vertex r
Output: A spanning tree

spanning_tree « {@}

V(spanning_tree) « V(spanning_tree) UV (G)
edge_list « E(G)

sort_with_respect_to_color(edge_list)

while spanning_tree is not connected do

N O oA W N R

E(spanning_tree)
« E(spanning_tree) U edge_list. get_median()

8 edge_list.remove_median()

10 return spanning_tree

Figure 4.2: MINCSS algorithm for MINCCA.
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Unlike algorithm MINCS, algorithm MINCSS does not traverse the graph from
root to leaves. Instead, it finds a spanning tree with edge colors that are close to each
other in terms of numerical distance. The algorithm first sorts the edges by their
numeric color values. Then it constructs a spanning tree by iteratively adding the
median edge to the tree by avoiding cycles. Lines 1-3 are initializations.
spanning_tree is initialized to empty. Then all vertices of the input graph are
iteratively added to spanning_tree. Then edge_list is initialized to all edges of the
input graph. In line 4, edge_list is sorted by the numeric value of the edge color. In
lines 6, 7 and 8 in each iteration of the while loop, the median value of the edge_list
Is removed so that a spanning tree is constructed in the end.

Now we analyze the computational complexity of MINCSS algorithm. Sorting
takes O(|E|log(|E])) time (via an algorithm such as quicksort). Lines 6, 7 and 8 take
at most O(|E| — 1) iteration to create a spanning tree. As a result, if we consider a

complete graph, the complexity of the MINCSS algorithm is:

) 0(IED € 0V )
i) MINCSS € O(IE| log(1ED) + 0(IE| ~ 1) € 0(IV 2 og(1V[?) + 0(IVI)
iii) MINCSS € 0(|V|?)

4.3. Simulation Results

We evaluate the performance of MINCS and MINCSS algorithms with two
types of graphs called Regular Random graphs [24], [25] and Watts Strogatz graphs
[23]. Regular Random graph family includes graphs where all vertices have the same
degree. On the other hand, Watts Strogatz graph family includes graphs where all
vertices are probabilistically connected to k nearest neighbors in a ring topology. This
probability is also a parameter for this type of graphs. We analyze the impact of the
number of nodes, the degree, and the number of colors.

We use Python programming language [37] and NetworkX [38] graph library to
generate graph instances. We implement graph generators and also heuristic
algorithms by using NetworkX graph library. NetworkX library has built-in Regular
Random and Watts Strogatz graph generators. In order to plot the results, we use
matplotlib [39] library, which is also implemented by using Python programming
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language. For each test we take the mean of 100 randomly generated instances for each

scenario.

Regular Random Graph

Number of nodes = 50 | Degree of each node = 25

1600 « + MINCS
= ® Random
4 a MINCSS

1400 +

1200 -

1000 -

800

Changeover Cost

600 -

400 +

200

0 20 40 60 80 100
Number Of Colors

Figure 4.3: Impact of number of color changes for Regular Random graph.

Figure 4.3 shows the impact of the number of colors in Regular Random graph
family. We consider a scenario where all graphs have 50 nodes, all vertices for all
graph instances have 25 neighbors, and between 10 and 100 edge colors are assigned.

Total changeover cost in all algorithms increase linearly as the number of colors
increases. However, MINCS and MINCSS algorithms vastly outperform Random
algorithm. Moreover, MINCSS algorithm has more stable and predictable
performance compared to MINCS algorithm. In addition, total changeover cost of
MINCSS algorithm is non-decreasing as the number of color increase.
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Regular Random Graph

Number of nodes = 50 | Number of colors = 100

il WH

1400

1200 -

=
(=]
o
o

800 |-

Changeover Cost

600 |-

400 -

* « MINCS
® ® Random
4 a MINCSS

200

0 5 10 15 20 25 30 35
Degree

Figure 4.4: Impact of vertex degrees for Regular Random graph.

