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ABSTRACT. IrUl"Odu("lioll of micro-cellular net.works offer a pot.ent.ial increa.c;e in capacity of cellular net.works, but. they

nc'all' pl"ll"ll'lII~ ill III<UIaj!,I'IIIf'1II of t.he rellular lIetworks, A solut.ion to t.hese problems is self-orj!;ani7.inj!; channel a.c;sij!;nment

a Il-(l11'1110111\\"ilh cli~lrihllll'd ('111111"01.III this papPI'. \\'1' firs! presellt thf' mociel of cellular learninj!; aut.omat.a anci t.hen a

1'l'lIlIlar II'"rllill/!, allllllllal" hasf'd dnlilllli(" dmnllf'l a si/l;nlllellt algorithm is int.rociuceci, The simulation result.s show t.hat t.he

IIlino-('l'lIular 111'1work ("all sf'lf-or!!;alli7.f> it.splf bv usin!!; t.he proposp.ci c.hannel a.c;signmp.nt. alj!;orithm a t.hp. net.work operat.p.s.

1 INTRODUCTION

Wil h illlTpasinl?, popularity of mohilp r.omput.ing, demand
for ("hiillllpls is Oil I he rise. Sincp t.he number of channels

al1oca.l.Pd 1.0 I,he cellula.r net.work is limited, efficient. man-

agPlIIpllt. a.nd sharing of channels among numerous users
br-cornp an import.ant. issue. The limit.ed number of chan-
I!pls mPitllS t.hat. channels have t.o be reused as much as

possihle in order t.o support. t.he many t.housands of si-

lIIull.aneously calls t.hat. may arise in any typical mobile
cOlllmunicat.ion e!1\'ironment.. In order t.o support. wireless

cOInlllllnicat.io!1 for mohilp host.s, geographical area cov-

I'l'l'd h,' l!Iohill' 111'1work is cli,'idpd into smaller I'f~gions
c';dll'd ,.,-1/.\, Fac'h 1'1.11ha,; a fixl'd spn'l'r ('oll1lJ\lIl'r callpr1
1/11..'",fal/rlll (BSI. "'hid, i.; I,,(-all'd al ifs ('1'1111'1',A nllll1-

1)('1'"I' BS.., an' linkc'" Ic. ;c tixl'd ('1111111111('1'c;)lIl'<I fT/.obi.I/.

. Thi.. work i~ panial'" ~lIpporlc'rll)\' Il'alliall Telp(,tHllllllllli-

Iillll Rpspar!'h CpIII..r (ITHC). Tphrall. Irall,

S1I1it/:hin,IJr:enter (MSC) which a.lso act.s as a ga.t.eway of
t.he mobile net.work t.o t.he exist.ing wired-line net.works.
The BSs are connect.ed t.o t.he wired-line net.work and

communicat.e with mobile host.s t.hrough wireless links
and wit.h MSCs t.hrough wired-line links. A mobile host
communicat.es with any ot.her node in t.he net.work, fixed
or mobile, only t.hrough t.he BS of it.s cell using wire-
less communication. If a channel is used concurrently by
more t.han one communication sessions in the same cell

or in the neighboring cells, the signal of communicating
unit.s will interfere with others. Such int.erference is called

co-channel interference, However, t.he same channel r.a.n
hp used in geographically separat.ecl cells such t.hat. t.heir
signal cIonot int.erfere wit.h each ot.her, The minimum dis-
Ianc'l' al which co-channel can bp rpusp<! wit.h accept.ahle,
inl I'l'f(~rl'nc(> is ('allp.d (:(}-/:hILTl.1Ld1'I:use rlistlLn/:e, The seL,

of alllwi!?;hhoring cells tha.t. arp in c:o-channp.1 interferenCI!;j
rang!> of each other fonn a d7Lste7'. At allY time, a chann~JJ:';;
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can be used to support at most one communication ses-
sion in each dust.er, The problem of assigning channels
to communication sessions is called channel assignment
pmblp.1TL,

There are several schemes for assigning channels to
C'OllllllllllicalionSf'ssiolls. whic:h can be divided int.o a num-

bC'r of ditfC'rPIII c'al l'~oriC's dc>ppnclill!!; 011 t.hp cOlTlparison
basis. Fur pxalllpll'. ,dll'lI I'Il;lIllIc~1aSSi!!;lIlIlC'lIlal/!;ol'ithrns

an' c'OIlIpan'd l"lsc'd 1111,111'111;111111'1'ill whic'h c'o-c:haIllIE'ls
;Jr{' sl'pal'a' I'd. 111(,,' call bC' 1'I,lssitiC'd as ji:/:I'rl t:l/./mndlLs-

