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Abstract A considerable work has been conducted to cope with orthogonal frequency division multiple
access (OFDMA) resource allocation with using different algorithms and methods. However, most of
the available studies deal with optimizing the system for one or two parameters with simple practical
condition/constraints. This paper presents analyses and simulation of dynamic OFDMA resource
allocation implementation with Modified Multi-Dimension Genetic Algorithm (MDGA) which is an
extension for the standard algorithm. MDGA models the resource allocation problem to find the
optimal or near optimal solution for both subcarrier and power allocation for OFDMA. It takes into
account the power and subcarrier constrains, channel and noise distributions, distance between user's
equipment (UE) and base stations (BS), user priority weight — to approximate the most effective
parameters that encounter in OFDMA systems. In the same time multi dimension genetic algorithm is
used to allow exploring the solution space of resource allocation problem effectively with its different
evolutionary operators: multi dimension crossover, multi dimension mutation. Four important cases
are addressed and analyzed for resource allocation of OFDMA system under specific operation
scenarios to meet the standard specifications for different advanced communication systems. The
obtained results demonstrate that MDGA is an effective algorithm in finding the optimal or near
optimal solution for both of subcarrier and power allocation of OFDMA resource allocation.

Index Terms - Communication Systems, OFDMA, Resource Allocation, multi-dimension Genetic
Algorithm, optimization.

l. INTRODUCTION be combined with OFDMA to provide
division of radio resources in the time-
frequency plane to form time-frequency
blocks. For example, such time-frequency
blocks in LTE system are known as Resource
Blocks (RBs) [5]. In OFDM and OFDMA
systems, the accomplished throughput by
each user depends on several factors such as
the number of assigned subcarriers and the
channel quality of those subcarriers. The
number of subcarriers assigned and their
allocation organization is critical in maximize
the system performance and overall capacity
[6]. So, finding a suitable or an optimal
subcarrier (or subchannel) allocation and
power allocation (which known as resource
allocation problem) is one of the hot issues. It

In recent years, the orthogonal frequency
division multiplexing (OFDM) and
orthogonal frequency division multiple access
(OFDMA) are turn out to be the essential
transmission methods in broadband mobile
systems. Most fourth-generation (4G) systems
use OFDM and OFDMA [1], including
Mobile WiMAX [2], Long Term Evolution
(LTE) [3], and LTE-Advanced [4].

In OFDMA, the subcarriers are shared by
different users so that multiple users can be
arranged to receive data at the same time. The
advantage of OFDMA is that it’s structurally
robustness against multipath fading and Inter-
symbol Interference (ISI) [1, 5]. In addition,
Time Division Multiple Access (TDMA) may
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has drawn a great attention of many
researchers due to its crucial role in the
efficiency of such systems. For example,
Wonjong Rhee and John M. Cioffi [7]
introduced an analytic algorithm to solve
suboptimal multiuser subchannel allocation
problem in the downlink of OFDM systems.
Jiho Jang and Kwang Bok Lee [8] have
suggested an analytic transmit power
adaptation method to maximize the total data
rate of multiuser OFDM systems in a
downlink transmission. Yenumula B. Reddy
and Nandigam Gajendar [9] have proposed a
genetic algorithm approach for subcarrier and
bit allocation to minimize the overall transmit
power in the downlink transmission. Atta-ur-
Rahman, et al. [10] have presented an
adaptive resource allocation schemes and
investigated it for OFDM systems: one
scheme is based on standard GA and Fuzzy
Rule and the other is Water-Filling and Fuzzy
Rule. Hai-Lin Liu and Qiang Wang [11]
worked on a hybrid algorithm for OFDM
resource allocation by combining
evolutionary algorithm (EA) with Karush-
Kuhn-Tucker conditions.

