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Abstract

This paper proposes a new framework for signal
prediction realized at linguistic level. It uses Fuzzy
Cognitive Maps approach and a genetic algorithm
based learning method. Fuzzy Cognitive Maps are very
convenient and powerful technique of modeling and
analysis of dynamic systems. Recently introduced
learning method that uses real-coded genetic
algorithm approach opened new possibilities of their
applications, which are explored in this paper. The
developed method learns model of a given continuous
signal and predicts its future values as a set of
linguistic terms. The theoretical design of the proposed
method is supported by comprehensive experiments,
carried out for synthetic and real-word data. The
results demonstrate high quality of the developed
method,

1. Introduction

Given the complexity and omnipresence of signal
processing (occurring in numerous problems of
filtering, prediction, control) we are faced with
continuous challenges of building more advanced
algorithms that are in rapport with the reality.
Prediction problems call for new approaches capable
of addressing aspects of nonlinearity and
nonstationarity that comes inherently associated with
the phenomena under consideration. [9]. Many
different approaches to signal representation exist.
Mainly, they come from linear system theory [7],
stochastic process theory [14] and are usually typical
for the black-box methodology [6], and dynamical
system analysis [8].

In this paper, we are focused on qualitative
modeling, analysis and prediction. This means, that we
describe given signal in qualitative terms, i.e. linguistic

description, instead of quantitative ones, i.e. numerical.
We combine fuzzy modeling, fuzzy cognitive maps
and a recently introduced genetic learning algorithm in
order to build a system that is able to model and
predict signals on linguistic level. Reference [15] is a
valuable introduction to fuzzy system modeling, which
introduces an idea of distributed fuzzy modeling,
whereas Sections 1.1 and 1.2 of this paper describe
briefly fuzzy cognitive maps and explain the idea of its
genetic learning using RCGA algorithm.

1.1. Fuzzy Cognitive Maps: Introductory
Remarks

Fuzzy cognitive maps (FCMs) are simple, yet
powerful tool for modeling and simulation of dynamic
systems. They were originally introduced by Kosko
[11] as an extension of cognitive maps [2].

The main advantage of FCMs lies in their
straightforward graph representation, which consists of
nodes connected by edges. Nodes correspond to
concepts or variables within given domain of
application, whereas directed edges reflect mutual
relationship between concepts. Each edge is associated
with a weight value from the range [-1,1] that
expresses both the type and strength of given
relationship. Negative value indicates prohibitory
effect that source concept exerts on the destination
one, Positive value indicates a promoting effect. The
zero value denotes no causal relationship between two
concepts. The absolute value of the weight
corresponds to different fuzzy levels of relationships’
strength. The graph representation can be equivalently
denoted by a square matrix, called connection matrix.
It accumulates all weight values for edges between
corresponding concepts. Figure 1 shows an example of
FCM model that concerns public city health issues
[12].
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Figure 1. Sample FCM model and its
connection matrix

During simulation, FCM iteratively calculates its
state that is represented by a state vector, which
consists of all nodes values at given iteration. Value of
each node is determined based on values of nodes that
exert influence on the given node, i.e. nodes that are
connected to this node. These values are multiplied by
corresponding weight values and the sum of these
products is taken as the input to a transformation
function. The purpose of using this function is to
normalize the node value, usually to the range [0,1].
As a result, each node can be defined as active (value
of 1), inactive (value of 0), or active to a certain degree
(value between 0 and 1). The non-linear transformation
function makes possible to comparisons between nodes
at the expense of quantitative analysis. Three popular
transformation functions are bivalent, trivalent, and
logistic. Depending on such transformation, several
patterns of dynamic behavior are possible [10].

Despite of their simplicity, FCM models have been
successfully applied to many different research and
industrial areas. Examples of such specific applications
include medical diagnosis [22], analysis of electrical
circuits [21], analysis of failure modes effects [16],
fault management in distributed network environment
[13], modeling of software development project [17]
[20], and many others.

1.2. Genetic Learning of FCM with RCGA
Algorithm

The advantage of simplicity of development FCM
models has a downside of subjectivity of the model
and problems with unbiased assessment of its
accuracy, since this process in most cases is based on
expert(s) beliefs [1]. Given the set of nodes, the main
difficulty is to accurately establish the weights. This
issue can be solved by learning methods that allow for
establishing FCM model from raw (historical) data.
The novel approach to tackle this problem using real-
coded genetic algorithm (RCGA) has been introduced
recently [19] [18]. In this paper, the FCM models are
used as a part of linguistic signal prediction system.
The FCM models are automatically generated from a
set of fuzzy signals.

