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ABSTRACT. Introduction of micro-cellular networks offer a potential increase in capacity of cellular networks, but they
create problems in management of the cellular networks. A solution to these problems is self-organizing channel assignment
algorithm with distvibuted controll In this paper. we first present the model of cellular learning antomata and then a
collular learning antomata based dyvnamic channel assignment algorithm is introduced. The simulation results show that the
micro-cellnlar network can self-organize itself by using the proposed channel assignment algorithm as the network operates.

1 INTRODUCTION

With increasing popularity of mobile computing, demand
for channels is on the rise. Since the number of channels
allocated 1o the cellular network is limited, efficient man-
agement and sharing of channels among numerous users
become an important issue. The limited number of chan-
nels means that channels have to be reused as much as
possible in order to support the many thousands of si-
multaneously ecalls that may arise in any typical mobile
communication environment. In order to support wireless
communication for mobile hosts, geographical area cov-
ered by mobile network is divided into smaller regions

called eofls. Fach cell has o fixed server computer called
hase station {BS) which is located at its center. A num-
her of BSs are linked to o Axed compiner called mobede
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switching center (MSC) which also acts as a gateway of
the mobile network to the existing wired-line networks.
The BSs are connected to the wired-line network and
communicate with mobile hosts through wireless links
and with MSCs through wired-line links. A mobile host
communicates with any other node in the network, fixed
or mobile, only through the BS of its cell using wire-
less communication. If a channel is used concurrently by
more than one communication sessions in the same cell
or in the neighboring cells, the signal of communicating
units will interfere with others. Such interference is called
co-channel interference. However, the same channel Ca-_ﬂ =
be used in geographically separated cells such that their
signal do not. interfere with each other. The minimum dis-
tance at which co-channel can be reused with acceptable
interference is called co-channel reuse distance. The set."
of all neighboring cells that are in co-channel interferenc
range of each other form a ecluster. At any time, 2 channel
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can be used to support at most one communication ses-
sion in each cluster. The problem of assigning channels
to communication sessions is called channel assignment
problem.

There are several schemes for assigning channels to
communication sessions. which can be divided into a num-
ber of different categories depending on the comparison
basis. For example, when channdl assignment algorithms
are compared hased on the manner in which co-channels
are separated. thev can be classified as fized channel as-
sufrLte il (FCA ]-
and  hybrad chanoel assignment (HCA) schemes [1]. In
FCA schemes. a set of channels are permanently allo-
cated to each cell. which can be reused in another cell,
at sufficiently distance. such that interference is tolera-
ble. FCA are formulated as generalized graph coloring
problem and belongs to class of NP-Hard problems [2-
5]. In DCA schemes, there is a global pool of channels
from where channels are assigned on demand and the set
of channels assigned to a cell varies with time. After a
call is completed, the assigned channel is returned to the
global pool [6-11]. In the next paragraph, we describe a
more detailed description of two DCA schemes: channel
segregation [6] and reinforcement learning hased channel
assignment [7] which will be compared with the schemes

dynamae channel assigrment (DCA),

proposed in this paper.

The channel seqreqation s o distributed self-organized
chiammel assignment scheme in which each base station se-
lects o channel with an acceptable co channel interference
by scanning all channels. The seanning order is formed
independently for each cell on the basis of a channel se-
lection priority vector p. Fach base station keeps the cur-
rent value of channel selection priority p(i) for channel i
and selects a channel with highest priority value. In order
to determine co channel interference, the received power
level of the selected channel is measured. If the measured
power level is above (below) of a threshold value, the
channel is determined to be busy (idle). If the selected
channel is idle, the base station starts communication us-
ing that channel and its priority is increased. If the chan-
nel is busy, the priority of the channel is decreased and the
next highest priority channel is tried. If all channels are
busy, the call is blocked. In channel segregation scheme,
the value of the priority vector is updated in the following

ey,

if channel 7 is idle

i) =

—— it channel 7 is busy,
-
_\"l“""‘ Ny s the moaber of times channel 7 s selected.
The simulation resulis show that the chanmel segrega-
Hon striteey uses channels efficiently and decreases the

