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Abstract In this paper we investigate the channel assignment problem,

that is the problem of assigning channels (codes) to the cells of a cellu-

lar radio network so as to avoid interference and minimize the number

of channels used. The problem is formulated as a generalization of the

graph coloring problem. We consider the Saturation Degree (SD) heuris-

tic, �rst proposed as a technique for solving the graph coloring problem,

which was already successfully used for code assignment in Packet Radio

Networks. We give a new version of this heuristic technique for cellular

radio networks, called Randomized Saturation Degree (RSD), based on

node ordering and randomization. Furthermore we improve the solution

given by RSD by means of a local search technique. Experimental results

show the e�ectiveness of the heuristic both in terms of solution quality

and computing times.

1 Introduction and Problem Formulation

In a cellular mobile network, the covered area is divided into a discrete number of

cells. A set of channels is assigned to each cell of the network. Calls generated in

a cell i may cause interference with calls generated in a cell j. If the geographical

distance between two cells is larger than a �xed value (for instance 2), the same

frequency channel (A) can be reused in both cells at the same time without any

interference (co-channel cells). We de�ne a cellular network in the following way.

1 a set of n distinct cells;

2 a demand vector m=(m

i

), 1 � i � n;

3 a frequency separation matrix or interference matrix C= (c

ij

)

nxn

;

4 a frequency assignment f

ij

, 1 � i � n, 1 � j � m

i

, where each frequency

f

ij

is represented by a positive integer (code);

5 a set of frequency separation constraints:

j f

ik

� f

jl

j � c

ij

8 i; k; j; l (k 6= l) :

We consider the following frequency separation constraints:

{ co-channel constraint: c

ij

= 1, no frequency reuse is possible in cells i

and j;

{ adjacent channel constraint: c

ij

� 2, no two adjacent channels may be

assigned to cells i and j;

{ co-site constraint: c

ii

represents the required frequency separation between

two channels assigned to the same cell i.

The Channel Assignment Problem (CAP) consists of �nding a channel as-

signment, i.e. the f

ik

's, for the cellular network such that the system bandwidth,

that is max

ik

f

ik

is minimized.
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Figure1. A 21-cell system (each cell number is inside the cell itself).

The CAP problem can be formulated as the generalization of a graph coloring

problem. We consider the adjacency graph (or cellular graph) formulation [6]

de�ned as follows. Each node represents one cell and there is an edge between

two nodes if the corresponding cells are adjacent in the network.

The CAP problem reduces to the problem of �nding an assignment for the

nodes of the cellular graph such that:

{ exactly m

i

codes are assigned to each node i;

{ j f

ik

� f

jl

j � c

ij

for all i; k; j; l ;

{ max

ik

f

ik

is minimized.

Clearly the graph coloring problem is the CAP problem where all entries

of the demand vector are equal to 1 (only one code for each node) and where

the interference matrix is a binary matrix (with meaningless diagonal entries).

Therefore the CAP problem is NP-complete.

In this paper, we propose a new heuristic, called Randomized Saturation

Degree (RSD), which is a generalization of Saturation Degree (SD) for graph col-

oring [3]. It is based on node ordering and on randomization of choices. Unlike

other existing heuristics, ordering and coloring are carried out simultaneously:

the �rst nodes to be colored are those with the greatest number of colors in the

neighborhood. The RSD performance is experimentally tested on the benchmark

problems proposed in [4, 5, 7, 8]. On these benchmarks, RSD often performs bet-

ter than local search and provides good starting solutions for local search tech-

niques. By combining RSD with a version of local search, obtained by giving

more diversi�cation to the CAP3 choices, we obtain the best results on most

benchmark graphs. This extended abstract summarizes the algorithm and the

results, while all details can be found in the extended version of the paper [2].

2 Benchmark Instances

We consider ten benchmark CAP instances, taken from [4, 7, 8], denoted as

A1; : : : ; A10. Problems A1; : : : ; A9 are formulated on the 21-cells system of Fig-

ure 1, while A10 is formulated on a 25-cell system.

