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The Prediction Algorithm Based on Fuzzy
Logic Using Time Series Data Mining Method
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Abstract—Prediction of an event at a time series is quite
important for engineering and economy problems. Time series data
mining combines the fields of time series analysis and data mining
techniques. This method creates a set of methods that reveal hidden
temporal patterns that are characteristic and predictive of time series
events. Time series data mining examines the time series in a phase
space. In this paper, a prediction algorithm using time series data
mining based on fuzzy logic is proposed. Earthquake prediction has
been done from a synthetic earthquake time series by using
investigating method at first step ago. Time series has been
transformed to phase space by using nonlinear time series analysis
and then fuzzy logic has been used to prediction optimal values of
important parameters characterizing the time series events. Truth of
prediction algorithm based fuzzy logic has been proved by
application results.

Keywords—Event, fuzzy logic, time series analysis, time series
data mining

1. INTRODUCTION

time series data is obtained at determined time interval

from any system. Daily price change of a market, current
and voltage data of an induction motor and the population
distribution according to year in a country may be considered
as a time series. Such a time series contains events of interest
[1]. One innovate approach is to identify critical, time-ordered
structures, called temporal pattern, which are hidden in eq. (1)
and are characteristic of interesting events [2]. Time series
analysis is fundamental to engineering, scientific, and business
endeavors [3]. Investors are interested in predicting future
values from past time series data. A time series example has
been given in equation (1).

6]

In such a time series, t is time index and N is the total
number of observations. Important events are formed over the
time. For example, an earthquake from a synthetic seismic
time series, instantaneous fall at stock prices and incipient
faults in an induction motor are considered as an event for a
time series. Time series is analyzed for prediction of these
events. Traditional time series analysis methods such as Box-
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Jenkins or Autoregressive Integrated Moving Average
(ARIMA) method can be used to model such time series.
However, the ARIMA method is limited by the requirement of
stationary of time series and normality and independence of
residuals. An event characterization function g(t) can be
employed to characterize the event in equation (1) as shown in
equation (2).

2

This event characterization function changes according to
the prediction aim. For example, if x, represents today’s
closing price of a stock and our aim is to predict the
percentage change of tomorrow’s price, then the event
characterization function can be defined as shown in equation
(3). The event characterization function is defined such that its
value at t time index correlates highly with the occurrence of
an event at some specified time in the future [1]. If earthquake
prediction is wanted to do one step before, the event
characterization function in equation (4) can be selected.

g(t) = g(x), X,y yenrens

X —X
g(t) _ t+1 t
Xt

(€)
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Event characterization functions at equation (3) and (4) can
be defined by different ways for event predictions at different
time series. Before the event characterization function is
determined, the aim is to select this function which predicts
important events. This is not trivial task due to nonlinear
behaviors of most time series in the real world applications.
An important disadvantage in time series analysis is that the
time series should be converted to stationary and periodic
series in order to analyze it [4]. As an emerging discipline,
data mining is the process of discovering hidden and useful
information from huge data. Data mining is defined as
extracting useful and meaningful information using statistic,
machine learning, artificial intelligence and pattern recognition
techniques from large data sets [5]. Data mining is the analysis
of data with the goal of uncovering hidden patterns. Weiss and
Indurkhya [6] defined data mining as “the search for valuable
information in large volumes of data”. Time series data
mining combines data mining and nonlinear time series
analysis to analyze a time series. When data mining is applied
to time series data, an event is considered as an interesting
pattern. Povinelli [1] defines time series data mining as
“combining of data mining, time series analysis and genetic
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algorithm techniques”. He used the genetic algorithm to
discover interesting patterns in a time series by data mining.

Time series should be examined in a phase space in order to
get interesting pattern from it. The main goal in time series
data mining is to use time delay embedding and phase space
based on Taken theorem [7]. The phase space of a time series
in equation (1) is generated by using time delay embedding
and embedding dimension in order to get interesting patterns.
Elements of X; form time lagged shape of original time series
with embedding dimension b and time delay factort. The
phase space of the time series in equation (1) according to time
delay factor T and embedding dimension b is presented in
equation (5). X is a matrix whose row vector is a point in the
phase space.

