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Abstract
Handoff and cabling costs management plays an important role in the design of cellular mobile networks. Efficient assigning
of cells to switches can have a significant impact on handoff and cabling cost. Assignment of cells to switches problem
(ACTSP) in cellular mobile network is NP-hard problem and consequently cannot be solved by exact methods. In this paper
a new memetic algorithm which is obtained from the combination of learning automata (LA) and local search is proposed for
solving the ACTSP in which the learning automata keeps the history of the local search process and manages the problem’s
constraints. The proposed algorithm represents chromosome as object migration automata (OMAs), whose states represent
the history of the local search process. Each state in an OMA has two attributes: the value of the gene (allele), and the
degree of association with those values. The local search changes the degree of association between genes and their values.
To show the superiority of the proposed algorithm several computer experiments have been conducted. The obtained results
confirm the efficiency of proposed algorithm in comparison with the existing algorithms such as genetic algorithm, memetic
algorithm, and a hybrid Hopfield network-genetic algorithm.

Keywords Cellular mobile networks · Assignment of cell to switch problem (ACTSP) · Learning Automata (LA) · Genetic
Algorithm (GA) · Memetic Algorithm (MA) · Object Migration Automata (OMA)

1 Introduction

In a typical cellular mobile network, the area of coverage is
often geographically partitioned into hexagonal cells as
illustrated in Fig. 1. Each cell contains a stationary base sta-
tion (BS) covering a small geographic area and using an
antenna for communications among users with pre-assigned
frequencies. The calls first are transferred to switches by
base stations and then routed either to another base sta-
tion or to a public switched telephone network (PSTN) by
switches [1]. For various reasons and especially because of
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users’ mobility, the signals between the mobile unit and the
base station may become weaker while interference from
adjacent cells increases. When a user in communication
crosses the line between adjacent cells, the base station of
the new cell has the responsibility to relay this communi-
cation by assigning a new radio channel to the user. This
operation is called a handoff and it occurs when the mobile
network automatically supports the transferring of a com-
munication from one cell to another adjacent cell. When a
handoff occurred between two cells associated to the same
switch, it is called a simple handoff; because of there are
few necessary update. This type of handoff is relatively easy
to perform, and does not involve any location update in the
databases that record the position of the user. For example,
in Fig. 1, a simple handoff causes by moving user from cell
12 to cell 13. In this type of handoff, the network’s database
that records the position of users does not need an update.
Also, Fig. 1 illustrates another type of handoff, complex
handoff, which is caused by moving user from cell 12 to
cell 8. A complex handoff refers to a handoff between two
cells associated to different switches. In this type of handoff
the process of handoff involves the execution of a compli-
cated protocol between switch 1 and switch 2. It involves
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Fig. 1 An example of simple handoff (from cell 12 to cell 13) and
complex handoff (from cell 12 to cell 8)

the updating of the location of the user in the network’s
database. Furthermore, if the original switch (switch 1 in
this case) is in charge of the billing, the handoff cannot sim-
ply replace switch 1 with switch 2. Note that the complex
handoff process consumes much more network resources
than simple handoff process. Consequently, it is usually
advantageous to connect cells which have a high frequency
of handoffs between them to the same switch.

The network bandwidth management is another impor-
tant issue that should be considered in the design of mobile
networks. Network bandwidth is used not only through user
traffic, but also through controlled traffic to ensure user
mobility. As we do not control the volume of user traffic, all
efforts to efficiently use bandwidth are based on frequency
reuse and minimizing the control traffic. The registration
area planning problem (RAP) seeks a partition of the cells of
the network into contiguous areas called registration areas
so that the bandwidth used by control signals is minimized [2].

In this paper a new algorithm is proposed for solving
ACTSP. This algorithm is obtained from combination of
learning automata (LA) and local search method in which
the local search method searches for high quality solutions
with the minimum possible cost in terms of handoff and
cabling cost and the LA keeps the history of the local
search. Object migration automaton (OMA) represents
chromosome in the proposed algorithm. Each state in an
OMA has two attributes: the value of the gene, and the
degree of association with its value. Information about the
past history of the local search process shows the degree of
association between genes and their values.

The results obtained for the proposed algorithm are
compared with the results of the best-known assignment
of cells to switches algorithms such as: GA [3], MA [4],
HI [5], HII [5] ABC [6] and API/TS [7]. The obtained

results show the superiority of the proposed algorithm over
the other algorithms in terms of the quality of solution.
The rest of the paper is organized as follows. Background
and related works on ACTSP is represented in Section 2.
The theory of automata is described in Section 3. The new
proposed algorithm is described in Section 4. Section 5
is including of implementation considerations, simulation
results, and comparison with other algorithms to highlight
the contributions of the new algorithm. Section 6 is the
conclusion and directions for future works.

2 Background and related works

Let n be the number of cells and m be the number of
switches in a cellular mobile network where the location of
cells and switches are predetermined. Suppose that the cell
i is assigned to switch k with cost of cabling cik . Let hij be
the handoff cost per unit of time between cell i and cell j, if
cell i and cell j are assigned to different switches, and hij =
0 when they are assigned to the same switch The ACTSP
can be described as finding matrix X that minimizes the
function Z(X) defined as (1). X is an n × m binary matrix,
in which the element xik = 1 if cell i is assigned to switch
k, and xik = 0 otherwise

Z(X) =
∑n

i=1

∑m

k=1
cikxik

+
∑n

i=1

∑n

j=1
hij

(
1 −

∑m

k=1
hij xikxjk

)
, (1)

The first term of (1), represents the cost of cabling between
the cells and the switches and the second term represents
the handoff cost corresponding to handoffs between cells
assigned to different switches. The base station in cell i

manages λi calls per unit time whereas the call handling
capacity of switch k is Mk . These limitations impose the
following constraint:
∑n

i=1
λixik ≤ Mk ∀k, (2)

Also, every cell must be assigned to one and only one
switch. This limitation imposes the following constraint:
∑m

k=1
xik = 1 ∀i, (3)

