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Genetic Algorithms Applied to Cellular
Call Admission: Local Policies

Aylin Yener, Student Member, IEEENd Christopher Roséjember, IEEE

Abstract—It is well known that if a stochastic service system processes (MDP)] to find the optimal policy. Unfortunately,
(such as a cellular network) is shared by users with different jssues such as state-space size often render MDP impractical.

characteristics (such as differing handoff rates or call holding In recent work [10], we used genetic algorithms (GA’s) to
times), theoverall system performance can be improved by denial ’

of service requests even when the excess capacity exists. Sucﬂnd near-optimal call adm|§5|0n PO!'C'eS in cellular networks
selective denial of service based on system state is defined as caf0 overcome the computational limits of the MDP approach.
admission. A recent paper suggested the use of genetic algorithmsIn this paper, we extend the approach by considering call
(GA’s) to find near-optimal call admission policies for cellular admission with incomplete state information. Specifically, we

networks. In this paper, we definelocal call admission policies ; feai i ;
I . . ; > consider admission policies using ombcal rather than global
that make admission decisions based on partial state information. P 9 9

We search for the best local call admission policies for one- channel occupancy 'nformat'on' The Opt'm'zat'on problem
dimensional (1-D) cellular networks using genetic algorithms and Pased on local state is no longer Markovian and the MDP
show that the performance of the best local policies is comparable approach cannot be used directly.
to optima for small systems. We test our algorithm on larger  Section Il describes the network and the optimization prob-
systems and show that the local policies found outperform the o - Section 11l defines local state-based policies and is
maximum packing and best handoff reservation policies for the followed by Section IV, which considers the application of
systems we have considered. We find that the local policies L .
suggested by the Genetic Algorithm search in these cases areGA to the local call admission problem. In Section V, we
double threshold policies. We then find the best double threshold first test the algorithm on a small system and compare the
policies by exhaustive search for both 1-D and Manhattan model performance to optima located using MDP. We then apply
cellular networks and show that they almost always outperform G tg a larger system and compare our results to well-known
the best trunk reservation policies for these systems. . h . .
allocation techniques, such as maximum packing and handoff
_Index Terms—Call admission, cellular systems, genetic algo- reservation policies. We find that the GA-derived policies
rithms, Markov decision processes (MDP), reservation policies. suggest a particular structure (a double threshold policy),
and then we compare the best policies with this structure to
|. INTRODUCTION maximum packing and reservation for both one-dimensional
LLOCATING radio resources to users with minimum(l'D) and two-t_llimensional (2-D) (Manhatt_an model) cellular
; . networks. Section VI presents the conclusions of this paper.
blocking of new calls and dropping of handoffs has be-
come a vital issue in mobile communication system design. It
is known that dynamic channel allocation schemes can reduce Il. PROBLEM DEFINITION
these blocking and dropping probabilities for a reasonableln this paper, we look into two types of cellular networks:
range of loadings [1]-[3]. However, allocating channels ta 1-D ring-structured network with an even number of cells
every user whenever the sources are available may notarel a 2-D Manhattan model cellular network. We consider a
the optimal strategy in terms of system performance. Thgstem with two types of service requests, i.e., new call set up
performance can be improved (or equivalently the blockimgquest and handoff request. We assume a Markov model in
probabilities can be further reduced) by imposing a state-baseklich the new call arrival process to every cell is modeled as
call admission policy on a system where there are users witbisson with rate\. Call holding times are exponential with
differing service characteristics. The problem then becomagerage call completion rafe. We also assume that calls in
one of finding the call admission policy that provides optimgdrogress are subject to handoff to either of the two (or four for
system performance. the 2-D system) neighboring cells, and the time a mobile user
The call admission problem has been studied extensivelyspends in any cell is exponential with raggindependent of
the context of multirate circuit switching in [4]-[8]. Call ad-the call arrival and call holding process).
mission to a single cell has been considered in [9]. In all casesWe define the cellular system performan@g,as a linear
optimal policy search assumes an underlying Markov processmbination of call dropping and call blocking:

model and uses dynamic programming [Markov decision
T=F+uwh, (1)
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request—an intuitively reasonable assumption. The reader further reduce policy complexity, we will assume a ring
should note that withv = 1, the performance measure imetwork for the 1-D case and exploit its symmetry; i.e., the

simply the probability of unsuccessful call completion: policy in each cell is assumed identical to that in other cells
(within a spatial shift) [13]. The maximum possible state space
T=r+n then reduces t¢C + 1)?*+1 states, and the length of the local
=1-P. (2) policy becomes3 x (C + 1)%**1 b per cell.

