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A Randomized Saturation Degree Heuristic for
Channel Assignment in Cellular Radio Networks

Roberto Battiti Member, IEEEAlan Bertossi, and Daniela Cavallaro

Abstract—In this paper, we investigate the channel assignment try to find a “good” ordering for the calls. This ordering, together
problem, that is, the problem of assigning channels (codes) to the with a given assignment criterion, usually leads to good results.
cells of a cellular radio network so as to avoid interference and min- Box [3] proposes a simple iterative technique based on clas-

imize the number of channels used. The problem is formulated as a ificati f ch | . ts in d . d f thei
generalization of thegraph coloring problem We consider thesat- Sification of channel requirements in decreasing order of their

uration degreeheuristic, first proposed as a technique for solving “assignment difficulty.” Hale [9] presents a wide collection of
the graph coloring problemyhich was already successfully used for different versions of channel assignment problems in radio and
code assignment in packet radio networks. We give a new version television fields. Gamst [6] develops a theory on the optimal
of this heuristic technique for cellular radio networks, calledran- distance (in frequency terms) among adjacent channels for a ho-

domized saturation degreRSD), based on node ordering and ran- t fh | cell d deri |
domization. Furthermore, we improve the solution given by RSD mogeneous system or hexagonal cells and derives some lower

by means of a local search technique. Experimental resuits show bounds for a class of channel assignment problems [7]. Jordan
the effectiveness of the heuristic both in terms of solution quality and Schabe [10] propose some new metrics for measuring the

and computing times. performance of various channel assignment techniques.dicha
Index Terms—Cellular network, channel assignment problem al. [18] propose new lower bounds for the channel assignment
(CAP), graph coloring, heuristic, local search. problem, thus improving previous results given by Gamst. Re-

cently, simulated annealingd], [13] and neural networkg5],
[12] have been used to solve the CAP problem, but they tend to
) require excessively long computing times. Funabiki and Take-
I N THE last few years, the demand for services that allogji [5] develop a parallel neural network algorithm. In their
communication in a mobile station setting is growinggimensional parallel network modedyn processors are used
rapidly. The first cellular system, known as Advanced Mobilg, model a problem of, cells andm channels. Sivarajan and
Phone Service (AMPS), appeared in Chicago, IL, in 1979. fcEliece [16] present eight algorithms that result from the com-
cellular system was introduced in Europe in 1981 in the Scapnations of two cell ordering criteria, two call ordering criteria,
dinavian countries and was called Nordic Mobile Telephongd two different channel assignment techniques. Kim and Kim
(NMT). The channel assignment problem (CAP) is fairly well1 1] propose a two-phase optimization technique based on fre-
studied by researchers because it aims at optimizing the ra&iﬂancy reuse patterisiusters) Using the same formulation of
spectrum, a crucial resource for communication. [16], Wang and Rushforth [19] present a local search algorithm
In a cellular mobile network, the covered area is divided int@y the coloring problem (CAP3), which is also used with an
a discrete number of cells. A set of channels.is assigned to e%ﬁbrithm based on structure partitioning of the network, car-
cell o_f the network, in order to meet the ?rafflc den_1ar_1d genefied out by means of clusters (SPCAP). Sen [14] presents new
ated in the cell. Due to the nature of radio transmissions, callgyer and upper bounds in a particular homogeneous environ-
generated in a cellmay cause interference with calls generateghent, with the same number of calls in each cell.
in a cellj. We assume that the power of radio transmission (andf gne considers both the solutions found and the computing
thus the geographical distance) is the only factor that can cayggges, the best existing algorithms, at least for certain graphs,
interference. In addition, we assume all cells to be hexagonah@ those using local search, such as CAP3 and SPCAP. In this
situation corresponding to the case of a fairly flat area with Maper, we propose a new heuristic, cali@edomized saturation
radio obstacles, such as the presence of large buildings. degree(RSD), which is a generalization sfturation degree
The cellular netwqu can be represented by means ofagrap@D) for graph coloring [2]. It is based on node ordering and
and the channel assignment problem can thus be formulated 8 3andomization of choices. Unlike other existing heuristics,
graph coloring problem [9]. Because the graph coloring problegidering and coloring are carried out simultaneously: the first
in its classical formulation is NP-complete [8], the CAP is alsodes to be colored are those with the greatest number of colors
NP-complete, and therefore an optimal assignment cannotjgne neighborhood. The RSD performance is experimentally
found in reasonable (polynomial) time. tested on the benchmark problems proposed in [5], [11], [16],
The CAP problem has been investigated by many researchgfg [19]. On these benchmarks, RSD often performs better than
using graph theory and heuristic approaches. Many heuristigga| search and provides good starting solutions for local search
techniques. By combining RSD with a version of local search,
Manuscript received March 1, 1999; revised August 1, 2000. obtained by giving more diversification to the CAP3 choices,
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This paper is organized as follows. In Section II, the CAP
problem is formally defined and formulated as a version of the
graph coloring problem. In Section Ill, the benchmark prob-
lems are proposed and local search is briefly recalled. In Sec-
tion IV, the adaptation of the RSD heuristic to the CAP problem
is proposed. Experimental results on the benchmark problems
are presented in Section V, together with some modifications
introduced to CAP3.