The wide variety of approaches has been reported for
ACTSP in the literature. These approaches can be classified
as exact or approximation approaches. Exact approaches are
practically inappropriate to solve large-sized instances of
this problem. Exact approaches exhaustively examine the
entire search space in order to find the optimal solution
and for this reason they are only efficient for small
search spaces corresponding to small-sized instances of
the problem. For example, for a network with n cells
and m switches, mn solutions should be examined. Hence,
different approximation algorithms have been reported in
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the literature for finding the near optimal solution for
ACTSP. Approximation algorithms for solving ACTSP by
itself can be classified into two classes: hybrid algorithms
obtained by combining evolutionary algorithm with a local
search such as tabu search or simulated annealing and PSO
based algorithms. In the rest of this section, we briefly
review some well-known algorithms for solving ACTSP
from these two classes and some well-known algorithms for
solving RAP.

Hybrid algorithms for solving ACTSP: In [4] two
multi-populations memetic algorithms with migrations
and two sequential memetic algorithms are proposed for
ACTSP. In all of these algorithms, the local search used
is tabu search or simulated annealing. In [5] a hybrid
algorithm based on Hopfield network and genetic algo-
rithm is introduced. In this algorithm a genetic algorithm
searches for high quality solutions, and Hopfield net-
work manages the problem’s constraints. In [6], a kind
of honeybee-inspired algorithm called Artificial Bee
Colony (ABC) algorithm is utilized to solve ACTSP.
The model is mathematically developed as a binary non-
linear problem with the objective of minimizing cost,
which includes handoff and cabling costs. In [7] another
hybrid algorithm which is based on API ant algorithm
and tabu Search (API/TS) is reported. API/TS algorithm
performs a global and local search for high quality fea-
sible solutions in terms of hand-off and cabling costs.
A key element in the success of API/TS approach is
the use simultaneously an intensified research on sev-
eral areas of research space. In [8] two algorithms are
reported, an ant colony based algorithm (ACO) and a
hybrid algorithm based on the ACO and the k-opt local
search. The hybrid algorithm works well for large-size
problems and performs the same as ACO algorithm for
small-size problems. In [9] Quintero and Samuel Pierre
propose a hybrid evolutionary algorithm for ACTSP This
algorithm uses two local searches in order to combine
the strengths of global and local search aspects The local
searches are tabu search and simulated annealing. In [10]
a comparative study of three algorithms; parallel genetic
algorithms with migrations (PGAM), a hybrid algorithm
based on PGAM and simulated annealing (PGAM-SA)
and a hybrid algorithm based on PGAM and tabu search
(PGAM-TS) for solving ACTSP are conducted. The
results show that the PGAM-SA and PGAM-TS improve
the solution provided by PGAM. In [11] another hybrid
algorithm which is based on pricing mechanism and
simulated annealing is reported. The pricing mechanism
provides a direction to proceed when trying to identify
new solutions which can be a powerful tool in speed-
ing up simulated annealing which can otherwise be
extremely slow.

PSO based algorithms for solving ACTSP: In [12] two
algorithms based on the barebones (BB) and the
exploiting barebones (BBExp) variants of particle swarm
optimization (PSO) are reported for solving ACTSP. In
BB-PSO the standard PSO velocity equation is removed
and replaced with samples from a normal distribution.
Whereas, in BBExp-PSO, approximately half of the time
velocity is based on samples from a normal distribution
and the rest of the time, velocity is derived from the
particle’s personal best position. In [13] a discrete particle
swarm optimization (PSO) based on estimation of
distribution algorithms (EDA) is introduced for solving
ACTSP. This algorithm incorporates the global statistical
information collected from personal best solutions of all
particles into the PSO, and therefore each particle has
comprehensive learning and search ability.

Well-known algorithms for solving RAP: in [14] a
grouping genetic algorithm (GGARAP) is introduced to
solve the RAP in PCS networks. This algorithm offers
several benefits. First, grouping genetic algorithms are
flexible enough to support any number of constraints
by including penalties to the fitness function. Second,
grouping genetic algorithms reduce redundant search
of the solution space and guarantee children with char-
acteristics of their parents. Third, GGARAP begins
with an initial population that is generated using a
problem-specific heuristic.

In [2] a hybrid grouping genetic algorithm, i.e., a steady-
state grouping genetic algorithm (SSGGA) is introduced
to solve the RAP. Solution encoding, selection method,
crossover and mutation opearatores, population replacement
policy applied in SSGGA are all different from other GAs.
SSGGA use a local search to further improve the solution
quality of certain selected solutions.

In [15] a hybrid artificial bee colony (ABC) algorithm
based approach is reported for the RAP. The ABC approach
is designed for the RAP keeping in mind its grouping nature.
While generating neighboring solutions, the ABC approach
tries to preserve the grouping property of the RAP to the
maximum extent possible.

In [16] a hybridized grouping genetic algorithm (HGGA)
is introduced to obtain cell formations for the RAP. The
hybridization is accomplished by adding a tabu search-
based improvement operator to a traditional grouping
genetic algorithm (GGA).

3 Theory of automata

In this section, learning automata (LA) is introduced in
brief. Then object migrating automata (OMA) which is a
type of fixed structure learning automata is presented.
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3.1 Learning automaton

A learning automaton (LA) [17] is an adaptive decision-
making unit. It can be described as determination of an
optimal action from a set of actions through repeated
interactions with an unknown random environment. It
selects an action based on a probability distribution at
each instant and applies it on a random environment.
The environment sends a reinforcement signal to automata
after evaluating the input action. The learning automata
process the response of environment and update its action
probability vector. By repeating this process, the automaton
learns to choose the optimal action so that the average
penalty obtained from the environment is minimized. The
environment is represented by a triple < α, β, c >. α =
{α1, . . . , αr } is the finite set of the inputs, β = {0, 1} is the
set of outputs that can be taken by the reinforcement signal,
and c = {c1, . . . , cr } is the set of the penalty probabilities,
where each element ci of c is corresponds to one input
action αi . The input α(n) to the environment belongs to α

and may be considered to be applied to the environment at
discrete time t = n(n = 0, 1, 2, . . .). The output β(n) of
the environment belongs to β and can take on one of two
values 0 and 1. An β(n) = 1 is identified with a failure or
an unfavorable response and β(n) = 0 with a success or
favorable response of the environment. The element ci of c

which characterizes the environment may then be defined by
pr(β(n) = 1 |α(n) = αi ) = ci(i = 1, 2, . . . , r). When the
penalty probabilities are constant, the random environment
is said to be a stationary random environment. It is called a
non stationary environment, if they vary with time. Figure
2 shows the relationship between the LA and the random
environment.