)

X, = (xt_(b_l), > Xy (h2)p reeeeees R

Where t=1, 2,.....k is time delay embedding which allows
the phase space to be spanned over nonconsecutive time-
lagged instances. For instance, t=3 and b=3, the vector is
shown by X=(X6,X(.3,X;). This transformation preserves the
nonlinear dynamics of the original time series and the temporal
patterns are represented by data points X, in the phase space
[2]. The temporal patterns representing the characteristic of
time series are used to prediction of the important events. This
method is successfully applied non-periodical, nonlinear, and
complex time series.

Data mining is the process of discovering useful pattern in
data that are hidden and important pattern. It comes from
several fields, including statistics, database and machine
learning [5]. It uses techniques such as clustering, association
rules, and classifications models to identify hidden and useful
information in large databases. Others who have applied data
mining concepts to finding patterns in time series include
Keogh and Smyth [8], [9]. Their approach uses a dynamic
programming method for aligning the time series and a
predefined set of templates. Moon et al. [10] proposed a new
time subsequence matching method. They used the dual match
for time series similarity. Time series data mining has been
used in a lot of fields such as clustering and event prediction in
literature. One of these methods is classification and fault
diagnosis in induction motors [11], [12]. Povinelli [1] was
suggested an application in order to event prediction. In his
study, he did different applications such as earthquake
prediction, sharp fall of stock price. At first step, he
transformed a time series to phase space. He selected different
event characterization functions for each application. Optimal
temporal pattern cluster with radius r and temporal pattern
center v was found by using genetic search algorithm. Despite
the novelty of this method, several problems limited its
applications and must to be addressed. First, temporal pattern
cluster in this study was defined by a rigid region with fixed
center and radius. This restriction made it hard to adjust to the
situation when there is noise in phase space and often
generated high degree false-positive prediction. The second
disadvantage is the computational complexity and stability.
The genetic algorithm yields heavy computing load. The
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optimization results were often inconsistent. The choices of
embedding dimension b and time delay t were always based
on user’s experience with trial-and-error. Feng et al. [2]
suggested new time series data mining for identifying temporal
patterns. In his study, temporal pattern cluster was chosen as a
fuzzy set with Gaussian shaped membership function. An
efficient two step optimization strategy was proposed to search
the optimal temporal cluster in the phase space. Time delay
embedding t and embedding dimension b is chosen by mutual
information and false nearest neighbor method, respectively.
Gradient descent optimization algorithm is chosen in order to
find optimum temporal pattern cluster. Multilayer feed-
forward neural network was performed on the D-stock
prediction [13]. The goal was predicted next day’s closing
price change, with the input of today as well as four previous
day’s price change.

In this paper, proposed time series data mining method is
based on fuzzy logic. This method uses the fuzzy logic for
earthquake and Lorenz series prediction. Therefore, event
prediction doesn’t include complex mathematical equations
and the prediction is simplified. The prediction is flexible due
to property of fuzzy logic method. Because temporal pattern
cluster is selected as a fuzzy set, each of point in temporal
pattern cluster belong to cluster with a specific membership
degree. So the event prediction is predicted accurately. The
heavy load which the genetic algorithm yields is removed.
Because user experience about event prediction is shown in
phase space and augmented phase space easily, the fuzzy rules
is also determined, easily.

The paper is organized as follows: Section II provides brief
review of time series data mining using phase space strategy.
We introduce and discuss our application results in section III.
Conclusion and future study are discussed in section I'V.

II. APPLICATIONS OF TIME SERIES DATA MINING

Data mining is a technique of discovering useful pattern in
data that are hidden and unknown in normal circumstance.
Data mining consist of machine learning, statistics and
database design [2]. It uses methods such as clustering,
classification, association rule mining and probabilistic
graphical dependency models to identify hidden and useful
information from large databases [2], [3].

