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Abstract – However, the power control in CDMA systems, 

allows multiple users to share resources of the system equally 
between themselves, leading to increased capacity. With 
appropriate power control, capacity of CDMA system is high 
in comparison to frequency division multiple access (FDMA) 
and time division multiple access (TDMA). For power control 
in CDMA system optimization algorithms i.e. genetic 
algorithm & particle swarm algorithm can be used which 
determines a suitable power vector [1], [2]. These power 
vector or power levels are determined at the base station and 
told to mobile units to adjust their transmitting power in 
accordance to these levels. The performances of the 
algorithms are investigated through both analysis and 
computer simulations, and compared with well-known 
algorithms from the literature.  
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I.  INTRODUCTION  
 
In wireless communication systems, multiple-access 

techniques introduce multiple access interference and 
which is one of the major factors that limit the system 
capacity. For CDMA systems, power is the main resource 
that is shared by multiple access schemes and thus the 
performance relies greatly on fast and accurate adaptive 
power control for both mobile and base stations. To 
function effectively, there is a need to control the power. If 
power control is not implemented many problems such as 
the near-far effect, co-channel interference will start to 
dominate and consequently will lower the capacity of the 
CDMA system. Power control in cellular communications 
is a challenging task since the system is complex and 
mobiles randomly move all the time. Thus the channel is 
time varying and the various channel parameters affect the 
system performance considerably. Power control is proved 
to be a potential technique for resource allocation, which 
balances the power levels of all the transmitters and 
receivers in the system.  It also shows promising results in 
the capacity enhancements meeting the QoS requirements 
irrespective of the multiple access techniques.   In addition 
to this, power control also has an important role in 
reducing the battery power consumption, which is an 
essential factor for the next generation mobile phones. The 
previous research in power control [3-9] was on different 
power control algorithms proposed for various generations 
and situations. But there are quite few works done in [6-9] 
on the comparison of these algorithms, which could bring 
some useful conclusions and contributions in the Cellular 
Communications. In this context, this paper deals with the 
performance comparison of different power control 
algorithms to gain a better understanding of the different 
approaches in the field of Cellular Radio Mobile 
Communications. 

II.  POWER CONTROL  
 
The CDMA offers high capacity in comparison to 

FDMA and TDMA. Since CDMA systems do not 
explicitly schedule time or frequency slots among users, 
the central mechanism for resource allocation and 
interference management is power control. Each use 
changes its access to the resources by adapting its 
transmitting power to the changing channel and 
interference conditions. Therefore power control also 
known as Transmit Power Control (TPC) is a significant 
design problem in CDMA systems. Power control 
encompasses the techniques and algorithms used to 
manage the transmitted power of base stations and 
mobiles. Power control helps to reduce co-channel 
interference, increasing the cell capacity by decreasing 
interference and prolonging the battery life by using a 
minimum transmitter power.  
CDMA Reverse Link 

The objective of the power control is to limit the 
transmitting power on forward link & reverse link. Due to 
non-coherent detection at the base station reverse link 
power control is more important as compared to forward 
link power control. Reverse link power control is essential 
for CDMA system. Main objectives are: 

To minimize the transmitting power from the mobile 
units in order to increase the battery life time. And 
Minimize the near-far effect. This is done by trying to 
make the received signal levels from mobile units very 
close to each other. 

In the uplink, synchronous transmission from different 
users is very difficult to achieve because the users transmit 
from different locations. Therefore, orthogonal spreading 
sequences are not used in the uplink because their 
orthogonality cannot be maintained. Signals from different 
mobile users are also subject to different propagation 
mechanisms, resulting in different propagation path losses 
and independent fading that lead to unequal received 
power levels at the base station. Due to non-orthogonal 
spreading sequence and unequal received power levels in 
the reverse link, multiple access interference becomes a 
serious problem. Figure-1 illustrates the uplink CDMA 
channels in a wireless communication system. At the base 
station, the kth user recovers the transmitted symbol by 
correlating the received signal with the kth user spreading 
sequence. Due to non-zero cross correlations between 
spreading sequences of different users, the kth user will 
observe multiple access interference from the other K-1 
users. 
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Fig. 1.  Uplink CDMA channels 

