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ARTIFICIAL INTELLIGENCE MODELLING OF STOCHASTIC
PROCESSES IN DIGITAL COMMUNICATION NETWORKS
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The paper presents results from a number of investigations into the problems of implementation of Intelligent methods
in prediction and simulation of the ATM traffic, based on time series and state models. The prognoses based on neuro-fuzzy

model and Learning Vector Quantization (LVQ) is suggested. The implementation for the for stochastic and long range
dependence source models is shown.
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1 INTRODUCTION

A promising method in integration of technologies and
services in digital communication networks is the sim-
ulation modeling of sources, traffic and their manage-
ment. The simulation modelling is an abstraction of real
interaction between sources, which leads to simplifica-
tion and limited performance of behavior of elements in
real communication network with help of stochastic pro-
cesses. The traffic, generated on a various application is
based on study of behavior of certain classes of probabil-
ity processes like time series analysis, long range depen-
dence stochastic processes, chaotic time series, discrete-
time Markov state models, queuing theory [1,8].

The major issue at the data transfer from a various
sources (voice, audio, video and other) in packed-switched
telecommunication networks is the prediction of the Qual-
ity of Service (QoS), which include evaluation of the maxi-
mum cell transfer delay, peak-to-peak cell delay variation,
and consecutive cell loss ratio, overflow probability [2].

A new trend in investigation of the quality of service
in height speed digital communication networks is the
involving of simulation models based on artificial intel-
ligence methods. These models give a possibility to use
adaptive and self-learning properties of neural networks
with possibilities of building modeling algorithms using
fuzzy logic rules. In this way the computation complexity
(especially on cell level), the big capacity of the networks,
and the influence of accidentally input can be analyzed
and estimated with the help of iteration prognoses of the
values of time series distribution [3].

In this paper is shown several implementations of neu-
ral networks and hybrid intelligent systems for analyses
and estimation of non-stationary stochastic probabilistic
processes in digital communication networks.

2 PROBABILITY DENSITY FUNCTION WITH

LEARNING VECTOR QUANTIZATION

At the most of stochastic models is used the prob-
ability density function of time series. With the help of
probability density function can be made prognoses of the
arrival traffic flow, the overflow and cell loss in queuing
networks, MPEG video traffic modelling etc. [5]. For this
purpose the main parameter of the stochastic process are
determined as input values of a self learning neural net-
work with the help of which is made vector quantization.
This quantization is known as Learning Vector Quantiza-
tion (LVQ) and is used for 1 or 2 dimensional input time
series. A basic problem at LVQ is how to learn the neural
network in such a manner to provide an effective analy-
ses and estimation of received results and to reduce the
prediction errors of stochastic traffic processes. At vector
quantization the target classes are determined in advance
and according to them is making the learning of neural
network.

The input information can be treated as a fluid flow,
which is given in two layered neural networks with first
competitive and a second linear layer. The principal of
vector quantization with 2 input time series

{λ1} , {λ2}

is shown in Fig. 1. The input flow values represent n× 2
space (1), which consists of 2 size moving register B1 and
B2 .

I (n × 2) = ({λ1} , {λ2}) = Ik = (i1, i2, ..., in) (1)

In competitive layer is module of vector quantization

VQ, where the input random variables X
(1)
1 , . . . , X

(1)
n ,

X
(2)
1 , . . . , X

(2)
n are distributed into M classes (S1, .., SM ) .
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Fig. 1. Structure of 2D-LVQ models

As a criteria is used the longitude di , where i = 1, ...,M
is the index of the target class. The cell, which has the
less value, is a ”winner” and her output value is equal to
1. At the output of the rest cells we have as a result 0.
For the k -th cell of the input space, the weight matrix
WM creates the weight coefficients wi,k with the help of
which is calculated the distance di as is shown in (2).

di = ‖wi,k − Ik‖ =

=
√

(w1i,k − i1,k)2 + ... + (wni,k − in,k)2 (2)

Thus we can present the probability function for the input
space according to (3).

F (x
(1)
1 , ..., x(1)

n , x
(2)
1 , ...x(2)

n ) = P{X
(1)
1 ≤ x

(1)
1 , ..., X(1)

n

≤ x(1)
n , X

(2)
1 ≤ x

(2)
1 , ..., X(2)

n ≤ x(2)
n } (3)

At the linear layer is made adjusting of the boundaries
of target classes in module CB (classes boundaries). In
module density function FD is determining the approx-
imated probability density function of the input vector
space (4).

f(x
(1)
1 , ..., x(1)

n , x
(2)
1 , ..., x(2)

n ) =

∂n×2F
(

x
(1)
1 , ..., x

(1)
n , x

(2)
1 , ..., x

(2)
n

)

∂x
(1)
1 , ..., x

(1)
n , x

(2)
1 , ..., x

(2)
n

(4)

