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A critical task in the design of a cellular radio network is to determine a spec-
trum-efficient and conflict-free alocation of channels among the cells. In this paper, we
propose a new approach to the Fixed Channel Assignment (FCA) problem. By preserv-
ing the co-site channel constraint throughout our algorithm and adopting a fine-tuning
procedure to escape from a local minimum, we reduce the overall execution time and
improve the convergence rate. Simulation results show that our algorithm achieves a
very high rate of convergence to solutions for eight benchmark problems. Furthermore,
the number of iterations our algorithm requiresis fewer than previous results.
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1. INTRODUCTION

The growing popularity for mobile communication services increases the need for
efficient use of the limited frequency spectrum. A common way to increase frequency
spectrum utilization is to adopt the cellular structure approach, which spatially divides
the geographical region into a number of cells. A base station (BS) is established in each
cell, and each mobile station (MS) in the cell communicates through the BS via a channel.
In such a frequency reuse system, MSs in different non-interfering cells may simultane-
ously use the same frequency channel. A critical task in the design of such a cellular ra
dio network is to determine a spectrum-efficient and conflict-free allocation of channels
among the cells.

Generally, there are three types of constraints that need to be considered, which in-
clude (1) the co-channel constraint (CCC), where the same channels cannot be assigned
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to certain pair of cells simultaneously; (2) the adjacent channel constraint (ACC), where
channels adjacent in the frequency spectrum cannot be assigned to adjacent cells simul-
taneoudly; and (3) the co-site constraint (CSC), where channels assigned in the same cell
must have a minimal separation in frequency from every other channel. We call these
three constraints the electromagnetic compatibility constraints (EMC) [4, 9-11, 13, 17].
Allocating the channels among the cells while satisfying both the traffic demand and
EMC is the main objective of the channel assignment problem.

The channel assignment problem takes two forms: (1) the fixed channel assignment
problem (FCAP), where channels are permanently allocated to each cell [4, 10, 13]; and
(2) the dynamic channel assignment problem (DCAP) [16, 18], where al channels that
are available for every cell are allocated dynamically upon request [1].

The FCA problem has been studied extensively [4, 9-13, 17]. It has been shown that
this problem is equivalent to a generalized graph-coloring problem, which is NP-hard [11,
12]. Such problems require the use of extremely time-consuming algorithms to obtain
exact solutions. It is, therefore, necessary to use more time-efficient algorithms that,
however, cannot guarantee optimal solutions. Most of the previous efforts have focused
on developing approximation algorithms [17]. These include graph-theoretic [7], neura
network [4, 11], simulated annealing [3], and genetic algorithms [13]. However, neu-
ral-network-based algorithms typically yield only sub-optimal solutions [17]. The simu-
lated annealing approach, athough it may be more flexible, is easily trapped in a local
minimum, which it cannot escape without expending a lot of computation time [17]. In
[6], Gamst derived some lower bounds for the minimal number of channels required.
Other authors[8, 15, 17] provided other lower bounds, which are tighter in some cases.

In [4], the authors proposed a neural network-based parallel algorithm. It first fixes
all the output values and updates the input values sequentially. Then it fixes all the input
values and updates all the output values. Four heuristics are used to improve the conver-
gence rate. Channel assignmentsin one or more cells are also fixed in order to reduce the
convergence time. In [10], the authors proposed an agorithm that is based on a modified
Hopfield neural network. Two different initialization methods and three update proce-
dures with various updating orders were developed in the hope of improving the conver-
gence rate and reducing the number of iterations. In [13], a genetic algorithm was pro-
posed to solve the FCA problem. In this approach, the minimum separation encoding
scheme is used to ensure that CSC constraints are not violated and to speed up the ge-
netic computing process.

In this paper, we propose a new approach to solving the fixed channel assignment
problem. By preserving the CSC throughout our algorithm, we can reduce the time re-
quired to reach convergence. A humber of new techniques are also employed to increase
the rate of convergence to a feasible solution. Simulation results show that our algorithm
achieves a rate of convergence to solutions of 100% for eight benchmark problems. To
the best of our knowledge, no previous algorithms could achieve such a high conver-
gence rate. Furthermore, the number of iterations our algorithm requiresis fewer than all
previous results. Such significant results indicate that our new approach is indeed an ef-
fective and efficient method for solving the fixed channel assignment problem.