 
If the received power levels at the base station are not 

equal, the correlating receiver may not be able to detect 
the weak user’s signal due to high interference from other 
users with higher power levels. Clearly, if a user is 
received with a weak power, it will suffer from the 
interference generated by stronger users’ signals. 
Therefore power control in the uplink is very important to 
keep the interference acceptable to all users and to obtain a 
considerable channel-capacity improvement. 
Reverse Link Power Control  

Power control on the reverse link is an important issue 
in achieving high capacity for the DS-CDMA wireless 
system. Conventional power control uses an open-loop 
algorithm, or a closed-loop algorithm, or some 
combination of the two. Reverse link closed-loop power 
control for a packetized DS-CDMA network has been 
examined in [10-11] for a system accommodating voice 
and data users. A closed-loop algorithm based on equal 
signal strength for data users and on equal error 
probability for voice users is proposed. The closed-loop 
power control algorithm in [12-13] is designed to update 
the transmitted power of a mobile at a rate faster than that 
of multipath fading.  

The received power at the base station is compared to a 
threshold value and the result is hard quantized to a power 
command which informs the user whether to increase or 
decrease its transmitted power. Block diagram of Reverse 
Link receiver system is shown in Figure-2.  

 
Fig. 2. Reverse Link receiver system 

 
III.  OPTIMIZATION  ALGORITHMS  

 
In a CDMA network, resource allocation is critical in 

order to provide suitable Quality of Service (QoS) for each 
user and achieve channel efficiency. Many QoS measures, 
including bit error rate, depend on the Eb/No given by    

     

  
���� =    ��	
	/�	(∑ ���
��η)/�����                                                (1)  

 
Where W is the total spread spectrum bandwidth 

occupied by the CDMA signals. Gbi denotes the link gain 
on the path between mobile i and its base b. n denotes 
background noise due to thermal noise contained in W and 
M is the number of mobile users. The transmitted power of 
mobile i is pi which is usually limited by a maximum 
power level as    

             
0 ≤  pi ≤ pi

max      for        0 ≤  i ≤ M                                           (2) 
 
Ri is the information bit rate transmitted by mobile i. 

This rate is bounded by the value, Ri
c, designated in the 

traffic contract once this user has been admitted into the 
system. 

 
0 ≤  Ri ≤ Ri

c     ,    for             1 ≤  i ≤ M                                 (3) 
 
An increase in the transmission power of a user 

increases its Eb/No, but increases the interference to other 
users, causing a decrease in their Eb/No. On the other hand, 
an increase in the transmission rate of a user deteriorates 
its own Eb/No. Controlling powers and rates of the users 
therefore amounts to directly controlling the QoS that is 
usually specified as a pre-specified target Eb/No value (θ). 
It can also be specified in terms of the probability that the 
Eb/No falls below (θ). 

Thus, the objective here is to find a nonnegative power 
P=[P1, P2,, ..., Pm]and rate R=[R1, R2,... Rm] vectors which 
satisfy the maximum power and rate constraints (2,3) 
and maximize the function F proposed as 

 

� = 1� � ���
�

��� �� �� + �"��"# + �$�$ + �%�%   −           (4) 
 
where F is a threshold function defined for user i as 
 

  ��� = (1        ()*/+, )  ≥  θi0             otherwise ) 7                                        (5) 

 
A. GAME ENGINE 

Genetic algorithms (GAS), as described in [14], are 
search algorithms based on mechanics of natural selection 
and natural genetics. In every generation, a new set of 
artificial creatures (chromosomes) is created using bits and 
pieces of the fittest of the old. GAS use random choice as 
a tool to guide a search toward regions of the search space 
with likely improvement. They efficiently exploit 
historical information to speculate on new search points 
with expected improved performance. 

The Genetic Algorithm for Mobile Equilibrium core is a 
steady state GA [14] with the ability to stop its evolution 
after a timeout period being expired. As illustrated is Fig. 
2, the inputs are collected from the users as their current 
rate R(t) and power f(t) vectors. Additional information is 
needed as well in the input like the required signal quality 
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θ, the maximum possible power pmax the rate granted on 
admission Rc and the links gains G. The GAME starts by 
encoding R(t) and p(t) into chromosomes to form the 
initial population. 