The locality conditions considered in this paper &re- 0
where P, is the probability of successful call completiaR.  andk = 1. k = 0 corresponds to completely ignoring the state
is defined as the probability of not being blocked or droppest adjacent cells whereds= 1 corresponds to a local policy
over the lifetime of a call from setup request to natural cafjhich uses the nearest neighbor state information in addition

termination. to self-state information. The above example with 16 cells
and 9 channels needs only 30 b for the policy witk- 0 and
[ll. LocAL POLICIES 3000 b fork = 1.

. Lo . Lo It is worthwhile to restate that the search for optimal local
A call admission policy is a collection of admit/reject . =~ . . . .
- : : glicies is not amenable to MDP since the underlying state is
decisions corresponding to the services requested at each sta : i .
. . : no longer Markovian. Thus, GA’s afford a systematic approach
of the system. It can be described as a binary mapping wh%e

the admit decisions are represented by ones and rejectiong problem intractable using standard analytic methods. GA's

by zeros. These admitfreject decisions are assumed to erform surprisingly well in a variety of optimization tasks
independent of the system constraints, i.e., although a pol{cy '
may try to admit a service request when the system is full,
service will be denied due to unavailability. This formulation
circumvents the problem of policy feasibility sina# policies
are then feasible. . ) )
We define aylobal call admission policy as one that provides e Use a typical two parent-two offspring GA described
a decision for each state of the network. For instance, a gloal[10]- Each local policy represents an organism in GA
policy for the 1-D cellular system described in Section [{€rminology and is a collection of bits corresponding to
provides the following decisions per cell per state: admit (1) and reject (0) decisions for the new call setup and
. admit/reject a new call arrival; handoff requ_ests at eadbca_l stgte of the system. A_g_r(_)up
« admit/reject a handoff request, from the right cell; of local p_ol|cl|es (a commun!ty).|s chosen at rqndom initially.
« admit/reject a handoff request from the left cell. ’ Each pphcy |n'the community is evaluated (via Monte C?”.O
The size of the global call admission policy is tHen N x 5 simulation) using (1) as the performance measure. Policies

. i . with better performance are more likely to enter thating
b, whereV is the number of cells in the network asstis the 5| These so-callegarent organisms perform crossover to
number of feasible states of the system.

exchange some bit information pairwise and result in offspring

For practical systems, this size can be very large and Mgicies  Finally, offspring policy bits are inverted randomly
prohibit the use of MDP to find the optimal call adm'ss'o"(mutation).

policy. As an example, consider a 16-cell, 9-channel systeM.after mating, policies are chosen for deletion with prob-
S'{‘Ce the nAgmber of states in the system is on theﬁor ility inversely related to their fithess. The offspring are
of* (€' + 1)7, the size of the policy is roughly 4810 {hen inserted into the population. In our implementation, the
b. Furthermore, a global policy requires complete and up-tgan 1ation of the community is kept constant from iteration
date state information to be distributed to each cell. This MY iteration: we only delete as many policies as there are

