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Abstract

In trying to distinguish data features within time series data for specific time intervals, time series segmentation tech-
nology is often required. This research divides time series data into segments of varying lengths. A time series segmen-
tation algorithm based on the Ant Colony Optimization (ACO) algorithm is proposed to exhibit the changeability of
the time series data. In order to verify the effect of the proposed algorithm, we experiment with the Bottom-Up method,
which has been reported in available literature to give good results for time series segmentation. Simulation data and
genuine stock price data are also used in some of our experiments. The research result shows that time series segmen-
tation run by the ACO algorithm not only automatically identifies the number of segments, but its segmentation cost
was lower than that of the time series segmentation using the Bottom-Up method. More importantly, during the ACO
algorithm process, the degree of data loss is also less compared to that of the Bottom-Up method.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction is necessary for the extraction and analysis of such

massive amounts of data, and its application is

In recent years, technological developments
have allowed corporations and organizations to
rapidly accumulate massive amounts of data to
make information analysis and knowledge extrac-
tion from mass information possible. Data mining
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29052182.
E-mail address: im1032@mails.fju.edu.tw (S.-S. Weng).

widely used in fields ranging from medical analysis
to weather forecasts, to business, etc.

The data that is gathered for data mining can be
generally classified into two different types of data:
static and dynamic. Last et al. [19] pointed out the
differences between the two: in static databases, an
attribute value in a record is independent of the
values of the same attribute in other data records.
In dynamic databases, some attributes are
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meaningful only after records are arranged in a
time sequence. The time series data are data in
a dynamic database and are generally defined as
““a series of data ordered in time sequence but seg-
mented by fixed time intervals” [24]. Such informa-
tion can be found everywhere in life—in monthly
trading data, in the average daily temperature, in
a company’s stock closing prices, in seasonal sales,
in a highway’s hourly vehicle passing rate, etc.

By recording and analyzing time series data, an
organization or an individual can understand the
changes (or behavior) in an environment better,
and thus respond with appropriate decisions. On
the other hand, the Internet, various databases
and other information technologies have made
information accumulation quick and convenient,
but the enormous volume of data has made the
task of finding changing data patterns complicated
and inefficient. The difficulty is the same when
finding similar-patterned time series in a large
database.

Han and Kamber [11] suggest that making use
of Euclidean distance can transfer the time domain
into a frequency domain in order to calculate time
series similarities. In other words, by describing
the changing processes of data with frequency
expressions (such as Discrete Fourier Transform
(DFT) or Discrete Wavelet Transform (DWT)
expressions), the distance measurement method
can be used for simple and effective calculation
in analyzing data similarities. In addition, scholars
have studied historical stock prices and have found
out that when varying time series data are clus-
tered according to similarity, and if a complete
time series is divided into separate segments before
clustering, the result becomes significantly better
than the non-segmented time series data [8,13].

Time series segmentation classifies similar data
to form a segment. Furthermore, time series data
can be segmented into non-overlapping data of
different time durations which allow each given
segment feature to describe original time series
data. Thus, segmented series data mining not only
reduces storage space, but it also outperforms the
results of original data mining.

While a better time series segmentation reduces
the amount of data, it also keeps the data’s
original information. According to the literature

review, current time series compression techniques
require expert understanding prior to determining
segmentation methods, while appropriate thresh-
old values need to be adopted in order to reduce
information loss.

The number of segments is the key to the time
series segmentation threshold values. Current sta-
tistical methods (time series data transformation
methods) often require data that have been pro-
cessed manually. Therefore, even if the best thresh-
old value is gained from the trial-and-error
method, such a result is often affected by subjective
judgment. Fortunately, thanks to modern technol-
ogy, artificial intelligence has advanced. In the
1990s, some scholars took ants’ behavior as a
teaching guide from nature. They developed a set
of answer-finding solutions based on how ants find
food, and this they called the Ant Colony Optimi-
zation (ACO) method [4], which has greatly influ-
enced this research. Coupled with the ACO
algorithm, an artificial intelligence approach is
used to select threshold values in unsupervised cal-
culations for time series data segmentation to
reduce human involvement.