Two channel requirements for these problems are de�ned in Figure 2 (Cases

1 and 2 respectively).

We consider also 9 benchmark instances from [5]. The instances are formulated

on the 7x7 network shown in Figure 3, and are denoted as K1; : : : ;K9.

The interferences extend up to the second ring of neighboring cells. The

frequency separation between each pair of non-co-channel cells is 1 (absence of



i

2 m
i

5 5 5 8 12 40 20 25 15 30 2025 30 25 30 40 45 30 15 20 25

1

i
1

8

42 3 5 6 7

m

8

Case

9 11 12 13 14 15 16 17 18 19 20 2110

25 15 15 36 57 28 8 10 138 8 8 15 18 52 77 28 13 31 8
m

node

Case

Figure2. Channel Requirements for problems A1; : : : ;A9.
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Figure3. A 49-cell system.

adjacent constraint), 2 or 3, and 3 or 4. The demand vector is generated by

means of a distribution function U(X,Y), uniform over the interval [X,Y].

2.1 Local Search (LS) Algorithms

Until now, the best bandwidths for the previously presented benchmarks were

achieved by local search algorithms [8].

Local search is based on a search space R and an objective function F . For

each point x

p

2 R a set of neighbors N (x

p

) � R is de�ned. A local search

algorithm explores N (x

p

) by looking for an x

p+1

2 N (x

p

) which is better than

x

p

, that is, an x

p+1

that improves the value of F .

The CAP problem is solved by a local search technique in [8]. Let us consider

a cellular network with n cells, a demand vector m and an interference matrix

C. Then R, F , x

p

2 R and N (x

p

) are:

{ R: the set of all possible ordered lists of calls;

{ F : the system bandwidth;

{ x

p

is the current solution, namely an ordered list of calls;

{ N (x

p

) is the neighborhood of x

p

, de�ned as

N (x

p

) = fx

0

p

jH(x

p

; x

0

p

) � d g

where H(x

p

; x

0

p

) is the number of components in which x

p

and x

0

p

di�er. As

in [8], we consider d = 2.



A local search algorithm for the CAP problem tries to �nd an x

0

p

2 N (x

p

)

which decreases the system bandwidth (i.e. with F(x

0

p

) < F(x

p

)). If this con�g-

uration exists, then x

0

p

becomes the new current solution (x

p+1

) and the search

is iterated; otherwise x

p

is a local optimum in N (x

p

) and the search ends.

The local-search based CAP3 algorithm [8], which gives the best results for

all of the above mentioned benchmarks, consists of three phases: an initialization

phase and two search phases that explore the con�gurations in N (x

p

).

3 The Randomized Saturation Degree (RSD) Heuristic

We present a new CAP heuristic, which is a generalization of Saturation Degree

(SD) proposed by Brelasz [3] for graph coloring. SD has been successfully applied

by Battiti, Bertossi, and Bonuccelli [1] to Packet Radio Networks.

The basic idea of the SD heuristic is to color �rst that node having the largest

number of colors already assigned to the neighbors.

If there is a tie between two or more nodes, the winning nodes are inserted

into a set of candidates. The node v

�

to be colored is then chosen randomly among

the nodes in the set of candidates. By iterating this randomization technique,

many legal colorings 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 intro-

duced. First, each node i has to be assigned exactly m

i

codes. Second, codes

(colors) must satisfy the constraints imposed by the interference matrix (co-site

constraint, adjacent channel constraint and co-channel constraint).

It is worth observing that, in this heuristic, ordering and coloring of the calls

are carried out simultaneously.

ToBeAssigned is the set of uncolored nodes. NeighCodes[i] contains the codes

assigned to the neighbors that are at most k far from i, where k is the greatest

distance for which an interference occurs. NAssignedNeighbors[i] is the number

of neighbors of i, up to distance k, which have already been assigned a code.

At each step, a node v

�

is chosen (lines 9-21). If there are ties (same coloring

priority) the nodes are stored in a set of Candidates (lines 12-20), and then a

random node is chosen (line 21).

