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Abstract
In this paper, we propose a new continuous action learning automaton and an adaptive and autonomous call admission algorithm, which uses the
proposed learning automaton. The proposed algorithm
minimizes blocking probability of new calls subject to
constraint on dropping probability of handoff calls. The
simulation results show that the performance of this algorithm is close to the performance of limited fractional
guard channel policy for which we need to know all traffic parameters in advance. Two advantages of the proposed policy are that it is fully autonomous and adaptive. The first implies that, the proposed policy doesn't
require any exchange of information between the neighboring cells and the second implies that, the proposed
policy doesn't need any priori information about input
traffic.

1. Introduction
Call admission (CAC) policies determine whether a
new call should be admitted or blocked. Both blocking
probability of new calls (Bn) and dropping probability of handoff calls (Bh) are affected by CAG policies.
Blocking more new calls generally improves dropping
probability of handoff calls and admitting more new
calls generally improves blocking probability of new
calls. Suppose that the given cell has C full duplex
channels. The simplest GAG policy, called guard channel policy (GG),reserves a subset of channels allocated
to a cell for sole use of handoff calls (say C - T channels)
[1]. These channels are called guard channels. Whenever the channel occupancy exceeds the certain thresh-

old T, the guard channel policy rejects new calls until
the channel occupancy goes below the threshold. The
guard channel policy ac&pts handoff calls as long as
channels are available. As the number of guard channels
increased, the dropping probability of handoff calls will
be reduced while the blocking probability of new calls
will be increased [2]. It has been shown that there is an
optimal threshold T* in which the blocking probability
of new calls is minimized subject to the hard constraint
on the dropping probability of handoff calls [3]. Algorithms for finding the optimal number of guard channels are given in [3, 4]. These algorithms assume that
the input traffic is a stationary process with known parameters. If the parameter Bh is considered, the guard
channel policy gives very good performance, but the
parameter Bn is degraded to great extent. In order to
have more control on blocking probability of new calls
and the dropping probability of handoff calls, limited
fractional guard channel policy (LFG) is introduced [3].
The LFG policy uses an additional parameter rr. The
LFG policy is same to the GG policy except when T
channels are occupied in the cell. In such situations, the
LFG policy accepts new calls with probability rr. It has
been shown that there is an optimal threshold T* and
an optimal value of rr* for which the blocking probability of new calls is minimized subject to the hard
constraint on the dropping probability of handoff calls
[3]. The algorithm for finding such optimal parameters
is given in [3]. Since the input traffic is not a stationary
process and its parameters are unknown a priori, the
optimal number of guard channels cannot determined.
In such cases the dynamic guard channel policy can be
used in which number of guard channels varies during
the operation of the cellular network.
Learning automaton (LA) has been used successfully in many applications such as telephone and data
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network routing [5], solving NP-Complete problems
[6, 7, 8] and capacity assignment [9], to mention a
few. In this paper, we propose new continuous action
LA and an adaptive and autonomous call admission
algorithm, which uses the proposed continuous action
learning automata. This algorithm uses only the current channel occupancy of the given cell and dynamically adjusts number of guard channels. The proposed
algorithm minimizes blocking probability of new calls
subject to constraint on dropping probability of handoff calls. Since learning automaton starts its learning
without any priori knowledge about its environment,
the proposed algorithm does not need any a priori information about input traffic. One of the most important advantage of the proposed algorithm is that no stat.us information will be exchanged between neighboring
cells. Of course exchange of such status information can
be used to increase the performance of the proposed algorithm. The simulation results show that performance
of the proposed algorithm without any priori informat.ion is close to performance of LFG policy that knows
all traffic parameters.
The rest of this paper is organized as follows: Section 2 presents blocking performance of LFG policy.
LA is given in section 3 briefly. The new continuous
action learning automaton and the proposed algorithm
are given in section 4. Simulation results is given in
section 5 and section 6 concludes the paper.

