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Neuro-Fuzzy based Call Admission Control for
next Generation Mobile Multimedia Networks

Sanjeev Kumar, Krishan Kumar

Abstract: Asthe demand of the mobile usersareincreasing day
by day, wirelessmobile multimedia networks still need
advancement in terms of, reliable traffic performance, link
availability, efficient bandwidth utilization, and user mobility, that
can attain extremely consistent wireless communication and data
transmission over the networks. Due to the emerging demand of
multimedia services a high-speed network and call admission
control (CAC) schemeisrequired, which not only guarantees the
quality of services (QoS) for new and handoff callsbut also results
in optimum resource utilization in bursty traffic network
environments. The main objective of this integrated neural fuzzy
based CAC scheme is to improve QoS with decent resource
allocation, such that it minimizes the probability of call dropping
and call blocking in mobile multimedia networks. The proposed
neural fuzzy CAC schemeis a hybrid approach that integrates the
semantic rule ability of fuzzy logic (FL) controller and
self-training capability of a neural network (NN) which isfurther
enhanced to construct an efficient computational model for traffic
control and fair radio resources allocation for new calls and
handoff calls. The simulation results conclude that a neural fuzzy
based CAC can achieve minimal call dropping probabilities and
maximum resource utilization in high-speed networks as
compared to fuzzy logic based CAC and conventional CAC or
existing CAC schemes.

Keywords. Mobile Multimedia Networks, Call Admission
Control, Fuzzy logic, Neural Networks, self-organization map,
Quiality of Service, Call dropping probability.

I. INTRODUCTION

Today, with the growing demand for mobile users
advanced multimedia services, thereis a need for high-speed
mobile multimedia networks to support various multimedia
applications and services. High-speed networks use
mobile/wireless communication networks to offer wireless
communication along with static and dynamic hosts, which is
capable to handle bursty traffic and maintaining various
quality-of-service (QoS) like latency, packet loss, load,
signal strength, user mobility, and channels requirements,
etc. In a multimedia high-speed network environment,
efficient channel assignment and CAC schemes are necessary
to obtain a better resource management scheme with an
appropriate QoS level for end users.
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One of the best technique that combines the multimedia
services for high-speed mobile multimedia networks, is
Asynchronous transfer mode (ATM) [1].

A fast speed network like 4G and 5G networks are
considered to be the fastest network technology that is
capable to provide a high-speed data transfer rate up to 450
Mbps and efficient quality of services for real-time
application in multimedia networks [2]. The increasing
population of advanced mobile multimedia device, the user
always seek the best connection anywhere anytimein order to
achieve efficient policy to maintain seamless handoff
between heterogeneous networks and QoS requirement.

Consequently, it is too much hard to select the best
networks to receive a new call without interrupting the QoS
level of ongoing calls. Due to the rapidly increasing number
of the mobile access point, continuous changes in channels
propagations, sudden changes in network load and random
mobility of the user, ahigh-speed network (4G & 5G) suffers
from uncertainty and imprecision that is subject to decision
error, which degrades the system performance [3-7].
Therefore there is a need to develop a framework that
dynamically monitors the traffic flows according to a sudden
change in network load conditions and ensure fair admission
control and efficient service delivery of al types of cal
requests.

CAC is one of the essentia channel alocation and
decision-making technique which ensures desired QoS by
limiting the use of network resources [8]. However, the
decision making for CAC is ahigh demanding research topic
due to the finite number of radio resources, random user
mobility, and uncertain multimedia network traffic
conditions. To provide a number of integrating services with
certain QoS parameters like network lose rate, signal quality,
jitter, call blocking and call dropping, a CAC scheme is
needed which restrict the number of new connections to
minimize the traffic jam and handoff dropping probability.
The admission controller decides either to admit or deny new
call requests based on the present traffic load and unoccupied
radio resources to continue the QoS for anew call or handoff
calls without violating the QoS of ongoing calls. It is because
of mobile users are more conscious of call dropping instead
of to new call blocking [3] [9]. An efficient CAC policy is
required to provide a guarantee that satisfies all the QoS
reguirements with respect to different traffic conditions [10].
So far severa improved models and assumptions have been
broadly used to manage the issues of CAC and QoS in a
high-speed multimedia network using Markov models,
queuing models and expert
systems, etc.
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inthe last decades. This paper offers a combined approach of

neuro-fuzzy based CAC (NFCAC) model, which join the
parallel computing and learning capabilities of neural
network with semantic control power of fuzzy logic (FL) to
make the CAC decision in order to maintain the QoS
provision. The beauty of the neuro-fuzzy model is its
adaptable intelligent system, training from experience and
human comprehension capability and strict mathematical
modeling requirements that can be simplified by fuzzy
IF-THEN type rules, which enhance the wireless
communication and data transmission speed over the
high-speed networks like 4G and 5G.