Mnber of intra coll handoff. that is, the reassignment, of

channels to avoid interference. Singh and Bertsekas have
been formulated the dynamic channel assignment using
dynamic programming and reinforcement learning is used
for solving it. In their formulation, state transition oc-
curs when a channel becomes free due to call departures
or when a call arrives at a given cell or when there is
handoff. In their approach, at each instant. the state of
svstermn consists of two components: the lists of occupied
and nnocenpied channels at each cell, which referred to
as configuration of cellular system and the event list (call
arrival, call termination, or handoff) that causes the state
transition. When a channel hecomes free, due to the call
departure in a particular cell, channels at a given cell
is rearranged. The aim of this rearrangement is creating
a more favorable channel packing pattern among cells.
The objective of this formulation is to assign channels to
calls which results minimization of the expected number
of blocked calls over an infinite horizon.

In HCA schemes, channels are divided into fized and
dynamic sets [7,12]. Fixed set contains a number of chan-
nels that are assigned to cells as in the FCA schemes.
The fixed channels of a particular cell are assigned only
for calls initiated in that cell. Dynamic set of channels is
shared between all users in network to increase flexibility.
When a request for service is received hv a base station,
if there is a free channel in fixed set then the base station
assigns a channel from fixed set and if all channels in the
fixed set are busy, then a channel is allocated from dy-
namic set. Anv DCA strategies can be used for assigning
channels from dynamic set.

In this paper, we first present cellular learning au-
tomata (CLA) model. The basic idea of CLA is 1o use
learning automata (LA) to adjust the state transition
probability of cellular automata (CA) [13,14]. Then we
propose a self-organizing channel assignment algorithm.
In order to show the feasibility of the proposed algorithm,
computer simulations are conducted. The simulation re-
sults show that the cellular network can self-organize the
assignment of channels by using simple channel assign-
ment. algorithm as network operates. The proposed al-
gorithm has been compared with two existing methods:
channel segregation algorithm reported by Furnva and
Akaiwa. and reinforcement learning algorithm reported
by Singh and Bertsekas. This algorithm segregates the
channels mnong cells of the network in sueh a wav that the
blocking probability is in an acceptable range. Fyen the
blockitig probability of the proposed algorithm is slightly
higher than the blocking probability for chiannel segre-
gation and reinforcement learning algovithms, but it re-
quires lesser munber of messages to be exchanged among
the colls.

The rest of the paper is organized as follows, In see-
tion 2, a brief review of learning automata is given and

o gt
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in section 3, the cellular learning automata is presented.
Sections 4 and 3 present the proposed algorithm and nu-
merical results, respectively and section 6 concludes the
paper.

2 LEARNING AUTOMATA

The automata approach to learning involves determina-
tion of an optimal action from a set of allowable actions.
An automaton can be regarded as an abstract object that
has finite number of actions. It selects an action from its
finite set, of actions and applies to a random environment.
The random environment evaluates the applied action
and emits a response. This response is used by automa-
ton to select its next action. By continuing this process,
the automaton learns to select the action with the best
response. The learning algorithm used by automaton to
determine the selection of next action from the response
of environment. An automaton acting in an unknown ran-
dom environment and improves its performance in some
specified manner, is referred to as learning automaton.
LA can be classified into two main families: fized struc-
ture LA and variable structure LA [15]. Variable struc-
ture LA are represented by triple < 3,0, T >, where 3
is a set of inputs, « is a set of actions, and T is learning
algorithm. The learning algorithm is a recurrence rela-
tion and is used to modify action probabilities (p) of the
automaton. It is evident that the crucial factor affecting
the performance of the variable structure LA, is learning
algorithm for updating the action probabilities. Various
learning algorithms have been reported in the literature.
In what follows, two learning algorithms for updating the
action probability vector are given. Let ¢; be the action
chosen at time k as a sample realization from probabil-
ity distribution p(k). In linear reward-epenalty algorithm
(Lp-ep) scheme the recurrence equation for updating p
is defined as