This work considers the previous conscious
efforts and extends it by using a modified
multi dimension genetic algorithm to find the
optimal or near optimal solution for OFDMA
resource allocation. Four cases are considered
to demonstrate the effectiveness of the
modified multi-dimension genetic algorithm
under specific operation scenarios that meet
the most requirements of the next generation
of mobile systems (such as, LTE and LTE-
advanced) with taking into account the most
involved factors is such problems. In the first
case, equal number of users and subcarriers
(16 each) are chosen to find the best
subcarrier and power allocation through multi
runs (10 runs). Doubling the number of users
and subcarriers that are considered in the first
case (32 each) to explore the strength of the
algorithm as the number of users and
subcarriers are increased. While, both second
and third case represent special yet important
more practical scenarios; in the second case,
the number of users (16 users) is half the
number of available subcarriers (32
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subcarriers) as an example of situation when
the number of users is less than the available
subcarriers and case three represents the
contrary situation, in which subcarriers are
less than the number of users: 32 users and 16
subcarriers. Case three is important example
of resource sharing of the limited resource
which needs a time—frequency sharing plan to
provide a reasonable data rate to each user
with respect to the channel conditions.

Based on the obtained results from this
work, the modified multi-dimension genetic
algorithm is an effective algorithm in finding
the optimal or near optimal solution for both
subcarrier and power allocation for the
OFDMA resource allocation. The rest of the
paper is organized as follows: section 2
presents a theoretical background for the
resource allocation and the algorithms are
based in this work. Section 3 illustrates the
achieved simulation results. Then, the paper is
wrapped up with section 4 which concludes
the main achieved results.

Il. THEORY

Consider a single cell uplink OFDMA
system with a centralized scheduling scheme
with K users and N subcarriers to be
allocated. Also, assume that all users have a
variable bit rate (VBR) with error-free data
throughput and a proper coding for the given
assignment of subcarriers to the user. So, the
channel gain-to-noise ratio (CNR) is given by
[7,12] as:

Hg;

8k, =GT", fork=1,...K i

ki

1,..,N

where Hy; is the channel gain and 012<,i is the
total noise power for each user k and
subcarrier i.

Now, if denote ay; as the binary decision
variable of subcarrier allocation, then:
Oki =
{ 1, ifsubcarrieriis assigned to user k 2)
0, ifsubcarrieriis not assigned to user k

Given that each subcarrier is only assigned
to a single user, this leads to:
Yhoiagi <1, fori=1,...,N
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to compactly refer to the sequence «, ; takes 1
or 0 only, where the zero value indicates that
the subcarrier is not assigned to any user.
Also, for notational convenience, we use the
matrix (A) with (K x N) dimensions and
indices (ay;):

A= (4)

o117 0‘1N]

g1 ° AN

to refer to the channel allocation. On the other
hand, the power P,; is allocated to a
subcarrier i by user k. The power assigned to
a specific user overall its allocated subcarriers
should not exceeded allowable maximum
transmission power Py, q, for a specific user;
i.e.

N
Zpk,ispk,max; fork=1,...,K (5)
i=1

in addition to that:
P;i=0, fork=1,...,K (6)

Likewise, P is a (K x N) matrix of allocated
powers P, ; and expressed as:
[Hl o [HN

P = (7)

PKl o PKN

As a consequence, the total rate of user k is:
N

Ry = Z ap; log,(1+ Py igk.i) €)

i=1

and the total system rate is given by:

K N
RAP) =D > ay logo(1+Pesge) (9)
k=1 i=1

So, for the OFDMA resource allocation
problem the maximization of the weighted
ergodic sum-rate can be formulated as:

K N
max E, {Z T z ;i logy (1 + Py igk,) }
k=1 =1

(10)
which is subject to:

N
E, {Z Pri < Prmax } , forkuser (11)
i=1

and the user rate must be greater or at least
equal to its allowable (or desired) minimum
data rate Ry pin:

N
E, {Z i logo(1+ Prigri) (= Rigmin
im1

for k user (12)

where E{-} is the expectation operator and
is the weight given to the rate of specific user
k.