The NFCAC model uses the self-training function of the
neural network (NN) to minimize CAC's general policy
decision-making errors, generated from unpredictable
variations in modeling, approximation, and system traffic.
Theimplementation of an FL controller rule structure is used
to avoid error handling because of erroneous training and to
shorten training time. A neuro-fuzzy network isconsidered as
a well-organized network. The suitable input parameters
have been selected and prepared a regular fuzzy rule
blueprint for the NFCAC method so that it not only offers a
solid structure to imitate the knowledge of experts embedded
in previous traffic control agorithms but also a smart
mathematical algorithm has been developed as well for
traffic control.

A lot of research work has been done that deals with CAC
related problem in wireless networks by using FL and NN
respectively. Neural-fuzzy model has been broadly used to
improve the performance of existing CAC policy in
high-speed mobile networks. FL has the capability to deals
with the problem of rea-world imprecision, vague,
ambiguous, uncertain data and burst environment by using
mathematical framework [11-15]. The comparative analysis
of the simulation result shows that the proposed fuzzy
approach greatly improves system performance as compared
to existing typical CAC schemes. However, thereis currently
no clear and universal technology that maps existing traffic
control knowledge to fuzzy logic controller design
parameters. So the self-learning capabilities of NN ought to
be included into FL controllers to understand the design
process to achieve more desirable control result. This paper
uses a combined approach of FL and NN to deal with the
problem of traffic mobility, system resource utilization, and
QoS by using CAC scheme.

[I. PREVIOUSWORK

In the past few years, many studies have used fuzzy logic
(FL) and neural networks (NN) to manage CAC-related
issues in mobile multimedia networks. The neuro-fuzzy
model has been widely used to improve the performance of
existing CAC policy in high-speed mobile multimedia
networks. The previous study of the neural fuzzy controller
has been shown that it has the capacity to handle the complex
problems of the system. In this regard, FL has the capability
to deal the problems of real-world imprecision, whereas the
self-learning ability of self-organization map (SOM), a
famous NN model is used to specify the association into input
network traffic and system capabilities. The NN makes FL
more powerful by providing an accurate data set for training.
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This permits the fuzzy system to be optimized to exactly
match the training data set [16]. When a neural-fuzzy based
strategy used in mobile multimedia networks, each cell is
treated as a separate controller, representing a unique
behavioral model based on user mobility and cell geographic
atributes. Therefore, even if the available bandwidth
requirements vary according to changes in call load status,
but the correct QoS parameters must be maintained to reduce
the probability of new call blocking and handover loss [1],
[3],[11-16]. Fuzzy logic systems have been commonly used
to address CAC associated issues in mobile multimedia
networks that have been extensively studied in the literature
review.

The fuzzy set theory provides a strong computational
model to handle real-world inaccuracies. Fuzzy methods
show flexible performance and can adapt to dynamic,
incorrect and realistic environments. [1], [11], [16]. Ravi
sandal et. a. [13] developed a neuro-fuzzy based CAC for
constant and non-continuous traffic in CDMA cellular
network to handle the handoff prioritization and channel
alocation for handoff calls (both type) and shows the
comparison between soft handoff and hard handoff.

In [17], the authors proposed a fuzzy-neural-based CAC
method combining fuzzy logic control function and learning
function of recurrent neural redia basis function and
developed a smart system capable of processing incoming
traffic in the diverse mobile network environment.

In [18-19], has been proposed a fuzzy-based CAC method
to maintain the QoS level of ongoing calls and estimate the
system performance using the shadow cluster concept (SCC).
An integrated fuzzy logic based CAC for 4G networks in
order to improve the QoS provision with the help of
Karnik-Mendel (KM) and Wu-Menddl (WM) model and also
comparetype-1 fuzzy logic with type-2 fuzzy logic controller
[20]. Thefuzzy logic system has been agreat deal of attention
during last two decades and has achieved great success in
many different real-world application like ATM networks,
wireless mobile network, wireless sensor networks, and
traffic congestion control. The literature survey has shown
that previously the researcher has faced so many difficulties
to handle the uncertainties because of a hard decision
boundary, but with the advancement of FL, logic systems are
characterized by membership functions with soft decision
boundaries [21-24].