2. The Blocking Performance

goes below the threshold and when the channel occupancy equals to T, new calls are accepted with probability of 11".The LFG policy accepts handoff calls as
long as channels are available. We define the state of
a particular cell at time t to be the number of busy
channels in that cell, which is represented by eft). The
{e(t)lt ~ O} is a continuous-time Markov chain with
states 0,1,..., C. The state transition rate diagram of
a cell with C full duplex channels and LFG policy is
shown in figure 1. Define the steady state probability

Fig. 1. Markov chain model of cell
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The above first three assumptions have been found to
be reasonable as long as the number of mobile hosts in
a cell is much greater than the number of channels allocated t.o that cell. The fourth assumption makes our
analysis easier and the fifth one allows us to examine
the performance of a single network cell in isolation.
Suppose that the given cell has a limited number of
full duplex channels, C, in its channel pool. In the LFG
policy, when the channel occupancy exceeds threshold
T, new calls are rejected until the channel occupancy

=T
>T

Po is the probability that all channels are free and calculated by the following expression.
C

1. The arrival process of new ~d handoff calls is poisson process with rate An and Ah, respectively. Let
A = An + Ah, P = AI J.L,and Cl!= Ahl A.
2. The call holding time for both types of calls is exponentially distributed with mean J.L-1.
3. The t.ime interval between two calls from a mobile
host is much greater than mean call holding time.
4. Only mobile to fixed calls are considered.
5. The network is homogenous.

(1)

0

where 'Yi is arrival rate in state i equals to and given
by the following equation.

of LFG

Blocking performance of LFG policy is computed based
on the following assumptions.

n] for state n = 0,1,. . . , C.

Then, the following expression can be derived for PlI'
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Hence, the dropping probability of handoff calls using
C channels and C

-

T guard channels is equal to
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Similarly, the blocking probability of Ilew calls is gh'en
by the following expression.
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The objective of our call admission policy is to find
a T* + 11"*that

minimizes

the En (C, T* + 11"*)given

the constraint Bh(C, T* + 71"*) ~ Ph. The value of Ph
specifies by the quality of service of the network. In
, in [3]a binary
order t.o find the optimal value of T* +71"*
search algorithm is given. This algorithm assumes that.
all parameters of traffic are known in advance.

3. Learning Automata
The automata approach to learning involves determination of an optimal action from a set of allowable actions. Automaton selects an action from its finite set
of actions and applies it to environment which in turn
emits a stochastic response f3(n) at the time n. f3(n) is

an element of 13 = {O,I} and is the feedbackresponse
of the environment to the automaton. The automaton
is penalized by the environment with probability Ci,
which is action dependent. On the basis of response
f3(n), state of the automaton is updated and a new action chosen at (n + 1). Note that the ci's are unknown
initially and it is desired that as a result of interaction
between the automaton and the environment arrives at
the action which presents it with the minimum penalty
response in an expected sense. An automaton acting in
an unknown environment and improves its performance
in some specified manner, is called learning automaton
(LA). Since LA has finite number of actions, for continuous action variable, a corresponding discrete action
will be created by discretizing the continuous variable
at some points. For precise discretization, number of
actions must be large which decreases the convergence
speed. To increase precision of discritization, continuous action set learning automaton (CALA) is introduced [10]. The CALA chooses actions from the real
line ~. The action probability distribution at instant n
is a normal distribution with mean JL(n) and standard
deviation a(n). At each instant, the CALA updates its
action probability distribution by updating JL(n) and
a(n), which is analogous to updating the action probabilities by the LA with finite set of actions. Since action
set is continuous, instead of reward probabilities for
various actions, we now have a reward probability function, f : !R ~ !R, defined by f(a) = E[f3(n)la(n) = a].
It is assumed that f(a) is unknown to the automaton. The objective for CALA is to learn value of a at
which f (a) attains a maximum. That is, we want the
action probability distribution, N(JL(n), a(n)) to converge to N(ao, 0) where ao maximizes f(a). Learning
algorithm for CALA can be described below. Unlike
finite action set LA, CALA interacts with the environment through choice of two actions at each instant. At
each instant n, the CALA chooses a(n) E !Rat random
from its current distribution N(JL(n), q,(a(n))) and pair
pair (JL(n),a(n)) is applied to the environment. Then
it gets the reinforcement from the environment for pair
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(JL(n),a(n)). Based on these reinforcement signals, the
action probability distribution is updated. For this algorithm it is proved that with arbitrary large probability, JL(n) will convergeclose to a maximum of f(.) and
a(n) will converge cl,?se to zero [10].
Continuous action reinforcement learning automata
(CARLA) is introduced in [H], independently and can
be described as follows. Let output a(n) of automaton be a bounded continuous random variable defined
over interval [amin, amllx] E !R. In the CARLA, action probability vector p(n) is replaced by a continuous probability density function fa(n). It is assumed
that no information about the actions is availabie at
the start of learning and therefore the probabilities of
actions are initially equal. This learning automaton selects action a(n) at instant n and applies to the environment which emits a response f3(n) E [0,1]. Based
on f3(n), fa(n) is updated according to the following rule: When a(n) E [amax,amin], fa(n) is set to
a[Ja(n) + (1- f3(n))H(a, ~(n))] and otherwise fa(n) is
set to 0, where a is a normalization factor and H(a, r) is
a symmetric Guassian neighborhood function centered
on r = a(n) and spreads the reward for neighboring
actions. The asymptotic behavior of the continuous action learning automata is not known. .