The remainder of this paper is organized as follows. In section 2, some necessary
definitions are given. Our new approach is described in section 3, while simulation re-
sults and analysis are provided in section 4. Finally, section 5 concludes the paper.
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2. DEFINITIONS

A system of n cellsis represented by n vectors X = {Xy, X, ..., X,}. We assume that
the channels are equally spaced in the frequency domain and are ordered from the
low-frequency band to the high-frequency band with numbers 1, 2, ..., m. We use an n x
n nonnegative symmetric matrix C, called a compatibility matrix [4, 7, 9, 10, 13, 17], to
represent EMC. Each diagonal element ¢; (wherei =) in C represents the CSC, and the
rest of the elements, ¢; (wherei #j), represent the ACC or CCC. A demand vector R={ry,
rs ..., '} describes the channel requirements for each cell. Each element r; in R repre-
sents the minimal number of channels to be assigned to cell x;.

The FCAP is specified by the triple (X, R, C), where X is a cell system, Risare
quirement vector, and C is a compatibility matrix. Let N={1, 2, ..., m} be aset of avail-
able channels, and let H; be the subset of N assigned to x;.. The objective of FCAP is to
find an assignment H = {H4, H,, ..., H,}, which satisfies the following conditions:

[Hi|=ri, for1<i<n, D

lh—h|=cj foral he Hi, h" e Hj,wherel<i<nandl<j<n,i#j, 2
and

|[h—h|=cy, foral h, h" e H;, whereh # 1, (3)

where |H;| denotes the number of channelsin the set of H;. We call such an assignment an
admissible assignment. Notations used in this paper are summarized in Table 1.

Table 1. Notations used in this paper.

n  |Number of cellsin the mobile network

m |Number of available channelsin the mobile network

R |Required channel number matrix, R = (r;)

ri |Required number of channelsfor cell i, 1<i<n
C |Compatibility matrix, C = (c;;)
C; [Minimal channel separation between channelsincellsi andj, 1<i,j<n

dese |[Minimal distance between channels of the same cell for CSC. The deg for cell i isc;;.
ACC |Adjacent channel constraint

CCC |Co-channel constraint

CSC |Co-site constraint

In our channel assignment algorithm, we define an energy function E to keep track
of the status of the simulation system. When E falls to zero, we find an admissible as-
signment. The energy function E is defined as follows:
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E= p(i, @)= Obj (i, a, j,b)* p(j,b) +

=1 a=1 j=1, ]+ b=l

o @
> > pli,a)*O0bj(i,a,i,b)* p(i, b),

where

) 1, if thechannd a isassigned to cell x,,
p(i,a) = ,
0, otherwise.

0, if thedistance between channel a and b is greater or equal to ¢; ,
Obj(i,a, j,b) = that is, Ja—b|>¢
1  otherwise

j

Ohj(i, a, j, b) is set to 1 if the assignment of channel a to cell x and channel b to cell x;
violates the EMC. As aresult, E represents the total number of such violations in an as-
signment. We can then use E to evaluate the extent of violations in current assignments.

3. THE CSC-PRESERVING FCA ALGORITHM

Our new FCA agorithm includes three main procedures. First, the initializing pro-
cedure assigns a set of channels that satisfy the CSC to each cell without considering
ACC or CCC. Then the updating procedure tries to reduce the energy function E by
changing the current assignment without violating the CSC constraints. If the energy
function E is reduced to zero, then we can successfully obtain an admissible assignment.
On the other hand, if E stays unchanged, the system is in a locked state. An unlocking
procedure is then activated. The unlocking procedure first tries to find free channels from
neighboring cells to resolve these conflicts. If it is not successful, the simulation system
randomly resets the channel assignment of each cell, again without violating the CSC
constraints. Then it goes back to the updating procedure until the simulation process
stops. If the energy function of the system is greater than zero after the maximum number
of iterations is reached, the simulation system terminates and fails to converge (the
maximum number of iterations was set to 500 in our simulations).

The essentia ideas behind our agorithm are described as follows. First of al, we
preserve the CSC constraints for each cell throughout the channel assignment procedure.
Assigning channels to cells in the FCA problem involves the consideration of many in-
ter-dependent factors. If we can limit one or more of these factors, we might have more
control over the FCA process and improve the efficiency of our algorithm. We choose to
preserve CSC because it is the only EMC constraint that can be locally determined within
each cell. The other essential feature of our algorithm is the adoption of a fine-tuning
procedure to escape from local minima if certain conditions are met (e.g., if the smula-
tion system is very close to obtaining a successful assignment). As will be shown later,
by preserving the CSC and adopting a fine-tuning procedure, we can ensure that the en-
ergy function E will converge to zero much more quickly than without doing so.
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Without considering the CCC or ACC constraints, we notice that cells with a high
channel requirement or with large d.s. have more difficulty obtaining an assignment that
satisfies the CSC constraints. According to our simulation results, these difficult cells are
bottlenecks in the channel assignment procedure. If we can tackle these difficult cells
firgt, it is more likely that we will be able to obtain an admissible assignment quickly.
Based upon thisintuition, we define the feasibility function of acell asfollows:

feasibility(x) = m—r; * c. ©)

A cell with more feasible combinations of channel assignments that satisfy the CSC
constraints has a higher feasibility value. Intuitively, the value of the feasibility function
indicates the flexibility of acell in terms of channel assignment. The channel assignment
procedure will then proceed according to the ascending order of the calculated feasibility
values of the célls.