There are two main families of learning automata [18]:
fixed structure learning automata and variable structure
learning automata. First, we formally define fixed structure
learning automata and then some of the fixed structures
learning automata such as Tsetline, Krinsky, and Krylov
automata are described.

A fixed structure learning automaton is represented by a
quintuple < α, �, β, F, G > where:

• α = {α1, . . . , αr} is the set of actions that it must choose
from.

Random Environment

Learning Automata

(n)

(n)

Fig. 2 The relationship between the LA and random environment

• � = {ϕ1, . . . , ϕs} is the set of internal states.
• β = {0, 1} is the set of inputs where 1 represents a

penalty and 0 represents a reward.
• F : � ∗β → � is a function that maps the current state

and current input into the next state.
• G : � → α is a function that maps the current state

into the current output. In other words, G determines
the action taken by the automaton.

The operation of fixed learning automata could be described
as follows:

At the first step, the selected action α(n) = G[�(n)]
serves as the input to the environment, which in turn emits a
stochastic response β(n) at the time n. β(n) is an element of
β = {0, 1} and is the feedback response of the environment
to the automaton. In the second step, the environment
penalize (i.e., β (n) = 1) the automaton with the penalty
probability ci , which is the action dependent. On the basis
of the response β(n), the state of automaton is updated by
�(n + 1) = F [�(n), β(n)]. This process continues until
the desired result is obtained.

In the following paragraphs, we describe some of the
fixed structure learning automata such as Tsetline, Krinsky,
and Krylov automata.

The two-state automata (L2,2) This automaton has two
states, ϕ1 and ϕ2 and two actions α1 and α2. The automaton
accepts input from a set of {0, 1}and switches its states
upon encountering an input 1 (unfavorable response) and
remains in the same state on receiving an input 0 (favorable
response). An automaton that uses this strategy is referred as
L2,2 where the first subscript refers to the number of states
and second subscript to the number of actions.

The Tsetline automata (The two-action automata with
memory L2N, 2) Tsetline suggested a modification of L2,2

denoted by L2N,2. This automaton has 2N states and two
actions and attempts to incorporate the past behavior of
the system in its decision rule for choosing the sequence
of actions. While the automaton L2,2 switches from one
action to another on receiving a failure response from
environment, L2N,2 keeps an account of the number of
success and failures received for each action. It is only when
the number of failures exceeds the number of successes,
or some maximum value N that the automaton switches
from one action to another. The procedure described above
is one convenient method of keeping track of performance
of the actions α1α1 and α2α2. As such, N is called depth
of memory associated with each action, and automaton is
said to have a total memory of 2N. For every favorable
response, the state of automaton moves deeper into the
memory of corresponding action, and for an unfavorable
response, moves out of it. This automaton can be extended
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1 2 N-1 N 2N N+2 N+1

FavorableResponse

1 2 N-1 N 2N N+2 N+1

UnfavorableResponse

Fig. 3 The state transition graph for L2N,2 (Tsetline Automaton)

to multiple action automata. The state transition graph of
L2N,2L2N,2 automaton is shown in Fig. 3.

The Krinsky automata This automaton behaves exactly like
L2N,2 automaton when the response of the environment is
unfavorable, but for favorable response, any state ϕi (for
i =1, ... N) passes to the state ϕ1ϕ1 and any state ϕiϕi(i =
N+1, 2N) passes to the state ϕN+1. This implies that a
string of N consecutive unfavorable responses are needed
to change from one action to another. The state transition
graph of Krinsky automaton is shown in Fig. 4.

The Krylov automata This automaton has state transitions
that are identical to the L2N,2 automaton when the
output of the environment is favorable. However when
the response of the environment is unfavorable, a state
ϕi (i �= 1, N, N + 1, 2N) ϕi(i �= 1, N, N + 1, 2N) passes
to a state ϕi+1 with probability 1/2 and to state ϕi−1 with
probability 1/2, as shown in Fig. 5. When i =1 or N+1, ϕiϕi

stays in the same state with probability 1/2 and moves to
ϕi+1 with the same probability. When i = N, ϕN moves to
ϕN−1 and ϕ2Nϕ2N each with probability 1/2 and similarly,
When i =2N, ϕ2Nϕ2N moves to ϕ2N−1ϕ2N−1 and ϕNϕN

each with probability 1/2. The state transition graph of
Krylov automaton is shown in Fig. 5.

Object migration automaton (OMA) that is an example
of fixed structure learning automata is described in the
next section. Learning automata have a vast variety of
applications in combinatorial optimization problems [19–
26], computer networks [22, 27–33], queuing theory [34,
35], signal processing [36, 37], information retrieval [38],
adaptive control [39–41], neural networks engineering [42,
43] and pattern recognition [44–46].