4. Proposed Algorithm
In this section, we first introduce a new continuous
learning automaton and then purpose a LA based algorithm for finding the optimal value of T + 71".The
proposed algorithm uses the proposed continuous action learning automaton and adjusts the value of T + 71"
as the network operates.

4.1

A New Continuous
Automaton

Action

Learning

In some applications, such as call admission control,
when value of a parameter, say x, is large (small), then
all values of y > x (y < x) are also large (small). In
such situations, if x is penalized (rewarded), all values of y > x or y < x also must be penalized (rewarded). Since the standard LA don't have this feature, a new continuous action LA having this feature
is introduced. For learning algorithm studied in this
paper, we use Gaussian distribution N (JL,a). which is
completely specified by the first and second order momentums: JLand a. The learning algorithm updates JL
and a of Gaussian distribution at any instant using the

reinforcement signal, 13. In the proposed learning automaton, a(n) and JL(n) are adjusted by the learning
algorithm. The proposed LA chooses its actions with
equal probability at the beginning which is achieved

by choosing a large value for variance. The proposed
LA can be described algorithmically as follows.

the following relation.
9min if x < 9min
x
if 9min::; x ::; 9max

llH(X) =

{ 9max if x > 9max

Step 1: Set u(O) to a large and Jt(O)to a random number.

Step 2: Choose action a(n)

""

N(Jt(n), u(n).

Since Bn(C,x) is a decreasing function of x, it
doesn't have minimum. Therefore, we define the following objective function.

Step 3: Apply a(n) to the environment and get response
f3(n) E [-1, +1].
Step 4: Update Jt(n) and u(n) by following equations.
Jt(n + 1)

u(n+)

= Jt(n) +

=f

Bn(C,x)
a(n)f3(n)

(u(n»

(5)
(6)

Step 5: Go to Step 2.

From the above algorithm, it is apparent that /.t(n)
pursues the optimal value. In this algorithm, f is any
arbitrary function that has property x > f(x). This
property results 'a narrower probability density function and converges to zero as n increases to infinity.
Equation (5) moves the mean to its optimal value. In
order to have a stable equilibrium point, the proposed
algorithm uses a monotonically decreasing learning parameter a.
4.2

LA Based LFG Algorithm

In this section, we introduce a new learning automata
based algorithm (figure 3) to determine the optimal
\'alue of T + 7r for LFG algorithm when parameters
An, Ah, and J1.are unknown and possibly time varying.
Assume that the cell has C full duplex channels. Let
.r(n)

rithm

=

x*}+Bn(C,2x*-x)I{x

> x*}

where I(.) is indicator function. The above objective
function has a minimum at x*, which occurred when
Ih(C,x*) = Ph. Thus we define an indicator of error
f3

Fig. 2. Learning algorithm used by the proposed continuous
action learning automaton

= Bn(C,x)I{x::;

= Bh(C,X) -

Ph, which acts as the response

of the

environment. Now, we describe the proposed LA based
LFG algorithm. Since the controlling handoff calls is
not beneficial as it leads to idling of some channels, the
handoff calls are accepted as long as channels are available and the proposed algorithm is used only when new
calls arrive. When a new call arrives at the given cell,
learning automaton associated to that cell selects one
of its action, say a(n) = T + 7r. If the number of busy
channels of cell is less than T, then the incoming call
is accepted; when cell has T busy channels the call is
accepted with a certain probability of 7r;otherwise the
incoming call is blocked. Then the base station computes the current estimate of dropping probability of
handoff calls (Eh), indicator of error, and /.t, a, and a
are updated by the learning algorithm.
set x +- LA.action ()
if (e(t) < T )then
accept call
else if (e(t)
accept