Predictive data mining is a search for very strong patterns in
big data that can generalize to accurate future decisions [2].
Data mining refers to extracting or “mining” knowledge from
large amounts of data [5]. Keogh et al. [8] used piecewise
linear approximation representation of time series for
clustering, classification and association rule mining of time
series data. They have examined the first extensive review and
empirical comparison of time series segmentation algorithms
from a data mining perspective. They have developed an
efficient sequential pattern for identifying frequent temporal
patterns. Faloutus et al. [14] have developed efficient time
series similarity search methods namely subsequence
matching. Povinelli et al. [15] have proposed a new signal
analysis and classification method based on reconstructed
phase space. They have used statistical method to estimate of
phase space. Bayesian likelihood and artificial neural network
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have been wused for classification and compared two
techniques. Feng et al. [2] have proposed fuzzy set and the
Gaussian shaped membership function to define temporal
patterns in time delay embedding phase space. The resulting
objective function represents not only the overall value of the
event function, but also the weight of the vector in temporal
pattern cluster to which it contributes. Gradient descent
optimization method has been used to search temporal
patterns. Furuta et al. [16] have applied soft computing
techniques for earthquake acceleration data. Applicability and
efficiency of chaos prediction and neural network method have
been compared and examined using the time series data of
earthquake acceleration.

III. PROPOSED PREDICTION ALGORITHM BASED ON FUzzy
LogIic USING TIME SERIES DATA MINING

Time series data mining method establishes a method that
uncovers hidden patterns in a time series. Methods based on
the time series data mining technique are able to successfully
characterize and predict complex, non-periodic, irregular and
chaotic time series [1]. The time series data mining methods
overcome limitations of traditional time series analysis
techniques by adapting data mining concepts for analyzing
time series. Method used here is based on time delay
embedding. If the embedding is performed correctly, the
theorems involved guarantee that the reconstructed dynamics
is topologically identical to the true dynamics of the system,
and therefore that the dynamical invariants are also identical
[17]. The time series which is applied data mining should be
examined in a phase space. This is an extremely powerful
correspondence; it implies that conclusions drawn from the
embedded or reconstruction-space dynamics are also true of
real dynamics. Time delay embedding t and embedding
dimension b are important parameters in constituting a
reconstructed phase space or briefly called phase space.

The phase space of a time series given in equation (1) is a
matrix whose elements are time lagged version of the original
time series data as follows:

X+b-)r Xtz X
Y21 (b-1)r X4z RY) (6)
X =
XN XN-(b-2)r  XN—-(b-1)z

Where, xy is the original time series data, N is number of
observations; b is embedding dimension and t is time delay. It
is important to point out that each row vector of X is a single
point in the phase space. Here, the time lag t is determined
using first minimum of mutual information technique or
autocorrelation function and the embedding dimension b can
be estimated using false nearest neighbor method.

Block diagram of proposed prediction method based on fuzzy
logic is given in Fig. 1. According to this diagram, before
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target information is extracted from time series all data must
be preprocessed and initial parameters are selected. In this
stage, the embedding dimension b and time delay embedding
t is determined using false nearest neighbor and mutual
information techniques, respectively. Then time series must be
transformed to the phase space. After event characterization
function g(X,) is defined, Euclidian distance from initial points
of center points v of temporal cluster and cluster radius r are
selected as inputs of prediction algorithm.

Preprocessing

Selection of time
delay

Selection of
embedding
dimension

Time series

Y

Transform time

series to phase
space

Cluster | |
r Cluster

center points
v -
* * radius

distance to
orjin
Fuzzy logic based prediction stage

inference

Fuzzifier M ~_ —#={ Outpul Prediction of
mechanismm earthquake
A >

Rule base

Fig. 1 The prediction algorithm scheme based on fuzzy logic using
time series data mining

A. Estimation of Time Delay Embedding

It must be selected an appropriate time delay t for phase
space. If 1 is small compared to the internal time scales of the
system, successive elements of the delay vector are strongly
correlated. All vector of X are then clustered around the
diagonal in the R®, unless b is very large [4]. The two methods
for estimating t are the information of autocorrelation and
mutual information. First method is the autocorrelation
functions. For a time series given in equation (1), time delay is
estimated by calculating autocorrelation between X, and