1 N 2N N+1

Favorable Response

1 N 2N N+1

Unfavorable Response

Fig. 4 The state transition graph for Krinsky Automaton

1 2 N-1 N 2N N+2 N+1
FavorableResponse

1 2 N-1 N 2N N+2 N+1

UnfavorableResponse

½ ½ ½ ½ ½ ½ ½ ½ ½

Fig. 5 The state transition graph for Krylov Automaton

3.2 Object migration automata

Object migration automata were first proposed by Oommen
and Ma [47]. OMAs are a type of fixed structure learning
automata, and are defined by a quintuple < α, �, β, F,

G >. α = {α1, . . . , αr} is the set of allowed actions for
the automaton. For each action αk , there is a set of states
{ϕ(k−1)N+1, . . . , ϕkN }, where N is the depth of memory.
The states ϕ(k−1)N+1 and ϕkN are the most internal state
and the boundary state of action αk , respectively. The set
of all states is represented by � = {ϕ1, . . . , ϕs}, where
s = N ∗ rs = N ∗ r. β = {0, 1}β= {0, 1} is the set of
inputs, where 1 represents an unfavorable response, and 0
represents a favorable response. F : �∗β → � is a function
that maps the current state and current input into the next
state, and G : � → α G :�→α is a function that maps
the current state into the current output. In other words, G

determines the action taken by the automaton. W objects
are assigned to actions in an OMA and moved around the
states of the automaton, as opposed to general learning
automata, in which the automaton can move from one action
to another by environmental response. The state of objects
is changed on the basis of the feedback response from
the environment. If the object wi is assigned to action αk

(i.e., wi is in state ξi , where ξi ∈ {ϕ(k−1)N+1, . . . , ϕkN }),
and the feedback response from the environment is 0, αk

is rewarded, and wi is moved toward the most internal
state (ϕ(k−1)N+1) of that action. If the feedback from the
environment is 1, then αk is penalized, and wiwi is moved
toward the boundary state (ϕkNϕkN) of action αk . The
variable γk denotes the reverse of the state number of the
object assigned to action αk (i.e., degree of association
between action αk and its assigned object). By rewarding an
action, the degree of association between that action and its
assigned object will be increased. Conversely, penalizing an
action causes the degree of association between that action
and its assigned object to be decreased. An object associated
with state ϕ(k−1)N+1ϕ(k−1)N+1 has the most degree of
association with action αk , and an object associated with
state ϕkNϕkN has the least degree of association with
action αk .
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4 The proposed algorithm for assignment
of cells to switches problem

In this section, we propose a new algorithm based on
the learning automata (LA) for solving the assignment of
cells to switches problem (ACTSP). In this section we first
describe the solution representation for ACTSP and then the
framework of the proposed algorithm is presented.

4.1 Solution representation

In proposed algorithm, the solution is represented by an
object migration automaton (OMA) whose states keep
information about the past history of the local search
process. In the OMA-based representation, there are m

actions corresponding to m switches. Furthermore, for each
action, there are a fixed number of states N . Each state
in an OMA has two attributes: the value of assigned
object, and the degree of association with its value. The
cells, as migratory objects in the automata are assigned to
states of corresponding action (switch). Figure 6a shows
a representation of assigning 10 cells to 6 switches using
the Tsetline automaton-based OMA with depth of memory
of 5. In Fig. 6a there are 6 actions (switches), denoted by
α1, α2, α3, α4, α5, and α6. Cells 1, 4, 6, 7, 9 and 10 are
assigned to actions α1α1, α6α6, α2α2, α1α1, α6α6 and α6α6

(switches 1, 6, 2, 1, 6 and 6) and located at internal states

2, 4, 3, 3, 4 and 2 of their actions, respectively. Cells 3, 5
and 8 are assigned to actions α5α5, α3α3 and α4α4 (switches
5, 3 and 4) and located at boundary states of their actions,
respectively. Consequently, there is a minimum degree of
association between these actions and their corresponding
object. The remaining cell, cell 2, is assigned to actions
α4α4 (switch 4) and located at the most internal state of its
action. That is, it has the maximum degree of association
with action 4.

After applying a local search, if the assignment of a cell
to a switch is promising, then the automaton is rewarded
and the assigned cell moves toward the most internal state
of its switch; otherwise, the automaton is penalized and the
assigned cell moves toward the boundary state of its switch.
The rewarding and penalizing of automaton, changes the
degree of association between cells and their switches. The
initial assignment of cells to switches is created randomly
and cells are located in the boundary state of their switches.
We can transfer an OMA representation into the solution
vector S = [(s1, t1), (s2, t2), . . . , (sn, tn)] to show the
obtained assignment, where si is the switch assigned to
cell i and ti is its state, specifying 1 ≤ si ≤ m and
(si − 1) ∗ N + 1 ≤ ti ≤ si ∗ N . If we have a solution vector
S,the corresponding binary matrix X can be calculated as:

xij =
{

1, if S.si = j

0, otherwise
, (4)

Fig. 6 Example of the state
transition graph of a
Tsetline-based OMA with N =5
a, the binary matrix X with 6
switches and 10 cells (The black
squares represent 1s and the
white squares represent 0s) b
and the solution vector S c

(c)
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Figure 6b and c represent the corresponding binary
matrix X and the solution vector S of the sample shown in
Fig. 6a, respectively.

Representation of solution based on other fixed structure
learning automata is also possible. In a Krinsky-based
OMA representation, as shown in Fig. 4, the object will
be associated with the most internal state (i.e., it gets
the highest degree of association with the corresponding
action) when it is rewarded, and moves according to the
Tsetline automaton-based OMA when it is penalized. In
the representation of a Krylov OMA shown in Fig. 5, the
object moves either toward the most internal state, or toward
the boundary state, with a probability 0.5 toward penalty,

and moves according to the Tsetline automaton-based OMA
upon reward.

4.2 The framework of the proposed algorithm

The proposed algorithm has a local search which is applied
to all cells in current solution sequentially. Specifically, for
a certain cell k which is assigned to switch s in current
solution X, a temporary solution X′X′ is created based
on the current solution X in which the switch assigned to
cell k (switch s) is replaced with another switch s′ which
is selected randomly. The temporary solution X′ can be
created as follows.