. _[pi(R)+ax[1-pjk)] if i=j
s {D_ffk)—axm{k) i Ggg 9
when (k) = 0 and
oy = Jrik)x (1 =h) if i=j
R o THIP R

when 3(k) = 1. Parameters 0 < b € a < 1 represent
step lengths and r is the number of actions for LA. The
a(h) determines the amount. of increase(decreases) of the
action probabilities. If « = b, then the recurrence equa-
tions (2) and (3) is called linear reward penalty(Lp_p)
algorithm and if b = 0, then the recurrence equations
(2) and (3) is called linear reward inaction(Lgr_;) algo-
rithm. LA have been used successfully in many applica-
tions such as telephone and data network routing [16],

solving NP-Complete problems [17], capacity assignment
[18] and neural network engineering [19, 20] to mention a
few.

3 CELLULAR LEARNING
AUTOMATA

Cellular automata are mathematical models for systems
consisting of large numbers of simple identical compo-
nents with local interactions. The simple components act
together to produce complicated patterns of behavior. CA
perform complex computation with high degree of effi-
ciency and robustness [21]. CA are non-linear dynamical
systems in which space and time are discrete. A CA con-
sists of a finite dimensional lattice of cells whose states are
restricted to a finite set of integers ¢ = {0,1,---,k —1}.
The state of each cell at any time instant is determined
by a rule from states of neighboring cells at the previous
time instant. Given a finite set ¢ and a finite dimension
d, CA can be considered as a d-dimensional lattice Z4 in
which every point has a label from set o.

Cellular learning automata (CLA) is a mathematical
model for dynamical complex systems that consists of
large number of simple components [13]. The simple com-
ponents, which have learning capability, act together to
produce complicated behavioral patterns. A CLA isa CA
in which a learning automaton (multiple automata) will
be assigned to its every cell. The learning automaton re-
siding in each cell determines the state of the cell on the
basis of its action probability vector. Like CA, there is a
rule that CLA operate under it. The rule of CLA and the
actions selected by the neighboring LAs of any cell deter-
mine the reinforcement signal to the LA residing in that
cell. In CLA, the neighboring LAs of any cell constitute
its local environment. This environment is a nonstation-
ary environment because of the fact that it changes as
action probability vectors of neighboring LAs vary.

The operation of cellular learning automata could be
described as follows: At the first step, the internal state
of every cell is specified. The state of every cell is deter- .
mined on the basis of action probability vectors of the
learning automata residing in that cell. The initial value
of this state may be chosen on the basis of past. experience
or at random. In the second step, the rule of cellular au-
tomata determines the reinforcement. signal to each learn-
ing automaton residing in that cell. Finally, each learn-
ing automaton updates its action probability vector on
the basis of supplied reinforcement signal and the chosen
action. This process continues until the desired result is
obtained. :

In [14], 2 mathematical methodology to study the be-
havior of the synchronous CLA is developed and its con-
vergence properties has been investigated. It is shown
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that the svnchronons CLA converges to a globally sta-
ble state for a class of rules called commutative rules.
The CLA can be classified into synchronous and asyn-
chronons CLA. In synchronous CLA, all cells are syn-
chronized with a global clock and executed at the same
time. In [22]. asynchronous cellular learning automata is
introduced and its behavior is studied. It is shown that
the svnchronous CLA converges to a globally stable state
for commutative rules. A CLA is called asynchronous if
at a given time only some LAs-are activated indepen-
dently from each other, rather than all together in par-
allel. The learning automata may be activated in either
fime-driven or step-driven manner. In time-driven asyn-
chronous CLA, each cell is assumed to have an internal
clock which awaken the learning automaton associated
to that cell while in step-driven asynchronous CLA, a
cell is selected in a fixed order or at random. The asyn-
chronons CLA in which cells are selected randomly is of
more interest to us beeanse of its application to cellular
mobile networks. Recently a number of applications for
CLA have been developed such as image processing [23],
rumor diffusion [24], image processing [25, 26], modelling
of commerce networks [27], fixed channel assignment in
cellinlar networks [5], and VLSI Placement [28].