2. Literature review

There are some applications of the Ant Colony
Optimization in data mining. Parpinelli et al.
[21,22] proposed an algorithm for rule discovery
in Ant-Miner databases. The algorithm extracts
classification rules from data to be applied as a
decision aid to unseen data. Results show that
the proposed algorithm is able to achieve good
predictive accuracy as well as reduce the number
of rules at the same time.

Last et al. [19] developed a time series data min-
ing process using signal processing as well as an
Information-Theoretic fuzzy approach. During
the process, the time series data mining is divided
into three major steps: preprocessing, data mining,
and post processing. There are two major pro-
cesses during data handling: data cleaning and fea-
ture extraction, with time series segmentation
being a technique. Zhang and Qi [29] investigated
the issue of how to effectively model the time series
with both seasonal and trend patterns. In particu-
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lar, they studied the effectiveness of data prepro-
cessing, neural network modeling and forecasting
performance.

Looking at segment lengths after the time series
segmentation process, it is evident that the method
uses two different types of segment classification.
The first type is the equal-length segmentation,
which literally means segmenting the time series
into identical lengths through distance calculation
where similarities among different segments are
identified [15]. The other type divides time series
into different lengths, which is mainly used for fea-
tures extraction.

2.1. Equal-length segmentation

Equal-length segmentation is easily done
through piecewise aggregate approximation
(PAA)[17]. A time series X with length # is divided
into N equal portions. The average data value in
each segment is used to represent the segment’s
data feature. Another method, the Discrete Haar
Wavelet Transform (DWT) calculation [17], con-
tinually divides time series into two equal portions.
Every time a division process is performed, the
number of segments doubles. The length of seg-
ments is then shortened to half of the previous
ones. During segmentation, deviations from the
average values are recorded for every bi-segmenta-
tion in each level. The recorded values are then
adopted as coeflicients in a new series. Therefore,
at the ith level, 2’ coefficients are generated, and
there can be as many as log,n levels. If the level
number increases, this indicates that the data fea-
tures are from a shorter time frame, and lower
numbers stand for data features from a longer time
frame.

2.2. Unequal-length segmentation

Unequal-length time series segmentation can be
explored by using two approaches. The first
approach aims to find specific data from numerous
time series data, which are then treated as turning
points that connect different segments. Pratt and
Fink [23] proposed a turning point selection
method, which treats these points as the maximal
or minimal value of nearby data. Man and Wong

[20] suggested another approach, where a function
is used to measure the importance of every data
point in a time series, and such importance
becomes the maximal or the minimal value in a
particular area. Data with high importance are
then treated as transition points.

The second method solves the problem from a
statistical point of view: data with similarities are
separated from other data. The simplest method
is to use a linear regression method to describe
time series. There are many methods to segment
this type of time series [18]. The Top-Down
method [16] treats the entire time series as a whole,
where it finds the division points with binary meth-
ods in order to divide the time series into segments.
The Bottom-Up method [16] decomposes all data
into the smallest units and then combines every
two until a threshold value is reached. Another
approach, called Sliding Windows [16], uses a
fixed-width window to move around the time ser-
ies. When the window reaches a data point with
the upper segment limit cost, the point is then
adopted as the cut-off point. According to Keogh
et al. [16], the Bottom-Up method results in the
least deviation in error cost.

When the number of segments is known prior
to time series segmentation, the Global Iterative
Replacement (GIR) [12] can be used for segmen-
tation. In the GIR approach, the cut-off point in
each segment is randomly chosen in the begin-
ning, and the cut-off point with the most devia-
tion is omitted before re-selecting a cut-off point
with the smallest deviation. The process is contin-
ually repeated until no cut-off point needs
replacing.

3. Ant Colony Optimization algorithm (ACQO)
3.1. Traveling salesman problem (TSP)

This research uses the traveling salesman prob-
lem (TSP) as an example to explain the ACO algo-
rithm. The research for this algorithm was
described by the TSP [5,6]. In recent years, there
have been several different ACO implementations
suitable for optimization where the different algo-
rithms are explained in the in the recent Ant
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Colony Optimization book [7]. For the purpose of
describing the TSP, we use the original ACO algo-
rithm [5,6] as a description. The solution system
was called the ant system (AS). Proofs of conver-
gence for the ant algorithms are developed and
described in several literatures [1,8-10,27].