Our new approach is summarized in the CSC-preserving algorithm described as fol-
lows. (The flow chart of the algorithm is shown in Fig. 1.) Note that, throughout the en-
tire process, none of these temporary assignments violates the CSC constraints. As are-
sult, the second part of the energy function E will aways be zero. Finaly, the energy
function can be further smplified as shown below:

n a+(g; 1)

E=Zn:i 2| 2 p.a)*0bj(i.a j.b)*p(j,b) ||| (6)

i=1| a=1| j=1j=i| b=a—(g;-1)
1<b<m

The CSC-Preserving Algorithm

Sep 1: Determine an assignment to each cell using the initializing procedure.

Sep 2: Process all the cells sequentially in ascending order according to the value of the
feasibility function of each cell. For each cell, we determine a new assignment
by applying the updating procedure.

Sep 3. Compute the energy function E. If E = 0, the algorithm ends. An admissible as-
signment is then successfully obtained.

Sep 4: If E causes no changes when compared with the assignment prior to Step 2,
launch the unlocking procedure and go to Step 3. Otherwise, go to Step 2 for an-
other iteration until the maximum number of iterationsis reached.

In the following, we provide more detailed descriptions of the three major proce-
dures, including the initializing, updating, and unlocking procedures.

3.1 Thelnitializing Procedure

Initially, we assign channel set H; ={s, s+ ¢j, s+ 2 x G, ..., S+ (ri — 1) x ¢;} tothe
cell x; where sis arandom number between 1 and m— (r; — 1) x ¢;;. Thisis a straightfor-
ward way to assign each cell so that the assignment satisfies the CSC and the channel
requirement. The procedure is shown below.
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Fig. 1. The flow chart of the CSC-preserving FCA agorithm.

Thelnitializing Procedure

Perform the following steps for each cell x;.

Sep 1: Randomly set sto be an integer between 1 and m— (r; — 1) X c;;.

Sep 2: Assign channel set H; = {s, s+ ¢j, S+ 2 X Cj, ..., S+ (r; — 1) x ¢;j} to cell x.

3.2 The Updating Procedure

The updating procedure proceeds by processing each cell sequentially to reduce the
energy E and to preserve the CSC constraints at the same time.

The support function defined below is used to select the most promising channel set
for each cell. The degree of support for assigning a channel to a cell is computed by
counting the votes from the neighbors of that cell. A channel a that is assigned to a cell x;
without violating the EMC will be given a positive vote by its neighboring cells. In the
opposite case, a negative vote will be given. Accordingly, the support for assigning
channel ato cell x; can be defined as follows:

n a+(g;-1)
support(a,x)= > (= > S(i.a j,b)*p(j,b)), 0
j=1j= b=a-(¢; -1)

1<b<m

where
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1, if thechannel b is assigned to cell x;,
0, otherwise.

1 ifla-blizg,
-1, otherwise.

Intuitively, the value of the support function of a channel assigned to a particular cell
represents the degree of support from its neighboring cells for the particular channel as-

signment.

The updating procedure is described as follows.

The Updating Procedure

Perform the following steps for each cell x; in ascending order of the value of the feasi-

bility function of each cell.

Sep 1: Calculate the support function of the cell for each channel.

Sep 2: Find a set of channels that have high support values and preserve CSC at the
sametime.

21

22

2.3
24

2.5
2.6

2.7

2.8

Create alist ChList of channel set {1, 2, ..., m} sorted in descending order
of the support function calculated in Step 1.

Create an empty list SeList, where Selist represents one of potential sets of
channels that can be assigned to cell x;.

Pick the first channel a and delete it from ChList.

If channel a conflicts with the channel(s) in SeList (due to violation of the
CSC constraints), go to Step 2.3.