The weights given to the users’ rates are

chosen such that:
K

Z 7, =1 (13)

k=1

The resource allocation problem, due to the
discrete set of values of a, ;, referring to Eq.
(10) is a non-convex. It becomes a convex
when relaxing the condition of a,; by
permitting them to take any value in the
interval [0, 1]. This is equivalent to allowing
time-sharing of a single subcarrier between
different users. In this way, during a given
scheduling interval a number of users can
transmit on the specified subcarrier alone in a
portion of the interval. Moreover, with
assuming that f; = ay;P,; the resource
allocation problem can be rewritten as:

Fhi
max By (T m By e Togo(1+22 g, |

(14)
which is subject to:

N
E, {Z fri < Prmax } , for kuser (15)
i=1

or,
K N
E, {z ariPri < Peotar } , forall users
k=1 i=1
(16)
and,
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N
fui
Eq {Z ay; log,(1+ a_l.gk,i)

2Rk,minr

i=1 it
for k user 17)
where Eqg. (14) is convex since the

expectation conserve convexity and the log2
(1 + b/a) is recognized as concave function
forms. So, the gained advantage is that the
problem can then be solved reliably and
efficiently [12,13]. It should be noted that the
resource allocation problem is subject to
constraints in Eq. (3), Eq. (5), Eq. (6) and Eqg.
(13) in addition to Egs. (15-17).

In this work, modified multi-dimension
Genetic algorithm (MDGA) which will
illustrate shortly is used for finding the
optimal or near optimal solution (subcarrier
and power allocation). The basic idea with
using Multi Dimension Genetic Algorithm
(MD-GA) is inspired by multi dimension
aspect of the problem itself. It is generalized
to be able to solve other hard multi-element
multi-dimension optimization problems. Each
individual consists of several chromosomes.
While each chromosome is in turn include
several genes. Such population is represented
in Fig. (2).

Chromosome 1

I Chromosome 2

HHH } Chromosome 3

AN 1 N 7 1 Chromosome 4

\ 1 HH ~ Chromosome 5

. (AL XXX Chromosome 6
A _— _—

Individuals . |HH -

£

[ -

s
[
'

N

Fig. 1 an cxample of multi-dimension
population.

The multi-dimension operators depicted in
Fig. 1 have the following main features:

A) Multi dimension crossover: is possible
to apply any type of standard crossover
(single point, multi point, or uniform
crossover) but with two levels:

1) Local crossover (same individual): either
perform crossover between the chromosomes
in the same individual (horizontal) or perform
crossover between a column of genes in some

vertical position (for all chromosomes) with a
column of genes in another vertical position
that both within the same individual (vertical).
This can be seen as rearranging of the genes’

position within some of the chromosomes.
Figure (2) shows both
Ccrossover.

types of local

Fig. 2 local crossover: a) horizontal, b)
vertical.

2) Global crossover (two individual): either
perform crossover between chromosomes
belong to different individuals (horizontal) or
perform crossover between a column of genes
in  some vertical position (for all
chromosomes) in some individual with a
column of genes in another vertical position
within another individual (vertical). Figure (3)
illustrates both types of global crossover. The
crossover rate can be set between [0,1]
(usually 0.5-1) with presence of local-global
rate (for simplicity can be set equal to 0.5).
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(b)

Fig. 4 global crossover: a) horizontal, b)
vertical.

B) Multi dimension mutation: the mutation
will also work on several dimensions (not
only single one in case of standard GA). In
multi dimension mutation, it’s possible to
apply any type of standard mutation (single
point or multi point mutation). However, it
should be used with different levels by
randomly mutate the value of either genes,
column of genes (vertical), chromosomes
(horizontal) or/and even the entire individual
in some special cases to avoid losing of the
population diversity, as shown in Fig. (4). The
mutation rate can be set between [0,1]
(usually low values) with presence of
mutation level rate.

TN

i

-

(c)
Fig. 4 mutation types: a) gene muiation, b)

horizonital and vertical mutation, c)
individual mutation.

107

A briel[ pseudo code [or MDGA can be
rewritten as:

% Multi Dimension Genetic Algorithm
(MD-GA)
Define the problem related information.
Deline MD-GA parameters, variables and
multi-level selected.
Generate nitial population of individuals
(solutions).
Evaluate individuals and (ind best one.
While counter < Generation,,
Pcrform sclection, clitism, and worst
elimination.
Perform multi-level crossover.
Perform multi-level mutation.
Evaluate individuals and find best one
If (any of termination conditions are
satistied)
Terminate evolution loop.
End If
End While
Output results and required visualization.