cause unacceptable signaling overhead for an already burdeggdhing. This basic algorithm is repeated for some number of
signaling syst_em [11]. ) _ o generationsor until policy improvement appears to stagnate.
An alternative approach is to definecal call admission ™ v yse Monte Carlo simulation to evaluate dropping and
policies [12], where decisions are based only on partial stajfg,cking. In the 1-D case, we assume channel reuse such that
information. In th|§ case, a cell (base station) would only ke€pnannel can only be used once in daynutually interfering
track of the state information of a small number of cells andyis (cliques) and these mutually interfering cells arefthel
make decisions based on the abbreviated state informatigg est neighbors to the left and to the right. It has been shown
which we define as thiecal state Policies defined on the local (see Appendix) that a valid channel assignment scheme can be
state are therefore much shorter. This in turn means the poligy,ng for such systems if all cliques have occupancy less than
search space is much smaller and policy search is simplifieg}. ¢4l to the number of channels available for the syst&m,
Definition 1: A local policy is said to havéocality k if it | the Manhattan model, the co-channel interferers are in both
uses the state information from i nearest neighbors. —  qi70ntal and vertical directions. In this case, it is proven that
Thus, for the 1-D system, a base station operating Wiffle same clique packing conditions are sufficient for a valid
a policy of locality £ uses the state information from ifs  channel assignment scheme for the nearest neighbor constraint,
left and % right nearest neighbors, as well as its own state, \vhenk = 2 [15]. It has also been observed that clique

1The given number is the number of states in the unconstrained state-sp%(,:kmg can be used "’_‘S a reasonably gOOd approximation for
the number of feasible states is actually less due to reuse constraints. ~ many network topologies [16], [17].

IV. GENETIC ALGORITHM IMPLEMENTATION
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Thus, since clique packing constraints are easily evaluated ;g o NG '
(as opposed to computing a channel assignment using graph X
coloring techniques [18], [19]), the use of clique packing o Admit-if-possible strategy
greatly simplifies and accelerates the simulation process and ~ %%° [ ©—<GA with locality=0
the tenor of the results presented here may be generally A GA wilh localty=1

applicable to systems with more complicated reuse constraints __ 0.45
and topologies.

0.40
V. RESULTS AND DISCUSSION

0.35
A. Four-Cell System

The algorithm was first tested on a small system for which
optimal global call admission policies are available via MDP.
The system has four cells on a ring with nearest neighbor
constraint, four channels available, and is modeled with the
new call and handoff service model described in Section II.

In the first set of experiments, the traffic load of the system is
fixed while the relative penalty factar for dropping handoff
calls is varied. Specificalfy 0.15

0.30

pepm———t
-_———

Performance of the best policy (Php)

0.25

0.20

; . 1 L ' s L .
1 2 3 4 5 6 7 8 9 10
Penalty Factor

A=p=~v=1.0 w € [1,10].
Fig. 1. _ Comparison of local policy performances to AIP strategy results and
The GA is used to search for local call admission policies withe oPtima.A =y =5 = 1.0,w, € [1, 10].
k = 0 and 1 that minimize the performance measure given by
D). N=Ced
In Fig. 1, we compare the resulting performances of the best T T
local policies found by GA to the following: 028 | o—o Admitif-possible strategy

+ AIP: admit-if-possible (maximum packing strategy) O~ CGA with locality=0
. . 0 —A GA with locality=1
where a service request is always granted unless it is 026 ——-OPTIMAL ==/ ————— 3
impossible to assign the channel due to reuse constraints;
* OPTIMAL: the optimal global policy performance found

by MDP.

As expected, weighted blocking for the AIP policy grows
linearly with increasingw. In contrast, the optimal policy
weighted blocking rises rapidly and then more slowly. The GA
with both £ = 1 andk = 0 provides near-optimal policies for
small w and also outperforms AIP for higher. Surprisingly,
even completely ignoring neighboring celfs £ 0) can result
in much better blocking than the AIP strategy.

As w gets larger, local policy performance degrades relative
the optimal. We believe this phenomenon is attributable to a
need for information about potential handoffs in distant cells
about which the local policy has no knowledge.