Insert channel ainto Selist so that Selist is sorted in ascending order.
Determine whether channel a can be preserved in Selist or not. By means
of function f (defined below), calculate that the maximal possible number of
channels which preserves the CSC constraints and contains al the channels
in SeList. If the value of fislessthanr;, remove channel a from Selist.

f :LSellldmﬁtZopl(Seln — el )/ g |+| (M—Sel,,) /. |- (8)

In practice, EQ. (8) can be further modified to save computation time, as il-
lustrated in Eq. (9):

f=oldf + L(Seh - &I(i.l))/dcg;) + L(a— Sel(i.l))/dcsfj + L(&i‘h - a)/dCSCJ (9)

Here, oldf is the value of f computed in the pervious channel selection, Sdl;
istheith channel in SeList, and top is the number of channelsin Selist.

If the number of channelsin Selist is equal to r;, then go to Step 2.8. Oth-
erwise, go to Step 2.3

The channels in Selist comprise a set of channels that have a high support
value and preserve the CSC.
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Sep 3: Compared with the previous channel assignment, the new assignment to cell x;
receives more support from the other cell x;; thus the new assignment is adopted.
Otherwise, the channel assignments of cell x; remain unchanged.

3.3 The Unlocking Procedure

When the value of the energy function E is not equal to zero and can not be reduced
any further, the system converges to a local minimum. Usually, other algorithms will
change some of channel assignments randomly in order to make system unstable (i.e., to
escape from the local minimum) [10], and re-apply the updating procedure. As a resullt,
al the efforts made in the previous steps are wasted.

Since the updating procedure makes decisions based only on a cell's neighboring
state in order to reduce conflicts in the current assignment, it seems reasonable to start
from a local minimum state and initiate a more global check to resolve the remaining
conflicts. In this way, we expect that the simulation system may get around the local
minimum and save all the efforts that were made in the previous steps. In fact, according
to our analysis of the simulation process, a few channel adjustments to cells with in-
ter-conflicting channels usually cause a chain of actions that will resolve the current con-
flict and lead to a state with fewer (or even no) conflicts. The fine-tuning procedure is
based on the above idea.

However, there may exist complicated conflicts that the fine-tuning procedure can
not resolve. In this case, we apply a CSC preserving randomizing procedure to randomly
generate CSC preserving channel assignments as the initial state for the next run of the
updating procedure.

In summary, the unlocking procedure that we use to escape from alocal minimum
consists of the fine-tuning and randomizing procedures described below and depicted in
Fig. 1.

3.3.1 Thefine-tuning procedure

The fine-tuning procedure is designed to find out channel assignments (if any exist)
that do not satisfy the ACC or the CCC constraints and to try to resolve these conflicts.

We say that a channel a (of cell x;) conflicts with channel b (of cell x;, wherei = j) if
the pair of channels a and b does not satisfy the ACC or CCC constraints.

Theimportant set |; of cell x; is defined as follows:

li ={x | wherek #i and cj, # O}.

By the above definition, the important set |; contains cells (except for cell x) whose
channels might conflict with cell x;.

A channel f of cdl x isfreeif f ¢ H;, and if f does not conflict with any selected
channel for each cell x. e I;. We define 7{f) = {g | g conflictswith f, wheref ¢ H;, g€ H;,
x e landi=j}.

Suppose a € H;. We say that channel a isreplaceable if there exists f ¢ H; such that
H, —{a} u {f} satisfies CSC, and
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(D) fisfreeincell x or
(2) each channel in the set 7Tf) isreplaceable.

When f makes a replaceable, we call f the successor of a.

An example is shown in Fig. 2. Here, nodes denote cells, and a circle on each node
represents the current channel assignment. An arc with an arrow between two channels
indicates that these two channels conflict with each other. In addition, al free channels
are enclosed in rectangles. In Fig. 2, channel b conflicts with channel a,, while f3 and f4
are both free. Suppose that H; — {a} v {fi} satisfies CSC for all i. In the following, we
will show that ay is replaceable. First of all, since f; and f, are free and 7(f,) = { a3, a4}, &
is replaceable by definition. Secondly, the fact that 7{fo) = { &, a3}, a is replaceable, and
that f; is free also means that a, is replaceable. In addition, fo, f1, f,, f3, and f,, are succes-
sors of ay, &y, &, as, and a4 respectively. We call the tree-like graph in Fig. 2 areplacing
tree of ap, since it represents a possible sequence of channel re-assignments (replace-
ments) for resolving a conflict due to the assignment of ayto some cell. Note that if ayis
replaceable, the leaves of its replacing tree are free.

Fig. 2. An example showing that channel a, is replaceable when 7Tfy) is replaceable.

It is easy to see that if channel a conflicts with channel b, and if a is replaceable,
then the conflict resulting from a and b can be removed when all conflicting channels on
the replacing tree of a are replaced with their corresponding successors. Further conflicts
might be introduced but will be limited to the set {b} U {f; | f; is a successor in the re-
placing tree of a}.