.,; 'fl/./ItI'1/./.(FC'..\) , dYUII,l1I.il'I'luL1/.l/."zILssiqump.1LI, (DCA).
alld hylwul ,}/./u/.II.dILssilfU'I/!I:ILI,(HCA) sc:hpOIPs[1], 111
FCA SCllpIIII'S.a SI'I of ('hallllds arE' ppl'rnanelllly allo-
c'alpc\ to C'<lchcd!. whi('h ('an be reused in anot.hpl' cell,
<It.sllffic:ientIy distance. sllch t.hat. int.erference is tolera-
blp. FCA al'E' formulat.ed as generalized graph caloring
prol>lpl1Iand helml!!;s t.o class of NP-Hard problems [2-
5]. 111DCA sc:helTles. t.herE' is a global pool of channels
frolTlwllf're channels ,ue assigned on demand and t.he set
of rhannels assigned t.o a cell varies with time. After a
rail is completed. t.he assigned channel is returned to the
global pool [6-11]. In t.he next. paragraph, we describe a
more det.ailed descript.ion of t.wo DCA schemes: channel
segregat.ion [6] and reinforcement. learning hased channel
assi!!;nlllrnl [7] which will he compared wit.h t.he schemes
pnll){)sC'd ill IlIis liapl'r.

Till' '}/.(II/I/."/ '1"/('('f(,tIi()(/ is a CIiSIrihllll'd sl'\f-ol'/!;;lIIiz('d

1'110111111'1assi1!.111IIC'I11~I'III'IIII' ill ,dli('h C';\I'IIhasC' sI al ion Sl'-
\c'('IS a ('hallllC'1 wil 11;111,1I,(,l'plahll' ('0 ('harlllE'l inlPl'fprc'nc'r

11\' s('annill/!; all 1'1la 1111pis., Thp sc'anninp; orch~1' is fOl'lTIl'd

irlClpl>I'lIdpnl.\.\' fol' (~a('h ('I'll on Ihl~ basis of a chanrwl se-
II'c'lion pl'ioril~' \,pC'IOI']1, EaC'h hasp st.ation kl'eps t.hr C'\II'-

I'pnl \'alm' of ('halllll'l s1'\1'c'1iOIl pl'ic'>rit~' /I(i) fol' rhannf'l i

and sI'\P('1sa ('ha 11111'1with hi!!,llI'st. priorit.~, value. In order

10 dC'11'1'111iIll' ('0 ('hannpl illtf~rfE'renc:e.t.he recei\'ec\ power
Ip\'1'1of 1111'sl'lpcI pd ('lIalmpl is lTIeas\II'ecl. If t.he nleasured

POWI'I' 11'\'pl is aho\'p (helow) of a t.hreshold value, t.he

dlannrl is det.ermined t.o he husy (idle), If t.he select.ed
channel is idle, t.he hase st.at.ion st.art.s communicat.ion us-

ing t.hat. channel and it.s priorit.y is increased, If the chan-

nel is busy, t.he priorit.y of t.he channel is decreased and the

IIPxl hil!;hest priorit.y channel is t.ried, If all channels are
hlls~'. t hp mll is hlockpcl. III channel segre/1;at.ion scheme,
II\(. \'ah\1' of IIIC'priori 1\' \'I'C"or is npda wd in t.ll(~followinp;
lllillllll'r.

{
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11'1",1'1'.\'(i) is 1111' 1111111111'1of 1illll's I'lIallll('l i is splp('ll'd,

Till' Sillllllal illll n''';1I11 ~ sill Ill. IlIal 1111' ('halllll'l sl'1!.I'('/!;a-

lioll -ll'alf'1!.." ns(''o I'lIalllll'ls I'HidplI1 h' and dpnpa.~I~s ,hp

11111111)(.1'of illt ra ('(,11 halll(ofL I ha I is. t.hC' l'(~assi!!,nn\C'nt. of

channels t.o avoid int.~rference. Singh and Bert.sekas. have
been formulated the dynamic channel assignment using
dynamic programming and reinforcement learning is used
for solving it.. In their formulation, st.at.e t.ransit.ion oc-
curs when a channel becomes free due t.o call depart.ures
or when a call arrives at. a t!;iven cell or when t.here is
hanrloff, In t.heir appro<lJ:h. at. each inst.ant. t.hE'st.at.e of
s~'stem consists of t.wo c.omporwnt.s: t.he list.s of oc:c:npierl
allcl nnolTnpipcl channels at each c:ell, whic:h rE'feITedt.o
as C'Onfip;1II'ationof c:f~lInlal'syst.em anrl t.hp eVfmt.list. (call
arrival, call t.p.l'lninat.ion. or handoff) t.hat. causes t.he st.at.e
trallsit.ion, \Vhell a channpl hecomes free, clue t.o t.hp call
clepart.lII'p. in a part.icular cell. channels at a given c:ell
is rearranger!. The aim of t.his rearrangement is creat.ing
a more favorahle channel packing patt.ern among cells,
The object.ive of this fo~mulat.ion is t.o assign channels t.o
calls which result.s minimizat.ion of t.he expect.ed number
of blocked calls over an infinit.e horizon,