Il. PROBLEM FORMULATION

A cellular network is illustrated in Fig. 1. Because interfer-
ences are caused by the power of radio transmission, if the geo-
graphical distance between two cells is larger than a fixed value,
the same frequency channel can be “reused” in both cells at the
same time without any interferenasothannel cells As an ex-
ample, suppose that channel Z is assigned to cell A (see Fig-Flé.- 1. A cellular network with interferences extending up to the second ring
Suppose also that the interference extends up to the second efrigighboring cells.
of neighboring cells from the cell originating the call. Then,
channel A cannot be reused in all gray cells shown in Fig. 1. In
the same figure, the shaded cells denote the possible cochannel

cells for channel A. e e e e e
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1) a set ofn distinctcells
\

2) ademand vectom = (m;), 1 < i < n;
3) afrequency separation matrot interference matrixC =
(Cij)nxn;
Fig. 2. Acellular graphmodeling the network of Fig. 1.
Each entryc;; € C represents the required frequency sep-
aration between each pair of system channels. If, for example minimized.

4) afrequency assignmerfty, 1 < i < n,1 <k < my,
where each frequencfy is represented by a positive in-
¢;; = 0, then no frequency separation is needed betwken  considering the above model, the CAP problem can be
and f;;: cells: and; arecochannel cellsind fix may bereused  formuylated as the generalization of a graph coloring problem.

teger (code);
5) a set offrequency separation constraints

|fir — fitl = cij Vi, k, g, L.

n ce!l J- . _ . Several ways to model the CAP problem as a graph coloring
Th|s paper considers the following frequency separation CO¥oblem have been proposed [14], [15], [19]. We consider the
straints. adjacency graplor cellular graph formulation [14], defined
1) Cochannel constrainte;; = 1, no frequency reuse is as follows. Each node represents one cell, and there is an edge
possible in cells and;. between two nodes if the corresponding cells are adjacent in
2) Adjacent channel constraint;; > 2, no two adjacent the network (i.e., they share a common cell boundary). Fig. 2
channels may be assigned to célend;. shows the cellular graph that models the network of Fig. 1.

3) Cosite constraintc;; represents the required frequency According to this formulation, the CAP problem reduces to
separation between two channels assigned to the safe problem of finding an assignment for the nodes of the cel-
cell 4. lular graph such that:

Let us observe that the required frequency separation is in-1) exactlym; codes are assigned to each négde
versely proportional to the distance between two cells, that is, 5) \fir — fal = cij foralli, k
v J — J ?

the largest entries i¢ are those lying on the diagonal. 3) max;x fi, IS minimized.
. The CAP problem consists of finding a channel assignment,C|ear|y, the cellular graph coloring problem is the “gener-
i.e., thef;.s, for the cellular network such that the systeamd-  5jization” of the classical graph coloring problem. More pre-
width, that is cisely, the latter problem is the CAP problem, where all entries
of the demand vector are equal to one (only one code for each
max fix node) and where the interference matrix is a binary matrix (with

7j7 l'
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meaningless diagonal entries). Therefore, the CAP problem i
NP-complete.

The authors of [3], [16], and [19] show different criteria for
finding a good ordering of the calls to solve the CAP problem.
Itis clear that if the number of system callsis then there are
m! available calls orderings. Because the exchange of two call
in the same cell does not change the system bandwidth (call
in a cell are undistinguishable), all orderings can be partitioned
into m!/(mqlms!---m,!) distinguishable possibilities.

The assignment strategy followed in this paper consists of
assigning to théth call the smallest “legal co_de, that |s,_theFI '3, A 21-cell system (cell number s inside the cell).
smallest code that meets all frequency separation constraints im-
posed by the — 1 previously assigned calls. This assignment
strategy is known as tHeequency exhaustive stratefy6]. Fig. 9 reports the bandwidths obtained by the heuristic algo-
rithms proposed in [11], [16], and [19]. By observing Fig. 9, one
notes that the best results are those obtained by the SPCAP algo-
rithm [19], which is based on a partitioning of the network into

In this section, the benchmark problems are introduced aadminimum” network and a “difference” network, and then on
the local search technigue that achieves the best results onsjearately coloring the two networks by means of a local search
considered benchmarks is summarized. technique.