In the traveling salesman problem, its purpose
is to find the city that would allow a salesman to
travel among a total of N cities by means of the
shortest traveling path. Each city can only be
passed once and the last stop must be the starting
point. This problem is a NP-Complete problem,
and the time for the solution would increase expo-
nentially as the number of cities increases. Suppose
(N, E) is used to express the graph of a TSP, where
N stands for the number of cities to be traveled
and E stands for the edges that connect the cities
(an edge has a city at each end), with the meanings
of the other symbols listed as follows:

(1) M: number of ants used when finding
solutions.

(2) Dj: length of the edge connecting city i and
city J.

(3) b(?): at time ¢, number of ants staying in city
i=1,...,N,and M = Z?ilbi(t).

3.2. Algorithm

When first applying the ACO to the TSP (at
time f), each ant randomly chooses a city as a
starting point and then uses a probability value
in choosing the next city to visit. Such a value is
calculated by a Greedy Heuristic function which
prioritizes the next nearest city as well as considers
the pheromone strength. When time is ¢ + 1, each
ant visits the city next to the starting point. Each
ant maintains a data structure called the Tabu
List, which records the path the ant takes. When
an ant visits a city, that city is put at the end of
the Tabu List. Every time an ant is ready for
another city, it checks its Tabu List to make sure
that it does not visit any city in the list. When time
reaches ¢ + N, all ants must finish the tour and
return to the starting point, which is the end of a
cycle. Every time a cycle is finished, the amount
of pheromone an ant leaves is recorded in each

path, which also indicates the number of ants that
have walked a particular path. The total strength
of the pheromone on each path is also recorded.
This algorithm is repeated until all ants are on
the same path, or until the number of cycles
reaches the user’s preset threshold value.

3.3. Pheromone update method

Before the end of each cycle under the ACO
algorithm, the residual pheromone on each con-
nective path is re-calculated. The update method
for the pheromone is described below. However,
before we go any further, several variable defini-
tions must first be understood:

(1) 7; at time ¢, the pheromone left on a connec-
tive path (i,)).

(2) Aty at time ¢ and time ¢ + N, the amount of
pheromone increased by all ants on a con-
nective path (i,).

(3) Atj;: between time 7 and 7 + N, the strength
of pheromone left by the mth ant on a con-
nective path (i,j).

From the above definitions, it is understood that
the extra strength of the pheromone on a particu-
lar path can be determined by the sum of the pher-
omone left by each ant.

M
Aty = At (1)
h=1

The pheromone on a connective path (i,;) left
by the mth ant is the inverse of the total length
traveled by the ant in a particular cycle. The for-
mula is as follows:

A" ={ L,. (2)

In the above formula, Q is a constant, and L,, is
the total path cost traveled by the mth ant during
a cycle. Therefore, the longer an ant travels, the
weaker the pheromone strength becomes on each
connective path. In contrast, the shorter an ant
travels on a path, the stronger the residual phero-
mone becomes. Therefore, the ants that travel
more segments leave less pheromone.
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Pheromone strength on a particular path
increases with the number of ants that have
traveled on it. However, the pheromone dimin-
ishes and disappears as time elapses. Variable
(0 < p < 1) can be used to determine the residual
strength of pheromone after decay between 2
cycles, and 1 — p stands for the portion of phero-
mone that diminishes with time. Therefore at
t+ N, the residual pheromone is exactly the
diminished amount plus the residual pheromone
strength left by all the ants from the last cycle.
The formula is as follows:

(1 + N) = p - 7;(t) + Az (3)

Here, the method on how ants choose their paths
is introduced. At the beginning of the algorithm,
an ant located in city i must choose city j as the
next city to visit. Because the pheromone strength
on every path is still equal, there is no particular
method of choice in picking the next city to visit.
When ant k in city I chooses city j as the next city
to visit, it will first check the Tabu List. Cities that
are already listed are not allowed to be re-visited
and the unvisited cities not in the list are grouped
as allowed,,. Under the guidance of the Greedy
Heuristic method, the closer each city j in allowed,,
is to city i, the stronger the pheromone on the con-
nective path (7)) is. The probability of the mth ant
choosing city j as the next city to visit then be-
comes higher, with the probability function of vis-
iting as follows:
i (6) P .
—Zm@”:‘:k Z:(t)x,m/‘fm , if j € allowed,,. @
otherwise.