Figure 4.4 illustrates the performance of MINCS, MINCSS and Random
algorithms for increasing number of degree. We choose graphs with 50 nodes, 100
colors, and node degrees ranging from 4 to 38. MINCS and MINCSS algorithms vastly
outperform Random algorithm. MINCSS algorithm also outperforms the MINCS
algorithm. MINCSS algorithm has non-increasing behavior. On the other hand, the
performance of the MINCS algorithm is not stable since the total changeover cost

fluctuates for degrees larger than 20.
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Regular Random Graph

Degree of each node = (V / 2)] Number of colors = 100
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Figure 4.5: Impact of number of node changes for Regular Random graph.

Afterwards, we analyze the impact of the number of nodes in Regular Random
graphs. We create graphs with 100 colors. Every vertex in the graph is connected to
half of all its neighbors. The number of nodes changes between 50 and 100. The
performance of the MINCSS algorithm is not affected by the change in the number of
nodes and it outperforms MINCS and Random algorithms. However, Random
algorithm has a linear increase for increasing number of nodes. On the other hand,
MINCS algorithm has better performance compared to Random algorithm. MINCS
algorithm also does not have a stable performance compared to MINCSS algorithm.
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Watts Strogatz Graph

Number of nodes = 50 | Degree of each node = 25
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Figure 4.6: Impact of number of color changes for Watts Strogatz Graph.

Figure 4.6 shows that the impact of the number of colors for Watts Strogatz
graph is almost identical to the one for Regular Random graphs. We create Watts
Strogatz graphs that have 50 nodes and each node has 25 neighbors. The number of
colors varies between 10 to 100. MINCSS algorithm has better and more stable
performance compared to MINCS and Random algorithms. MINCS algorithm has also
better performance than Random; however, unlike MINCSS, MINCS algorithm does
not have a stable performance.
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Watts Strogatz Graph

Number of nodes = 50 | Number of colors = 100
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Figure 4.7: Impact of vertex degrees for Watts Strogatz Graph.

Figure 4.7 illustrates the impact of the degrees for Watts Strogatz graphs. We
consider graphs with 50 nodes and 100 colors. Number of degree for each node varies
between 4 and 48 for this scenario. Random algorithm continuously yields high total
changeover cost. On the other hand, for lower degrees, MINCS and MINCSS
algorithms result in lower changeover cost compared to Regular Random graph
scenario. MINCSS algorithm has the best performance also for Watts Strogatz graph
case. MINCSS algorithm has non-increasing behavior while the degree increases.
Moreover, MINCS algorithm has better performance compared to Regular Random

scenario.
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Watts Strogatz Graph
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Figure 4.8: Impact of number of node changes for Watts Strogatz Graph.

Figure 4.8 shows the impact of increasing number of nodes for Watts Strogatz
graph family. We create graphs with 100 colors. Each node in a graph has a connection
with half of the nodes in the graph. Number of nodes changes between 50 and 100.
MINCSS algorithm outperforms MINCS and Random algorithms. MINCS algorithm
also has stable and non-increasing performance. In addition, MINCS algorithm
performs better than Random algorithm. However, unlike MINCSS, MINCS
algorithm does not have a stable performance.

24



5. CONCLUSION

In this thesis, we present an optimization model in the form of an integer linear
programming formulation that makes frequency and time slot allocation for ad hoc
cognitive radio networks with a single transceiver. Our formulation aims to minimize
the energy consumption due to frequency switching by taking into account the fact that
energy consumption due to frequency switching depends on the distance between the
previous and current frequencies. Our simulation results indicate that our idea of taking
into account the different energy consumption that occurs during switching to different
frequency bands is essential for ad hoc cognitive radio networks especially when there
are a high number of primary users in the vicinity of the secondary users.

We also present two heuristic algorithms for the MINCCA problem. Simulation
results demonstrate that our proposed heuristic algorithms have superior performance
over the random algorithm.

For future work, an ILP formulation of MINCCA problem can be introduced in

order to better analyze the performance of the proposed heuristic algorithms.
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