I1l. BENCHMARK INSTANCES

A. Details of Ten CAP Benchmarks C. Local Search (LS) Algorithms

We consider ten benchmark CAP instances, taken from [5],Until now, the best bandwidths for the previously presented
[16], and [19], which will be denoted adl, ..., A10. Prob- benchmarks were achieved by local search algorithms.
lems A1, ..., A9 are all formulated on the 21-cell system of Local search is based on a search sgacand an objective
Fig. 3. Two channel requirements for these problems are defirfedctionF. For each point, € R, a set of neighbors/ () C
in Fig. 4 (Cases 1 and 2, respectively). Fig. 5 shows the probléiis defined. A local search algorithm “explored’(x,,) by

specifications fordl, ..., A9. looking for anz,+1 € N(z,) that is “better” thanz,, that is,
A10is formulated on a 25-cell system, whose frequency sepA x4 that improves the value of.

aration matrix and demand vector are shown in Fig. 6. The CAP problem is solved by a local search technique in
Note that allC entries in Fig. 6 are;; = 2 for all 4, and [19]. Let us consider a cellular network withcells, a demand

¢; = 0orlforalli# j. vectorm, and an interference matri¢. ThenR, 7, z, € R,

Problems A1, A2, A3, A4, A6, A8, A9 are taken from andN(z,) can be defined as follows.
[16], while A5 and A7 come from [5]. ProblemAl0 is a 1) R is the set of all possible ordered lists of calls, which
practical assignment problem from Helsinki, Finland [12]. fulfill the interference constraints.

Fig. 7 reports the best bandwidths for the above ten bench-2) F is the objective function to be minimized, that is the
marks, obtained by the heuristic algorithms proposed in [3], [5], system bandwidth.
[12], [16], and [19]. The first line of Fig. 7 shows the lower 3) z, is the current solution, namely, an ordered list of calls.
bounds obtained by Gamst [7]. The other lines show the band-4) N(z,) is the neighborhood of,,, defined as
widths obtained by the cited channel assignment algorithms. By
observing Fig. 7, itis clear that the best results are those obtained

O] /
by the local search algorithm CAP3 [19]. N(zp) = {ap|H(xp, ) < d}

whereH (z,,, x,,) is the number of components in which
x,, andx), differ. As in [19], we considet] = 2.

We consider also benchmark instances from [11], involving A local search algorithm for the CAP problem tries to find an
cellular networks larger than those considered in Section Ill-A;, € N(z,,), which decreases the system bandwidth [i.e., with
The instances are formulated on the<77 network shown in F(x},) < F(x,)]. If this configuration exists, them;, becomes
Fig. 8 and are denoted @61, ..., K9. the new current solutiot,,+1 ) and the search is iterated; oth-

The interferences extend up to the second ring of neigérwise,z, is a local optimum inV(z,) and the search ends.
boring cells. The frequency separation between each pair ofThe local-search based CAP3 algorithm, introduced in [19],
non-cochannel cells is 1 (absence of adjacent constraint)cdhsists of three phases: an initialization phase and two search
or 3, and 3 or 4. The demand vector is generated by megismses that explore the configurations\ifz,,). Givenz,,, two
of a distribution functionl( X, Y"), uniform over the interval calls are chosen: the call; with maximum frequency and a
[X, Y]. More precisely, the demand vector entries are gengandom call; (j =1, ...,i—1,i+1, ..., n). 2, € N(z,)
ated by the uniform distributiof/(10, 15) for K1, K2 and isthe ordered list of calls obtained frarm by swappingz;;, and
K3; by U(10, 20) for K4, K5 and K6; and byU(10, 30) for a;;. The two search phases differ in the way they acagps
K7, K8 and K9. the new current solution. The search withif(x,,) is stopped

B. Larger Benchmark Instances
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node 12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 2I
Cuase !
m| | m, 825 § & 8 IS I8 5277 28 13 IS 31 15 36 57 28 8 10 13 3
Cuase
2 m; S 5 5 8 12 25 30 25 30 40 40 45 20 30 25 (5 15 30 20 20 25
Fig. 4. Channel requirements for problems, ..., A9.
Al A2 A3 A4 A5 A6 A7 A8 A9
Gi 7 7 5 5 7 7 3 3 12
G (=1 I 2 1 2 1 2 1 2 2
Cj Cdy = 2) | } I I I I I I I
i dy=3) 0 0 0 0 0 0 0 0 I
m Case  Case  Cuase  Case  Casc Case Case Case Case
I I I | 2 2 2 2 2
Fig. 5. Specification details fat1, ..., A9.