In HCA schemes, channels are divided int.o fixed and
dynamic set.s [7,12]. Fixed set. cont.ains a number of chan-
nels that. are assigned to cells a...c;in t.he FCA schemes,
The fixed channels of a part.icular cell are a...c;signedonly
for calls init.iat.ed in that. cel!. Dynamic set. of channels is
shared bet.ween all users in net.work t.o increa...c;eflexibilit.y,
\Vhen a request. for service is receiverl hy a hasE' st.ation,
if t.hl'l'e is a fn~f'c:hannl'! in fixpr\ SI" thpn tllf' has!' st at.ioll

;\.~siI!;IISa dlalllll'l fl'OlIIfixpd spI and if all ('hannl'ls in thp
tixl'd sl't an~ hnsy. t.hell a challllf'l is allc)('at.pc!froIII d~'-
nallliC'spL AllY DCA st.rat.e!1;ic!scan Iw used for assigninp;
challnl'!s from d;lmamic: Sf't. .

~ I

d

(1)

In t.his paper. we first. presC'n' cellular Ipal'lling au-

t.oJlIat.a (CLA) moclel. Thl' hasi(' i(if'a of CL\ is 10 uSP

learnin/1; automat.a (LA) t.o acljust. 1.llC'st.at.e transit.ion

probahilit.y of cellular aut.omat.a (CA) [13,14], Then we
propose a self-organizing channel assignment. algorit.hm,

In order t.o show t.he feasihilit.y of t.he proposerl algorithm.

comput.er simulat.ions are conrluct.er\, The simulation re-
sult.s show t.hat. t.he cellular net.work can self-or/1;anize t.hE'

a...c;signment of channels by using simple channel assign-
ment, algorit.hm as net.work operat.es, The proposed al-

gorit.hm has heen compared wit.h t.wo exist.inp; nwt.horls:
channel segregat.ion alp;orit.hm report.E'd by FlII'uya and
Akaiwa. ane! reinfOl'CI'IIwnt. IE'itl'lling al/1;oril hm rl'port.l~d

h.v Sinp;h ane! Bprt.srk;L-;, This algOl'it hm sl'gn'p;al rs t Iif'
dl;1I1I11'1sa1l10ng ('l'lIs of 1111'111'1\\'OI'k in sn('h a l\'iI\' Ihal IhI'

hlo('kill!!, pl'Ohahilil\' is in ;nl ;1I'('pplahll' rall~l'. E\'f'n 1111'
hloddlig prohahilil.\' lIf 1111'pl'Oposl'd algllrillllll is slighl h'
lIi~IH'r Ihall IhI' hlo('killg proha hilil \' for ('ha 11111'1sl'~n'-

gal ion alld rl'illfor('('IIII'lIt Ic'al'llill!!, al!!,orilllllls. 1)\11il 1'('-
qnin's Il'ssl'r IInllll)('r of nll'ssa~I'S 10 hI' I'Xdl;llIg{'d alllllll1!.
I Ill' ('('11s.
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TIll' I'('SI. of t Ill' papPI' is OI'!!,anizpd as fllHows, III S{,C'-

t.ioll 2. a hrief I'('\'il'\\' of (I'amin!!, aut.olllal.a is gin'n alld 11
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in ser.t.ion 3, t.he r.ellular learning automata is presented.
Sec.t.ions 4 and 5 present. t.he proposed algorit.hm and nu-
nll'rkal I'(.snlts, rl'spPC"t.i\'I'I.\'and ser.t.ion 6 mndndes t.he
palwr.

2 LEARNING AUTOMATA

The aut.omat.aapproar.h t.o learning involves det.ermina.
tion of an opt.imal act.ion from a set. of allowable ar.t.ions.
An aut.omal.onr.an bE'regarded as an abst.rar.t.object. t.hat.
has finit.enumber of ar.t.ions.It. selects an act.ion from its
finit.eset.of ar.tions and applies to a random environment.
The random environment. evaluates the applied action
and emits a response. This response is used by automa-
ton 1..0select its next action. By continuing this process,
the aut.omaton 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 1..0as learnin9 automaton.
LA ('an he classified int.o t.womain families: fixed stmc-
l1t7'P'I,A and 7mnrlhlp..~t71lr.tllrp.LA [15]. Variable st.ruc-
1nl'(' LA arl' I'l'presenll!d by triple < i3,(),T >, where r3
is it Sl't of input.s, (} is a Sl!t.of ar.t.ions,and T is learning
algorit.hm. The learning algorit.hm is a recurrence rela-
t.ionand L<;used t.o modify action probabilit.ies (p) of the
aut.omat.on.It. is evident. t.hat.t.he crucial fact.or affect.ing
t.he performance ,?ft.he variable st.ruct.ureLA, is learning
algorit.hm for updat.ing the act.ion probabilities. Various
lE'.arningalgorithms have been reported in the literature.
In what. follows,two Jearning algorithms for updat.ing the
act.ion pro~ability vector are given. Let ai be the action
chosen at. t.inie k as a sample realization from probabil-
ity distril.>utionp(k). In linear reward-epenalty algorithm
(Ln-<p) scheme the recurrence equation for updating p
is defined as