Procedure ASSIGN-CODES assignes m

v

�

colors to v

�

, according to the con-

straints imposed by all nodes that are at most k edges far from v

�

and ac-

cording to the frequency exhaustive strategy. Then NAssignedNeighbors[i] and

NeighCodes[i] are updated (lines 24-30).

3.1 Time Complexity

The two nested loops (lines 7 and 11) require O(n

2

) time. Procedure ASSIGN-

CODES is carried out in O(k

2

m

max

) time.

Consequently, the time complexity of the heuristic is O(max(n

2

; nk

2

m

max

)),

where k is a small integer.

4 New Experimental Results

The execution of RSD obtains optimal solutions for 8 of the problemsA1; : : : ; A10.

For two harder problems neither the lower bound nor the CAP3 upper bound

was reached. The results are shown in Figure 5 (third line).



RANDOMIZED-SATURATION-DEGREE

1 ToBeAssigned f1; 2; : : : ; ng

2 for i 1 to n do

3 begin

4 NAssignedNeighbors[i] 0

5 NeighCodes[i] ;

6 end

7 whileToBeAssigned 6= ; do

8 begin

9 MaxNeighCodes �1

10 MaxAssignedNeighbors �1

11 for each i 2 ToBeAssigned do

12 if jNeighCodes[i]j > MaxNeighCodes then

13 begin

14 MaxNeighCodes jNeighCodes[i]j

15 MaxAssignedNeighbors NAssignedNeighbors[i]

16 Candidates fig

17 end

18 else if jNeighCodes[i]j = MaxNeighCodes then

19 if NAssignedNeighbors[i] � MaxAssignedNeighbors then

20 Candidates Candidates [ fig

21 v

�

 random(Candidates)

22 ASSIGN-CODES(m

v

�

,v

�

)

23 ToBeAssigned ToBeAssigned nfv

�

g

24 for h  1 to k do

25 for each j 2 Neigh(v

�

)[h] \ ToBeAssigned do

26 begin

27 for s  1 to m

v

�

do

28 NeighCodes[j] NeighCodes[j] [ ff

v

�

s

g

29 NAssignedNeighbors[j] NAssignedNeighbors[j] + m

v

�

30 end

31 end

Figure4. Randomized Saturation Degree(RSD).

4.1 RSD plus Local Search

To improve the found solutions, 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 2.1, can be modi�ed as follows.

Initialization The starting calls list (x

0

) is that given by Randomized Saturation

Degree.

Search CAP3 selects the call a

ik

which is assigned the maximum frequency channel

in the current solution x

p

. Then a

ik

will remain the same until a new current

con�guration x

p+1

will be found. This choice forces the algorithm to explore a

small subset of N (x

p

). To introduce more diversi�cation a

jl

call is still chosen

in a random way, while the a

ik

call is that to which the maximum frequency is

assigned in the coloring associated to the last ordering visited is N (x

p

). A new

neighbor x

0

p

2 N (x

p

) is obtained from x

p

by swapping a

ik

and a

jl

. In this way,
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Figure5. Performance of Randomized Saturation Degree for A1; : : : ;A10.
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Figure6. Performance of Randomized Saturation Degree for K1; : : : ;K9.

the search phase has more diversi�cation in its choices and exploits the neighbors

x

p

while they are visited.

Further results The last line in Figure 3 shows the bandwidths obtained by

executing the local search technique described above starting from the solutions

found by RSD. The bandwidths obtained for the CAP benchmarks K1; : : : ;K9

by RSD are illustrated in Figure 6. For each problem the best solution obtained

is shown together with the average over 30 iterations. The results of the SPCAP

algorithm [8], derived fromCAP3, are improved for 6 out of 9 problems. The local

search, as described in Section 4.1, was also applied to problems K1; : : : ;K9.

The resulting bandwidths are shown in Figure 7. The results and the four above

mentioned criteria are studied in details in the extended version of the paper [2].
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