Reward (Assignment of cell 4 to switch 6)
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Fig. 7 An example of a reward function for assignmnet of cell 4 to switch 6

x′
ij =

⎧
⎨

⎩

xij , ∀i, j, 1 ≤ i ≤ n, i �= k, 1 ≤ j ≤ m

1, i = k, j = s′ where s′ is a random number between 1 and m, s′ �= s

0, i = k, j �= s′
(5)

If the assignment of cell k to new switch s′ does not
exceed the capacity of switch s′ and the total cost of
temporary solution (Z(X′)) is less than total cost of current
solution (Z(X)), the assignment of cell k to switch s in
current solution is penalized. Otherwise, it is rewarded. By
rewarding a cell, the state of that cell will move toward
the most internal state according to the OMA connection.
This causes the degree of association between a cell, and its
corresponding switch, to be increased. Figure 7 illustrates
an example of rewarding the assignment of cell 4 to switch 6.

The state of a cell remains unchanged, if the cell is
located at its most internal state, such as the assignment of
cell 2 to switch 4, shown in Fig. 8.

Figure 9 provides pseudo code for rewarding the cell i in
solution vector S.

Penalizing a cell causes the degree of association
between cell and its corresponding switch to be decreased.
If a cell is not in the boundary state of its action, then
penalizing causes the cell assigned to the switch to move
toward the boundary state. This means that the degree of
association between the cell and the corresponding switch
will be decreased (Fig. 10).

If a cell is in the boundary state of its switch, then penalizing
causes the cell is assigned to a new switch, and results the
creation of a new solution. Figure 11 shows the effect of the
penalty function on assignment of cell 8 to switch 4.
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Fig. 8 An example of a reward function for assignment of cell 2 to switch 4

Fig. 9 Pseudo code for a reward
function

Procedure Reward( S, i )

If ( ) mod N <> 0 then

Dec( );

End If
End Reward

Penalty(Assignment of cell 7 to switch 1)
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Fig. 10 An example of a penalty function for assignment of cell 7 to switch 1
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Penalty(Assignment of cell 8 to switch 4)

Fig. 11 An example of a penalty function for assignment of cell 8 to switch 4

Fig. 12 Pseudo code for the
penalty function

Procedure Penalize( S, i )

If ( ) mod N <> 0 then

Inc( ); 

Else
Select switch randomly where and .

End If
End Penalize

Fig. 13 Pseudo code for
LA-ACTSP

Learning automata based algorithm for assignment of cells to switches problem (LA-ACTSP) 
1: Input: cells 1 to n with their coordinates, switches 1 to m with their coordinates, the number of states (N), the 

number of calls handled by cell i  and the call handling capacity of switch k ) 
2: Output: The solution vector S, The binary matrix X and the corresponding assignment of cells to switches 
3: Begin Algorithm 
4: For i=1 to n do 
5:  // Assign a switch to cell i randomly. 
6:
7: End For 
8: Repeat
9:  //Transfer solution vector S into binary matrix X according to Eq. (4); 
10: For i=1 to n do
11: ′  //Create temporary binary matrix ′ by exchanging the switch of cell i

               with new switch ′  in binary matrix X according to Eq. (5). 
12: If ( ′ ′ ′) 
13:                     Penalize(S, i); 
14: Else 
15:                     Reward(S, i); 
16: End If
17: End For
18: Until all cells locate in the most internal state of their switches;
19: End Algorithm 
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Fig. 14 Comparison of the
average total cost in proposal
algorithm with different depths
of memory
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The pseudo code for the penalty function is shown in Fig. 12.
The pseudo code for proposed algorithm is shown in Fig. 13.

5 Experimental result

In this section several experiments are conducted in order
to study the efficiency of proposed algorithm. We consider
a cellular mobile network such as Fig. 1 where switches
are uniformly distributed randomly outside the grid and the
antenna of the base station for each cell is located in the
center of the cell. We assume that the cost of cabling cik

between cell i and switch k is taken to be proportional to the
geometric distance between the two. The rate of calls in cell
i (λi) was generated from a Gamma distribution with mean

Table 3 The results of statistical tests for proposed algorithm with depth of memory 4 vs. proposed algorithm with other depths of memory

P# CN SN Proposed Algorithm

N=2 N=6 N=8 N=10

t test wilcoxon t test wilcoxon t test wilcoxon t test wilcoxon

1 15 3 4.15E-39 0.00E+00 5.99E-38 0.00E+00 7.36E-22 0.00E+00 6.96E-17 0.00E+00

2 15 4 8.54E-43 0.00E+00 1.79E-16 4.44E-16 1.27E-03 1.92E-03 2.08E-11 5.79E-11

3 15 5 1.52E-13 7.11E-15 6.15E-21 0.00E+00 1.02E-07 1.52E-07 1.07E-12 5.43E-12

4 30 3 1.20E-11 9.69E-12 9.10E-30 0.00E+00 1.89E-45 0.00E+00 7.84E-10 4.36E-09

5 30 4 8.45E-14 1.45E-11 1.65E-33 0.00E+00 1.30E-45 0.00E+00 4.21E-48 0.00E+00

6 30 5 3.15E-29 0.00E+00 2.18E-36 0.00E+00 1.60E-29 0.00E+00 1.49E-13 1.24E-12

7 50 3 1.52E-32 0.00E+00 1.58E-02 1.96E-02 1.24E-18 1.09E-14 2.40E-38 0.00E+00

8 50 4 5.98E-47 0.00E+00 1.48E-02 5.52E-03 1.47E-03 2.34E-03 2.33E-20 1.29E-14

9 50 5 7.52E-19 2.64E-14 7.76E-02 7.82E-02 2.51E-07 7.84E-07 9.19E-11 9.59E-11

10 75 3 2.72E-47 0.00E+00 1.20E-05 4.35E-05 2.93E-08 2.25E-07 1.70E-18 2.58E-14

11 75 4 4.69E-06 7.67E-06 9.27E-28 0.00E+00 1.59E-09 1.78E-08 2.71E-06 1.37E-06

12 75 5 3.43E-46 0.00E+00 7.00E-04 1.71E-03 9.44E-14 1.98E-11 1.29E-02 2.71E-02

13 100 3 8.76E-57 0.00E+00 1.20E-02 5.35E-03 2.80E-23 8.88E-16 4.67E-27 6.66E-16

14 100 4 4.74E-23 2.22E-16 9.59E-44 0.00E+00 1.42E-22 2.22E-16 3.20E-03 7.48E-03

15 100 5 3.43E-44 0.00E+00 4.34E-16 7.52E-13 9.62E-39 0.00E+00 3.56E-43 0.00E+00

one and coefficient of variation 0.25. The handoff rate hij is
defined as:

hij = λi ∗ rij (6)