In [25], the author proposed mobility based CAC using an
artificial neural network, in this the mobility of user isfound
with the previous and present user mobility history by using
error back propagation model and base on the user mobility
the allocation of the resource are made by queuing model.
Here the neural network model trained to estimate the
required bandwidth to accept voice and data callsin different
QoS requirements.

In [26], a CAC scheme based on dynamic channel
assignment has been proposed. Error Backpropagation and
Hopfield neural networks, two well-known NN models were
used to improve the QoS and minimized call dropping
probability and cal blocking probability in mobile
multimedia networks.
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In the first phase, the error back propagation model is used
to perform the effects of location prediction and traffic
mobility performance estimation. In the second stage, the
Hopfield neural network based dynamic channel allocation
(DCA) scheme has been employed to increase the
performance of the existing dynamic channel allocation
scheme. In [27], the author's group investigate the new
flexible use of the Hopfield neural network to perform
dynamic call admission control. The self-learning approach
of the neural network has been used to designaCACin[28],
[29]. According to the literature survey most of the proposed
CAC approach, select the number of users asinput parameter
according to their types of service. As the network traffic or
complexity of the system increases, the dimension and the training
time of NN also increases. Therefore, the applications of NN with
respect to CAC are not much more capable to handle complex traffic
environment, large traffic congestion, and complex network traffic
source, etc. However neural-fuzzy logic based CAC policies have
more capacity to handle CAC activities and maintaining QoS
provisioning for the mobile users.

The objective of this research paper is to develop a
neuro-fuzzy-based CAC model that implements appropriate channel
alocation scheme that covers the maximum geographical area in
order to enhance QoS from the viewpoint of continuous service
availability in high-speed Mobile Multimedia Network. The
simulation result shows that the NFCAC model offers efficient
system resource utilization, high learning speed, user mobility,
quality of servicesand minimizethe call blocking probability (CBP)
and call dropping probabilities (CDP). In order to verify the
effectiveness of the proposed scheme, the simulation results are
compared with existing neural -fuzzy based CAC methods.

I11. NEURO-FUZZY CALL ADMISSION
CONTROLLER (NFCACQC)

Fuzzy Logic (FL) wasfirstly introduced by Lotfi A. Zadeh,
which represent uncertain and imprecise knowledge. FL is
used to handle the complex problems and represent there
result in the form of range rather than true and false. A fuzzy
set is an amalgamation of elements and each component of
this set is specified by a fuzzy membership function with
membership range from 0 to 1 [30]. The idea of the FL has
been mainly used to characterize the performance of
nonlinear systems. Fuzzy based rules effectively handle and
represented the nonlinear system. [16], [31]. FL is a
rule-based architecture associated with four main modules:
fuzzification, inference engine, rule base, and
defuzzification. In this case, afuzzy set F has been defined in
the discourse world U by defining the language variable x in

U by
T(x) = {TL,TAT3 ... ... TH} and M(x) =
{ML, M2 M3 ........MF}, where T (x), the fuzzy input is set

of x and M (x), a set of rules that are connected with each
input with their meaning. According to fig. 1, the fuzzifier
convert an input x; of fuzzy set T with a degree of
membership function M,’fii_i =1.........m.Thefuzzy rule
base stores control information of domain that specify fuzzy
IF-THEN rulefor a set of linguistic statements, which define
a FL based association between m-dimensiona inputs x; and
n-dimensional outputs y; . As the fuzzification process
completed, the inference engine generates a decision
parameter for deriving the input language variable values of
T (x;) from the fuzzification to obtain the output linguistic
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variable of T (y;), namely fuzzy IF-THEN rules. When the
output linguistic variable of T (y;) is avalable to the
defuzzifier, then defuzzification function generates a
non-fuzzy values form the output y; o constitutes decision.
The fuzzy logic controller contains domain information from
previously developed schemes[31, 32].

In 1943, Mc Culloch Pitts introduced an artificial neural
network (ANN) that are organized in layers. The layers or
nodes of the neural networks are interconnected to each
other, which contains an activation function

Fuzzy Rule
Base
Fuzzifier Inference :
Tnput (x M M) | Defuzzifier | Output (v
nput (1) | To) 0, Tagine ®, T utput ()

Fig. 1. Structure of Fuzzy logic Control System.

Here, a multilayer feedforward neural network has been
used that includes various input layers, one or more hidden
layers, and output layers. In this network, informationis only
moved between different non-linear processing elements
called nodes that go from the input node to the hidden node
and then to the output node in the forward direction. Each
node of the ANN layer consists of multiple neurons that are
fully connected to their neighboring layer neurons and have
continuously changing weights. According to Fig. 2, the
output of one node is connected to the input of another node
with its associated weight. Each node cal cul ates the sum of
the input weights and produces output through a predefined
activation function [25].