2.1 Adjusting of Target Classes

The proper definition of target classes is basic for the
approximation of probability density function. The task
is to determine M target classes, which boundaries are
unknown in advance. The training algorithm is divided
into two phases. During the first is determined classes
with equally width and the number of target values for
each class [7]. As is shown in Fig 2 left, at the most of
cases this isn’t lead to the optimal description of proba-
bility density function. That’s why on the second phase is
made adjusting of the boundaries of target classes. As a
criteria for adjusting is taken the same number of target
values in the neighbor classes i− 1, i , i + 1, as is shown
in Fig. 2 - right. Automatically are moved the widths wi

and the longitudes di , of the neighbor classes in such a
manner, that the face of their product is always the same
(5).

fi = di wi i ∈ {1 . . . M} (5)

w

f
d

equal classes width adjusted classes width

d

f
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w w w w w w w
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Fig. 2. Adjusting of classes boundaries

When on the input of neural model is given two in-
put vectors, they are dividing into M target classes with
equally width. For determination their probability den-
sity, first is determining the width of classes on horizontal
axis and afterwards is determining the width of classes on
vertical axis in such a manner to receive rectangle zones,
which describe the boundaries of classes.

2.2 QoS Estimation of Queuing Networks

The queuing theory studies systems in which cus-
tomers randomly arrive at a service station in order to
be served, since there may be other customers ahead of
them, they may need wait in a buffer or queue. Queuing
models are characterized by the probability distribution
of the flows: the time between arrivals, the time needed to
serve a customer, size of the buffer space, queuing policy,
etc. Their QoS estimation calculates transient overflow
and cell losses probabilities. Here we will show that the
standard description of these probabilities with the help
of discrete-time Markov chain theory can be replaced with
vector quantization method. Here are presented examples
for tandem Jackson networks without and with feedback,
in which the buffer contents n1 and n2 are presented as
two-dimensional space.
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Fig. 3. 2D input vector with symmetric adjusting
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Fig. 4. 2D input vector with asymmetric adjusting

In Fig. 3 is shown a technique for symmetric adjusting
of the boundaries. The 2D input flow (2x80) is created
from arrivals and services of the queues n1 and n2 . With
the help of MATLAB the input time series were trained
into 9 classes with equally widths, which corresponds to
the number of states in discrete-time Markov model. For
each class was received irregular number of target val-
ues. On the second step received probability density was
adapted for the three widths of the input vectors via sym-
metric moving of boundaries in vertical and horizontal
direction (w1 = v1, w2 = v2, w3 = v3) . As a result was
received the same number of target values in each class.
This technique gives good results for small number of tar-
get classes.

For determining of probability density function of
Jackson network with feedback were used 12 target
classes, which corresponds to the four states of 2D Markov
chain model. The two input time series (2x100) describe
the arrivals and services of the queues n1 and n2 . The
probability density function F (n1, n2) for each state is
presented as a separate class, which widths in horizon-
tal and vertical direction were adjusted asymmetrically
(Fig.4). The width of the classes in horizontal direction
is constant, for example: for classes 1, 5 and 9 the width
is wj = 0.313. The width of the classes in vertical di-
rection is completely different, for example: for class 5

- wj = 0.06; for class 6 - wj = 0.286; for class 7 -
wj = 0.065; for class 8 - wj = 0.29. In this way the sim-
ulation technique gives possibility for a good distribution
of target values in each class, even for a large number of
values in time series.

3 MODELING OF TIME SERIES

WITH LONG RANGE DEPENDENCE

LVQ networks can be used successful for modeling of
LRD time series [6]. A typical example about this, are
video traffic models, based on MPEG statistical analysis
of the registrated empirical frame size trace. Traffic anal-
yses and simulation are realized with the help of GOP size
sequence and GOP-by-GOP correlation, which represents
the periodical structure of MPEG video traffic with three
frame types (I, P and B-). As basic models are used his-
togram, simple Markov chain and scene oriented models.
The values of the sequence of frame GOP patterns was
presented as time series {xt} ,(t ∈ 1, 2, . . . , n).

The histogram model is a simple application of the
modeling in which is not taking into account the corre-
lation structure of video data, because this model can’t
model the GOP-by-GOP correlation. For the histogram
model was defined the number of targets M , which is
the same as the histogram intervals and has size yi = Sj

and width ∆Sj for the intervals of each target class
j ∈ (1, 2, . . . ,M )

Sj =

k
∑

1
xt

k
, ∆Sj =

(max xt − min xt)

M
(6)

At simple Markov chain model the time series {xt} was
transformed into discrete states {yt} according to (7),
where the number of states M , is the same as the number
of target classes, and the size of the model yi = Sj for
each state were determined as follows