The chromosome is a binary string of N digits. It 
encodes the (power, rate) values of all M mobiles as 
depicted in Figure-3. Each mobile occupies 32 bits for its 
power and 32 bits for its rate. 

 

 
Fig. 3. Chromosome Format, N bits, where A4 is the total 

number of mobiles controlled by the base station 
 

F, defined in (4), is the fitness function used to evaluate 
chromosomes. The evolving cycle of reproduction 
evaluation works until the stopping criterion is met. The 
base station forwards the new R(t+l) and p(t+l) vectors to 
the users. In the mean time, the new solution is being used 
to initialize the input vectors at the next control period. 
This feedback is done for the sake of superiority assurance 
of the new solution. 
B. Particle Swarm Optimization Approach 

Particle Swarm Optimization (PSO) is a method for 
global optimization [15] and it is different from other well-
known Evolutionary Algorithms. As in Evolutionary 
Algorithms, a population of potential solutions is used to 
probe the search space, but no operators are applied on the 
population to generate new solutions. In PSO, each 
individual particle, of the population, called swarm, 
adjusts its trajectory toward its own previous best position, 
and toward the previous best position attained by any 
member of its topological neighborhood. In the global 
variant of PSO, the whole swarm is considered as the 
neighborhood. 

 
Fig. 4. GAME Block Diagram 

 
Thus, global sharing of information takes place and the 

particles profit from the discoveries and previous 
experience of all other companions during the search for 

promising regions of the landscape. For example, in the 
single-objective minimization case, such regions possess 
lower function values than others, visited previously. In 
the local variant of PSO, the neighborhood of each particle 
in the swarm is restricted to a certain number of other 
particles but the movement rules for each particle are the 
same in the two variants. The basic algorithm of PSO has 
two different versions. The first version is the one where 
the particles are represented by binary strings and the other 
is the one where the particles are represented by real 
numbers in n dimensional space where n is the dimension 
of the optimization problem under consideration. First, the 
author describes the basic algorithm of PSO in real 
number problems. The Pseudo-code for this algorithm is: 
For i=1 to number of individuals 
If G(8i) G(9i ) then do                     // G() evaluates fitness 
For d=1 to dimensions 9id=8id                                                                          // 9id is best so far 
Next d 
End do 
g=i                                                   // arbitrary 
For j=indices of neighbors 
If G(8i) >G( 9g ) then g=j      // g is index of best performer  
Next j 
For d= 1 to dimensions <id (t)= <id (t-1)+ ø1 (9id - 8id (t-1))+ ø2( 9gd - 8id (t-1)) <id ∈ (−>min , +>max ) 8id (t)= 8id (t-1)+ <id (t) 
Next d 
Next i 

Here 8C is the position of particle i, <C is the velocity of 
particle i, ø1 is a random number that gives the size of the 
step towards personal best, ø2 is a random number that 
gives the size of the step towards global best (the best 
particle in the neighborhood) and G is the fitness function 
which we are trying to minimize. 

For the binary PSO, the component value of , 9C and 9D 
are restricted to the set {0, 1}. The velocity <C is 
interpreted as a probability to change a bit from 0 to 1, or 
from 1 to 0 when updating the position of particles. 
Therefore, the velocity vector remains continuous-valued 
but the value of the velocity needs to be mapped from any 
real value to a probability in the range [0, 1]. This is done 
by using a sigmoid function to squash velocities into a [0, 
1] range. Finally, the equation for updating positions is 
replaced by the probabilistic update equation: 

 

  8CE =  F0 if ρid (t −  1)  ≥  sig(vid t )1 ρid �t –  1#       ≤  sig(vid t ) 7                          (6) 