"

pj(k + 1) = {
pj(k) + a x [1 - pj(k)]
pj(k) -.a x pj(k)

if i =j. (2)
if i:l: J

wlwlI :1(k) = 0 and

if i = j
if i:l: j

when p(k) = 1. Paramet.ers 0 < h « a < 1 represent.
.~tP.plen.qthsand r is t.he number of act.ions for LA. The
a(b) det.erminE'st.he amount. of increase(decreases) of t.he
ar.tiol1probabilit.ips. If a = b, t.hen t.he recurrence equa-
t.ions (2) and (3) is called linear reward penalty(Ln-p)
algorit.hm and if b = 0, t.hen t.he recurrence equations
(2) and (3) is called linear reward inaction(LR-d 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 ment.iona
few.

3 CELLULAR LEARNING
AUTOMATA

(3)

Cellular aut.omat.aare mathemat.ical models for systems
consist.ing of large numbers of simple ident.ical compo-
nent.s 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 cellswhose states are
restricted to a finite set of integers t/J= {D,1", '. k - I}.
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 t/Jand a finite dimension
d, CA can be considered as a d-dimensionallatt.ice Zd in
which every point has a label from set (/). .

Cellular learning aut.omat.a (CLA) is a mat.hemat.ical
model for dynamical complex syst.ems t.hat. consist.s of
large number of simple component.s[13].The simple com-
ponents, which have learning capability, ar.t t.ogether to
produce complicat.edbehavioral patt.erns. A CLA is a CA
in which a learning aut.omaton (multiple automata) will
be assigned to it,severy cell. The learning aut.omat.onre-
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 operat.e 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 L.Asof 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 st.at.e
of every cell is specified. The st.at.eof every cell is deter- .
mined on t.he basis of act.io'nprobabilit.y vect.ors of t.he
learning aut.omat.a residing in t.hat.cell. The init.ialvalue
of t.hisst.at.emay be.chosen on the basis of past.experience
or at. random. In t.hesecond st.ep, t.herule of cellular au-
t.omat.~det.ermines t,hereinforcement.signal t.oeach learn-
ing aut.omat.on residing in t.hat.cell. Finally, each learn-
ing aut.omat.on updat.es it.s act,ion probabilit.y vector on
t.he basis of supplied reinforcement signal and t.hechosen
act.ion. This process cont.inues until the desired result is
obt.ained.

In [14]. a 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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Ihal Ihp snlC'hronons CL-\ convf~rges t.o a glohally st.a-
blp sI at.f' for a da.ss of rules r.alled commut.at.ive rules.
Thf' CL:\. can be classified int.o synchronous and a,~YTl-
chT"ll1!01/.SCL\. In synchronous CLA, all cells arp. syn-
chronizpd wit.h a global dock and p.xp.cut.p.dat. t.hp.samp.
Iimf'. In [221. asynchronous cp.llular lp.arning aut.omat.a is
ini,roducp.d and it.s bp.havior is st.udip.d. 11,is shown that.

t.hp s,vnchronous CLA convp.rgp.s1.0a globally stable sl.ate
for (,oIJuTlulal.ive rules. A CLA is called asynchronous if
at. a given t.ime only somp. LAs' are activated indepen-
dp.nt.ly from p.ach ot.her, rather than all together in par-
allel. Thp. learning automata may be activated in either
time-driven or step-driven manner. In time-driven asyn-
chronous CLA, each cell is assumed to have an internal
dock which awakp.n t.he learning automaton associated
t.o t.hat cp.1Iwhile in sl,ep-driven asynchronous CLA, a
rpll is sf'lerlf'd in a. fixed order or at. random. The asyn-
('hrolllms CL.-\ in which ('plls are sdecled randoml~' is of
11101'1'illlprpsI I() liS 11I'('allsp of it.s appliration t.o rf'lIular

lIIobiIf' npl.works, RpCf'nlI,v a nllmbpr of applicalJOnS for
CL.-\ haw heen devf'loped such as image processing [23),
mmor diffusion [24], imar;e processing [25,26), modelling
of comrnp.rce nelworks [2i], fixp.d channel assignment. in
rplllllar nplworks p>],ami VLSI Plarement. [28].