Sj =

k
∑

1
xt · yt

k
∑

1
yt

, with yt =
xt − min xt

max xt − min xt

M (7)

here yt = 1 for min xt . The scene-oriented model is a
first-order Markov chain model with a redefined set of
states. The intention of this redefinition is to facilitate
the modeling of scene changes and to achieve an improve-
ment of the auto-correlation modeling properties of the
Markov chain with a moderate increase in the number of
states. For separated scenes, yi is defined according to
(7). In this way is reflected the variation between discrete
states of time series {xt} for each scene. To determine
of each scene the following variation-based algorithm is
suggested:

1. Determining the scene boundaries based on the coeffi-
cient of variation for a sequence of consecutive values.
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Fig. 5. Original trace, histogram-, simple Markov chain- and scene-
oriented models

We add values to current scene until its weighted co-
efficient of variation is changing more than a preset
value. The last added value is defined as the begin-
ning of a new scene. If nA denote the current number
of them value and nsc denote the current scene num-
ber we set nA = 1 and nsc = 1.The current left scene
boundary bleftn(sc) = 1.

2. Increment nA by 1. Compute the coefficient of varia-
tion cvnew of

{

xbleft(nSC), . . . , xnA

}

.

3. Increment nA by 1. Set cvold = cvnew .

4. If |cvnew − cvold||(nsc − bleft + 1) > ε , where ε is
a threshold value, then set the right scene boundary
bright(ncs) = nA − 1, and the left scene boundary of
the new scene bleft(nsc + 1) = nA . Increment nsc by
1 and go to step (2).

The accuracy of scene-oriented model depends on the
proper determining of the threshold values between sepa-
rated scenes. The accuracy of received results shows that
it is impossible to work with the same threshold value ε

for different scenes.

In Fig 5 are shown models for generating of time series
of 600 GOP size, where for comparison, were used equal
number of histogram intervals and Markov chain states
M = 10. It is necessary to say that the histogram model
don’t give the dynamic structure of GOP patterns, be-
cause the target value for each class is time independent.
It would be better to describe the dynamic video traffic
with scene-oriented model, which reflect GOP-by-GOP
correlation of the model with simple Markov chain. The
correlation between studied GOP patterns gives possibil-
ity to determine four scene and ten classes of the models.

Suggested method gives a possibility for automatic mod-
eling of GOP size video traffic, when the neural network
is trained with enough number of epochs.

4 NEURO–FUZZY PREDICTION

OF CHAOTIC TIME SERIES

An approach for chaotic time series prediction is sug-
gested, which is a combination of the two most popular
intelligent methods: adaptive learning of perceptrons and
fuzzy logic rules for modeling [4]. The algorithm of neuro-
fuzzy prediction consists of the following basic steps:

• Creating of D-dimensional input vector for Adaptive
Network based Fuzzy Inference System (ANFIS);

• Training of Fuzzy Inference System (FIS) membership
functions;

• Determining of ANFIS Prediction Errors;

• Receiving of prognoses time series.

The task is on the base of known past values t of a
time series x(t) to determine the next t+P future values,
where P is ever less than t . The prediction is based on
created of ANFIS for D time series samples, where the
next sample is after ∆ units in time (8) to a predicted
future value x(t + P ) .

L(t) = x [t − (D − 1) ∆] , . . . , x(t − ∆), x(t)

⇒ L′(t) = x(t + P ) (8)

As an example was made prognoses of video traffic for
D = 4, ∆ = P = 5. For this prognoses were created
4-dimensional FIS input vector (9).

L(t) = [x(t − 15)x(t − 10)x(t − 5)x(t)]

⇒ L′(t) = x(t + 5) (9)

The Neuro-fuzzy model gives the parameters of a FIS
membership functions, which are adjusted according to
the error back propagation algorithm combined with least
squared method. The input time series consists of 800 val-
ues, which are divided into two parts: the first 400 - for
training and the rest for checking and comparison of the
model. The objective function and constraint conditions
are described with two generalized bell membership func-
tions, which were constructed on the base of 4 inputs and
16 fuzzy rules and 104 fitting parameters, presented in
Fig. 6

The prediction error depends very much of the num-
ber of training epochs. When the training was made with
10 epochs, the ANFIS prediction error is significant, as is
shown in Fig. 7. For better performance was applied ex-
tensive training. For criteria of satisfactory results, was
used root mean squared error. During the process of in-
vestigation of error curve was received minimal RMSE
after about 600 training epochs

When the number of FIS parameters is small enough
compared with the input time series, the predicted traffic
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is very closed to the original (Fig. 8). The trained in this
way ANFIS can be used successfully for prognoses of the
time series with 5 to 10 time less size of input data sets,
compared with the size of data sets used for data learning.

5 CONSLUSIONS

Intelligent methods for prognoses and analysis of dif-
ferent types time series were developed. They can be used
for simulation of digital communication networks for:

• Discretetime Markov state models;

• LRD stochastic processes;

• Chaotic processes.

Concrete application of suggested methods with adap-
tive neuro-fuzzy inference systems (ANFIS) and neural
network systems with learning vector quantization (LVQ)
are presented.
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