Where rij is the probability of transfer the call from cell i

to cell j ,
∑k+1

j=1 rij = 1, and k is the number of neighbors
of cell i. At the end of the service period in cell i, the call
could be either transferred to the jth neighbor (j = 1, ...,
k) with a probability rij , or ended with a probability rik+1.
We assume that all switches have the same call handling
capacity Mk calculated as:

Mk = 1

m

(
1 + K

m

) n∑

i=1

λi (7)



M. Rezapoor Mirsaleh, M. R. Meybodi

Fig. 15 The impact of depth of
memory on the convergence rate
of proposed algorithm for test
case #15
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where 10 ≤ K ≤ 50 ensures a global excess of 10–50%
of the switches’ capacity compared to the cells’ volume
of calls [9] For all experiments a Tsetline-based OMA
was used for chromosome representation. The algorithm
terminates when all the objects in only chromosome are
located in the most internal state of their actions. Each
reported result was averaged over 50 runs. We performed a
parametric test (t test) and a non-parametric test (wilcoxon
rank sum test) at the 95% significance level to provide
statistical confidence. The t tests were performed after
ensuring that the data followed a normal distribution (by
using the Kolmogorov–Smirnov test). The experiments are
implementedby MATLAB 2009a running on a PC with a
2.83 GHz processor and4 GB memory.

5.1 Experiment 1

We studied the impact of the parameter N (depth of
memory) on the total cost and running time (in second) of
the proposed algorithm. The depth of memory was varied
from 2 to 10 by increments of 2. Table 1 shows the results

obtained by the proposed algorithm for 15 different cases,
with respect to the average (Avg.), minimum (Min.) and
maximum (Max.) of total cost and their standard deviation
(Std.). In this table symbols P#, CN and SN stand for
problem number, number of cells and number of switches,
respectively. Experimentations have shown that for all cases
the proposed algorithm finds a solution regardless of the
depth of the memory and also for all cases the lowest cost
solution is obtained when N =4.

Table 2 shows the results obtained by the proposed
algorithm for 15 different cases, with respect to the average
(Avg.), minimum (Min.) and maximum (Max.) of running
time of the proposed algorithm and their standard deviation
(Std.). Comparing the results reported in Table 2, we find
that, in all cases, the proposed algorithm with depth of
memory 2 outperforms the others in terms of running time,
while their total costs are the worst in most cases.

Figure 14 shows the comparison of results reported in
Table 1.

Table 3 shows the p-values of the two-tailed t test and
the p-values of the two-tailed wilcoxon rank sum test. The

Fig. 16 Example of the state
transition graph of a
Tsetline-based OMA with N =0
a, the binary matrix X b and the
solution vector S c

(a) (b)

S = [(1,0),(4,0),(5,0),(6,0),(3,0),(2,0),(1,0),(4,0),(6,0),(6,0)] 

(c)
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Fig. 17 Comparison of the total
cost in proposed algorithm with
depths of memory 4 with other
algorithms
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results reported in Table 3 show that for both types of
statistical tests (wilcoxon and t test), the difference between
the performance of the proposed algorithm with depth of
memory 4 and the performance of the proposed algorithm
with other depths of memory is statistically significant
(p-value<0.05) in all cases.

5.2 Experiment 2

In this experiment we studied the impact of the memory
depth (N) on the amount of reward received by assignments
of cells to switches during a generation when proposed
algorithm is used. For this purpose we calculated the
number of assignments of cells to switches which lead to
reward function per generation for different values of depth
of memory. The depth of memory was varied from 0 to
10 by increments of 2. Figure 15 illustrates result of this
experiment for test case #15 (CN=100 and SN=5). The
obtained results show that the depth of memory has a large
impact on the performance of the proposed algorithm and
the maximum amount of reward received is obtained when

Table 6 The results of statistical tests for proposed algorithm with depth of memory 4 VS. other algorithms

P# CN SN GA MA HI HII ABC API/TS

t test wilcoxon t test wilcoxon t test wilcoxon t test wilcoxon t test wilcoxon t test wilcoxon