Input Layer

Hidden Layer

N\
L S
.
oo
—

Output Layer

'\\ Output

-
7

Fig.2. Architecture of multilayer feedforward neural
networ k

In addition to this a feed-forward neural network NN
(V:,W;), has been defined, where V; represents the set of the
input vector and W; represents the set of weight vectors. The
values of both vectors will be modified by learning rules.
When feed forward NN (V;,WW;) is train, it produce an
approximate output that is close to the actual output. The
neural network can’t contains accurate information of the
system, due to unstructured network architecture [1].
This proposed NFCAC model is a combination of two soft
computing techniques NN and FL. Here the self-trained and
computational capabilities of NN brings connected into FL
system to obtain the excessive level human reasoning and
thinking of fuzzy logic system for NN.

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

WWW.IJEAT.ORG,

Exploring Innovation


https://www.openaccess.nl/en/open-publications

Neuro-Fuzzy based Call Admission Control for next Generation M obile M ultimedia Networ ks

Basicdly, the integration system of neura fuzzy use a
multilayer network to understand the FL system behavior
[13-15] [33]. Now it is a well-organized network that can
contains accurate system information for traditional schemes.

A. Design of NFCAC

In this, we used five layered neural fuzzy network
architecture to design a neuro-fuzzy call Admission
controller. Asrepresented infig. 3, the NFCAC controllerisa
five-layered architecture, wherelayer 1 nodes received al the
input linguistic variables and node 5 produces two linguistic
outputs. One output is supplying the tanning data to the
network, to produce desired output and the second is used for
transporting the decision signal to produce the actual output
for the network. Furthermore, layer 2 and layer 4 nodes are
considered as terms nodes that act as a fuzzy membership
function for each linguistic variables. Every node of layer 3
define a fuzzy rule and when all these nodes combine they
design a fuzzy inference rule base. The working of the
inference engineis served by layer 3 and layer 4 connections,
layer 3 connections show the fuzzy rules nodes and layer 4
connections shows the results of the rule nodes. The links of
layer 2 and layer 5, represents the complete connection
between the input linguistic nodes and its paralel terms
nodes.

Layer 1

Layer 2 Layer 3 Layer 4 Layer 5

Fig. 3. The architecture of the NFCAC controller.
According to fig. 3, the NFCAC controller having three
inputs as available bandwidth B,, a network traffic jam signal
y, cell loss ratio P, and an output decision symbol Z, which
shows the acceptance and rejection of the new call request.
The available bandwidth can be represented by the equation
(1), and widely used in the fairly bandwidth distribution

based CAC policies.

B, = B:(Total Bandwidth) — B,(Used Bandwidth) (1)
The network traffic jam indicator y shows the level of traffic
jam currently available in the network and provides accurate
knowledge of the network system. The cell loss ratio P, is
represents the feedback based system performance, which
has the capability of modifying itself to provides secure and
powerful operation.

Each layer of NFCAC system is associated with the fuzzy
inference process. The NFCAC controller has a network

input function fn* (uf]")) and an output activation function
agk) fngk) for al nodes i to k, where ug.‘) represent apossible
set of input to node i in layer k form node j in layer(k — 1).
Thedetails of thefivelayersare given below [1], [4], [13-14].
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Layer 1. (Input Layer): In this layer 1 neurons
communicates with the crisp signals of the next layer. For
fuzzy linguistic input parameters,B,, y and P, is the
generalized representation of T, where x linguistic input
parameter and k is the current layer. In NFCAC B,, y and
P, are defined as follow

S (u)=u and afP=fng? @
Where u$?= B, ul) =y, u{)=P,, and 1<i <3 and 1<
k <5.

Layer 2. (Fuzzification Layer): Inlayer 2 nodes, fuzzifier is
used to receive crisp inputs and defining fuzzy rules. The
term used to define the available bandwidth with a set of
T(B,) ={Low (L), Medium (M), High (H)}, the term set for
network traffic load variablesisdefined as T (y) = {High (H),
Medium (M), Low (L)}, which shows the network
congestion state of the system, the system can be in any one
of the congestion state represented by high, medium and low,
high represent the congestion full networks whereas low
congestion free networks. The term set for the cell loss ratio
is define as T (P,) = {High (H), Medium (M), Low (H)},
which is one of the most important QoS requirement
parameter. For all these above terms set we have six nodein
this layer. In layer 2 each node performed a bell-shaped
activation function of a membership neurons, which specifies
the neuron’s fuzzy set. The activation function is defined as

@, @2 () —mjn)?
i (ui;”) = —T 3)
ai(z) — ofmi®
WhereuP=a™, 1<i<6,j= [%] and m{) and o)) are
define the mean (or center) and standard deviation (or width)
for every nth term of the crisp input set from node j in input
layer. If the i*" node is odd then set n=1, otherwise set n=2.