The fine-tuning procedure is described as follows.
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Supposed that a channel a e H; conflictswith b

Step 1: Try to select an unmarked channel f from N — H; such that H; — {a} U {f} satisfy
the CSC of cell .. Mark f. If no such f exists, go to Step 4.

Step 2: If fisfree, replace channel a with channel fin cdll x; that is, let H; = H; — {a} U
{f} and go to Step 4.
Otherwiseg, if each channel in 7Tf) is replaceable and no conflict occursin {b} U
{fi | fi isasuccessor in thisreplacing tree}, then let H; = H; — {a} U {fj} for all fj,
where f; is the successor of g in the replacing tree of a. Go to Step 4.

Step 3: Goto Step 1.

Step 4: END

Our fine-tuning procedure extends the replacing tree dynamically. Based on our
simulation results (shown in section 4), this procedure resolves conflicts in most cases,
which in turn leads the simulating system away from the local minimum quickly and
raises the rate of convergence dramatically.

3.3.2The CSC preserving randomizing procedure

The randomizing procedure processes cells one by one. First, we separate al avail-
able channels into r; channel intervals for each cell x,. The kth channel interval of x; can
be represented by the pair (minpos,, maxposy), k=0, ..., r; — 1. Next, we randomly select
an arbitrary channel interval of the processed cell. Within the selected channel interval,
we select an arbitrary channel. The neighboring channel interval will be adjusted so that
the next selection of a channel from this channel interval does not violate CSC. The re-
maining channels can be decided similarly. Note that the procedure randomly changes
the channel assignment of each cell in order to make the system unstable but still pre-
serves CSC for each cell. The procedura steps for changing the channel assignments of
cell x; are listed as follows.

The Randomizing Procedure

Step 1: Set every channdl interval (minpos,, maxpos,) for the processed cell, where 0 < k
<r;— 1, minpos = k x ¢;j, and maxpos, = m— (r; — k— 1) x ¢;.

Step 2: Set currentpos, as the xth channel according to the increasing order of the values
of channel set currently assigned to the processed cell.

Step 3: Randomly select a channel interval (minpos,, maxpos,), where 0 < x<r; — 1.

Step 4: Randomly select a channel y from (minpos,, maxpos,). That is, minpos, <y <
maxpos;.

Step 5: If currentpos <y, set dir = 1 and limit = r;. Otherwise, set dir =— 1 and limit=— 1.

Step 6: Set currentpos, =Y.

Step 7: If dir = 1, let minpos, + 1 = max{ minpos, + 1, y + ¢;;} . Otherwise, let maxpos, — 1
= min{ maxpos, — 1, y — Gii}.

Step 8: Determine the next channdl interval by setting x = x + dir. If x = limit, then stop
this procedure.

Step 9: Randomly select a channel y from (minpos,, maxpos,). Go to Step 6.
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4, SSMULATION RESULTSAND COMPLEXITY ANALYSIS
4.1 Simulation Results

Our simulator was developed on a personal computer with an Intel Pentium IV 2G
CPU and 256 MB of main memory (RAM). The program was coded in Delphi 5. Eight
benchmark problems taken from [4], which were also used as test samples in [10, 13],
were examined. Table 2 summarizes the characteristics of these eight problems, together
with all the demand vectors, D;, and the compatibility matrices, C;. A compatibility ma-
trix specifies the CSC, CCC and ACC constraints among the base stations. On the other
hand, a demand vector specifies the number of channels that each site demands. Take
problem 1 in Table 2 as an example; it specifies that there are 4 sites, with a total of 11
available channels. In addition, each site’s channel demand is listed in D4, with EMC
constraints specified in C;. The iteration number is the number of updating procedures
executed for all cells before E reaches zero. To acquire the average number of iterations
and the convergence rates, one hundred simulation runs were performed.

The simulation results show that our algorithm achieved 100% convergence to solu-
tions for al eight benchmarking problems. Furthermore, the number of iterations our
algorithm required was fewer than all previous results. (Please refer to Table 3; the out-
comes reported in the three related papers [4, 10, 13] are also listed for comparison.) It is
worth noting that our algorithm has an updating procedure that is similar to those used in
[4] and [10]. This means that fewer iterations also trandates into less computation time.
On the other hand, the genetic algorithm proposed in [13] tends to converge slower since
it uses a more random method to generate new combinations for potential solutions. Fur-
thermore, our proposed fine-tuning procedure would try carefully to replace some of the
assignments to escape from a local minimum. Other algorithms, in contrast, randomly
break their current combination and start all over again from scratch. Thisis another rea-
son why our algorithm performs better than the others overall. The results and analysis
presented above indicate that our approach isindeed an effective and efficient method for
dealing with the fixed channel assignment problem.