The new call blocking and handoff dropping probabilities of 010 —— 5 6 7 & o 10
the best policies are shown in Figs. 2 and 3. The AIP strategy Penalty Factor
ha&?’ Tlxed performances Wher_eas the optimal policy and, tPl‘ga 2. New call blocking performances of the policies for the four-cell
policies found by GA tend to increase the new call blockingur-channel system.
and favor the handoffs. While the GA found = 1 local
policies that do not suggest any regular structure,ihe 0
policies found are handoff reservation policies with half of thEXact parameter values are
channels (2 channels) reserved for handoffsufor5. A=p=p=1.0

The second set of experiments use fixed loading and penalty
factor. In Fig. 4, the best performances are found for different
handoff rates;y, using the AIP strategy, GA, with = 0 and v €{0.1,0.2, 1.0, 2.0, 3.0, 5.0, 10.0, 20.0}.

1, and compared to the optimal values found by MDP. The s 40ain observed that the GA-derived policies with= 0

2\We chose our range far based on the folk-rule, which states that “handoﬁand 1 outperforr_n the AIP strategy by a SUbStant.'al amount
dropping is ten times worse than new call blocking.” and are close in performance to the MDP optimum. The

New Call Blocking of the best policy

Wk
E-N

w=06
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N=C=4 N=C=4
0.060 T T T T v T T T 120 F T T T T T T T T T 3
0.055 - @—© Admit-if-possible strategy ] 1.10 | O—© Admit-if-possible strategy ]
O—© GA with locality=0 G—=5 GA with locality=0
0.050 A—4A GA with locality=1 1 &H—2A GA with localitys=1
——- OPTIMAL 1.00 £ - OPTIMAL 3

0.045 b
0.90

0.040
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0.035
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0.020

Handoff dropping of the best policy
Performance of the best policy (Php)

0.40
0.015
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Penalty Factor Mobility (Handoff Rate)
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3

Fig. 3. Handoff dropping performances of the policies for the four-ceffig. 4. Comparison of the local policy performances to AIP strategy results
four-channel system. and the optima with different mobility ratés= u = 1, w = 6.

N=16, C=9

T T T

0.70 ¢ . E

performance using more network informatiol £ 1 versus

k = 0) appears to be better, but the gain is not very substantial.
As with the variablew case, better policies (both GA and
the optimal) reduce the handoff dropping at the expense of
blocking more new calls, and the local policies begin to 0.60
degrade as knowledge about potential handoffs in distant cells
becomes more important (with increasiny

©&—© Admit-if-possible strategy
Fi3----- €3 GA with locality=0

——~ Best Handoff Reservation policy
F D>—— GA with locality=1

0.55

B. 16-Cell System 0.50

Next, we consider a larger system with 16 cells and 9
channels, again on a ring with nearest-neighbor constraint.
As explained in Section lll, the number of states in the
system is on the order of 10 Since this exceeds our
practical computational limits using MDP, the optimal policy
performances are not available for this system.

0.45

0.40

Performance of the best policy (Php)

0.35

The search for the best local policies with= 0, 1 for 0.30
this system is performed using the GA with the following 0.5
parameters: ’
A =30, 0204 2 3 4 5
Mobility (Handoff Rate)
pw=1.0,

Fig. 5. Comparison of the local policy performances to AIP strategy and the
optimum Handoff reservation policies found for thé = 16 cell, C = 9
v=1,2,---,5. channel system withh = 3, u = 1, w = 6.

w =0,

The resulting performances of the best policies found b h is th I tat is the decisi
GA are compared to the AIP strategy in Fig. 5. In addition, eres 1S the cell occupancy (sta ep(s) IS the decision,
the best handoff reservation policy for this system for eaé’r‘r"n't (1) or reject (0), made by the policy about accepting new

different mobility measure was found using exhaustive sear@ils When'the cell has active calls,' and is the threshold
The handoff reservation policies are defined in the followingeyond which no new call request will be accepted to the cell.
fashion: he performances of these reservation policies are compared

_ to those for GA-derived local policies in Fig. 5.
D(s) = { 1 !f s<t (3) As with the smaller system, we see that both local policies
0 ifs>t provide better performance than the AIP strategy. One also
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0.30 ' N-16.C-9 ] loaded, little is known about the state of neighboring cells
038 | P and the potential for blocked handoff requests. Thus, the most
©-— © Best Trunk Reservation = advisable course is to institute a reservation policy. However,