Layer 3. (Rule base Layer): In this layer, every neuron
coincides with a unique fuzzy rule. The links between fuzzy
rules neurons get input from the fuzzification neurons that
show the necessary matching conditions of fuzzy control
rule. The fuzzy set theory says that the fuzzy rule base can be
represented by a fuzzy set with dimensions T(B,)x T (y) XT
(P;) % T (x) which denotes the number of inputsinT (x).

In this layer, there are eight rule nodes. In a neuro-fuzzy
system, each rule node can be executed by the fuzzy AND
logic operation defined as follow
fn§3)(uij(3)) = min (u;;®;Vj € P)

o® = o @
Whereu;;® = a;® and P, = {j | al " preconditioned
nodes of thei™ rule}, 1 <i < 8.

Layer 4. (Output membership Layer): In layer 4, the
neurons are represented by the fuzzy sets and used as the
resultant of fuzzy based rules. All inputs of the output
membership neurons are combined with the help of fuzzy
union operations. This operation can be realized by
probabilistic OR operations. In this layer, down-up and
up-down are two operating modes.
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The down-up is utilized to decide the result matching of
fuzzy inference rules pertinent to the input. Based on the
output set (up-down) of linguistic variables, a soft admission
decision set can be defined as T(z7)= {“Reject” (R), “Weak
Reject” (WR), “Weak Accept” (WA)
“Accept”’(A)}.Therefore, NFCAC controller may have
describe the acceptance/rejection decision boundary of Call.
This layer consist of four nodes. To integrates the firing
strength of fuzzy rules, each node implement a fuzzy OR
operation. Thus, we define

fni(4)(uij(4)) = max(uij(4) V) EC
a®=f ni(4) ®)
Whereu;;® = ¢;® and ¢;= {j | al j that contains the same
resultant of the ith node in the input term set of z7},
1<i<4.

The up-down is applied during the training phase of the
system by providing the output data set to them. The nodesin
the present layer and the links in layer 5 have some common
function like as in layer 2. Each node is represented by a
bell-shaped fuzzy function defined as

P

"
i) = -

(0)52
m; )
(0)?2
O'j

(6)

a® = ofm®
Where ug.‘) :aj(s), received by the up-down operating modein

layer 5, and m}o) and aj(o) are ddefine the mean (or center)

and standard deviation (or width) for every jth term of z~,
respectively, 1 <i<4,j=1.

Layer 5. (Defuzzification Layer): This layer is the output
layer where every neuron shows the one output of the
neuro-fuzzy system.

Here the output fuzzy set is taken from two nodes, the first
node performs a down-up operation and second performs
up-down operation respectively. The first node performs
down-up operationsfor therea decision parameter z~ for the
acceptance/rejection of the cal. Each node and its lines
works like as defuzzifier. The defuzzification process is
calculated by the following function

4

5 o ]
i (uy®) = ij( o u
j=1

(5)
) = _ I
a;"” =U z 7
1 (Z;!_:lo_fo)ug_‘;) a) ( )

Wherew;; = a;® i = 1,2, isadecision threshold and

(1, ifx=>0
Ux) = {0, otherwise. (8)

The above function shows that the new call will be accepted
if z7= a,® and z~ = 1. The second node performs the
up-down at the tranning time of the system.It supplies the
desired output signal into the NFCAC controller to updates
the weigths optimally. For this type of node we defined
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A. Self-organizing map and hybrid learning algorithm