Formallv a d-dirnp.nsional asynrhronous st.ep-driven
CL.-\ is r;i\'en helow.

Definition 1. A d- dimensional
driven cellular learnin,q automata
(Zri,CP,,4.,N,;:,£!.),where

a.~ynchronous step-
is a structure A =

1. Zri is a lattice of d-.tuples of integer numbers.
2. p, is a finite set of states.
.'/. .4 i,~the .~et of LAs each of which is assigned to each

cell of the CA.

4. ;\' = {Xl, :r.'l, .. . . x,;,} is nei.'Jhborhood vector.

.5, ;:: p,';' -+ j i.~the locrLlmle of the r:ellular automata.
6, 1I is an /I X/I rliaqr}'(!al nr.l.ivfLt'ion 11I.fLt77,:r.rmrI 7'epre-

:;r'uls I.h,. slp.]1rlri'twu IWf'l.OI'.1/I'1I~n~Il;i is thp. activa-
tion ]Imhahilily ()f lr~IL771i1!1JrL1Lto7T1nlain r:ell i. When'

Ilii = ], for i = 1,...,11,. lhe eLA is sY1/.chnm()1f..~.

4 THE PROPOSED CHANNEL
ASSIGNMENT ALGORITHM

In Ihis sprt.ion, WPproposp. a CLA ba..c;eddynamic chan-
nI'l a..c;signment.algorit.hm for cellular net.work. In the pro-
posed algorit.hm, we use an asynchronous cellular learning
amomat.a for dynamic a..c;signmenr.of channels in cellu-
lar np.t.works. \-Ve a.c;sume t.hat. the cellular network has

n. rp.lIs and m. full duplex and int.erference free channels.
In order t.o a..c;sil!;nchannels t.o calls dynamically, we use
an a..c;ynrhronous rellular learning aul.omal.a wit.h n cells

and m. learning aut.omat.a of Ln-f t.ype in each cell. Each
Ip.arning aut.omat.on in any part.icular cell corrf'~c;pondst.o
a rhannp.\. Let. Ai (for i = 1,..., n) be the learning au-
t.omat.on c:orrespondirg t.o channel i. Thp. act.ion sP.t.for
alllp.arning aut.omat.a in the cp.llular learninl!; aut.omat.a is
Q:= {O,I}, where 0 means t.hat. t.he channp.I corrp~c;pond-
ing 1.0t.hislearning aut.omat.onis not.a candidat.e channel
for using in this cell while 1 means t.hat 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 t.he
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 clust.erand 0 ot.herwise.

To compul.p. t.he rp.sull.of t.hp.local rulp., any ba..c;est.at.ion
np.eds t.o know whet.hp.r or nol. a randidat.p. channel is hp.ing
used in t.he neighborinl!;'rells. This is usually implement.p.d
by t.ransmission of messages among t.he ba..<;p.sl.ation of
t.he aCI.ivat.p.dcell and t.he ba..c;est.at.ions of it.s neighbor-
ing rells. The t.ransmission of such messagp.s wa..c;l.esI,hp.
bandwidt.h of wirp.-line net.work and also increasf'_c;t.he rp.-

sponse t.ime of t.he channel a..c;signment.algorit.hm. The
burden of message t.ransmission among t.he neighboring
ba.c;est.ations can be eliminated by using interference de-
I,ect.ion 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 dat.a 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
priorit.y to some channels (by increasing the probability
of action 1 of t.he corresponding learning aut.omaton) and
low priorit.y t.o ot.her channels.

Thf' art.ivat.ion mat.rix p for I.he a..c;ynchronous rp.llular
If'arning automat.a is obt.afnp.d by t.aking expect.at.ion from
prnd1H:t.of t.wo nrn. x nm. rliagonal hi nary mal.rices 1[1and
1[2' i.e. fJ = E [1[11[2]'The mat.rix 1[, is called cell actitla-
tion mritri:,:and dp.t.erminp.s when a cell is act.ivat.ed. Ele-

ment.s (i, i) (for (j - l)m < i S jm) of mat.rix 1[1 hecome
equal 1.0 1 whp.n cell j (for j = 1,...,71) is act.ivat.ed.
It. is apparp.nt. t.hat. when a call arrives 1.0 any part.icu-
lar cp.ll, t.hat. cell is activat.ed. Thus E [11"1(i, i)] = 1/).,j
(for (j - l)m < i S jm) and j = 1,2,..., n. The ma-
t.rix 1[2is called learning automata actitlation matrix and
det.ermines when a learning automaton in t.he act.ivat.ed
cell is activated. In other words, the matrix 1[2 deter-
mines the order according to which learning automata
in the activated cells are act.ivat.ed.Element.s (i,j) (for
(j - l)m < i S jm) of matrix 1[2 are equal t.o 1 when
learning aut.omat.on Ak (for k = i - (j - l)m) in cp.ll j ! '
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(for j = 1 .11.) is acl.ivat.c~d. TllIIs E ["'2 (i. i)lITI (i, i) = 1]
(for (.i -1)111 < i::::)1I/ and j = ].2 ,11,) is t.hp frp-