Figure 2 shows the high-level diagram of RCGA
learning method.
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Figure 2. High-level diagram of the RCGA
learning method

This is fully automated method that does not
involve any human interference. Based on historical
data given as a time series, called input data, it
establishes the FCM model, candidate FCM, which is
able to mimic the data. The core of this method is real-
coded genetic algorithm, which is an extension to
genetic algorithm [4] [5]. The fundamental difference
concerns chromosome representation. In this case, each
chromosome consists of floating point numbers that
correspond to the problem variables. Accordingly, the
genetic operators are redefined. This approach is
suitable when tackling optimization problems of
parameters with variables in continuous domains.

The RCGA approach uses the input data to find the
variables. In this paper, the input data are set of fuzzy
representations of given signal and have form of time
series. The learning objective is to find the FCM model
that produces the same state vector sequence (input
data). The idea behind it is to have model that
generalizes the input data, and is able to make signal
prediction.

The chromosome representation is based on the
FCM feature that any model can be fully described by
its connection matrix, i.e. by N*N variables, where N
refers to the number of concepts. In consequence,
chromosome  has the  following  structure

E= [611,612,613 ..... E]_N ,621,622,623 ..... e2N ..... ENN]T ’ Where eij
determines the value of an edge weight from i" to j"
concept node. The role of fitness function is to assess



the quality of the model represented by its connection
matrix. It takes advantage of a specific aspect of FCM
theory, i.e. that the current state of FCM model C(t+1)
depends only on the system state in the immediately
preceding iteration C(t). Assuming that the input data
length is K, this feature allows for rearranging the
given learning data set into the form of K-1 different
pairs by grouping each two adjacent state vectors
C(t) > C(t+1) Vt=0,.,K-1

In each pair, C(t) is called initial vector, and C(t+1)
is called system response. The fitness function is based
on error between system response from input data set
and from candidate FCM for all {initial vector, system
response} pairs, which is calculated as follows:

= o,
Error = KON Z Z‘Cn ) -C, (t)

t=1 n=1
where  C(t) =[C,(t),C,(t),...C,(t)] IS a given system
response for C(t-1) initial vector,

&) =[6.1).6,)....C,(1)] is  system
candidate FCM for C(t -1) initial vector.
Fitness function is defined as:

response  of

Other RCGA parameters, which are based on [18],
include: ~ recombination  method  (single-point
crossover), mutation method (randomly chosen from
random mutation, non-uniform mutation, and
Muhlenbein’s mutation), selection method (randomly
chosen from roulette wheel and tournament),
probability of recombination equal to 0.9, probability
of mutation equal to 0.5, population_size equal to 100
chromosomes, max_generation size equal to 10000,
and max_fitness value equal to 0.999.

2. Framework of Proposed Prediction
Method

The proposed method’s goal is linguistic prediction
of signal, in terms of its amplitude and change. It uses
fuzzy sets theory to convert the input signal into
linguistic description. After fuzzification, given signal
expressed in fuzzy terms is used to learn FCM model,
which can be used for prediction. High-level diagram
of the proposed approach is shown in Figure 3. The
connectors (arrows) illustrate the typical routine that

h(Error) = 1 leads to establish FCM model. The test phase, i.e.
10000 - Error +1 prediction, is marked by dashed line.
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Figure 3. High-level diagram of the proposed prediction method

Proposed system architecture includes five main
elements.

The role of pre-processing module is twofold. First, it
accepts a raw signal, called amplitude, and determines
its changes; we will be referring to such signal as a,
change. In other words, this signal describes the input
signal changes in time. Second, the role of this module
is to normalize both signals. The normalization is done

linearly and it brings the original signals to the unit
interval. In case of change signal, this procedure is
slightly different. Based on minimum and maximum
value of input signal, the maximum change value is
determined. The change signal is linearly scaled with
respect to this maximum value, i.e. the set of all
change signal value is a subset of [0,1]. This procedure
allows avoiding artificial enlargements of small signal



changes, which may happen when all changes for a
given signal are small.

Fuzzification module represents both signals, i.e.
amplitude and change, in terms of fuzzy sets. Based on
given linguistic descriptors that are fuzzy sets defined
by their membership functions, this module calculates
membership values for each point of the two signals.
As a result, the two input time series are transformed
into N;+N, time series, in which N; corresponds to
number of linguistic descriptors of amplitude signal,
and N, to change signal, respectively.

Data divider module (optional) separates data that are
used for learning FCM, i.e. training data, from those
that are used for testing model accuracy, i.e. test data
according to given parameters.

RCGA module applies the real-coded genetic
algorithm learning method in order to establish
candidate FCM model from given dataset that mimic
these data, see Section 1.2 for details. Set of nodes
correspond to all possible combinations of signals
linguistic descriptions, e.g. Node 1 — amplitude Small
and change High.

Prediction module simulates the candidate FCM
model and chooses predicted linguistic description of
signal in terms of amplitude and change based on
fuzzy operations. By changing maximum number of
iterations in simulation FCM one obtains prediction of
different length, i.e. different number of steps ahead.