Kohonen’s self-organizing map (SOM) is a unique and
most renewed artificial neural network (ANN) method for
dimension reduction. It can be either supervised or
unsupervised. It can be either supervised or unsupervised. As
the name implies the Self-Organizing Maps is a combination
of “self-Organizing” and “Maps”. "Self-Organizing” is used
to learn by itself in unsupervised modest learning and "maps"
is used to successfully mapping the weights to given input
data. The input patternsin the SOM are represented by nodes
in order to learn the input patterns. SOM is also known as
“Featured Maps”. Here the main objective of the SOM isto
transfer an incoming linguistic input pattern of
m-dimensional values to afewer dimensional output mapped
values, in order to maintain the original topological relations
them. The output neurons of the network fight themselvesto
be activated in order to obtain resultant neuron. Only asingle
neuron per group is selected at a time. From the output
neuron only one neuron is selected (that wins the fight or
competition) is known as a winner neuron or a
winner-takes-all neuron. In [37] the author describes the use
of self — organization map (SOM) in 4G mobile network to
make the mobile network system more flexible. In order to
examine and manipulate the working model of SOM, the
author used entropy- based complexity matrix to replace the
centralized resource assignment with highly decentralized
controlled resource assignment in the 4G mobile network
[38]. One of the authors in [39] used Kohonen’s
self-organizing map to provide an efficient channel
assignment during the mobile network operations in a very
effective manner. This approach is partitioned into two
phases, in the first phase the accurate location of the user
finds out by the Manhattan-like network and in the second
phase alocations of the resources are made by SOM. This
improves the quality of services and performance of the
mobile network by applying some restrictions during the
channel assignment for the new calls and handoff calls.

In this paper for the design of NFCAC controller, we
associate FL and self-organizing map to develop a hybrid
learning algorithm. In this algorithm, a two-stage learning
method is implemented. The first phase employs the use of
self-organized |earning scheme for the construction of rules
and to identify the starting membership functions. Stage two
adopts supervised |earning method for theideal adjustment of
the membership functions to achieve desired outputs. In
addition to this, the size of each input/output variable set,
fuzzy control rules, and training data must be defined and
available for the learning process.

The process for construction of the training data set is
depicted below;

In order to prepare the training data set for new calls the
NFCAC requires afuzzy bandwidth calculator that calculates
the required bandwidth B,, the network resource calculator
that calculate the total available bandwidth B,, the fuzzy
congestion controller produce atraffic jamindicator y and the
system information statistics measure the cell loss ratio P,

fngs) (u;®) = fnl§5) (uz®)and  a® = anS) (9)  which handlesthe CAC function.
Wherei =j =1 and un(s) =2z
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The acceptance and regjection of new calls request based on
decision signal Z, which is sent by NFCAC controller, define
as following

If P,< QoS

Then

Accept the new call request and set Z=1.

Else

Reject the new call request and set Z=0.

Now for the confirmation of the acceptance decision of anew
cal, we carry on the simulation process for a fixed time
interval, without receiving any new call request in the
network. From the simulation result, we acquire numerical
data of cell lossratio P/ If P{> QoS, the new call is rejected,
then Set Z=0.

Thistraining data is stored in B,,y, Pt g Z for further use
as inputs ( B,, vy, Pt) and desired output (Z). The fuzzy
membership function and the fuzzy control rules are obtained
by the fuzzy partitioned parameters and the self — organized
training. If the first training set is applied to design theinitial
set of fuzzy control rules, then a number of feasible control
rule set can be created by minimal changes in fuzzy rules.
From all the possible set of rules, our model select one of
control rule set for training data that gives the minimum
square error E defined as follow

N
1
E =5 ) )~z ()P (10)

i=1
The above equation state that after applying the N number of
tanning data set at the time t; the desired output z(t;) and the
actua output z~(t;) are obtained.

Kohonen’s SOM feature-maps and N-nearest neighbor’s
methods are used to approximate the initial position of the
membership functions if the training set is not provided
initially [1]. If theinitia position of the NFCAC membership
functions is estimated then means m; value of the every it"
the membership function is calculated for a given set of
linguistic input tanning data x; for x asdescribed inthe given
algorithm. Here statistical grouping method of Kohonen’s
SOM feature-maps algorithm is used, described as below.
[Obtain mean (m;) value by using SOM featured map
algorithm]

Step 1: Initialize the random values of m; for all NFCAC

membership function (1 <i< M) and the vaue of

m; should be lies between as given below
N S my < D x setx = 1

Step 2: Set theinitial learningratea (0 < a < 1),

setk = 1.

Step 3: Calculate the actua distance d; (Winning Neurons)

by applying the tanning data set x;

di = |XL' —mi|,1 <i<M.

Step 4: In this step, decide k" membership function from
the available set membership function, which contain
minimum distance d,, (i.e.d, =minl1 <i < Md;)
Now update M, by

M, = M, + a(xj - mk).

Step 5: Check if k < N, thenset k = k + 1 and GOTO

Step 3 Otherwise, Decrease ¢ and GOTO Step 2.

Step 6: Repeat step from 1 to 5 until o < 0.