qlwncy of arl,ival,ioll of dIP Ipa.ming aut.omat.on ..h (for
A.= i - (.i - 1)111.)ill cpllj. Thp mat.rix 11:1is dpt.prminpd by
Ihp raIL arri\'a.1 ral.p whilp t.lw mat.rix 11:2can bp obtainpd
ill various ways. In t.he rest. of this spct.ion, wp c:onsidpr
SOlllpst.ra.tpgies for obt.aininl?; t.hp mat.rix 11:2'

Fixed sweep strategy: Suppose t.hat. a call arrives

ill cpll j (for j = 1,...,11,). Thpn, t.hp learning aut.omat.a
in cpll j an'! act.ivat.ed according t,o mat.rix 11:2' which is

rPI'ompllt.pd evpry t.imp a leaminl?; aut.O:mat.on is act.ivat,ed.
\\'IH'II a rail arri\"ps al cPll .i. alld thf>rf' is no candidatp

,'h;1I11I1'1III 1)(' ;hSi,~III"1. 1111'111111'illl"Olllillg rail will hp
hllll"k, ,d.

Th,' 1"1"'1111IJ>I11;11illll IIf ~.~ is dOIIl' ill 1111' follO\\'illg wa\'.

SlIppOSP Ihal cpll .i is ani \';11pd. IhPII as illdical.Pd ill the

prp\'iolls paragraph 71'1(i. i) bp('()nlPs 1 for i. =(.i - ])/11.+
1 .)1/1 alld :i2((.i - 1)/11 + 1. (.i - 1)111+ 1) Iwromes 1.
Thl' n-'maillillg I'lplIlPlIl.S of ir2 an. rOlllputpd accordinl?; to
I hp followillg mll'.

if 71'di..i)=] and 7r2(i-l,i -1) = 1

ol.hprwisp,

for i = (j - 1)m + 1" '.' ,jm,
In ot.her words, in t.his st.rat.egy, the learning aut.omata

in cell j are act.ivat.ed sequent,ially in increasing order of
t.hpir numbers in t.hE'list. of Ip.arning aut.omat.a for cell of
) 11111il a chaliiH'Iis found for t Ilf' a~sil?;nment..

l\1axil1lulTl usa?;f' st.rat.c?;'y: SIIPI)()Sp Ihal a rail ar-

Il\'l'S ill ('(,11) (flJl' ) -, 1.. . . ,/I). TII maxillllllll IIsagp sI raI-
l')!,.", 1111'Il'arllill)!, allloluala in ('I'll) an' acli\'all'd in cl/'-

!Tpasillg ordpr of Ilu'ir 1I:,;agl'of Ihpir C:OITPS!)Ondilll?;chall-
Iwls ill 1.111'cPl.1) '1111it a challlll'l is fOlllld for thf' assign-
1111'111,\\'Iu'n Ilu'n' is 110 dlalllll'ls 10 bp assiglll'd 10 t hf'
ill('()Jllill).!, l"illl. I hI' illl"lIllIill).!, l"illI j,.; hhJC'kl'd, III I his stral-

I')!,\". rlu' Il'amill).!, alii olllal Oil ,-I, is ;11"1i\'at I'd ill Ihp kl.h

s~a)!,1' of Ilu' ;11"1i\"al iOIl of ('PI) ) if Irf is till' kt.h lal'!;!~sl.

I'II'!IU'III ill usagl' \'!~clor gl = {n-(,/J,~,, .. ,11.1"}, where 1I.i
is thl' rlllllllH!r of l.illlPS Ihat. I.hp (:hannp} i is assigned t.o
I h(' calls ill cc~1Ij.