[ 10101 111011110000000000 | M, ] saturation degree. SD has been successfully applied by Battiti
T210101101011110000000000 ] i i
L0 0 I Oro L gaua0b0000 ) al. [1] to solve the channel assignment problem for packet radio
SRR ETRRINNs LTS ;| nemworks.

001 ‘]’Q%% IT1000000000000000 4 The basic idea of the SD heuristic is to color first the node
%(H %8 ! HH ! }58888888888 | (1) i having the largest number of colors already assigned to the
ISNRRSEY HH) LTTT00000 1010 : neighbors. In _the case of ties, the node_z Wlth the largest number
o {(1) | ?%l 100000000000 |% of colored ne|g_hpors is cplored. The |Qea is that these nodes
C = | [iihrpblotita it iioonos m = | hgve a more limited ch_0|ce for choosllng colors_, and thus a
LEQOT0000110T121111111000 7 higher risk that all available colors will be assigned to the
0000100001101 T112111100000 6 . .
0000000000001 111211000000 4 neighbors in future steps.
0000000000101 111121100000 5 . . . . . .
00000000001011TTLIT2ITIT00 5 The coloring technique just mentioned is somewhat restric-
§ E% § § § § § § §$ i § éé i é § é i E%i % Eﬁ{j i, tive: if there are many ties, the first node encountered is colored
0001000000 10000000113 T 211 3 first. We mFrod_uce more fIgX|b|I|Fy anthirnessthrough the use
0O 00 oI e0006000001112 K of randomization. If there is a tie between two or more nodes,

Fig. 6. A10: frequency separation matrix) and demand vectomnd).

as soon as am, “better” thanz,, is found. More precisely, we

have the following.

1) Firstsearch phase (greedy local searchy; becomes the
new current solutioz,1) if F(x;,) < F(z;,) and the

search is iterated.

2) Second search phase (monotonic local searat)be-

comes the new current solution,, 1 ) if F(z},) < F(z,,)

and the search is iterated.

Each phase terminates either if the lower boid, is reached

or if the number of iterations exceeds the bouimdit = 1y, *

(n—1), wherem,,;, is the smallest entry of the demand vecto

IV. THE RANDOMIZED SATURATION DEGREE(RSD) HEURISTIC

the winning nodes are inserted into a setafididatesThe node

v* to be colored is then chosen randomly among the nodes in
the set of candidates. By iterating this randomization technique
(with different random number sequences), many legal color-

ings of the same graph can be found. Obviously, the assignment
that achieves the smallest bandwidth is then chosen.

To adapt SD to cellular networks, some additional changes
have been introduced. First, each nedws to be assigned ex-
actly m; codes. Second, codes (colors) must satisfy the con-
straints imposed by the interference matmogite constraint,
adjacent channel constrairindcochannel constraiit

To assign many colors to the same node, two ways can be
followed. The first is to order the nodes of the cellular graph
‘(i.e., the cells of the network) and, oncéis chosen, to assign
t m,~ codes. The second is to assigrutoonly one code, and
then to continue considering it as uncolored unii}. codes
have been assigned to it.

We now present a new CAP heuristic, which is a generaliza-It is worth observing that in this heuristic, ordering and
tion of a technique proposed by Brelasz [2] for graph coloringoloring of the calls are carried out simultaneously. The
The technique was used in [2] for choosing the “branchindg®SD heuristic, which follows the first of the two techniques
node in abranch and boundlgorithm, DSATUR, and is called described above, is shown in Fig. 10.
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Al A2 A3 A4 AS A6 A7 A8 A9 Al0
Lower Bound |7]| 533 533 381 414 309 309 221 229 529 73
CAP3 [19] 533 533 381 433 309 309 221 263 529 73
Sivarajan 1106] 533 533 381 447 - 310 - 270 529 -
Funabiki 5] 533 533 331 - 309 309 221 - - 73
Box |3} - - - 445 -
Kunz |12] - - - - - - - - - 73

Fig. 7. Previous results fatl, ..., A10.

v* IS assignedn,,~ codes, that is, one code to each call, ac-
cording to the entries of the interference matrix.

A. Time Complexity

The initialization is carried out i?(n ) time (lines 2—6). Then
awhileloop begins (lines 7-31), which selects one node per iter-
ation and is therefore repeatedimes. Afor loop, lines 11-20,
carried out for each node ifio Be Assigned, is repeated(n)
times in the worst case, so that these two nested loops together
requireO(n?) time.