In step 4, awinner-take-all circuit determineswhich one d;
is minimum to get m; for al input/ output parameters [33].
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Now after the successful completion of the SOM training
phase, the NFCAC controller goes into the supervised
learning phase. For  supervise learning  error
back-propagation (EBP) method of NN is used to reduce the
error E for training data set. Further, from the output node, a

feedback path is applied to calculate aE/aw for al hidden

layer nodes used in layer 4 and layer 2. The common learning
rule applied for the weight adjustment w in the hidden nodes
are asfollow

whew — Wold + ns_‘i (11)

Heren is the learning rate and the variation of n values are
employed in Layer 2 and layer 4 to deliver quality learning
ratefor input and output variables set. Thevalue of n will be
zero when there is no need to update the membership

function for a particular input variables.

V. SIMULATION RESULTSAND DISCUSSION

A very high-speed wireless multimedia network (like
LTE/4AG) is chosen for the simulation of NFCAC model. In
thisinput traffic is defined into two classes: class-1-real-time
(Voice), providesthe servicesfor both new and handoff voice
call while class-2-nonreal-time (Data), provides the services
of data calls. Based on the prior information about CAC
schemes, initialy, the rule formation and input variables of
the NFCAC controller are set and modified via the NN
learning algorithm. The fuzzy membership function of a
given set of input variables for class-1 and class-2 traffic are
shown in Fig. 5(a) and Fig. 5(b), respectively. According to
equation (1), the bandwidth used by the new cals and
existing cals is subtracted from the total available
bandwidth. So as to keep maintain the service quality for the
user anywhere and anytime, the NFCAC controller manages
the bandwidth according to traffic types of the networks. If a
network system has a total bandwidth B;, then B,, bandwidth
isreserved for class-1 and the remaining ( B.-B,,) bandwidth
are reserved for class-2. In order to the proper utilization of
network (bandwidth), our system use the channel borrowing
scheme to assign more bandwidth to the required class of
traffic. So that the mean value of the initial membership
function of the available bandwidth B, is set (i.e. m') is set
for Low (L), mg'; is set for Medium (M) and m§’3) is set for
High (H). Further, during the simulation of the NFCAC
model the performance of the network traffic jam indicator
y could be examined by the three states of the wireless
network, congestion full (H), partially congestion (M) and
congestion free (L). Thus the obtained information can be

used to optimized the initial membership function of y. The
mean value m},? is set for the congestion full (H), partially
congestion (M) and congestion free (L) states of the wireless
networks (i.e. m'? for (H), m{) for (M) and m{ for (L)).
On the bases of predefined QoS parameters the primary
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membership function of the cell loss ratio P, is set and
obtain the mean value of the membership function, (i.e. the

mean value mé’f is set when the QoS requirements are not

satisfied (H), mglz) is set when the QoS requirements are
partially satisfied (M), and m. is set when the QoS
requirements are satisfied (L), the user requirements). Now
based on the fuzzy membership function the initial value of

the output term set T(z ™) for the mean value m}o) isset. The

value of m]@ is set between the range of 0 and 1. When the

first phase of simulation is completed an optimal set of fuzzy
rule structure are obtained (as shown in Table 1), then the
NFCAC model goes into supervise learning phase. Here all
the obtained membership functions are modified optimally in
order to maintain the relationship between the previous and
modified membership functions.

The obtained membership function of the input linguistic
variables for class-1 (voice) and class-2 (Data) traffic is
represented in fig. 4 (8) and 4 (b). In supervise learning
phase there is a need the optimization of the initial fuzzy
membership function of B, and z~, aswere heuristically set.
For class-1 type traffic the fig. 4(a) shown the membership
functions, which is defined as follow. For the membership

function of B,, the mean value mi’l) m§’2) and mi’s.) of the
membership function, L, M and H are assigned. As we obtain
the membership function of y, then a drastic change have
been made in the membership function of B,, which reduce
the training time in supervise learning phase. Here a set of
three values of n{p, =0,y = 0.001, B,,z~ = 0.01} is
define for the variablesp,, y, B, and z~ respectively. The
membership function of p, will be remain unchanged
because the value of 1 is zero for p,. Now we will examine
the membership functions of the output variable z~, the mean

values m'? and m{? of the membership function R and
WA are dlightly increases, from 0 to 0.05 and from 0.60 to
0.67, respectively. The mean valuesof R and WA showsthat
the effects of the rejection and weakly acceptance are slightly
increased. The output variable z~ is the set of four terms, if
we apply some changes in the location of any one terms of
z~, then it will take more attentions from others three
unchanged variables. This change will compressed the
functionality of the remaining three variables, so the change
of the location can only be made in a small range. After this
change in the membership function of z=, the NFCAC
controller is more capabl e to accept new and handoff calls by
recovering some unused bandwidth in the system in order to
maintain the QoS parameters. The similar phenomenon can
be applied to obtain the results for class-2 traffic in Fig. 4(b).