The effect of preserving CSC constraints throughout the channel assignment process
can be clearly seen in Fig. 3 (the result of problem 1 is omitted since it takes only one
iteration even though the CSC constraints are not preserved), which shows the energy
variation in the course of simulation for seven benchmarking problems. Take benchmark
problem 8 as an example; we can see that if the CSC constraints are preserved, the values
of the energy function stay at a much lower level. If the fine-tuning procedure is further
applied, the simulation process quickly converges. Similar phenomena are aso noted for
the other benchmark problems.

To further investigate the effect of the fine-tuning procedure, a few terms are de-
fined as follows. The depth of areplacing tree that corresponds to a channel assigned to a
cell is defined as the T-depth. The number of conflict pairst is used (in our simulation) as
a threshold for determining whether to launch the fine-tuning or the randomizing proce-
dure. If the number of conflicting pairs contained in one stable state exceeds a
pre-defined value t, we skip the fine-tuning procedure and start the randomizing proce-
dure. Otherwise, the fine-tuning procedure is initiated. First of al, as one can seein Ta-
ble 4, five (out of the eight) benchmark problems achieve a convergence rate of 100%
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Table 2. Specifications of the eight benchmark problemsused in our simulation.
Problem # ngmber of number of Compgti bility Demand
radio cells(n) | channels (m) matrix (C) vector (D)
1 4 11 C, D,
2 25 73 C, D,
3 21 381 Cs D;
4 21 533 Cy Ds
5 21 533 Cs Ds
6 21 221 Cs D,
7 21 309 Cy D,
8 21 309 Cs D,
C, D, C, D, Cs
5400 1  2110101111011110000000000 10 511001111000011100000
4501 1  1210101101011110000000000 151100111100001110000
0052 1 1121111111111100000000000 115110011110000111000
0125 3  0012001111111000000000111 011510001111000011000

1110200001111111000000000
0010021111000000000000000
1111012111111000000000000
1111011211111000000000010
1011011121110000000000011
1111111112111111000001010
0011101111201111011111111
1111101111021100000000000
1111101101112111111100000
1110100001111211111100000
1100100001101121111111000
0000100001101112111100000
0000000000001111211000000
0000000000101111121100000
0000000000101111112111100
0000000000101111011211100
0000000000100010001121100
0000000001100010001112111
0001000000100000001111211
0001000111100000000001121
0001000010100000000001112

Cy
711001111000011100000
171100111100001110000
117110011110000111000
011710001111000011000
001170000111000001000
100007110000111000000
110001711000111100100
111001171100011110110
111100117110001111111
011110011711000111011
001110001171000011001
000110000117000001000
000001100000711000000
100001110000171100100
110001111000117110110
111000111100011711111
011100011110001171111
001110001111000117011
000000111000011110711
000000011100001111171
000000001110000111117

gNORONUUORMONNBSOOOANOROUIOR

001150000111000001000
100005110000111000000
110001511000111100100
111001151100011110110
111100115110001111111
011110011511000111011
001110001151000011001
000110000115000001000
000001100000511000000
100001110000151100100
110001111000115110110
111000111100011511111
011100011110001151111
001110001111000115011
000000111000011110511
000000011100001111151
000000001110000111115

Cs
721001221000011100000
272100122100001110000
127210012210000111000
012720001221000011000
001270000122000001000
100007210000221000000
210002721000122100100
221001272100012210110
122100127210001221111
012210012721000122011
001220001272000012001
000120000127000001000
000002100000721000000
100002210000272100100
110001221000127210210
111000122100012721221
011100012210001272122
001110001221000127012
000000111000012210721
000000011100001221272
000000001110000122127



A NOVEL APPROACH TO FIXED CHANNEL ASSIGNMENT PROBLEM 51
Table 3. Comparison of our simulation resultswith previous solutions.
Our method Result from [4] Result from [10] Result from [13]
Problem |_(t= 24, T-Depth = 2)
#of |convergence| #of |convergence| #of |convergence| # of convergence
iteration rate(%o) teration rate(%) iteration rate(%o) iteration rate(%o)
1 1 100 21.2 100 NA NA 1 100
2 5 100 294.0 9 279.9 62 26382 100
3 3 100 147.8 93 67.4 99 NA NA
4 1 100 1175 100 64.2 100 NA NA
5 5 100 100.3 100 126.8 98 NA NA
6 8.6 100 234.8 79 62.4 97 63152 92
7 100 85.6 100 127.7 99 NA NA
8 5 100 305.6 24 151.9 52 79502 80

Table 4. Effect of fine-tuning (t = 24 & T-depth = 2) on the performance of the FCA simula-
tion for the eight benchmark problems.