3. Experimental Setup

The goal of the experiments is to assess quality of
the proposed signal prediction system. The tests are
carried out with this method and are divided into two
groups: tests performed with synthetic, and with real-
life data. The former group uses synthetic input data,
which are generated from given type of function with
random parameters. The latter one uses real-life input
data, i.e. time series that come from a real system.
Each input data set is divided into training and test set.
The first one is exploited to learn FCM model that is
able to generalize the data. Subsequently, this model is
used to prediction.

All experiments are performed with three linguistic
descriptors, i.e. Small, Medium, and High, for both
amplitude and change signals in fuzzification module.
All descriptors are defined as fuzzy sets with triangular

membership functions that overlap at the value of 0.5,
see Figure 4.
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Figure 4. Membership functions of the
linguistic terms

Consequently, the number of nodes of candidate
FCM model is equal to 9, which corresponds to a
number of all possible linguistic combinations of both
amplitude and change signals descriptions at given
point. Each node represents one linguistic description
combination.

Prediction module carries out prediction uses
simple max operator, i.e. it chooses the highest value
among all nodes and predicts the linguistic description
that is associated with this node.

Since the quality of learning FCM models with
RCGA approach was reported to be dependent on
input data length [19], experiments with varying length
of training data are performed. For each type of input
signal 10 independent experiments, each using
different input signal of the same type, are performed
and the average values and standard deviations are
reported.

3.1. Setup for Experiments with Synthetic
Data

Two sets of input data are generated. The first one is
based on hyperbolic function, whereas the second one
uses sinus function.

The input data for the hyperbolic function is generated

based on the following formula h, () = 1, where
ax+b

values for two variables a and b are chosen randomly

as a floating point value from [0,10] interval.

Similarly, the sinus function is generated by



h, (x) = asin(bx + c) , Where the three variables a, b and

c are random floating point values from [0,10] range

Thus, in each case two sets consisting of 10 time
series are generated. Considering the length of data
used for experiments with real-life data, see Section
3.2, the length of each time series were set to 36.
Sample input signals to the system in both cases are
shown in Figure 5.

3.2. Setup for Experiments with Real-life Data

The data set of IBM common stock closing prices:
daily, May 17, 1961 — November 2, 1962 [3] is used
for this part of experiments. This set consists of 369
observations, see Figure 6. After removing last 9
observations, the data set was divided evenly into ten
subsets. Each of them is wused separately for
experiments.

4. Analysis of experimental results

Figure 7 presents sample plots of signals obtained in
different stages of prediction process. A signal
generated from sinus type function was taken as
example. Figure 7a shows the input signal, whereas
Figure 7b depicts processed signal. Figures 7c and 7d
plot fuzzy signals from original input and from
simulation of candidate FCM, respectively. The
abbreviations located on plots legend are as follows.
Letter a refers to amplitude signal, letter b to change

signal, whereas letters S, M, and H correspond to
different linguistic signal descriptors, i.e. Small,
Medium, and High, respectively. For example, notation
aM&cH means that amplitude signal is medium, and
the change signal is high.

The results from Figure 7 show that candidate FCM
is able to mimic the given fuzzy signal. Even though a
certain level of inaccuracy is observable, trends and
dependency between signals are preserved. Moreover,
one has to take into account that the FCM model in this
case should mimic the “behavior” of fuzzy signal
rather than match its individual values. This avoids
overfitting the training data, which could have negative
impact on prediction accuracy.

The overall results obtained from all experiments
are shown in

Table 1. The three sections of the table correspond
to different types of input signal, i.e. hyperbolic, sinus,
and IBM stock closing prices. Each section has four
rows that stores results for varying training data length,
i.e. 5,10, 15 and 20. Columns correspond to number of
predicted steps. Each cell includes two values. The
first value is the average accuracy of prediction,
whereas the second value in smaller font is the
corresponding standard deviation. Figure 8 shows
relationships between prediction accuracy and the
number of prediction steps for each dataset and each
length of input data.

Hyperbolic input data for a=3.81, and b=9.27

Sinus input data for a=6.16, b=4.02, and ¢=2.50

Original input data set: IBM common stock closing prices

ol A ' | | o0
oo \/ \/ \/ \/ 500 %
15 400
Z o006 =3 =
= = = 300

13 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35

13 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35

1 21 41 61 81 101 121 141 161 181 201 221 241 261 281 301 321 341 361

Figure 5. Sample input signal

Figure 6. IBM stock prices
data
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Figure 7. Sample simulation result