1 15 3 4.41E-08 5.49E-10 5.78E-02 1.20E-01 1.11E-05 6.47E-05 1.70E-03 6.60E-03 5.82E-19 2.22E-15 1.17E-17 2.22E-16

2 15 4 3.76E-07 3.53E-05 6.79E-07 1.40E-06 6.92E-07 1.44E-07 6.90E-03 1.07E-03 2.29E-11 4.64E-09 4.29E-10 3.49E-08

3 15 5 9.69E-14 4.54E-13 2.31E-08 7.43E-06 7.10E-15 3.38E-14 1.34E-18 0.00E+00 7.53E-17 3.38E-14 1.20E-16 3.38E-14

4 30 3 3.31E-14 1.78E-15 7.00E-16 7.84E-14 1.20E-11 1.27E-12 3.71E-04 5.67E-05 2.79E-16 2.22E-16 1.05E-15 0.00E+00

5 30 4 1.17E-20 2.22E-16 1.82E-19 2.22E-16 4.41E-14 3.52E-13 1.38E-15 1.42E-14 7.40E-23 2.22E-16 1.03E-22 2.22E-16

6 30 5 3.35E-29 0.00E+00 2.65E-19 0.00E+00 7.79E-20 4.44E-16 1.56E-32 0.00E+00 5.99E-32 0.00E+00 7.34E-32 0.00E+00

7 50 3 1.20E-14 6.04E-14 1.54E-10 1.07E-11 2.15E-21 2.22E-16 1.11E-15 2.44E-14 2.03E-16 1.22E-14 5.95E-16 1.42E-14

8 50 4 6.13E-22 0.00E+00 1.52E-27 0.00E+00 1.17E-16 2.89E-15 4.08E-19 4.44E-16 1.43E-23 0.00E+00 2.52E-23 0.00E+00

9 50 5 3.59E-15 2.44E-14 6.94E-09 1.58E-09 3.16E-21 0.00E+00 1.49E-23 0.00E+00 6.46E-17 3.77E-15 5.25E-17 3.11E-15

10 75 3 2.74E-21 0.00E+00 8.33E-11 1.23E-11 4.25E-22 2.22E-16 2.27E-24 0.00E+00 8.41E-22 0.00E+00 1.10E-21 0.00E+00

11 75 4 1.74E-24 2.22E-16 1.54E-16 3.38E-14 5.70E-21 2.22E-16 3.61E-19 4.44E-16 2.93E-25 0.00E+00 5.30E-25 0.00E+00

12 75 5 1.81E-24 0.00E+00 2.48E-12 1.67E-12 4.16E-26 0.00E+00 1.05E-24 0.00E+00 4.67E-25 0.00E+00 9.47E-25 0.00E+00

13 100 3 4.58E-28 0.00E+00 1.74E-19 4.44E-16 3.39E-23 0.00E+00 1.09E-21 0.00E+00 1.58E-28 0.00E+00 2.58E-28 0.00E+00

14 100 4 9.73E-25 0.00E+00 7.04E-11 8.36E-11 3.49E-23 0.00E+00 1.17E-19 2.00E-15 4.89E-26 0.00E+00 6.18E-26 0.00E+00

15 100 5 3.69E-28 0.00E+00 1.05E-22 0.00E+00 3.42E-24 0.00E+00 1.73E-18 1.78E-15 1.31E-28 0.00E+00 1.06E-28 0.00E+00

N ≥ 4. The proposed algorithm behaves like a random
algorithm when N =0. Note that when the actions of OMA
don’t have memory, the history of the local search cannot
be maintained by the algorithm and the algorithm behaves
randomly (Fig. 16).

5.3 Experiment 3

In this experiment, we compared the results obtained from
the proposed algorithm with depth of memory 4 with the
results of six other algorithms, a genetic algorithm (GA) [3],
a memetic algorithm (MA) [4], two hybrid algorithm based
on Hopfield network and genetic algorithm (HI and HII)
[5], an Artificial Bee Colony algorithm (ABC) [6] and
a hybrid algorithm based on API ant algorithm and tabu
Search (API/TS) [7], for the ACTSP, in terms of the quality
of solutions and speed of convergence. Table 4 presents
the results of the different algorithms for 15 different cases
with respect to the average (Avg.), minimum (Min.) and
maximum (Max.) of total cost and their standard deviation
(Std.). The results reported in Table 4 show that the
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Table 7 Comparison of the Minimum (Min.), maximum (max.), average total costs (Avg.) and their standard deviation (Std.) in LA-ACTSP(N=4),
LA-ACTSP(N=0) and LA-ACTSP-PC

P# CN SN LA-ACTSP(N=4) LA-ACTSP(N=0) LA-ACTSP-PC

Avg. Std. Min. Max. Avg. Std. Min. Max. Avg. Std. Min. Max.

1 15 3 185.08 0.12 184.79 185.29 240.42 11.90 218.71 266.55 241.29 8.21 221.49 255.59
2 15 4 369.52 0.08 369.38 369.69 494.29 20.94 434.83 534.07 494.93 14.89 451.01 518.50
3 15 5 371.51 0.15 371.27 371.82 495.54 32.84 427.75 583.74 468.34 22.31 417.08 528.32
4 30 3 805.65 1.23 802.77 808.73 1057.90 44.07 923.21 1153.84 1182.03 18.47 1127.32 1225.55
5 30 4 724.25 2.36 718.90 730.38 970.57 27.81 916.36 1023.85 970.41 20.96 932.44 1013.12
6 30 5 681.54 5.63 670.95 697.35 931.64 32.82 835.46 996.08 940.29 35.62 856.94 1018.52
7 50 3 1412.81 5.68 1402.07 1423.30 1814.54 149.89 1519.47 2194.02 1820.49 30.38 1749.46 1890.44
8 50 4 1137.64 6.12 1124.22 1149.66 1555.73 83.13 1398.16 1730.67 1556.36 40.47 1491.55 1656.13
9 50 5 945.33 5.24 934.22 961.26 1244.14 70.07 1075.62 1405.09 1247.32 34.41 1168.16 1318.24
10 75 3 2423.51 8.24 2404.77 2439.36 3318.24 110.93 3042.73 3638.40 3313.17 45.26 3208.56 3411.58
11 75 4 1758.39 6.89 1743.43 1777.41 2452.27 155.84 2111.64 2887.70 2453.74 53.05 2336.31 2549.02
12 75 5 2875.36 15.63 2850.10 2912.81 3906.72 180.72 3462.71 4278.08 3931.64 40.37 3836.28 4033.96
13 100 3 2879.36 12.78 2852.67 2916.14 4056.73 165.51 3769.14 4381.55 4056.32 33.50 3985.86 4134.50
14 100 4 3224.57 8.42 3202.68 3240.13 4194.44 143.90 3736.49 4460.22 4195.49 48.73 4100.38 4303.59
15 100 5 2719.49 7.52 2701.29 2736.12 3732.33 153.50 3345.11 4168.34 3706.81 34.99 3603.03 3776.46

proposed algorithm with depth of memory 4 performs better
than other algorithms in all cases.