Problem # 1 2 3 4 5 6 7 8

Fine-tuning?
Without fine-tuning

Convergence rate 100% 20% 100% | 100% | 100% 93% 100% 97%
# of iterations 1 201.2 221 1 535 168.3 29.7 101
Average time spent in a 7.3 |14322.2|18520.6| 1327.8 | 70455.9| 69025 |17924.5| 61890
simulation (msec)
With fine-tuning

Convergence rate 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100%
# of iterations 1 5 3 1 5 8.6 4 5
Average time spentin a

. . 7.3 355.5 2751.7 | 1327.8 | 6988.1 | 3466.6 | 2575.1 | 3233.7
simulation (msec)

T — -

|me spegt in fine-tuning of 0 1 3 0 20 13 03 994
asimulation (msec)

without application of the fine-tuning procedure. This means that for most of the bench-
marking problems, preservation of CSC alone results in pretty good outcomes for our
simulation. Secondly, based on the numbers associated with the eight benchmark prob-
lems, alittle more time spent on the fine-tuning procedure turns out to improve the per-
formance of the simulation very much. Not only does the simulation time drop signifi-
cantly, but the number of iterations required to converge is also reduced. In other words,
the fine-tuning procedure does effectively help lead the ssimulation system away from a
local minimum and help the system converge quickly.
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Fig. 3. Effects of preserving CSC constraints and using the fine-tuning procedure in our simulation.
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An intuitive example is given in the following to illustrate how the fine-tuning pro-
cedure hel ps the simulation system escape from alocal minimum. Table 5 depicts a snap-
shot of one of the stable states in our simulation for the solution of problem 6. According
to the specifications of problem 6 (shown in Table 2), cells 11, 7 and 17 are neighbors of
cell 9. This means that channels cannot be assigned to cell 9 and to cell 11, 7 or 17 si-
multaneously. As aresult, assigning channel 0 to cell 9 and 11 introduces an ACC con-
flict as shown in Table 4. Unfortunately, during the updating procedure, this situation
would not be improved any further since the arrangement induces only one conflict (with
cell 11), and since any other combinations of assignments are no better than the current
one. However, examining the channel assignment map (Table 5) further, we find out that
even though assigning channel 21 to cell 11 introduces two ACC conflicts (with cells 7
and 17), these conflicts are resolvable since both cells 7 and 17 have unused free chan-
nels. By replacing channel 21 with its successor in cells 7 and 17, we can free up channel
21 for usein cell 9. Aswe can see in this example, the fine-tuning procedure indeed suc-
cessfully leads the simulation system away from a local minimum state when the updat-
ing procedure can not make any further improvement.

Table 5. One of the stable states of problem 6.

#cell Channels assigned (A) and Free channels (F)

A: 3,101,106,111,116,121,126,131,136,141,146,151,156,161,166,171,176,181,186,191,196,201,206,211,216
F:

A: 0,5,10,15,20,25,30,35,40,45,50,55,60,65,70,75,80,85,90,95,100,105,110,115,120,125,130,135,140,145,150,
9 179,184,189,194,199,204,209,214,219
F:

A: 0,5,10,15,20,25,30,35,40,45,50,55,60,65,70,75,80,85,90,95,100,105,110,115,120,125,130,135,140,145,150,
11 155,160,165,170,175,180,185,190,195,200,205,210,215,220
F:

A: 43,48,53,58,63,68,73,78,83,88,93,98,103,108,113,118,123,128,133,138,143,148,153,158,163,168,173,178,
17 183,188
F: 193,198,203,208,213,218

We also performed a number of simulations to study the effects of adjusting the val-
ues of t and T-depth. The results are shown in Figs. 4 and 5, respectively. (The results for
both problems 1 and 4 are omitted from Figs. 4 and 5 since they take only one iteration
and no fine tuning procedure is required.) Fig. 4 shows that the number of iterations and
the simulation time decrease when we set the threshold for triggering the fine-tuning pro-
cedure lower (i.e., set the value of t higher). However, at some point, the increase of thet
value does not affect the number of iterations or the duration of the smulation any fur-
ther. Fig. 5 shows that variation of T-depth also has an effect on the overall performance
though it does not seem to be very significant. This might be due to the choices of
benchmark problems, in which cases the use of a low T-depth value can resolve most
conflicts. A much more complex channel assignment might be needed to explore the ef-
fectiveness of adjusting the T-depth value.
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Fig. 4. Effect of the t value (used in the fine-tuning procedure) on the performance of our FCA
simulation.