0.37 I A——aBest double threshold policies, g when a cell is nearly full, the reuse constraints require that
nearby cells be lightly loaded. This translates into a reduced

1 potential handoff load. Thus, it is advisable to again allow

. admission to new calls.
More precisely, assume that a cell state (occupangyis
close to the total number of available chann€lsNow note

8
E that a valid channel assignment for the network is possible
8 only when [13]
&
ni_1+n; <C
. and
i +nip1 <C.
So, ifn;, = C—r,n;_1, Orn;1 can have at mostactive calls.
Whenr is small, celli is nearly full and the neighboring cells
j must be nearlyempty
020 20 30 4.0 5.0 The incoming handoff rate to cell from the neighboring
Handoff Rate cells is given by
Fig. 6. Comparison of the best double threshold policy performances to - -
optimum Handoff reservation policies for thé = 16 cell, C = 9 channel I'=n;—1(0.59) +ni41(0.57)
system withA = 3, ¢ = 1, w = 6. ’Y(ni—l +ﬂi+1)
B E—
expects the local policy search with= 1 to outperform the I <or.

handoff reservation policies since providing more informationh her i T d theref bability of havi
cannot degrade optimal policy performance. Specifically, coE— us, whenr is small,I" (and therefore probability of having

sider that handoff reservation is actually a local policy witfi "@ndoff in timeA¢, 'A¢) is small. Now, notice that the
k = 0; the admission decision is made solely on the basis @ndoff reservation policy in this case still reserves the channel

cell occupancy and neighbors are ignored or an event that is not very probable at the expense of
Note. however. that the GA-derived :'0 policy also rejecting new calls. The double threshold policies, however,

outperforms the best handoff reservation policy. This resayggest allowing access to new call requests when handoffs
is somewhat surprising since as a general rule, reservatflff 'mProbable and this results in better performance.
policies often achieve near-optimal performance. To see if the

results might be explained by morphological features of tife 16-Cell System in Two Dimensions

GA-derived polices, we examined the policy structure. The We have also performed an exhaustive search over all

following double threshold of form was observed: double threshold policies and handoff reservation policies and
1 ifs<t compared the performances for a Manhattan model 2-R (4
D(s) = { 0 ift; <5<ty 4 cells) cellular network with nearest (horizontal and vertical)
1 if s Z_tQ neighbor constraint. The results are shown in Fig. 7. We see

that double threshold policies once again perform better than
as opposed to a single threshold reservation policy definediiz handoff reservation policies. The advantage of double
(3). Heret, andt; are the thresholds. For all different mobilityyreshold policies come into play when the system is nearly
rates, the structure of the best local policy with= 0 tends  fy|| and a handoff event is not very likely due to interference
to admit any service request when the cell is not very busypnstraints. As explained in Section V-B, the double threshold
blocks the new call requests when the cell is moderately bugyjicy in this casedoes notreserve a channel for handoff,

and services all requests when the cell is nearly full. which in effect reduces the new call blocking probability. This
Based on this evidence that double threshold policies mgifect is shown in Fig. 8.

perform better than the reservation policies, we have simu-
lated all double threshold policies to find the best one. The
performance comparison between the best handoff reservation
policy and the best double threshold policy for a collection of We have considered the local call admission problem for 1-
mobility measures is given in Fig. 6. We see that imposing tli2ring-structured and 2-D Manhattan model cellular networks
double threshold policy indeed is advantageous relative tonéth two types of service (new call set up and handoff). The
simple handoff reservation policy. system performance measure is defined as a linear combination
A moment’s thought reveals some method to why thisf new call blocking and handoff dropping probabilities of the
is the case. When the cell is nearly empty and moderatelgtwork.

VI. CONCLUSION
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N =16 (4X4) , Cu

0.69 - <>~~T<> Bes,t Trunk' Reser'vation' , I ;/"

067 L& £\ Best Double Threshold G—‘Q”—Af”“

0.65 | sl ;

. /

0.63 + /ﬂ\/i—;// ]

061 | ;o \ / 1

0.50 | / A \d/ 3 Fig. 9. Graph for a 1-D cellular system withi = 3.
0.57 //Z// 1

/ . .

g 055 & ] MDP was impractical for larger systems, we used GA to

E 053} /7( ] find good admission policies and compared the results to

o . .