 
 (K) is a vector representing random numbers, drawn 

from a uniform distribution between 0 and 1. 
PSO Algorithm 

Particle swarm optimization (PSO) was developed after 
some researchers have analyzed birds behavior and discern 
that the advantage obtained through their group life could 
be explored as a tool for a heuristic search. Considering 
this new concept of interaction among individuals, in 1995 
J. Kennedy and R. Eberhart developed a new heuristic 
search based on a particle swarm [Kennedy and Eberhart 
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1995]. The PSO principle is the movement of a group of 
particles, randomly distributed in the search space, each 
one with its own position and velocity. The position of 
each particle is modified by the application of velocity in 
order to reach a better performance [Kennedy and 
Eberhart 1995]. The interaction among particles is inserted 
in the calculation of particle velocity. The problem 
described in (16) indicated an optimization developed in 
the R set. Hence, in the PSO strategy, each power 
candidate-vector defined as pi[n], of size4 K, is used for 
the velocity calculation of next iteration:  

 
vi[n+1] = w[n] .vi[n]+ø1.Ui1 [n]( L�MNOP[n]-pi[n]) 
                 +  ø2 Ui2 [n](LQMNOP[n]-pi [n])                            (7) 
 

Where ω[n] is the inertia weight of the previous velocity 
in the present speed calculation; Ui1 [n] and Ui2 [n] are  
diagonal matrices with dimension K, and elements are 
random variables with uniform distribution ~ U ϵ[0; 1], 
generated for the i th particle at iteration n = 1; 2; :: ;N ; LQMNOP[n] and L�MNOP[n] are the best global position and the 
best local positions found until the nth iteration, 
respectively; ø1 and ø2 are acceleration coefficients 
regarding the best particles and the best global positions 
influences in the velocity update, respectively. 

The particle(s) selection for evolving under power-
multirate adaptation strategy is based on the lowest fitness 
values satisfying the constraints in [16]. The i th particle’s 
position at iteration n is a power candidate-vector pi[n] of 
size K × 1. The position of each particle is updated using 
the new velocity vector (7) for that particle: 

 
  pi [n + 1] = pi[n] + vi[n + 1];  i = 1; :: : ;M                (8) 
 

The PSO algorithm consists of repeated application of 
the update velocity and position update equations. A 
pseudo-code for the single-objective PSO power-multirate 
allocation problem is presented in Algorithm 1[SOO PSO 
Power multirate allocation]. 

In order to reduce the likelihood that the particle might 
leave the search universe, maximum velocity Vm factor is 
added to the PSO model (7), which will be responsible for 
limiting the velocity in the range [±Vm]. The adjustment of 
velocity allows the particle to move in a continuous but 
constrained subspace, been simply accomplished by: 

 
   vi[n] = min {Vm;  max{-Vm; vi[n]}}                            (9) 
 

From (9) it’s clear that if |vi[n]| exceeds a positive 
constant value Vm specified by the user, the i th  particle’ 
velocity is assigned to be sign(vi[n])Vm, i.e. particles 
velocity on each of K¡dimension is clamped to a 
maximum magnitude Vm. If we could define the search 
space by the bounds [Pmin; Pmax], then the value of Vm will 
be typically set so that Vm = τ (Pmax - Pmin), where 0.1 ≤  τ 
≤ 1.0, please refer to Chapter 1 within the definition of 
reference [Nedjah and Mourelle 2006].  

Hence, in order to achieve a balance between global and 
local search abilities, a linear inertia weight decreasing 
with the algorithm evolving, having good global search 

capability at beginning and good local search capability 
latter, was adopted herein: 

 
w[n] = (winitial - wFinal) + wFinal                                   (10) 
 
where winitial and wfinal is the initial and final weight inertia, 
respectively, winitial > wfinal , N is the maximum number of 
iterations, and m ϵ [0.6; 1.4] is the nonlinear modulation 
index [Chatterjee and Siarry 2006]. 
 