Procedure ASSIGN-CODES assigns one code to each call
in cell v*. By implementingAvail_Codes with binary strings,
O(1) time is taken to delete one entry, while searching for the
Fig. 8. A 49-cell system (each cell number is inside the cell itself). minimum (function MIN) requires also constant time because
it depends on the constant MAX_CODE. The cardinality of

ToBeAssigned is the set of uncolored nodes. A setNeigh’(v*)[j] Is O(k). Therefore, théor loop in lines 2-8 costs
signe . 5

o . - _
Neigh Codes [1] is associated to each nodewhich contains (munax), while thefor loop in lines 11-21 COSIS (1muax),

the codes assigned to the neighbors that are at infastfrom 2ifnat;]esreog}gglﬁe0:)§p (lines 14-18) is repeated for a fixed
1, wherek is the greatest distance for which an interference Consequently, théor loop of RANDOMIZED-SATURA-

occurs.NAssigned Neighbors [i] is the number of neighbors TION-DEGREE (lines 24-30) requir@@(k?muy) time. Be-
of ¢ up to d|stancz§c,. which have already been assigned aCOdgause thigor loop is nested within thevhile loop of lines 7-31,
This means that™* is chosen among t_hose _nodes havmg ﬂ}%e time complexity of the heuristic @(max(n?, 7k2muma))
greatest number of codes already assigned in the nelghborh\(/)v%erek in the considered benchmarks is a émall inl'zgé(er, (two
(up to distance), lines 11-21 Neigh (v*)[h] is defined as the

or three).

set of all nodes whose distance from nades /.

At the beginning, 7o Be A ssigned contains all nodes (line 1).
NAssigned Neighbors [i] and Neigh Codes [i], for eachi, are
initialized to zero and the empty set, respectively (lines 2—6). At In this section, the new RSD heuristic is tested on the bench-
each step, anodg is chosen (lines 9-21). If there are ties (sam@ark problems previously introduced. RSD has been imple-
coloring priority), the nodes are stored in a settafndidates ~mented in G-+ and executed on an AlphaServer 2100.

(lines 12—-20), and then a random node is chosen (line 21). )

Successively, the node" is colored (line 22). Procedure” First Results fordl, ..., A10
ASSIGN-CODES assignsn,« colors to +*, according to  The execution of RSD obtains optimal solutions for eight out
the constraints imposed by all nodes that are at miostofthe ten problems described in Section IlI-A. For two “harder”
edges far fromw* and according to thdrequency exhaus- problems, neither the lower bound nor the CAP3 upper bound
tive strategy ToBeAssigned is updated at line 23. Thenwas reached. The results are shown in Fig. 12 (third line).
NAssigned Neighbors [i] and Neigh Codes [i] are updated, ProblemsAl, A3, A5, A7, A9, A10 are perhaps the easiest
for each nodej € Neigh(v*)[h] not yet colored, for each, problems, and their lower bound is reached many times during
1 < h £k (lines 24-30). 100 iterations. For thel2 problem, 210 iterations are neces-

Procedure ASSIGN-CODES (lines 2-8 of Fig. 11) deletesary to reach its lower bound. Fdi6, the optimum is reached
from Awvail_Codes all colors that cannot be assignedutobe- after 670 iterations. In contrast, the optimum is never reached
cause they do not meet the channel constraints imposed by cddeproblemsA4 and A8, even increasing the number of itera-
assigned to the neighbors@f. In the second part (lines 9—21),tions. Problemsi2, A4, A6, and A8 are the most difficult ones

V. NEW EXPERIMENTAL RESULTS
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K1 K2 K3 K4 K5 K6 K7 K8 K9

< i ] 2.3 34 | 23 3.4 | 2.3 34
¢ |3 5 7 3 5 7 3 5 7
m U(10.15) | u(io,20) [ U(10,30)

SPCAP [19]] 96 241 337 121 331 415 166 435 604

Kim |11] 98 279 368 127 3606 488 173 546 672

CRF [16] 127 437 583 168 470 024 234 769 837

CRR ™ 127 319 457 168 381 520 234 610 705

ccr o [0 325 445 143 393 OB 194 580 724

CCR 156 332 437 170 432 556 255 594 702

DRF - 134 400 531 161 495 035 236 764 846

DRR ** 134 303 448 1ol 384 540 236 586 692

DCF = 110 318 445 133 391 548 180 560 727

DCR 134 313 440 193 391 558 237 582 704

Fig. 9. Previous results fak'1, ..., K9.