E 0.51 /7 . the well-known methods of maximum packing and handoff
0.40 [ ¢’/ ] reservation. The local policies outperformed the maximum
oart |/ ] packing strategy as well as the best handoff reservation poli-
045 | ,’/( ] cies. Most striking was the GA ability to identify a novel policy
043 b //, 3 structure, which made use of the inherent correlations imposed
041 - ,’/ ] on neighboring cell occupancy by channel reuse constraints.
0.9 & ’: ] This result bodes well for the use of GA’s as an aid to analytic
0.37 / ] intuition.

0.35" L L , L Finally, we note that from the convergence point of view,
10 20 30 40 50 60 70 80 80 100 the best local policies wittk = 0 were found much more

Handoff Rate

readily than fork = 1.2 We also note that implementation of

Fig. 7. Comparison of the best double threshold policy performances to the—= 1 policies would require additional intercell signaling.

optimum Handoff reservation policies found for the= 4 x 4 cells,C = 9

channel system withh = 3, ¢ = 1, w = 6.

N =16 (4X4) , C=9

Coupled to the meager improvement afforded by increaking
from zero to one over the range of handoff blocking weights
and mobilitiesy considered, policies that base their decisions
only on single cell occupancy might prove attractive.

0.70 4 A Best D.TH. , new call bl. T /1
0.65 [ &-— € Best H.Res. , new call bi. Q‘\V,AQ__
V¥—~V Best D.TH. , handoff dr. / et APPENDIX

0.60 | & ~~OBestHRes., handoff . / : PROOF FORCLIQUE PACKING IN ONE DIMENSION
w 25 / / 1 First we will state the definitions needed for the proof:
£ o050 | // / ] Definition 2: A group of K cells, which are not allowed
% 045 | \31%:3\\,{ 1 to use the same channe_:ls due to the mte_rference constraints
a dictated by the system, is calledclique of size K.
p ooy E The above condition dictates that a cell cannot use the same
§ 0.354- ] channels with itd{ — 1 nearest neighbors. Note that for a ring
; 0.30 | ] structured system, each clique has exaéflycells. The total
§ 0s b ] number of channels gvallable for the syst(_anﬂs_
§ ’ We number the cliques from left to right, i.edq/ique;
a 020¢F 3 represents the clique whose first element is ¢ellLet n;

015 L ] be the number of channels used in cglland define the

o0 b ; gligue sumi, X;, as the number of channels used in clique

i, i.e.,
0.05 1
- o= =BT Ti= > n (4)
10 20 30 40 50 60 70 80 8.0 100 jEclique;

Handoff Rate

a8 C i fthe best double threshold policy (Best D.TH) Tlhe system can be represented as a graph with each cell
1g. o. omparison o € pest double tnresnola policy (bes . .) hew C . . . .
blocking and handoff dropping performances to the best handoff reservat?c{ﬂrreSpondmg to_ avertex A pair of vertices is ConneCte_d
policies (Best H.Res.) found for th¥ = 4 x 4 cells, C' = 9 channel system (share an edge) if they are the members of the same clique.
with A =3, p = L w = 6. An example is shown in Fig. 9.
Definition 3: A k-partite graph is one whose vertex set can

To derive policies which minimize this measure, we havee partitioned into a minimum ot subsets so that no edge
used local state-based call admission policies when the optirhas both ends in any one subset [20].
policy cannot be found due to computational limitations of_TO_ prove if a graph iskK partite, one has to construéf
MDP method. The search for these local policies is done BYsjoint vertex subsets);(i = 1, - --, K), such that/; NV, =
a GA in the 1-D case. (¢ fori £ j, anduf‘zlvi =V, whereV is the set of the vertices.