X,_. as shown in equation (7).

t—1

E(X,X,_)-E(X,)’
E{[X,-E(X)*}

C(X,, X, )= )

If we plot values X, versus the corresponding values a fixed

lag v earlier X the autocorrelation C quantifies how these

t—7
points are distributed. If they spread out evenly over the plane,
then C is zero. If they tend to crowd along the diagonal, then C
becomes big from zero. The autocorrelation function takes the

estimate of time instance when the autocorrelation function
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first crosses zero as the time delay. The mutual information is
computed by:

M(X,. X)) = D py(2) Inpy()=2> p, Inp,  (8)

iJj iJ

It is sometimes advocated that one look for the first minimum
of time delayed mutual information. This is the information we
already possess about the value X, if we know X, The
expression we have to compute is based on Shannon’s entropy.
On the interval explored by the data, we create a histogram for
the probability distribution of the data. Denote by p; the
probability that the signal assumes a value inside the ith bin of
histogram, and let p;(7) be the probability in biniand X, .

is in bin j. The first minimum of mutual information function
marks as the time lag [4].

B. Estimation of the Embedding Dimension

When we start to analyze a nonlinear time series, we must
determine the embedding dimension. One way to estimate the
embedding dimension b is using the nearest neighbor method
[4]. This means that a b-dimensional phase space will have the
same topological properties as the original phase space [2]. A
phase space is a b dimensional metric space into which a time
series is unfolded. Takens [7] showed that if Q is large enough,
the phase space is homeomorphic to the state space that
generated the time series. Taken’s Theorem provides the
theoretical justification for reconstructing state spaces using
time-delay embedding. Taken’s proved that the state space of
an unknown system can be reconstructed. If the embedding is
performed correctly, Takens’ Theorem guarantees that the
reconstructed dynamics are topologically identical to the true
dynamics of the system. The algorithm of finding false nearest
neighbor is described as follows:

For each data point which is denoted by X}’ in R, its
nearest neighbor is found by

Xf :argminHXib—Xj? I,
[ —)

b
Xj

(€))

Where || X lb -X j’ || is the Euclidean distance between the two

points. If the embedding dimension is changed from b to b+m,
distance between the two points is calculated by:

b b 2 b b2

| X7 =X - XY - X |
b b 2
X = X7

(10)

i

If 1, exceed a given threshold v, then X! is marked as having

a false nearest neighbor. Therefore, the embedding dimension
is determined by the fact that the number of data points r;>v is

zero in R . After time delay embedding t and embedding
dimension b is determined, the phase space matrix is
constituted. Another preparation stage in the time series data
mining is determined the event characterization function which
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changes according to the application. In this paper, because
our aim is the prediction of an earthquake from a synthetic
seismic a time series, the event characterization function is
selected as given in equation (4). To find the important event,
the target function must also be determined. Such a target
function is described in equation (11).

S e, s —vicrif Mzpy (1)

M M
zlzlg(X,)—go)ﬁwao,

fon=1

((H

others

Where g, is the smallest event value, N is total number of data,
B is rate of the minimum cluster size, r is cluster radius, v is
center points of cluster, and M is total number of data inside
cluster. Disadvantage of this cluster is that it uses a crisp
clustering. Radius of the cluster is crisp and each point in the
cluster is own same membership degree. Alternatively, the
temporal pattern cluster can be defined as fuzzy set:

F={(X,,up(X,)| X, €R")} (12)

Where pp(X,)the membership is a function indicating the

degree of X, in F and is computed as in equation (12).
According to this new temporal pattern cluster, the target
function is changed as equation (14).