T(n). + 7r(n) be the parameter of LFG algoat instant. nand x*
T* + 7r* be the optimal

=T

and

rand(O.l)

~ ". )then

call

else

=

end

value of x, which minimizes the blocking probability
lf new calls subject to constraint that the dropping
.)robability of handoff calls is at most Ph. Let x(n) is
n interval [9min,9max], where 0 ::; 9min ::; 9max ::; C.
tn the proposed algorithm, each base station uses a
~ontinuous action learning ~utomaton .4. described in
-he previous section to adjust x. The objective of our
:all admission control policy is to minimize B (C, x)
,ubject to the hard constraint Bh(C,X) ::; Ph. Since
ten) must be in the interval [9min,9max],the proposed
'ontinuous action learning automata cannot be applied
lirectly and we use a projected version of it. In the proected version of continuous action learning automata,
he constraint set H is {/.t19min::; /.t ~ 9max}. Thus the
tep 4 of the proposed learning automata is replaced
'Y J1.(n+ 1) = llH (/.t(n) + a(n)f3(n)), where llH is the
'rojection on to the constraint set H and is defined by

reject
if

call

set (3 +- il.,(C,x)
LA. update

- p.,

((3).

Fig. 3. LA based dynamic guard channel algorithm

By careful inspection of the above algorithm, it is
evident that when f3 is negative (positive), T + 7r is
decreased (increased) and when f3 is zero, T + 7ris unchanged. The decreasing of learning rate ensures stability of the proposed learning algorithm at the optimal
point.

5. Simulation Results
In this section, we compare performance of the limited fractional guard channel [3] and the proposed algorithm. The results of simulations are summarized in
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table 1. The simulation is based on the single cell of
homogenous cellular network system. In such network,
each cell has 8 full duplex channels (C
8). In the
simulations, new call arrival rate is fixed to 30 calls per
minute (An = 30), channel holding time is set to 6 seconds (J.L-l = 6), and the handoff call traffic is varied between 2 calls per minute to 20 calls per minute. The results listed in table 1 are obtained by averaging 10 runs
from 2,000,000 seconds simulation of each algorithm.
The objective is to minimize the blocking probability
of new calls subject to the constraint that the dropping probability of handoff calls is less than 0.01. The
optimal parameters of limited fractional guard channel
policy is obtained by algorithm gh'en in [3].

=

Table
Case
1
2
3
4
5
6
7
8
9
10

Ah
2
4
6
8
10
12
14
16
18
20

1. Minimize En such that Eh
LFG
En
Eh
0.031609 0.023283
0.051414 0.020675
0.071632 0.018707
0.092138 0.016706
0.114445 0.015572
0.147902 0.014044
0.204217 0.012675
0.250642 0.011554
0.294441 0.010877
0.384157 0.010182

~ 0.01

Proposed Algorithm
En
Eh
0.050784 0.010063
0.067582 0.009794
0.084571 0.010059
0.103642 0.009394
0.135579 0.009333
0.181468 0.01009
0.227705 0.009718
0.257067 0.009617
0.30659 0.010053
0.385888 0.010052

By inspecting table 1, it is evident that 1) upper
bound of dropping probability of handoff calls is maintained by our algorithm, while this upper bound in not
maintained by the LFG. 2) performance of the proposed algorithm is close to the performance of LFG algorithm. One reason for the difference in performances
of the LFG and the proposed policies is due to the fact
that transient behavior of the proposed algorithm is included. Since, the blocking probability of new calls and
the dropping probability of handoff calls in the early
stages of simulation are far from their desire value, they
affect the long-time calculation of the performance parameters. However, such effect can be removed byexcluding the transient behaviors from our algorithm.

6.

Conclusions

In this paper, a new continuous action learning automaton is introduced. Then a call admission control
algorithm is given which uses the proposed LA. The
simulation results show the the power of the proposed
algorithm. The proposed algorithm has the following
advantages: 1) Its performance is very close to the performance of the LFG policy. 2) The upper bound of

347

dropping probability is maintained by our algorithm
which is optimal when all information are available. 3)
The proposed algorithm doesn't need any information
about the input traffic.
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