It was shown that for small systems, local policies pefFlements ofV; should not be connected to each other.

formed nearly as well as MDP-derived optimal policies. Since3The policy space size was® for k = 0 as compared ta3°%° for k = 1.
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Note that theK-partition is unique for any graph. Since
the setsV; have to be disjoint and they should span the
whole vertex set, the representation of each set is unique.
Therefore, if exists, there is only one possible construction
of the K-partition.

Now, we make the following claim:

Claim: The graph for a 1-D ring-structuretf-cell net-
work with clique sizeK is K-partite if and only if N is
evenly divisible by K.

Proof: Consecutively number the cells from 1 # and
assume thatV > K (if N < K, there are fewer thad{
vertices and the graph cannot Bé-partite). Consider then
that any adjacent{ cells must lie in different vertex sets.
Otherwise, vertices that share an edge will reside in the same
vertex set. Thus, the firdt cells foundall the vertex sets if
graph is K-partite.

If N = K then we are done and the graphASpartite.
However, if K < N < 2K (N/K not an integer), then notice
that cell X + 1 shares an edge with the previoifs— 1 cells
and with cell 1 since it lies fewer thark cells away. This
forces a(K + 1)st vertex set to be defined and the graph
cannot beK-partite.

Of course ifN = 2K (N/K an integer), then cel{+1 can
reside in the first vertex set with cell 1 and the remaining cells
K+i,i=2,3,---, K can reside in vertex sets with cell

Now assume tha2K < N < 3K (N/K not an integer).
The (2K + 1)st cell must reside in the first vertex group
containing cells 1 and< + 1, otherwise another vertex group
must be defined. However, this cell is fewer thidrcells away
from cell 1 becauséV < 3K and a(K + 1)st vertex group
must be defined, so the graph is dtipartite.
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same number of channels, i.e.,
)

Because the equivalent graph i§-partite, cells 1 and

K + 1 both belong toVi, i.e., they are not in the same
clique. Therefore, channels used in 1 can as well be used
in K 4+ 1. Note that if the graph were nadk -partite,

this construction would not be possible. Since we can
use the same channels both in cell 1 c&ll+ 1, we
have C' — ¥; 4+ n; channels available for celll + 1,

and the condition we have to satisfy for a valid channel
assignment forliques reduces to

Yo —ng41 =X —ny.

nr+1 S C—X1 +ng.
But, we know by (5) that

NK4+1 =22 — X1 + 1y
and
Yo <C.

Therefore

N1 S C =X +n1.

(6)

Using the same construction, it can be found that the
conditionsngys < C —Xo +no, nxgy3 < C — X3 +

ns, --- etc. are satisfied for all the cells provided all

3 < C. Hence the proof of the second part of the
theorem is complete. g.e.d.

Corollary: By the Claim, the above Theorem is valid for
ring structured cellular networks witN' cells, if IV is divisible

Proceeding in this manner fenK < N < (m + 1)K we by the clique sizeK.

see that wheneveN is not evenly divisible byi, the graph
cannot beK -partite. g.e.d.
Theorem: For a ring structured 1-D network whose equiv-
alent graph isK-partite, it is possible to find a channel
assignment scheme wite channels if and only if all the
cligue sums are less than or equalo
Proof: Proof for the theorem has two parts:

« (=): This part is trivial. Since violating the interference 3]
constraints, i.e., an¥; > C, by definition is not allowed,
any legitimate channel allocation scheme has to satisfi#l
the constraints.

* (=)

The conditiony; < C is equivalent to car f":lUji}
< C whereUj; corresponds to the subset of channeléel
required in cellj of cliques.* Therefore, it is a sufficient [7]
condition for finding a channel assignment only Within[8]
the clique.

We will now assume that the conditiot;; < C,
is true for all ¢, and construct a channel assignment[g]
scheme as follows. We will assidrys, ---, Uk to cells  [10]
1.+, K. % = Yo, card{U;} < C is given. The
next clique has the same elements except the first cell[ﬁ]
replaced by cellK + 1, i.e., clique; =1, 2, ---, K and
cliques =2, 3,---, K, K+ 1.Cells2, ---, K need the

(1]

(2]

(5]

[12]

4Card A is the cardinality of set A.
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