P =
0

3

In the formula, n; = 1/D;; is the inverse between
connective paths (i,j), while « and f are the
relative importance of pheromone strength and
the distance between cities that affect an ant’s
judgment when choosing the next city to visit.
When o =0, then the pheromone strength has
no effect on the path choice, which means that
the Greedy Heuristic method is enough to carry
the calculation process. But according to Dorigo
et al. [6], when solving TSP, a=1, =35,
p = 0.5 would generate better results in the calcu-
lation process.

4. Time series segmentation algorithm

In this research, the four main parts in the time
series segmentation algorithm are listed as follows:

(1) design of the visualization of problems,

(2) design of the visiting method and satisfying
condition,

(3) design of cost functions and pheromone
strength update function,

(4) design of updating visiting probability.

4.1. Problem definition and graph representation

We now have a time series S with time duration
N, t functions as an individual index in the time
series, t =0,...,N — 1. At each time ¢, the time
series data value is x,, When each datum is
arranged by time sequence, a complete time series
S = {x0,X1,...,xy_1} is formed. The segmenta-
tion of the time series divides the series into K seg-
ments, and each datum within the series can be
assigned to a particular segment Sy. fi(¢) is then
used as a data model to describe the particular
data in the segment. To simplify the comparison
among current segmentation methods, every data
model f;(¢) in the segment is assumed to be a linear
regression model. Under certain segmentation, the
data value can be expressed as

E(x,) = aofo(t) + arfi(t) + -+ + ax2fk ()
+ag_1fx-1(1). (5)

The value of ¢ isOor 1,k =0... K — 1. g, =1, if
and only if data point x, belongs to segment k.
To illustrate the time series by means of graph
representation, a two-dimensional model is used
to reflect each datum onto a particular point in
the space. The x axis stands for time ¢, which is
the index of the data, and the y axis stands for data
x,. After plotting, the two-dimensional space
shows a diagram formed by N points that are
arranged by index sizes, as demonstrated in Fig. 1.
Therefore, the rationale behind applying the
ACO algorithm in time series segmentation is to
find a path with the lowest cost from N points
between xy; and xy_;, in order to connect all
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Fig. 1. Time series data and projection.

points. The entire route will pass K — 1 points to
divide the entire time series into K segments. Every
time an ant reaches a point, this point will be trea-
ted as the end of a new segment. However, prior to
determining what path to take, an ant can visit any
point it wishes to, so any ant may be on any point
and walk any path that connects its current city to

the next. This is presented in the following, with
Fig. 2 showing the illustration.

(1) There is a connecting point between every
two points.

(2) Every connective path is one-way, which
only allows a point with a smaller index

value to lead to a point with a larger index
value.

4.2. Visiting method and satisfaction of conditions

In this research, every ant moves from point Xx;
to x; by choice based on probability. This means

t=c+1

t

H
"
i
A
i
A
H
i

t=c+2 t=N-2 t=N-1

that the ant divides the data between i + 1 and j
into a segment, S(x;11,x;), except when i =0, in
which the ant divides the segment into S(xo, x;).
When an ant completes a visit and reaches its fin-
ishing point xy_1, it completes the time series seg-

mentation. The visiting step and algorithm is listed
in the following:

(1) An ant leaves point x.

(2) When an ant reaches point x;, it chooses
the next point to visit according to
probability, and the probability is calculated
based on the pheromone strength on each
path.

(3) An ant continuously moves towards points
with higher index values, and it stops visiting
only when the index value equals N — 1.

(4) When an ant finishes a visit, all points passed
are recorded, and the cost function is used to

calculate the total cost spent in finishing the
routes.

=1 =2

=3 =4

Fig. 2. The traveling route of the ACO algorithm.

=M1 =N
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(5) When an ant finishes all routes, it is consid-
ered a cycle. At the end of a cycle, all phero-
mones are updated according to the costs.

(6) The above steps are repeated until a thresh-
old value is reached.

To stop the above algorithm, some threshold
values must be set. In this research, there are sev-
eral possible conditions that can be used to stop
the algorithm.