_I=Xl
up(X)=e 2 (13)
N
max {/ (v, r)} = max ZuF(Xi)g(Xi)} (14)
i=1

Since the fuzzy logic theory was described by Prof. L. Zadeh,
it has been used many of field of engineering [18]. Fuzzy logic
is a problem-solving control system methodology that lends
itself to implementation in systems ranging from simple, small,
embedded micro-controllers to large, networked, multi-
channel PC or workstation-based data acquisition and control
systems. It can be implemented in hardware, software, or a
combination of both. It provides a simple way to arrive at a
definite conclusion based upon vague, ambiguous, imprecise,
noisy, or missing input information. Fuzzy logic’s approach to
control problems mimics how a person would make decisions,
only much faster. Generally, fuzzy logic is quite effective
method in systems that the mathematical model is unknown or
cannot be established. The problem solution in fuzzy logic is
three steps: fuzzifier, inference mechanism, and defuzzifier.
First, the parameters of the system to be examined are
measured. Then the inputs are exposed to fuzzifier.
Knowledge base to be obtained fuzzy rules extracts fuzzy
values in order to justification of the inspected system. In last
step, these fuzzy output values are made certain with one of
defuzzifier methods and justification of the system is made.
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IV. APPLICATION RESULTS

A. The Seismic Synthetic Earthquake Example

The prediction algorithm based on fuzzy logic is applied to
a synthetic seismic time series. Matlab package program is
used in order to estimate an earthquake degree from synthetic
seismic time series. Graphics of synthetic seismic time series
is given in Fig. 2.

At The seismic syhntetic eatquake

UM

] ! 1 I L L
0 20 40 [=ln] 80 100 120
t- sampling time

Fig. 2 Synthetic seismic time series

After synthetic seismic time series is obtained, embedding
dimension and time delay factor of phase space must be
determined. In this study, embedding dimension is selected as
two and time delay factor is selected as one. According to
these parameters, constructed phase space is given in Fig. 3.
Every pair of adjacent observations in the original time series
forms a single point in this phase space. The determined radius
and center points of temporal pattern cluster that predict the
earthquake one step ago is our target in this study using time
series data mining. Augmented phase space is given in Fig. 4.
Our aim is find the temporal pattern that will show to be an
earthquake. The augmented phase space is a three dimensional
phase space with (X,,X.1,X1) dimensions.

Pattern clyster
with x y cénter
points ard r
radius

1) 3 4 5

Fig. 3 The phase space of synthetic seismic time series

Fig. 4 Augmented phase space of synthetic seismic time series

The first input of the fuzzy logic is radius of the temporal
pattern cluster and the second input is Euclidian distance of
cluster center points from initial points. The output of fuzzy is
shown the size of the earthquake. The membership of fuzzy
logic is given in Fig. 5.

s NV B s M B

C z 4 C 4 7

a) Membership functions forr b) Membership functions for v

V4 S M

C Z 4 €

¢) Membership functions of output D
Fig. 5 Input and output membership functions of fuzzy logic for
synthetic time series phase space

The constituted rule base according to these membership
functions is given in Fig. 6. The output graphic of prediction
method based on fuzzy logic and the application results are
given in Fig. 7 and Table I, respectively.

v § M B Values Means
i Zero

§ B B B S Small
M Medium

M 7 M B B Big

Fig. 6 Rule base of prediction algorithm based on fuzzy logic
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Fig. 7 The earthquake prediction graphics according to fuzzy input

values
TABLE I
THE APPLICATION RESULTS OF PREDICTION ALGORITHM BASED ON FUzzy
LOGIC
\% r D
0.49 0.35 55
0.28 3.83 2.25
3.66 1.23 3.09
6.08 0.50 0.832
1.41 5.70 247

Earthquake size according to radius and Euclidian distance
from initial points of center points of temporal pattern cluster
is given in Fig. 7. If v is big and r is small, then the degree of
earthquake is small. If v is small and r is small, then the
earthquake is big. If the center points of the temporal pattern
cluster is 0.5 and 1.3 and radius of the temporal pattern cluster
is 1.3, then the earthquake is maximum shown as in Fig 7.
Therefore, Fuzzy logic could predict v and r parameters which
will predict the earthquake one step ago. One of the
advantages of this method is to use data mining for analysis
of time series and such a system is modeled by fuzzy logic
without too many complex mathematical equations. As shown
in Table I, the optimum values of v and r is values of first row
and where size of earthquake is 5.5. These parameters predict
an earthquake one step after.