I1l. Implementation and Simulation results

In this work, MATLAB m-file is used to
compute and simulate the resource allocation.
The modified multi dimension Genetic
Algorithm to find the optimal or near optimal
subcarrier and power allocation matrixes to
maximize the weighted ergodic sum-rate of
OFDMA system (measured in bit/sec/Hz).

Assuming a single cell OFDMA system
with subcarriers subject to Rayleigh fading
distribution (1000 channel realizations are
used). The propagation loss is modeled using
the path loss model given as:

Lp =cD* (18)
where c is the path loss constant (selected to
be —128.1 dB), D is the distance in km from
the user k to the base station (BS), and u is the
path loss exponent (= 3.76 for urban
environments) [12,14]. All users are assumed
to be equally distanced away from the BS.
The minimum rate allowed is selected to be
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equal to zero for all users and the noise level
is -16.9 dbm, the weights are equal (weight
of any user is equal to reciprocal of the
number of users to satisfy the condition of Eq.
(13)). Also, the maximum allowed transmitted
power for each user, Py ;mqy , S€t to be within
the allowable range for each simulated case.
These assumptions are considered in order to
simplify the simulation while the m-file
program is designed to allow different
distances, minimum data rates, and/or weights
for each wuser. The simulation discusses
several cases as summarized in Table I.

TABLE |
SUMMARIZATION FOR THE
CONSIDERED CASES.

Piomax Distan Individ
Genera
ce (in

tions

meter) [0

Subcar

Users Crosso Mutati

riers (in uals

No. (K) Ver rate on rate

N) watt)

16 16 0.8 400 1000 100 0.9 0.2

16 32 0.8 300 1000 100 0.9 0.2

32 16 0.8 300 1000 100 0.9 0.2

32 32 0.8 400 1000 100 0.9 0.2

The individuals of GA’s population
solutions represent the legal solutions of the
subcarrier and power allocation. Each
individual has a pair of chromosomes groups,
first group is the subcarrier allocation matrix
A (K x N) and the second one is the power
allocation matrix P (K x N), where K users
represent the number of chromosomes and N
subcarriers is the number of genes as depicted

Fig. 5 GA represeniation of resource
allocation problem.
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The real numbers values are used to

represent the individuals with the A elements
values lies in [0,1] while P elements can take
any value between 0 to the value of maximum
power of a specific user. This representation
is done in a way that guarantees the subcarrier
and power allocation constrains are both
satisfied and all the individuals (solutions) are
lie in the legal area of the search space.
Roulette wheel method is utilized to perform
the selection operator with using of elitism
method to ensure of survival of the best
individual (solution) of the current generation
to be reproduced in the next generation.
It should be noted that the m-files is also
designed to allow selection of different values
for all GA factors and parameters (such as
crossover rate, mutation rate, generations,
and/or individuals). The termination condition
of the evolution is selected to be depending
on the number of generation to explore the
full evolution progress of the solutions and to
avoid premature-termination. The following
results are detailed for each of the cases listed
in table (1) with the best results which are
selected for over 10 runs (each run has 1000
generation). Each run is used the same
channel conditions and resource allocation
operation scenario assumptions. The best run
is selected depending on final iteration results
(best sum of rates which related to best
solution (individual) that contain best A and
P).

Casel: In this case 16 users over 16
subcarriers are considered and the best sum of
rates for 10 runs is shown in Fig. 6. It’s
noticeable that there is a rapid increasing of
the targeted best sum of rates (related to
improvement of individuals) during the range
of the first 200 generations with obvious
small differences in values between runs. As
the generation number increases the obtained
best sum of rates improving and tending to
slow down with much less difference in
values between the different runs.
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Best Sum Of Rate With MD-GA (All Runs)

T [—Rur=1
| | | \ | \ | | | | R
Br ¥ i T I T "1|—Run=3
—Run=4
. A N T I By By I
E | | | | | | | | | || —Run=6
T T T T T T T R
3 un=8
T 1 — I — 4 & _|—Run=d
—Run=10
| | | | |

I T

100 200 300 400 500 600 700 800 900 1000
The lterations No. (Generations No.)