RANDOMIZED-SATURATION-DEGREE

1 ToBeAssigned — {1,2,...,n}

2 for i+ 1tondo

3 begin

4 NAssignedNeighbors[i] < 0

5 NeighCodes[i] B

G end

7 while ToBeAssigned # ) do

8 begin

9 MaxNeighCodes < —1

10 MaxAssignedNeighbors +— —1

11 for each i € ToBeAssigned do

12 if | NeighCodesli])| > MaxzNeighCodes then

13 begin

14 MuaxNeighCodes + |NeighCodes]t]|

15 MuazAssignedNeighbors < NAssignedNeighbors|i]

16 Candidates < {i}

17 end

18 else if | NeighCodesli)| = MaxzNeighCodes then

19 if NAssignedNeighbors[i] > MazAssignedNeighbors then

20 Candidates «— Candidates U {i}

21 »* 4 random{ Candidates)

22 ASSIGN-CODES (71« ,0%)

23 ToBeAssigned < ToBeAssigned \{v*}

24 for i + 1 to k do

25 for each j € Neigh(v*)[h] N ToBeAssigned do

26 begin

27 for 5 < 1 to m,- do

28 NeighCodes[j] + NeighCodes{j} U {fur s}

29 NAssignedNeighbors[j) < NAssignedNeighbors(j] + imy-

30 end

31 end

Fig. 10. Randomized saturation degree.

because they also take into account the adjacency constréents, except ford4 and A8, which take 110-170 s [19]. These
(ci;j = 21if d;; = 1), which is a restrictive constraint to bevalues have been calculated using the UNiXe function. To
satisfied; thus the optimal assignment is harder to be found. Thaély compare computing times, the SPECInt95 of our machine
computing times, however, are always less than 1 s, for all pradnid of that used in [19] are considered to normalize the two dif-
lems. The CAP3 algorithm requires about 1 second for all proferent machine speeds.
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technique described above, starting from the solutions found by

1 Aveil_Codes + {1.2. ... MAX_CODE} RSD. For44 and A8, not only is the bandwidth given by RSD is
2 for j < 1tokdo improved but also that given by CAP3 is considerably lowered
3 for each pos &€ Neigh(v*)(j] do in much shorter computing times.
1 if (pos & ToBeAssigned) then
6 for s < 1 to 11, do
/¥ delete all codes that cannot be assigned */ C. Results for(1, ..., K9
T for each /i such that | fuos, — bl < ci-pos do Because the demand vector for the CAP benchmarks
o Avail-Codes  Avail Codes \ {h} K1, ..., K9 introduced in Section IlI-B is not fixed, RSD
9 Juq ¢+ MIN(Avail_Codes) . . .
0 dvail Codes o Avail. Codes \ £ f was tested on the cellular network of Fig. 8 by considering
Avail_Codes « Avail_Codes \ {1} . . e .

11 forv — 1to (m.--1) do dn‘ferent yalqes Qrawn frpm proper uniform distributions. The
12 begin uniform distribution functiorl/ was implemented by means of

[=]
13 p — MIN{Awvail_Codes) the UNIX drand48() function.

/¥ search for the smallest elegible code */ The bandwidths obtained by RSD are illustrated in Fig. 13.
L while (|p = fo- | < crepe) do For each problem, the best solution obtained is shown together
15 begin . . . . .
Iy il Codos L , with the average over 30 iterations. The four mentioned criteria

(5 Avail Codes « Avail_Codes \ {p} i X X - i 3}
17 » — MIN(Avail_Codes) consist of four different ways of breaking ties during the assign-
18 end ment phase.
19 Froral < p Criterion 1)  The node (cell) with the greatest number of
20 Avail_Codes — Avail_Codes \ {p} neighboring colors is chosen and codes are
21 end assigned tall its calls. Ties among nodes are
broken choosing the node with the greatest
Fig. 11. Procedure ASSIGN-CODES. number of colored neighbors.

Criterion 2)  Like Criterion 1), but ties among nodes are
broken preferring that node with the greatest
number of calls (greatest demand vector

B. RSD Plus Local Search
entry).
Criterion 3)  The node (cell) with the greatest number of

To improve the solutions found fot4 and A8, a local search
technique can be combined with the RSD heuristic. Starting
from the ordered list of calls given by RSD, the idea is to search
for an ordered list of calls that leads to a smaller bandwidth by
introducing local search (LS). To do this, the local search CAP3
algorithm, described in Section 11I-C, can be modified as fol-

neighboring colors, including colors inside
the node itself, is chosen and is assigned
only one color Ties among calls are broken
choosing the call with the greatest number of
colored callsthat could interfere with it.

lows. Criterion 4)  Like Criterion 3), but ties among calls are
1) Initialization: The starting calls list«) is that given by broken coloring that call that belongs to the
RSD. cell with the greatest number obt yet col-