B. Lorenz Series Analysis
A well known nonlinear time series-Lorenz series is
generated by equation (15), with three state variables(x, y, z):

dx

—=0o(y—x

= (y=x)

@zrx—y—xz (15)
dt

dz

—=xy—-bz

a
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Where o,r and b are model parameters of equation 14,
known as Prandtl number, Rayleigh number, and geometric
factor respectively, see [6] for details.

Fig. 8 plots the Lorenz series with o =10.0, r=28.0 and
b=8/3. In this application the x component is chosen as
observed time series with 0.01 step size.

20

15

10

-10

-15

_20 1 1
] 10 20 30 40
Time(t)

Fig. 8 x(t) component of Lorenz series

Time delay 7 was determined as 7=12 s and the
embedding dimension b=3 by mutual information and false
nearest neighbor method, respectively. The estimated mutual
information for x(t) component of Lorenz series is shown in
Fig. 9 and the embedding dimension is shown in Fig. 10.

7
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T
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=
]
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=
3 _/'_‘———_'
a 5 10 25 30

15 20
Tirme delay
Fig. 9 Mutual information of x(t) component of Lorenz series
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Dimension (k)
Fig. 10 Minimum Embedding dimension
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The phase space of x(t) has three embedding dimension. 3D
dimensional phase space is as shown in Fig. 11.

n h i i h
S e S e S e )
. h . ) .

-20

-20
Fig. 11 Phase space of x(t)

The importance occurrence or event for this series was
defined as to when the magnitude of the predicted next point is
greater than 15.

glx,)=x,,-15>0 (16)
The goal of our approach is not identify all event points in the
Lorenz time series. The algorithm takes an approach to
identify those temporal patterns that are likely predictive of the
events. The target function f(v,r) was used to extract the

fuzzy rules from phase spaces. The membership function of
fuzzy logic is given in Fig. 12.

112 S M B

05+

0 10 20 30 4C 50 6C

a) Input membership functions for v
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05t
1 ‘ 1 1

20 15 <10 5 0 5 10 15 20

b) Input membership function for z, axis
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0.5+

5

5 15 20

¢) Output membership function for T

|
-20 -15 -10 0 10

Fig. 12 Input and output membership functions of fuzzy logic for
lorenz time series phase space
The rule base for Lorenz time series prediction is given in
Fig. 13. The output surface of fuzzy is demonstrated in Fig.
14.

Wlzls wm|B
NB|NB|NB | Z | Z
NS |NB| 2 | z | PS
z NBl z |2z |z
ps | NB| z | NS | PE
PB | NS | NS | PS | ps

Fig. 13 Rule base of prediction algorithm based on fuzzy logic fro
Lorenz time series phase space

Fig. 14 The event prediction graphics according to fuzzy input values

In Fig. 14, the event is predicted when distance of cluster
center points to initial points is big and the axis Z, is positive
small.

V. CONCLUSION

Time series data mining is one of important issues which
uses for time series analysis and extract hidden, useful and
interesting patterns from them. So this method uses data
mining for analyzing time series, it yields a new approach to
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time series analysis. When data mining whose main aim is
extract useful, interesting and hidden patterns from large data
sets is used in time series data, an earthquake prediction and
the sudden falling of stock price is estimated one step before.
One of advantage our approach, it detect many events.
Membership functions and fuzzy rules change based on
problem. Gaussian shaped fuzzy membership function is used
in order to determine temporal pattern clusters without
dependent of applications. Thus the temporal pattern can be
defined at a smooth region. Genetic search algorithm catches
local minima and yield to heavy computing load. The fuzzy
temporal pattern cluster represents temporal patterns more
realistically in the time delay embedding.

There is a potential for further development. Although the
Gaussian shaped membership function is employed to
represent the temporal pattern and objective function, other
different functions could be applied. Also, some fuzzy
optimization algorithm could be applied to different time
series data.
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