Table 1: FIS generated IF-THEN fuzzy rules

Explanation of IF-THEN rules
IF THEN
Rule B, y P, z~
No.
1 L H H R
2 L H M R
3 L H L WR
4 L M H R
5 L M M
6 L M L WA
7 L L H WA
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15 ,

(b)
Fig.4 M ember ship function of B,,y, P, and z for (a)
Class-1(Voice) and (b) Class-2 (Data)

The simulation results of NFCAC model is compared with
efficient resource allocation based CAC (ERCAC) schemes
asgivenin[39], the FL based CAC (FLCAC) policy givenin
[18-19], the neura network based CAC (NNCAC) as
developed in [25-26] and the radia basis function-based
CAC (RBFCAC) scheme in terms of cell loss ratio (CLR),
channel utilization, call dropping probability (CDP) and call
blocking probability (CBP) under the constraint of QoS
guarantee.
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Fig. 5. (a). Cell lossratio for class-1 (Voice) traffic
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Fig. 5 (b). Cell lossratio for class-2 (Data) traffic.
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Fig. 6. System resour ce utilization.

The cell loss ratios (CLR) of a mobile traffic controller
implemented in the proposed (NFCAC) model and other call
admission control schemes like ERCAC, FLCAC, NNCAC,
RBFCAC are shown in Fig. 5. It has been seen that it
maintain the guaranteed QoS level for both types of traffic
services. Fig. 6 shows the utilization of the system resource
by the NFCAC and the other four CAC policies. It is
observed that the percentage of system utilization of the
proposed NFCAC is greater than the NNCAC, RBFCAC and
much higher than FLCAC and ERCAC. The system
utilization percentage of NFCAC, NNCAC and RBFCAC are
94%, 91%, and 89% respectively, and the NFCAC provide
36% to 15% higher system utilization than the previously
existing schemes EBCAC and FLCAC. This is because of
NFCAC model has self-training ability of the neural network
and rule structured ability of fuzzy logic.
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Fig. 7. Call blocking (%) for (a) class-1 (Voice) traffic and

(b) class-2 (Data) traffic.

Fig. 7 (&) and (b), shows the performance of NFCAC in
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V. CONCLUSION

This paper proposed a neuro-fuzzy call admission control
(NFCAC) model for high-speed mobile multimedia
networks. The main objective of thisintegrated neural fuzzy
based CAC scheme is to maintain quality of service with
proper resource allocation, in order to minimize the CDP and
CBP in mobile multimedia networks. The proposed neural
fuzzy CAC scheme is a hybrid approach that merges the
semantic control abilities of FL controller and self-training
capabilities of a NN to construct an efficient computational
model for traffic control and fair channel allocation for new
cals and handoff cals. The proposed NFCAC model,
implemented in the two-phase learning method. The
self-organized learning scheme is used in the first phase for
the construction of fuzzy rules and membership functions,
while the second phase adopts supervised learning scheme
for theideal adjustment of the membership functionsto attain
desired outputs in terms of acceptance and rejection of calls,
which maintains the QoS requirements at different traffic
load. According to the simulation results, the system

terms of call blocking probabilities under different traffic
load for both types of mobile network services (real-time and
non-real time). According to the simulation result, the
blocking probabilities in both service class are lesser than the
compared CAC policies. NFCAC scheme can accept a new
call only when the admission criteria match with FIS rules.

utilization percentage of NFCAC, NNCAC and RBFCAC are
94%, 91%, and 89% respectively, and the NFCAC provide
36% to 15% higher system resource utilization than the
previously existing schemes EBCAC and FLCAC. The
dropping probability percentage of NFCAC is lesser than

According to Fig. 8 (a) and (b), the dropping probability

about to 20%, 33%, and 39% from RBFCAC, NNCAC and
FLCAC respectively.

obtained in both types of mobile traffic by NFCAC model is
lesser than NNCAC, RBFCAC, FLCAC and ERCAC
schemes. After the simulation, it has been observed that the
dropping probability percentage of NFCAC is lesser than
about to 20%, 33%, and 39% from RBFCAC, NNCAC and
FLCAC respectively.
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