Fig. 6 Best sum of rates of 10 runs using MD-
GA (uscrs = 16, subcarricrs = 16).

The best resulted run (run no. = 1) is shown
in Fig. 7. The best sum of rates is increased in
very fast manner starting from its initial
generation to just before the generation 100
and continues its increasing behavior in
slower manner after that.

Best Sum Of Rate With MD-GA (Best Run)

T — — = — — — = m o —r — m mmm ——— - — —
1 | 1 1 1 1 1 1 1 I [—Run=1
| | | | | | | | | I-
G =
| | | | | |
| 1 1 1 1 1 1
o3 T T TIT ST T TIT T T T T
o | | | | | | | | |
o | | zeedone | | | | | | |
Ed'__l___\__l__l__l___l__l__I__T__I
= | | | | | | | | | |
@al Lo Lo L1
1 | 1 1 1 1 1 1 1 1
| | | | | | | | | |
- —F — 4+ — == —Im — 4+ = H4 = == = — + — —|
| | | | | | | | | |
1 | 1 1 1 1 1 1 1 1
] T I L L I N N
100 200 300 400 500 600 700 800 900 1000
)

The lterations Mo. (Generations No.

Fig. 7 Best sum of rates of 1st run (users=16,
subcarriers=16).

Both best and worst sum of rates of each
generation of run 1 is listed in Fig. 8. It is
obvious that the large difference gaps
between them is increased at early
generations and tend to slightly increase
afterword. This can be explained that with
keeping in mind the genetic evolution process
principles the multi dimension genetic
operators (crossover and mutation) produce
better solution (individual) with variance of
less optimum (or worst) solutions while
elitism keep introduce best solution as a part
of the next generation to allow for further
improvement.
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Sum FHate

Sum Of Rate With MD-GA (Best Run)
? f—

—Best SumOfRate
Worst Sum Of Rate

| L | | |

400 600 an0
The Iterations No. (Generations No.)

Fig. 8 Best and worst sum of rates of 1st run.

Figure 9 shows the subcarrier and power
allocation of the best individual (solution) of
run 1. In despite of scale difference, it is clear
that both evolved subcarrier and power
allocation distributions of the best solution
(individual) are very similar but not identical
(depending on genetic evolution process).

Subcarriers Allocation
Of The Best Individual

Subcartiers
Allocation

Power Allocation
Of The Best Individual

Power

Fig. 9 Best solution of 1st run: a) subcarrier

allocation, b) power allocation.

For run 1, the users’ rates are shown in Fig.
10, which is depending on the subcarrier and
power allocation of the best individual (best
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solution) and the channel condition. It shows
that all the users have a data rate greater than

the minimum value (which was set to zero).

User Rate

Sum R ate

User Rate With MD-GA

User No.

Case 2: In this case, we run the simulation
for 16 users over 32 subcarriers. The best sum
of rates was for 10 runs. It noticed that, as in
casel, there is a rapid increasing of the
targeted best sum of rates (related to
improvement of individuals) during the range
of the first 300 generations with obvious
differences in values between runs. Then, as
the generation number increases the targeted
best sum of rates is tending to slow down with
difference in values between the runs. Both
best and worst sum of rates of each generation
of run 9 is shown in Fig. 11. It’s notable that
the large difference gap between them is
highly increased at the early 300 generations
and tends to slowly increase afterword. This
can be explained easily by keeping in mind
principles of the genetic evolution process.
The genetic operators (crossover and
mutation) produce better solution (individual)
with variance of less optimum (or worst)
solutions while elitism keep introduce the best
one as a part of the next generation to allow

fok,fHehend T ovements: run)
1€ R __—Best Sum O fRate
Worst Sum OfRate

200 400 600 800 1000
The lterations Mo. (Generations Na.)

Fig. 11 Best and worst sum of rates of 9th

Tun.

The subcarrier and power allocation of the
best individual (solution) of run 9 is given in
Fig. 12. Even with scale difference, it obvious
that both evolved subcarrier and power
allocation distributions of the best solution
(individual) are having some similarity
(depending on genetic evolution process).