Formally a d—dimensional asynchronous step-driven
CLA is given below.

Definition 1. A d—dimensional asynchronous step-
driven cellular learning automata is a structure A =
(Z%, &, A, N, F,p), where

1. Z% is a lattice of d—tuples of integer numbers.

2. @ is a finite set of states.

4 is the set of LAs each of which is assigned to each
cell of the CA.

N = {F1.F2,---.Fn} is neighborhood vector.

F : @™ = 3 is the local rule of the cellular automata.
po1s an n X n dingonal activation matriz and repre-

]

SRR

sents the step driven vector, where p;; is the activa-

tion probability of learning automata in cell i. When-

pa=lfori=1,..., n, the CLA s synchronous.

4 THE PROPOSED CHANNEL
ASSIGNMENT ALGORITHM

In this section, we propose a CLA based dynamic chan-
nel assignment algorithm for cellular network. In the pro-
posed algorithm, we use an asynchronous cellular learning
automata for dvnamic assignment of channels in cellu-
lar networks. We assume that the cellular network has
n cells and m full duplex and interference free channels.
In order to assign channels to calls dynamically, we use
an asynchronous cellular learning automata with n cells

and m. learning automata of Lr_; type in each cell. Each
learning automaton in any particular cell corresponds to
a channel. Let 4; (for i = 1,...,n) be the learning au-
tomaton correspondirg to channel i. The action set for
all learning automata in the cellular learning automata is
a = {0,1}, where 0 means that the channel correspond-
ing to this learning automaton is not a candidate channel
for using in this cell while 1 means that the corresponding
channel is a candidate channel for using in this cell. The
neighboring cells of each cell are cells in its interference
region. That is cells in a cluster of cells are the neighbors
of that cell. The local rule determines whether or not the
channel selected by a cell interferes with channels used
in the other cells in cluster. The result of rule is 1 if the
chosen channel doesn’t interfere with other channels in
the cluster and 0 otherwise.

To compute the result of the local rule, any base station
needs to know whether or not. a candidate channel is being
used in the neighboring cells. This is usually implemented
by transmission of messages among the base station of
the activated cell and the base stations of its neighbor-
ing cells. The transmission of such messages wastes the
bandwidth of wire-line network and also increases the re-
sponse time of the channel assignment algorithm. The
burden of message transmission among the neighboring
base stations can be eliminated by using interference de-
tection hardware in each base station. By using such a
hardware, each base station can determine the number of
used channels in its neighboring cells without any mes-
sage transmission. Using the statistical data of interfer-
ence detection, each learning automaton in a given cell
learns the interference map among the base stations. The
proposed algorithm causes the base station to give higher
priority to some channels (by increasing the probability
of action 1 of the corresponding learning automaton) and
low priority to other channels.

The activation matrix p for the asynchronous cellular
learning automata is obtained by taking expectation from
product of two nm x nm diagonal binary matrices r; and
7,, i.e. p = E[z,m,]. The matrix =, is called cell activa-
tion matriz and determines when a cell is activated. Ele-
ments (i,1) (for (7 —1)m < i < jmn) of matrix 7; become
equal to 1 when cell 7 (for j = 1,...,n) is activated.
It is apparent that when a call arrives to any particu-
lar cell, that cell is activated. Thus E[m (,7)] = 1/A;
(for (j — 1)m < i £ jm) and j = 1,2,...,n. The ma-
trix m, is called learning automata activation matriz and
determines when a learning automaton in the activated
cell is activated. In other words, the matrix =, deter-
mines the order according to which learning automata
in the activated cells are activated. Elements (7,7) (for
(j —1)m < i < jm) of matrix 7, are equal to 1 when
learning automaton A; (for k =i —(j — 1)m) in cell j
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(forj=1..... n)is activated. Thus B [ma(i i) |m (i,8) = 1)
(for (j = Ty < i < jmand j = 1.2,....n) is the fre-
quency of activation of the learning automaton 4y (for
k=i=(j=1)m)incell j. The matrix 7, is determined by
the call arvival rate while the matrix 7, can be obtained
in varions ways. In the rest of this section, we consider
some strategies for obtaining the matrix m,.