(1) A completed cycle number is expressed by
NC. When an algorithm progresses toward
the NCth cycle, it will stop altogether at
completion.

(2) The total cost of the paths is expressed by
TC. During the algorithm, if the cost
incurred by time series segmentation is found
to be smaller than T°C, then the search stops.
This means that 7'C is treated as the highest
value accepted by the user.

(3) All ants walk the same path, which means
that, when path searching stagnates, the
algorithm stops. This cuts path selection
down to a minimum in the algorithm, which
becomes impossible to break. It then reaches
the local or global optimal solution.

4.3. Cost function and pheromone update function

When an ant finishes a visit, the cost of segmen-
tation is calculated. In this research, data in the
time series segments is treated as time series data
generated by a specific model. Therefore, whether
the data between the two points where an ant trav-
els needs to be segmented individually is deter-
mined by the fitness between time series data and
the data model. If the fitness between data and
the data model is low, then the cost is high. This
means that the segmentation of the time series data
on the particular visit is inappropriate.

However, if only fitness is considered between
the data and the data model, then time series
may be over-segmented. For example, during lin-
ear regression, if the data is segmented at every
two points, then a straight line passing between
the two points can be calculated with no deviation.

To avoid over-segmenting, whenever pheromone
strength increases, another factor must be consid-
ered, which is the number of segments. For the
above reasons, the pheromone strength function
is designed as

At = ,Q .
K L,

(6)

In the above formula, Q is a constant. Ants with
high cost leave less pheromone on each connective
path. In contrast, ants with less cost leave more
pheromone on the paths. K, is the number of seg-
ments the mth ant travels within the cycle. L,, is
the total cost an ant travels within a cycle, which
can be any function used to measure fitness be-
tween the actual data and the model used over
the specific segment. For instance, simple linear
regression can be calculated by mean squared er-
ror (MSE) or by sum of squared error (SSE). If
MSE is adopted as the cost function, the calcula-
tion is

Ln = >0 — B(x)" )
In the formula, x, is the actual value of the data at
time ¢. E(x;) is the data model according to the seg-
ment where the data is located under the visiting
method. This is the expected value calculated by
a probability distribution function based on simple
linear regression.

Aside from this, r is the only variable that
requires user input, and can replace the number
of segments or the cost threshold values that the
current time series segmentation needs. It is a con-
stant number between 0 and 1 (0 < r < 1), and it
adjusts the affecting factors of segment num-
bers according to costs. When r = 0, pheromone
reset only considers the strength of L,, when
0<r<1, it means K,, must be considered in
updating the pheromone. The greater r is, the bet-
ter the effect of time series with small segments will
have on pheromone strength. This means that r
can be used to control the width of segmentation.
The smaller r is, the higher the number of segments
become. Therefore, the time series pattern
obtained would fit individual information better,
yet the pattern would weaken in reflecting the total
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data features. The higher r is, the lower the num-
ber of segments become, and the fitness between
pattern and individual data weakens.

4.4. Update method of visiting probability

According to previously described cost func-
tions, whenever a cycle ends, this algorithm can
re-calculate the residual pheromone strength on
every path.

(c) = p-1j(c — 1) + Aty (8)

¢ is the index value of cycle numbers, and
p(0 < p < 1) is the ratio that controls the remain-
ing strength of the gasified pheromone in two
cycles. Every time a cycle ends, the residual
strength of the pheromone on a particular path be-
comes the residual pheromone strength plus all the
pheromone left on the path by all ants in the cycle.

After balancing inspirational method and cost
function calculation, the visiting probability
update can be calculated as the following:

i if >,
Py = { Zl:mm (9)

0, otherwise.

4.5. Similarity measurement between time series

Dynamic Time Warping (DTW) was first sug-
gested by Sakoe and Chiba [25]. This similarity
measurement of the time series was widely pro-
moted and improved upon. Many scholars used
this method to cluster time series data [2,3] as well
as measure the similarity among time series data of
different lengths [14]. The researchers proved that
dynamic time warping has excellent effect on time
series applications. Therefore, DTW is also in this
research to measure the similarities among the
time series data.