2) Search: In the search phase, we observed that the crite- ored calls
rion (given in Section 111-C), which selects the two calisi(and By observing Fig. 13, one notes that the results of the SPCAP
a;;) to be swapped, induces a negligible diversification for thegorithm [19] are improved for six out of nine problems. No
found solutions. Indeed, CAP3 selects the aall which is as- tie-breaking criterion, however, is significantly better that the
signed the maximum frequency channel in the current solutiother ones on the considered benchmarks. Criteria 3) and 4) are
xp. Itis clear that;, will remain the same until a new currentthe slowest to execute because calls have to be colored one at
configurationz,+1 will be found. This choice forces the algo-each step, and they take on the average 2 min for computing
rithm to explore a “small” subset df (x,,). Thus abettercon- 30 iterations for each problem. Criteria 1) and 2) are faster to
figuration cannot be found for many steps, until a random calkecute because they need only 1 min to compute 30 iterations.
a;; is found that leads to a better solution when it is swappéacontrast, the SPCAP algorithm takes 70-100 s to execute only
with a;z. one iteration.

To introduce more diversification, the search was modi- The local search, as described in Section V-B, was also
fied by changing the criterion for choosing the calls to bepplied to problemdg<1, ..., K9. The resulting bandwidths,
swapped. The;; call is still chosen in a random way, whileshown in Fig. 14, are better than those of Fig. 13 for problems
the a;;. call is that to which the maximum frequency is asK5, K8, K9. For K4 and K7, all four criteria find the same
signed in the coloring associated to the last ordering visitedsults; this suggests that these bandwidths could be optimal.
N(zp). A new neighborz), € N(z,) is obtained fromz, SPCAP still gives better results for only three problems:
by swappinga;; and a;;. In this way, the search phase hag(2, K3, K6.
more diversification in its choices because it “exploits” the The computing times are slightly longer than before because
neighborsz,, while they are visited. local search is introduced: for Criteria 3) and 4), 15 min are

3) Further Results ford4 and A8: The last line in Fig. 8 needed to execute 30 iterations for each problem, while Criteria
shows the bandwidths obtained by executing the local seafddhand 2) require 7 min.
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Fig. 14. Performance of RSD and local searchiaor, ..., K9.

Al A2 A3 Ad A5 A6 A7 A8 A9 Al0
Lower Bound 5330533 381 414 309 309 221 229 529 73
CAP3 5330533 381 433 309 309 221 263 529 73
<ls <ls <is 11O/170s <ls <ls <ls LI/ 170s <ls <ls
RSD 5330533 381 463 309 309 221 275 529 73
<l <y <lIs <ls <ls <lIs <ls <ls <ls <lIs
RSD + LS 533 533 38 309 309 221 50 73
<30s <35
Fig. 12. Performance of RSD foi1, ..., A10.
Kl K2 K3 K4 K5 K6 K7 K$ K9
SPCAP 96 121 331 166 455 604
RSD hew 91 285356 436 148 2 (G
eriteriim T oo [ 97,160 269.03 37601 120.47 340 4747 169.07 4794 670.27
RSD best 91 255 355 109 309 432 150 423 584
eriterium 2 e |08 26907 3762 12133 3404 4758 16923 4817 67400
RSD best @ 64 361 109 313 438 149 418 587
criterium 3 ee | 958 275367 3832 12043 34003 47343 1687 47296 658
RSD best 91 02 362 i A2 43S G 5w
criterium 4 average | 96.03 27483 38203 1206 33936 4734 1685 4607 655.23
Fig. 13. Performance of RSD fdk'1,..., K9.
Kl K2 K3 K4 K5 K6 K7 K8 K9
SPCAP 9% 121 331 166 455 604
RSD +LS bt M9 352 119 05 503
eriterium 1 95.03 26543 37167 11867 3322 46383 16513 466.8 64986
RSD + LS hest 250 3 300 42 408 560
crilerium 2 oe | 952 2654 37183 1186 33277 466.86 16533 4662 6519
RSD +LS hest oo 255 a5 (o9 a0 4 05 s
CHCTIUM S e | 9493 2686 37366 1187 3300 46053 16523 45543 63576
RSD + LS hest (s0) 254 3% 02 416
criterium 4 average 95 26736 37373 1187 3207 45883 1652 45406 63413
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Fig. 15. Bandwidths for the four criteria of RSD. The channel constraints;are 3 andc;; = 1 ford;; = 1, 2.