Minimum usage strategy: Suppose t.hat. a call arrivps
ill (:(.11j (for .i =1,.",11.). Tn minimum usage st.rat.egy,
t h(' Ic!amill!!;aut.olllat.a in cell j arp act.ivat.pd in increas-
ill).!,orclc'r of tfwir IIsagl' of I.hl~irc:orn~spondin!!;channr.ls in
C'I~II .i 11111 il a chan!l(~1 is fOllnd for 1.110iL'isignll10l1t.. WhplI

1III'n' is 110 charllll,ls 10 hI' <lssigrll~d t.o I.hl' inc'OInillg call,

1111'ilWOlllill).!, ('<Ill is hlo('kl'd. IlIlhis sl.rall'!!;v. I lIP Ipamillg

<11110111<11"".1, is iWIi\'al,'d ill 1111' klh SI<l!!;1' or Ihl' ;lC'li-

\';di"ll (,f 1'1,11) if 1/: j- 1111' 1..lh SllIillIl'sl I'll'tlU'lI1 ill II~;I).!,"

vect.or !!/ = {11:(,1L~,. , , , u/" }, wherp 1/.i is t.he numbpr of
t.imes t.hat. t.hp channpl i is assigned t.o t.he calls in t.hp cell
j,

Random sweep strategy: In this st.ratpl?;y,t.hp learn-
ing automat.a in cell j are activat.ed in random order,
First. a sequence of indices are generat.ed randomly and
then learning automat.a are activat.ed according t.o t,he
generat.ed order,

5 NUMERICAL EXAMPLE

(4)

To \'prifv Ilw proposed chann!'1 assignment all!;orilhm.
('OIlIPIlt.!'rsinl1llat.iolls arr prrfol'J!ll'cl. Tt.is assllll1pd t.hat.
Sl'\'pn hasI' st.at,iol]s. which arp organizpd in a linpar ar-
ra\'. sharE's 5 filII duplpx and int.erfprpncp frpp channpls.
The int.prferpncp const.raint.s hpt.wppn an.\' pair of CE'lIsis
represent.ed by an inrp!!}'r, which prescribps t.llPminimum
I?;apt.hat. pxist. bet,wppn channpls assignf'd to cplls in OI'dpr
t.o a\'oid illt.prfl'rpnce, Thp int.erfprpnce const.raint.s for all

cells are rpprespnt.ed by mat.rix C, Thp element. c(i..j) of
mat.rix C represent.s t.hp int.erferencp const.raint, bpt.wpen
cells i and j. The int.erference const.raint. c(i, j) for t.he
problem used in our simulat.ion is defined as follows, Let.
d(i,j) represent.s the normalized distance bet.ween t.he
centers of cells i and j, where the dist.ance bpt.ween cen-
t.ers of adjacent cells are unity, Then we have

if d(i,j) ::::2
(5)

ot.herwisp,

Tf Ihprp is no int.erferE'nce het.wppn a pair of cells. t.hpn
t II!' COtTf'sp(Hldinl!;p.1f'lm~nl.sin mat.rix C for this pair is
defilwd a.'i zrro.

For the simlllat.ions report.ed in this spct ion. wp a.ssulIIp
Ihat. Ihp <-Irrivalof calls is Poisson procpss wit.h ri-l.t.p..\and
dliHII1/'1holding t.ime of calls is I'xpolIPntiall.\' rlistribllll'd
wi I.h IIwall 11. = 1/3. \Ne i-I.lso aSSIIIIIE' t.hat no handoff

O('('urs during t.he channpl holcling t.ime. The rpsult.s of
sil1lulat.ions t.hat. are report.ed in t.his sect.ion arp obt.ained
from 120,000 seconds simulat.ions. Figure 1 shows t,he av-
erage blocking probabilit.y of calls for diffprpnt. st.rat.pgips
report.ed in t.he previous sect.ion and compares wit.h t.he
rpsult.s obt.ainpd for t.hp channel segregat.ion and rpinforce-
ment. learning algorit.hms, Figure 2 shows t.he evolut.ion
of t.hp hlocking probabilit.y for diffprent. st.rat,pgips pro-
posed in t.he previo1ls spct.ion for a t.ypical run. Figurp 3
shows t.he pvolut.ion of t.hp numbpr of int.prfering channels
(I.hl' nlllll!>pr of candidate channels t.hat. int.prfpre wil.h t,hp
ch<lllllpls b~~ingIIspd in lIei!1;hhorinl!;cplls) as rhl' c:plllllar
II'arllilll-!,alllOlllala (1)('r;lt.l's. This figure' shows t.hal tll!'
II1II1i1)('rof illll'rfl'rilll-!, ('halllll'ls is dl'l'I"p<lspd ilS Ill!' n'slllt
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of If'arninl!;. That is t.hp c:pllular learning aut.omat.a segrp-
I!;at.eschannels among t.he cells of the net.work.