Table 5 shows the results obtained by the proposed
algorithm for 15 different cases, with respect to the average
(Avg.), minimum (Min.) and maximum (Max.) of running
time of algorithms and their standard deviation (Std.).
Comparing the results reported in Table 5, we find that, in
all cases, the proposed algorithm with depth of memory 4
outperforms the others in terms of total cost and running
time.

Figure 17 shows the comparison of results reported in
Table 4.

Table 6 shows the p-values of the two-tailed t test and
the p-values of the two-tailed wilcoxon rank sum test. The
results reported in Table 6 shows that for both types of
statistical tests (wilcoxon and T test), the difference between
the performance of the proposed algorithm with depth of
memory 4 and the performance of the other algorithms is
statistically significant (p-value<0.05) in all cases.

5.4 Experiment 4

This experiment aimed to find the impact of learning automata
and local search on the proposed algorithm performance.

Table 8 Comparison of the Minimum (Min.), maximum (max.), average running time (Avg.) and their standard deviation (Std.) of LA-
ACTSP(N=4), LA-ACTSP(N=0) and LA-ACTSP-pC

P# CN SN LA-ACTSP(N=4) LA-ACTSP(N=0) LA-ACTSP-PC

Avg. Std. Min. Max. Avg. Std. Min. Max. Avg. Std. Min. Max.

1 15 3 1.5889 0.10 1.3696 1.8416 1.21 0.4551 0.42 2.03 43.57 4.8638 32.81 52.16
2 15 4 1.6648 0.06 1.5452 1.7667 1.31 0.5580 0.02 2.46 57.71 6.0563 41.73 67.99
3 15 5 1.5430 0.02 1.5035 1.6017 1.41 0.4271 0.34 2.24 52.69 6.4538 40.97 69.70
4 30 3 4.2119 0.21 3.7668 4.6249 1.57 0.5676 0.55 3.32 139.17 8.8912 118.97 155.53
5 30 4 4.0736 0.33 3.3991 4.8110 3.19 0.8773 1.44 5.53 161.18 12.0285 134.47 189.78
6 30 5 4.1799 0.20 3.8118 4.6020 2.80 1.0407 0.59 5.24 184.56 13.4548 151.29 211.53
7 50 3 11.5692 0.57 10.5100 12.7490 2.19 0.6909 0.70 3.49 108.35 8.8544 83.42 124.16
8 50 4 12.1471 0.97 10.1781 14.3729 2.61 0.6971 1.13 4.17 137.50 11.2139 109.61 161.95
9 50 5 12.1086 0.83 10.6575 14.5880 2.67 0.9854 0.78 5.88 173.23 11.5343 141.43 197.83
10 75 3 16.6066 0.60 15.0429 17.6882 3.44 0.8818 1.37 4.75 260.96 19.7335 217.74 304.99
11 75 4 15.5934 1.18 12.9964 18.4925 2.88 1.4050 0.04 7.26 279.82 20.8664 227.34 321.24
12 75 5 15.2816 0.59 13.9627 16.7042 3.52 1.4502 0.77 7.91 236.42 19.2859 168.12 263.19
13 100 3 21.0362 1.27 18.2369 23.8174 3.68 1.2047 1.13 6.18 337.13 23.3097 271.72 392.06
14 100 4 20.1493 0.26 19.4861 20.9032 4.23 1.4322 0.76 7.12 488.66 19.4861 445.15 529.28
15 100 5 21.1796 0.83 19.2419 22.7810 3.77 1.4640 0.59 6.86 509.39 23.8852 466.79 583.68
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For this purpose we compared the proposed algorithm
with depth of memory 4 (LA-ACTSP(N =4)) with the
proposed algorithm without memory (LA-ACTSP(N =0))
and the proposed algorithm in which the reward and penalty
functions is replaced by a pure chance function (LA-
ACTSP-PC) , in terms of quality of solution and speed of
convergence. In pure chance function a state ϕi passes to a
state ϕi+1ϕi+1 with probability 1/2 and to state ϕi−1 with
probability 1/2.

Table 7 presents the results of these algorithms for 15
different cases with respect to the average (Avg.), minimum
(Min.) and maximum (Max.) of total cost and their standard
deviation (Std.). Also, Table 8 presents the results of these
algorithms for same cases with respect to the average
(Avg.), minimum (Min.) and maximum (Max.) of running
time of different algorithms and their standard deviation
(Std.).

From the results described in Tables 7 and 8 we report
the following:

• The LA-ACTSP(N =4) algorithm can find solutions
with the lowest cost for all cases.

• However, the algorithm LA-ACTSP(N =0) is faster
than algorithm LA-ACTSP(N =4) due to lack of
memory and according to the termination condition of
the algorithm (locating all cells in the most internal state
of their switches), but the cost of the solutions found in
this algorithm is greater than the cost of the solutions
found in algorithm LA-ACTSP(N =4).

• Due to the random nature of algorithm LA-ACTSP-
PC, this algorithm has a weaker performance than in
algorithm LA-ACTSP(N =4) both in terms of total cost
and running time.

6 Conclusion

A new algorithm is proposed for solving the assignment
of cells to switches problem in cellular mobile network in
this paper. The proposed algorithm is obtained from the
combination of learning automata and local search method.
In this algorithm, solution is represented by OMAs, in
which the OMA actions correspond to switches and the
OMA states keep information about the history of the
local search process. The number of states in each action
determines the depth of memory. Each state in the OMA
has two attributes: the value of assigned object, and the
degree of association with its value. The cells, as migratory
objects are assigned to states of the learning automaton. The
local search changes the degree of association between the
assigned objects and their values. Experimental results have
shown the superiority of the proposed algorithm in terms

of quality of solution and speed of convergence. Also, the
obtained results have shown that the depth of memory has a
large impact on the performance of the proposed algorithm
and the best results are obtained when the depth of memory
is set to 4. All algorithms reported for solving ACTSP are
designed under the assumption that the number of cells or
switches are fixed (off-line version). The on-line version of
ACTSP where the number of cells or switches changes due
to the environment change or communication traffics may
also be pursued.
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