Table 1. Experimental results

Training data Number of prediction steps
length 1 2 3 4 5 6 7 8 9 10
o 5) 80.00+40.00 | 85.00+22.91 | 86.67+22.09 | 87.50+23.04 | 86.00+23.75 | 86.67+24.47 | 85.71+25.55 | 86.25+25.88 | 85.56+26.78 | 86.00+26.91
_g 10 100.00:+0.00 | 100.00+0.00 | 100.00+0.00 | 100.00+0.00 | 100.00+0.00 | 100.00=0.00 | 100.00+0.00 | 100.00+0.00 | 100.00=0.00 | 100.00+0.00
aé 15 100.00:0.00 | 100.00+0.00 | 100.000.00 | 100.000.00 | 100.00=0.00 | 100.00=0.00 | 100.00+0.00 | 100.00+0.00 | 100.00=0.00 | 100.00+0.00
e
20 100.00=0.00 | 100.00+0.00 | 100.00+0.00 | 100.00+0.00 | 100.00=0.00 | 100.00=0.00 | 100.00=0.00 | 100.00=0.00 | 100.00=0.00 | 100.00=0.00
5) 60.00+48.99 | 45.00+41.53 | 33.33£33.33 | 30.00+33.17 | 26.00+25.38 | 25.00+20.05 | 22.86+18.28 | 20.00+16.00 | 17.78+14.21 | 19.00+13.75
a 10 50.00+50.00 | 55.00+41.53 | 46.67+37.11 | 37.50+32.11 | 34.00+31.05 | 30.00229.61 | 27.14+24.27 | 25.0020.15 | 22.22+17.89 | 23.00217.35
% 15 80.00+40.00 | 80.00+33.17 | 70.00+31.43 | 60.00+32.02 | 54.00+28.35 | 45.00+23.62 | 40.00+21.93 | 40.00+20.00 | 40.00+19.97 | 38.00+18.87
20 100.00+0.00 | 80.00+24.49 | 73.33+24.94 | 62.50+27.95 | 56.00+26.53 | 50.00+24.72 | 45.71+24.58 | 45.00+25.73 | 43.33+25.55 | 43.22+25.58
o 5) 30.00+45.83 | 30.00+40.00 | 36.67+37.85 | 37.50+39.13 | 34.00+36.93 | 35.00+35.31 | 31.43+32.45 | 28.75+£30.64 | 26.67+27.75 | 26.00+24.98
é 10 40.00+48.99 | 45.00+35.00 | 50.00+37.26 | 50.00+38.73 | 46.00+36.93 | 40.00+32.65 | 37.14+28.71 | 38.75+24.64 | 37.78+23.41 | 37.55+24.02
% 15 70.00+45.83 | 55.00+41.53 | 46.67+33.99 | 45.00+26.93 | 42.00+26.00 | 40.00+27.07 | 37.14+27.24 | 35.00+27.84 | 33.33+28.53 | 32.00+29.26
20 100.0020.00 | 85.00+22.91 | 73.33£29.05 | 70.00+31.22 | 68.00+33.70 | 68.33+32.86 | 65.71+33.32 | 63.75+35.10 | 60.00+32.65 | 55.00+34.00
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Figure 8. Average accuracy of prediction

We note that the quality of prediction for the first
type of signal, i.e. hyperbolic one, is very high
regardless of training data length and number of
prediction step. This fact stems from simplicity and
regularity of this type of signal.

However, two other cases are more interesting,
since the input signals are more irregular. It can be
seen that the accuracy of prediction depends on
training data length and is higher for longer learning
data set. In other words, the more information about
the signal the system has, the more accurate model can
be built, which agrees with our conclusions shown in
[19]. For training data length equal to 5, the accuracy
is in the 30% range and does not change significantly
for bigger number of prediction steps. In order to put
this number into perspective, we note that the baseline
for prediction accuracy in this particular prediction
problem, computed as a randomly chosen prediction, is
approximately 11%. By increasing the training data
length to 20, accuracy of 100% is obtained for one step
prediction. This number slowly decreases along with
increasing the prediction steps number until 40%-60%
for training data length equal to 20. Considering the
baseline, this result has very good quality showing
applicability of the proposed methods to perform
linguistic term prediction tasks.

5. Conclusions and Future Work

The paper introduces the framework for signal
prediction on linguistic level using Fuzzy Cognitive
Maps. Proposed approach incorporates recently
introduced FCM learning method using genetic
algorithm’s based, RCGA algorithm.

Performed experiments are promising and show
high quality of the proposed method. Prediction
accuracy rate is very high in cases when the training
signal length is long enough and the number of

prediction steps is relatively low. The quality of
prediction decreases gradually with the shorter input
data length and the bigger number of prediction steps.

Future work will be focused on improving the
prediction accuracy. One interesting research direction
could be modification signal fuzzy representation, i.e.
number of linguistic descriptors and/or their
membership functions. The other area of exploration
will be oriented towards application of this system to
predict signal values instead of its linguistic
descriptions, which involves adding defuzzification
module.
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