540

530

520

510

500

Bandwidth

490

450 | 1 1 L | | i i
20 40 60 80 100 120 140 160 180 200
Nodes

Fig. 16. Bandwidths for the four criteria of RSD. The channel constraints;are 5, ¢;; = 3 ford;; = 1 andc¢;; = 2 ford,;; = 2.

D. Performance of the Four RSD Criteria ford;; = 1 andc;; = 2 for d;; = 2 (Fig. 16);cis = 7, ¢y =4

As we can see from Figs. 13 and 11, there is not a cfP’ % = 1 ande;; = 3for dy; = 2 (Fig. 17); ande;; = 9,

terion that performs better than the others. To appreciate ffie = ° ff’r dij =1 and_cij = 4for d;; = 2 (Fig. 1_8)- _
difference among the four criteria, we shall consider more Two different behaviors of the system bandwidth can be dis-

CAP instances. tinguished. A gap results between the bandwidths found by Cri-
Let U be a uniform distribution over the interval [10, 30]teria 1) and 2) and those given by Criteria 3) and 4). Indeed,
and let the cellular network be a system where the interferend@gen the channel constraints are not very restrictive (i.e., see
extend up to the second ring of neighboring cells. Consider#g. 15), all criteria perform in the same way, while as the con-
network ofn x n cells,n = 6, ..., 13. Fig. 15 represents the Straints become more and more restrictive Criteria 3) and 4) are
performance of the four RSD criteria on the networks describ&@tter than Criteria 1) and 2).
above, where the channel constraints for frequency separatiolote that the four criteria tend to behave in the same way
arec; = 3 ande;; = 1for d;; = 1, 2. The results shown are if the channel interference extends up to the third, fourth, etc.,
the average among 30 graph instances. It is clear that there iging of neighboring cells. More precisely, in these cases, the
best performing criterion yet. difference among the four criteria is bigger when the number
Figs. 16—18 represent the results obtained for the same radteells increases: for instance, if the interference extends up
works when the channel constraints became= 5, ¢;; = 3  to the third ring of neighboring cells, the gap between Criteria
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Fig. 17. Bandwidths for the four criteria of RSD. The channel constraints;are 7, ¢;; = 4 ford;; = 1 andc;; = 3 ford,; = 2.
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Fig. 18. Bandwidths for the four criteria of RSD. The channel constraints;are 9, ¢;; = 5 ford;; = 1 and¢;; = 4 for d,;; = 2.

1) or 2) and Criteria 3) or 4) becomes larger when the celluland [19] the ordering is found according to the characteristics of
network is a 12< 12 or a 13x 13 cell system. the graph and then maintained during the coloring procedure, in
The reason for the two different behaviors is found in the wadgSD the ordering is carried out simultaneously with the assign-
that the two colorings are carried out: Criteria 1) and 2) assigment, that is, théth node to be colored is not known until the
at each step colors to all calls of the nodes, while Criteria 3) afid-1)th node is colored. In this manner, properties of the current
4) color at each step just one call of the node. That is, Criteqi@rtial coloring can be taken into account.
3) and 4) manage to arrange colors in a smoother and finer wayThe experimental results show that the node ordering given by
RSD manages to achieve competitive results. RSD is a simple
and fast algorithm, which achieves very low bandwidths. Fur-
thermore, its performance is improved when itis combined with
In this paper, theandomized saturation degréeuristic has a local search technique. Unlike most heuristics presented in
been introduced to solve the CAP problem on cellular networkbe literature, RSD is flexible and easy to adapt to any kind
Like other state-of-the-art algorithms, RSD iggeeedyalgo- of network. For example, the algorithms in [11] and [19] use
rithm, where objects are ordered according to a specific critireclustertechnique, which is not suited for some physical net-
rion. Indeed, RSD is a heuristic that aims at finding a “good oworks because it cannot take into account detailed information
dering” of calls. The main difference is that, while in [11], [16]about the area to be covered. The simple structure of RSD, in-

VI. CONCLUSION
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stead, is based only orode ordering and randomizatiomhere-  [18] D. Tcha, Y. Chung, and T. Choi, “A new lower bound for the frequency
fore, it can be adapted to actual cellular networks, where cells ~ assignment problem|EEE/ACM Trans. Networkingol. 3, no. 1, Feb.

can be of any shape and nOt_ necessarily hexagonal. ) [19] W. Wang and C. K. Rushforth, “Local search for channel assignment in
Further developments of interest are to test RSD either on  cellular mobile networks,” ilDIMACS Series in Discrete Mathematics

cellular networks with an arbitrary topology or on different CAP ~ and Theoretical Computer Sciende97, vol. 35, pp. 689-709.
formulations, like formulations that do not aim at minimizing
the channel bandwidth, but try to optimize the use of a given
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