For run 9, the users’ rates are shown in Fig.
13, which is depending on the subcarrier and
power allocation of the best individual (best
solution) and the channel condition. All the
users have a data rate greater than the
minimum data rate.

Subcarriers Allocation
Of The Best Individual

Subcarriers
Allocation

()

Power Allocation
Of The Best Individual

30

0
W
1 05\)%3‘39;

(b)

Fig. 12 Best solution of 9th run: a) subcarrier
allocation, b) power allocation.

User Rate With MD-GA

na
15

o

=

User Hate

0 e 4 6 10 12 14 16

8
User No.

Fig. 13 Users’ rates of 9th run.
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Case 3: In this case, 32 users over 16
subcarriers is considered and the results are
presented for the best sum for 10 runs.During
the range of the first 200 generations there is a
fast increase of the targeted best sum of rates
(solution or individuals), while in the
following generations, the value of the
targeted best sum of rates is tending to
increase in slow manner comparatively. Also,
it’s noticeable that there is a small (yet
obvious) difference in values between runs at
the range of the first 400 generations. Both
best and worst sum of rates of each generation
of run 7 are shown in Fig. 14 which shows
that the large difference gap between them is
highly increased at early generations and tend
to slightly increase afterword. This is due to
that the genetic operators (crossover and
mutation) produce better solution (individual)
with variance of less optimum or worst
solutions while elitism keep introduce best
solution as a part of the next generation to
allow for further improvement.

Sum Of Rate With MD-GA (Best Run)
45

—Best Sum Of Rate
‘Worst Sum Of Rate

a5 ;/‘

200 400 €00 £00 1000
The Iterations No. (Generafions MNo.)

Fig. 14 Best and worst sum of ratcs of 7th
run.

Figure 15 shows that the subcarrier and
power allocation of the best individual (best
solution) of run 7. With keeping in mind the
scale difference the evolved subcarrier and
power allocation distributions of the best
solution are less similar and there are
differences between them. This is related to
effect of genetic operators and parameters and
ability of convergence toward optimal
solution.

Subcarriers

Subcarriers Allocation
Of The Best Individual

e

Allocation

Power Allocation
Of The Best Individual

Fig. 15 Best solution of 7th run: a) subcarrier
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allocation, b) power allocation.

For run 7, the users’ rates are illustrated in
Fig. 16, which is depending on the subcarrier
and power allocation of the best solution (best
individual) and the channel condition. As the
above cases, all the users have a data rate
greater than the specified minimum value.

User Rate With MD-GA

20

15
UserMNo.

Fig. 16 Uscrs’ rates of 7th run.

Case 4: In this case, the best sum of rates is
considered for 10 runs with 32 users over 32
subcarriers. Both best and worst sum of rates
of each generation of run 7 is given in Fig. 17.
The large difference gap between them is
highly increased at early generations and tend
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to slightly increase afterword. This is due to
the genetic operators (crossover and mutation)
produce better solution (individual) with
variance of less optimum (or worst) solutions
while elitism keep introduce best solution as a
part of the next generation to allow for further
improvement.

Sum Of Rate With MD-GA (Best Run)
7

: [~ Best Sum Of Rate
el Worst Sum Of Rate

/

=]

n

.

Sum Rate

[

|

200 400 600 800 1000
The Itcrations No. (Generations No.)

Fig. 17 Best and worst sum of rates of 7th
run.

Figure 18 showcase the subcarrier and
power allocation of the best individual
(solution) of run 7. In spite of scale difference
the both evolved subcarrier and power
allocation distributions of the best solution
(individual) are alike but not identical
(depending on genetic algorithm evolution
process).

Subcarriers Allocation
Of The Best Individual

Y

s .
-~ .
o -

Subcarriers
Allocation
O
(47 ]

112

Power Allocation
Of The Best Individual

Fig. 18 Best solution of 7th run: a) subcarricr

allocation, b) powecr allocation.