Figurp 4 shows t.he number of messages t.ransmit.ted
(normalized t.o t.he number of calls arrived to the net.-
work) among t.he cell and it.s neighboring cells. Figure 5
shows t.he changes in t.he number of messages versus time
for a t.vpical run. This figurp shows t.hat. t.hp number of
messal!;e t.ransmission among t.he cell and it.s neighbor-
ill!!; cplls is dpCTPHSpd HS t.hp net.wqrk operat.es. Figure 6
~ho\\"s 11)(' 111IIIIhpr of c:alldidatp cha.nnpls ~JPfore a chan-

11(" is ilSSil!,IH'd 11) calls. Fi!!;lIrp ; shows 1tU' nllm~)pr of

c'alldidalp challllpls lH'fof"(' a cham)pl is assigllf'd to c:alls

HS IlH' np! work O!H'ral ps. TIU' figurps 8 t.hroul!;h 11 show
t.he probahilit.v of assigning different. c:hannels t.o different.
('ells.

Rf7lLILrk1. An import.ant. issue in t.he CLA ba.sed c~hannel
H.ssil!;nnlPnlalgorit.hms is t.he speecl of converges. An ex-
amph~ of t.he r.onvergenc:e process is shown in figures 2 and
3. These figurps show t.hat. t.he proposed approach quickly
reaches t.o a sub-opt.imal allocat.ion. Convergence t.o a so-
lut.ion which is an opt.imal allocat.ion, if CLA can reach
it., t.akes large amount. of t.ime. The time period required
for convergence may be an order of mont.hs, which is long
t.ime in real applicat.ions. This time may be reduced by
usinl!; ot.her learning algorit.hms such as st.ochastic esti-
mator [291or pursuit. learning [301 algorit.hms.

Remark 2. The final probabilit.y vect.ors of learning all-
t.omata det.ermines t.he performance. of t.he CLA ba.<;ed
channel assignment algorithm. The algorithm may be
evolve in such a way t:lat. each probabilit.y vector con-
verge t.o a unit vect.or or to a nonunit vector. In case
t.hat. each probability vect.or converges t.o a unit. vect.or,
t.he final configurat.ion of the CLA det.ermines a pat.t.ern
of allocation, which is fixed and cannot. be changed dur-
ing t.he operat.ion of t.he syst.em. This sit.uat.ion is useful
when t.he t.raffic is st.at.ionary. In non-st.at.ionary t.raffic
conditions, t.hf' convergrnce of each probabilit.y \'ect.or t.o
a nonunil vect.or is mol'f~ suit.able. This is because, t.he
allocation pattern will not. be fixed and can adapt. it.self
t.o incoming t.raffic.

Rp.1T!IJ.T'k.'1. If. t.he result.s of t.he int.erference det.ect.ion
hardware are correc:t. and t.here are no change in t.he prop-
agat.ion conditions during channel holding t.ime, t.hen t.he
co-channel int.erference will never happen. Int.erference
det.ect.ion result.s, however, are not. always correct. because
of fading phenomenon. Even, if the interference det.ect.ion
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 t.he
channel assignment is based on t.he result. of int.erference
det.ect.ion hardware. There is also anot.her source of in-

t.erference, which happen when t.wo ba.c;est.at.ions t.ry t.o
use t.he same c:hannel at. t.he same t.ime since t.heir cor-

rrspolHling int.erference det.ect.ion result.s show t.hat. t.his
challlwl is idle. The proposed algorit.hm due t.o it.s learn-
ing capabilit.y decrea.ses t.he probabilit.y of select.ion of t.he
same cha.nnel by t.wo ba.c;est.at.ion simult.aneously. This is
beca.use as t,he t.ime goes by t.he pat.t.ern of allocat.ion of
channels among t.he cells bec:omes more st.able. Of cOllrse
if t.he t.raffic condit.ions change, a:new pattern of alloca-
t,ion will be adapt.ed by t.he algorit.hm.

6 CONCLUDING REMARKS

In this paper, an application of asynchronous cellu-
lar learning automata to channel assignment. t.o cel-
lular mobile syst.em has been present.ed. In order t.o
show t.he power of t.he proposed algorit.hm, which is a
self-organi7.ing channel a.c;signment., comput.er simulat.ions
were conduct.ed. Simulat.ions showed t.hat. t.he proposed
all!;orithm segregat.es t.he channels among cells of t.he net.-
work in such a way t.hat. t.he bloc:king prohabilit.y is in
all HCTept.able range. Even t.he blor.kin!!; p'rohahilit.y of
t.hr proposed algorit.hm is slil!;ht.lyhi!!;her t.han t.he block-
ing probabilit.y for r.ha-nnel se!!;re!!;at.ionand reinforr.rlllr.nt.
If'ilrnilll!,al!!;orithms. but. it. requirps lesser llIlmber of lIIes-
SiI!!:f'S1.0 br exrhanf?,ecl illllOllg t.hp ('ells.
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Fig. 1. Th,' :\\'pral'(p hlo('kinl'( probabilitv of calls.
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Fig. 3. The evolution of the number of int.erfering channels.
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Fig. 5. The c.hangesill the number of mf'_c;sagf'_C;between transmitted among the cell and its neighboring cells,
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