Fixed sweep strategy : Suppose that a call arrives
incell j (for j=1,..., n). Then, the learning automata

in cell j are activated according to matrix m,, which is
recompitted every time a learning automaton is activated.
When o eall arrives ot cell 4. and there is no candidate
channel to be assigned. then the incoming eall will be
bilocked

The recomputation of =, is done in the following way.
Suppose that cell y is activined. then as indicated in the
previous paragraph @ (/.0) becomes 1 for i = (j — Dim +
T Jrovand 7o) = T+ 1.0 = 1bm + 1) becomes 1.
The remaining elements of 7, are computed according to
the following rule.

1 Wmii)=landm(i-1,i-1)=1
Tali, i) =
() otherwise,
(4)
fori=(-I)m+1,...,jm.

In other words, in this strategy, the learning antomata
in cell j are activated sequentially in increasing order of
their numbers in the list of learning automata for cell of
J until a channel is found for the assignment.
Maxinnum usage strategy @ Suppose that a call ar-
vives i eell j (for j = 1000 o) Tnomaxinnun nsage strat-
eev. the learning avomatia in coll J oare activated in de-
ereasing order of their usage of their corvesponding chan-
nels in the cell jontil a channel is found for the assign-
ment. When there is no channels to be assigned 1o the
imcoming call. the incoming call is blocked. T this strad-
cov, the learming sovomaton 4, s activated in the Ath

i)
'

is the kth largest
element in usage vector w! = {u]. ud, ... ud,}, where u/
is the number of times that the channel 7 is assigned to

the calls in cell 5.

stige of the activation of cell jif

Minimum usage strategy : Suppose that a call arrives
in cell j (for 7 = 1,...,n). In minimum usage strategy,
the learning antomata in cell j are activated in increas-
ing order of their nsage of their corresponding channels in
cell juntil a channel is found for the assignment. When
there is no channels to he assigned to the incoming call,
the incoming call is blocked. T this strategy. the learning
moraton 4, ds activined inothe kth stage of the acti-

vition of cell p il a? s the Erhesmallest element in usage

vector w = {ud,ud, ... w) }, where u! is the number of

times that the channel i is assigned to the calls in the cell
s

Random sweep strategy : In this strategy, the learn-
ing automata in cell j are activated in random order.
First a sequence of indices are generated randomly and
then learning automata are activated according to the
generated order.

5 NUMERICAL EXAMPLE

To verifv the proposed channel assignment algorithm,
computer simulations are performed. It is agsumed that
soven base stations, which are organized in a linear ar-
rav. shares 5 full duplex and interference free channels.
The interference constraints between anv pair of cells is
represented by an integer, which prescribes the minimum
gap that exist. between channels assigned to cells in order
to avoid interference. The interference constraints for all
cells are represented by matrix €. The element (i, j) of
matrix C' represents the interference constraint. between
cells © and j. The interference constraint c(7,j) for the
problem used in our simulation is defined as follows. Let,
d(i,j) represents the normalized distance between the
centers of cells 7 and j, where the distance between cen-
ters of adjacent cells are unity. Then we have

1 if d(i,j) < 2
o(i,5) = (5)
0 otherwise.

If there is no interference between a pair of cells, then
the corresponding elements in matrix C for this pair is
defined as zero.