For run 7, the users’ rates are listed in Fig.
19, which is depending on the subcarrier and
power allocation of the best individual and the
channel condition. As that in the previous
cases, all the users have data rate are greater
than the minimum data rate (which set to

zero).
’ User Rate With MD-GA

User Hate

20

15
User No.

Fig. 19 Users’ rates of 7th run.
IV. Conclusion

The obtained results demonstrate that the
proposed modified multi-dimension genetic
algorithm (MDGA) is an effective algorithm
in finding optimal or near optimal solution for
both subcarrier and power allocation for
OFDMA resource allocation The improved
multi-dimension crossover and mutation give
a good balance between local and global
search, respectively, with a moderate
converging speed.

In all the analyzed cases, the results show
that modified multi-dimension  genetic
algorithm is capable to reach the suitable or
acceptable solution with ability to continually
evolving toward better solutions. Also, using
multi run (10 runs) for each case show that
there are notable differences between the runs
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and these differences tend to decrease as the
number of generation increases especially
after the first 300 generations. This might
give an illustration of a good number of
generation (100-300 generation) but must be
noted that it might also depend on other GA
parameters values such as multi-dimension
crossover rate, multi-dimension mutation rate,
the targeted problem in hand and also on the
balance between level of best result required
in one side and the processing cost and time
on the other side.

REFERENCES

[1] Samuel C. Yang, OFDMA System
Analysis and Design, Artech House, 2010.
[2] Cristina Ciochina, Hikmet Sari, “A

Review of OFDMA and Single-Carrier
FDMA and Some Recent Results”,
Advances In Electronics And

Telecommunications, vol. 1, no. 1, 2010.

[3] lan F. Akyildiz, David M. Gutierrez-
Estevez, Elias Chavarria Reyes, “The
evolution to 4G cellular systems: LTE-
Advanced”, Physical Communication, vol.
3, no. 4, 2010.

[4] Amitava Ghosh et al., “LTE-Advanced:
next-generation  wireless broadband
technology”, IEEE Wireless Communica-
tions, vol. 17, no. 3, pp.10-22, 2010.

[5] Stefania Sesia, Matthew Baker, Issam
Toufik, LTE-the UMTS long term
evolution: from theory to practice, John
Wiley & Sons Ltd, 2009.

[6] Heikki Koivo, Mohammed Elmusrati,
Systems  engineering in  wireless
communications, John Wiley & Sons Ltd.,
first edition, 20009.

[7] Wonjong Rhee, John M. Cioffi, “Increase
in Capacity of Multiuser OFDM System
Using Dynamic Subchannel Allocation”,
IEEE  Vehicular  Technology  Conf.
(VTC2000), 2000.

[8] Jiho Jang, Kwang Bok Lee, “Transmit
Power Adaptation for Multiuser OFDM
Systems”, IEEE Journal on Selected Areas
in  Communications, vol. 21, no. 2,
February 2003.

113

[9] Yenumula B. Reddy, Nandigam Gajendar,
“Evolutionary Approach for Efficient
Resource Allocation in Multi-User OFDM
Systems”, Journal of Communications,
vol. 2, no. 5, 2007.

[10] Atta-ur-Rahman, ljaz Mansoor Qureshi,
Aqgdas Naveed Malik, “Adaptive Resource
Allocation in OFDM Systems Using GA
and Fuzzy Rule Base System”, World
Applied Sciences Journal, 2012.

[11] Hai-Lin Liu, Qiang Wang, “A Resource
Allocation Evolutionary Algorithm for
OFDM Based on Karush-Kuhn-Tucker
Conditions”, Mathematical Problems in
Engineering, vol. 2013, pp. 1-8, 2013.

[12] Elias Yaacoub, Zaher Dawy, Resource
Allocation in Uplink OFDMA Wireless
Systems: Optimal Solutions and Practical
Implementations, Wiley-1EEE Press, 2012.

[13] Stephen Boyd, Lieven Vandenberghe,
Convex Optimization, Cambridge
university press, 2009.

[14] ETSI TR 136 931 v9.0.0, “LTE; Evolved
Universal Terrestrial Radio Access (E-
UTRA); Radio Frequency (RF)
requirements for LTE Pico Node B”,
(3GPP TR 36.931 version 9.0.0 Release 9),
2011.