Problem 2 Problem 3
—.—=3 —_—
—a—1= 20 —
——1=9 515 —_———— ——1=9
1=12 5 10 =12
— —=—1=]5 = 5 ——1=15
. . . ——i=]f = 0 . . . . ——i=l8
T T T T T [T T T . . c |
Depth=l Depth=2 Depth=3 Depth= Depth=s |~ 1=24 Depth=1 Depth=2 Depth=3 Depth=4 Depth=s |—1=24
Value of T Depth =2l Value of T Depth ———t=27
el —e 130

Fig. 5. Effect of T-depth (used in the fine-tuning procedure) on the performance of our FCA simu-
lation.
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Fig. 5. (Cont’d) Effect of T-depth (used in the fine-tuning procedure) on the performance of our

FCA simulation.

4.2 Complexity Analysis

less) computation than the other ones require.

The simulation results presented in the previous section show that our proposed al-
gorithm can achieve a better (or the same) convergence rate with many fewer iterations.
However, fewer iterations do not necessarily correspond to better performance. It re-
mains to be proven that each iteration of our algorithm requires a similar amount (or even

As shown in section 3, our CSC-preserving channel assignment algorithm consists
of four steps. The computation order of each step is analyzed asfollows.

Step 1: Theinitializing procedure takes O(n * max(r;)).
Step 2: The updating procedure can be further divided into three sub-steps as follows.
2.1 Compute the degree of support for m channels using Eq. (7). The computa-
tional complexity is nm = (max(c;)).
2.2 Sort the m channels according to the degree of support. The computational
complexity is O(mlog m).
2.3 For each m channel, determine if the new channel assignment of cell i re-
ceives more support from the rest of the cells. Again, use Eqg. (7) to do this.
As aresult, the computation complexity isthe same asin Substep 2.1.
The combined complexity of Step 2 (Substeps 2.1, 2.2 and 2.3) should be multi-
plied by n since the updating procedure is processed once for every cell in each

iteration.
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Step 3: Compute the energy function E using Eq. (6). This results in O(n*m = max (c;;))
complexity.
Step 4: For each conflict pair, the fine-tuning procedureis as follows.
4.1 Find areplaceable free channel f among the m channels. Since CSC has to be
checked, thisresultsin O(m * de) complexity.
4.2 For each found replaceable free channel f, check if it conflicts with the as-
signed channels of the rest of the cells. This takes O(n * max(c;;)) time.
The combined computational complexity of the fine-tuning procedure is, thus,
O((m * (dee + N * max(cyj)))"*™). However, since this step is not usualy re-
quired in every iteration, it does not contribute to the overall complexity order.

Similar analyses were also applied to the other three algorithms listed in [4, 10, 13].
In [4], the researchers computed U = U;; + AU;; (where 1 <i <n, 1<j<m) ineachitera
tion, so the computational complexity of AU;; being O(2 * m + n = max(c;;)). That made
the overall complexity O(2nn? + n°m * max(c;)). In [10], it took O(n°n) time to com-
pute the total energy (Egs. (11) and (21) listed in [10]). The resulting order of computa-
tion complexity was, thus, not less than O(n°n?). Finally, in [13], the overall complexity
was O(C} n’m = max(c;j)), where C; denotes the number of ways of selecting 2 objects
from P distinct objects. When P was set as 10 in their experiment, the computational
complexity was O(45n°m max(Ci;)).

As one can see, for each iteration, our proposed algorithm’s overall required com-
putational complexity is O(n(nm(max(c;;)) + mlog m + nm(max(c;))) + nzm(max(cij))) =
O(3n’m(max(c;)) + nmlog m). With n < 25, m < 533, and max(c;) < 2 for the eight
benchmark problems, it is clear that each iteration of our algorithm is less complex than
that of the other three algorithms.

5. CONCLUSIONS

In this paper, we have proposed an algorithm that preserves CSC throughout the
FCA process. We use many techniques to improve the rate of convergence and to speed
up the simulation process. According to the simulation results obtained for the eight
benchmark problems, our algorithm outperforms the other existing algorithms. In addi-
tion, the freedom of adjusting the depth of the replacing tree in the fine-tuning procedure
alows us to tackle problems of varying difficulty. Though the simulations are run in the
sequential mode, all the operations can be arranged for parallel execution through careful
design. Improving the initializing and fine-tuning stages of the new approach will be a
subject of our future work. It would also be quite interesting to study whether the tech-
niques developed in this paper can be applied to solve other optimization problems.
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