For the simulations reported in this section. we assume
that the arrival of calls is Poisson process with vate A and
channel holding time of calls is exponentially distributed
with mean = 1/3. We also assume that no handoff
occeurs during the channel holding time. The results of
simulations that are reported in this section are obtained
from 120,000 seconds simulations. Figure 1 shows the av-
erage blocking probability of calls for different strategies
reported in the previous section and compares with the
results obtained for the channel segregation and reinforce-
ment learning algorithms. Figure 2 shows the evolution
of the blocking probability for different strategies pro-
posed in the previous section for a typical run. Figure 3
shows the evolution of the number of interfering channels
(the number of candidate channels that interfere with the
chimnels being used in neighboring cells) as the cellular
learning antomata operates, This figure shows that the
munber of interfering channels s deereased as the resalt
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of learning. That is the cellular learning automata segre-
gates channels among the cells of the network.

Figure 4 shows the number of messages transmitted
(normalized to the number of calls arrived to the net-
work) among the cell and its neighboring cells. Figure 5
shows the changes in the number of messages versus time
for a tvpical run. This figure shows that the number of
message transmission among the cell and its neighbor-
ing cells is decreased as the network operates. Figure 6
shows the number of candidate channels before a chan-
nel s assigned 1o ealls. Figure 7 shows the number of
candidate channels before a channel is assigned 1o calls
as the network operates. The figures 8 through 11 show
the probability of assigning different channels to different
cells.

Remark 1. An important issue in the CLA based channel
assignment algorithing is the speed of converges. An ex-
ample of the convergence process is shown in figures 2 and
3. These figures show that the proposed approach quickly
reaches to a sub-optimal allocation. Convergence to a so-
lution which is an optimal allocation, if CLA can reach
it, takes large amount of time. The time period required
for convergence may be an order of months, which is long
time in real applications. This time may be reduced by
using other learning algorithms such as stochastic esti-
mator [29] or pursuit learning [30] algorithms.

Remark 2. The final probability vectors of learning an-
tomata determines the performance of the CLA based
channel assignment algorithm. The algorithm may be
evolve in such a way tluat each probability vector con-
verge to a unit vector or to a nonunit vector. In case
that each probability vector converges to a unit vector,
the final configuration of the CLA determines a pattern
of allocation, which is fixed and cannot be changed dur-
ing the operation of the system. This situation is useful
when the traffic is stationary. In non-stationary traffic
conditions, the convergence of each probability vector to
a nonunit vector is more suitahle. This is because, the
allocation pattern will not be fixed and can adapt itself
to incoming traffic.

Remark 3. If the results of the interference detection
hardware are correct and there are no change in the prop-
agation conditions during channel holding time, then the
co-channel interference will never happen. Interference
detection results, however, are not always correct because
of fading phenomenon. Even, if the interference detection
results are correct at the time of observation, the channel
may suffer interference from changes in the propagation
due to the movement of the mobile user. Therefor, it is
impossible to perfectly avoid the interference so far as the
channel assignment is based on the result of interference
detection hardware. There is also another source of in-
terference, which happen when two hase stations try to
1se the same channel at the same time since their cor-
responding interference detection results show that this
channel is idle. The proposed algorithm due to its learn-
ing capability decreases the probability of selection of the
same channel by two base station simultaneously. This is
because as the time goes by the pattern of allocation of
channels among the cells becomes more stable. Of course
if the traffic conditions change, a-new pattern of alloca-
tion will be adapted by the algorithm.

6 CONCLUDING REMARKS

In this paper, an application of asynchronous cellu-
lar learning automata to channel assignment to cel-
lular mobile system has been presented. In order to
show the power of the proposed algorithm, which is a
self-organizing channel assignment, computer simulations
were conducted. Simulations showed that the proposed
algorithm segregates the channels among cells of the net-
work in such a way that the blocking probability is in
an acceptable range. Even the blocking prohability of
the proposed algorithm is slightly higher than the block-
ing probability for channel segregation and reinforcement
learning algorithms, but it requires lesser number of mes-

sages 1o be exchanged among Lthe cells,
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