IV.  RESULT ANALYSIS  
 

• Simulation for showing GAME behavior is done for a 
single cell, where the base is situated at its center. The cell 
radius is 1 distance unit. Mobile users are distributed 
uniformly over the cell space. We adopt the distance loss 
model in [l6]. The link gain, Gij is modeled as a product of 
two variables 
 
   Gij = Aij x Dij                                                               (11) 

 
Aij is the variation in the received signal due to shadow 

fading, and assumed to be independent and log normally 
distributed with a mean of 0 dB and a standard deviation 
of 8 dB. The variable Dij is the large-scale propagation 
loss, which depends on the transmitter and the receiver 
location, and on the type of geographical environments. 
Let dij be the distance between transmitter j and receiver 
i,we assume, in decibels 
 

10 log U�V = W−127.0 − 25\,DE�V             E�V < 1−127.0 − 35\,DE�V     1 ≤ E�V < 3−135.5 − 80\,DE�V             3 ≤ E�V
7  E�V 

 
The above propagation model includes three different 

path loss slopes and assumes -127.0dB for the 1 unit 
distance interception point [17]. In a typical 3G CDMA 
environment, the system bandwidth W can increase up to 
20MHz and the background thermal noise density is - 174 
dbm/Hz. 
•  In PSO it was assumed a retangular multicell geometry 
with a number of base station (BS) equal to 4 and mobile 
terminals (mt) uniformly distributed over 25Km2 area. 
Besides, the initial rate assignment for all multirate users 
was admitted discretely and uniformly distributed over 
three chip rate submultiple,  
 

  Rmin = [
��`a ;  �c` ;  ��d]Rc[bps]                                                  (12) 

 
A number of mobile terminals ranging from K = 5 to 

250 was considered, which experiment slow fading 
channels, i.e., the following relation is always satisfied:  

 
  Tslot < (∆t)c                                                                  (13) 

 
where Tslot = kOlmPn�  is the time slot duration,  Rslot is the 
transmitted power vector update rate, and (∆t)c is the 
coherence time of the channel. This condition is part of the 
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SINR estimation process, and it implies that each power 
updating accomplished by the DPCA happens with rate of 
Rslot, assumed here equal to 1500 updates per second. 
• Regarding the average transmitting power for the 
mobile units, PSO algorithm reached solutions with much 
smaller values of transmitting power to serve the same 
number of users. The author says that the resulting values 
of PSO algorithm are about 65% on average from those of 
GA algorithm [1]. This means that PSO algorithm was 
much better in searching the search space when we fixed 
the maximum number of iterations. 
•  Regarding the average received )*/+, the author found 
that the results obtained by GA algorithm are slightly 
better than those obtained by PSO algorithm [2]. This was 
an expected result because the solutions of GA algorithm 
used greater values for transmitting power and thus they 
probably will achieve better average received )*/+,. In 
spite of the fact that GA results are better than PSO 
results, the results for both algorithms are too close to each 
other. 
 

V. CONCLUSIONS 
 
The simulations results revealed that the proposed PSO 

approach can be easily applied to the throughput 
maximization problem under power consumption 
constraint in a large multirate system loading and realistic 
fading channel conditions. The algorithm has been found 
robust under a high number of active users in the systems, 
e.g. K ≥ 200, while held the efficient searching feature and 
quality solutions (Fig.5). Those features make the PSO 
resource allocation algorithm a strong candidate to be 
implemented in real multiple access networks. 

 
Fig. 5. Typical sum rate and sum power evolution 

with K = 250 users, Pmax =35dBm per user. 
 

In GAME, the proposed scheme performed acceptably 
during the experiments done to test it. The enhancements 
over the uncontrolled case are substantial. The received 
signal quality )*/+, on the average has seen an increase of 
up to 7.5 dB and the probability of having )*/+, below 
required level is decreased from 0.3 to 0.01(Fig.6). In the 
same time, the average power consumption is decreased 
by at least 20%. These improvements help enhancing the 

current users QoS and extend the base station coverage to 
serve more mobiles. 

 
Fig. 6. Average Probability  that received )*/+,, 

    is less than θ Vs. Number of Users. 
 

The only drawback is that the GAME is seen to be 
aggressive somewhat on bit rate cuts. We have seen rate 
decrease of up to 50% of the asked traffic. Also, the 
processing time to solve the optimization problem is seen 
to be proportional with the number of users.  

Regarding the outage probability, both algorithms 
achieved zero outage for small number of users. As the 
number of users increases, the outage probability appears. 
In general, the solutions of GA algorithm had outage 
probability greater than the solutions of PSO algorithm. 
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