Although DTW can be used to measure the
similarities or distance between two time series,
this method can only be used under one pre-condi-
tion, and this is that the element distances in time
series must be measured in a numeric way. There-
fore, prior to using DTW for measuring similari-
ties, there must be a numeric measurement for
distances between segments. However, there are

different segment features under different time
series data expressions, so it is thus required to
have different distance-measuring methods. This
research is continued by designing a segment dis-
tance measurement method.

4.5.1. Segment distance measurement

When using the ACO algorithm for time series
segmentation, optimized simple linear regression
lines are obtained to minimize the segmentation
cost. Traditionally, a simple linear regression line
has two coeflicients: the line’s slope and its inter-
cept. However, the intercept of a simple linear
regression line is not as meaningful as the average
value from the segment data. In calculations, the
data average generally falls on the center of a sim-
ple linear regression line. This is an even easier and
more direct for average value calculation than the
intercept value.

In addition, the length of each segment, the devi-
ation of data and the data model distinguish each
segment. Two feature values may therefore be
added to each segment—segment length and data
deviation. In this research, the features of each seg-
ment consist of four elements: length, sum of
squared error (SSE) for representing data devia-
tion, average data value, and the slope of a simple
linear regression line. When assigning the feature
values above, the simplest method for measuring
segment distance is by using the Euclidean distance.

Given that Q; and C; are the ith and jth segment
in time series Q and C. ¢;(Q,) and ¢;(C;) represent
the average value in each segment, respectively,
while ¢,(Q;) and ¢x(C;) represent the slopes of
respective simple linear regression line in the data
model. ¢3(Q;) and ¢3(C;) are the SSE values in
the two segments. Finally, ¢4(Q;) and ¢4(C)) repre-
sent the length of each segment. The importance of
these four feature values might vary in different
problems. Therefore, weight parameters of w;,
w,, w3 and w4 have been added to this research
to control the relative importance of these four
feature values. After defining the above parame-
ters, d(Q;, C;) can then be measured with the fol-
lowing formula:

4(0.¢) =Y on/[5(0) - au(C)T- (10)
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4.5.2. Dynamic time warping calculation

After obtaining the distance between segments,
it becomes much easier to calculate the distance
between time series by DTW. The calculation is
conducted as follows:

(1) Calculate iteratively by dynamic program-
ming: Conduct dynamic programming itera-
tively for calculating the minimal cumulative
distance between segment Q; and C;. It is
done by using the following formula.

))(i,j) = d(Qi>Cj) +min{y(i - 17] - 1)7
y(i_1>j)7y(ivj_l>}' (11)

(2) Calculate the distance between time series Q
and C: If Q and C each has n and m seg-
ments, respectively, the distance can be
expressed by using the following formula.

DTW(Q, C) = y(n,m) € [0, 00]. (12)

When using the DTW algorithm with recursion
to calculate the similarity between time series, the
required time complexity is O(nm).

5. Experiment design and results

In the original ACOS algorithm, time series is
arranged from left to right. This reveals two prob-
lems. One is that, at the beginning, the insuffi-
ciency of segmentation makes segments with
large differences undistinguishable. The other
problem is that data at the end are over-seg-
mented, so that similar data are segmented into
several segments. This segmentation result is
mainly because each ant travels from the first point
in the ACO algorithm. Under this circumstance,
ants are given many choices on which city to visit
next when they are at the front end of the time ser-
ies data. Yet, when ants approach the end of the
time series, the points for selection are very lim-
ited. Thus, each selection point has a high proba-
bility of being chosen as the next point to visit.
Even cost function and pheromone update calcula-
tion can solve the dilemma in this circumstance,
moving to the correct selection point as the next
choice of visiting with limited cycles is not easy,

especially if the visiting method has a low cost.
Therefore, this is already the best local optimal
solution in a dilemma area.

To solve this problem, this research slightly
modifies the original ACOS algorithm. In the
new algorithm, ants do not have to start in the first
data point, but can randomly start at any point.
This modified algorithm is called the Random
ACOS algorithm (abbreviated as RACOS in this
research), which is further detailed in the following
section.

5.1. Re-designing the algorithm

The biggest difference between the RACOS
algorithm and the ACOS algorithm is the selection
of the starting point. In ACOS, ants in each cycle
all start from the first data point, and end at the
end point of the time sequence. In RACOS, each
ant selects a random point as a starting point
and then visits the rest of the points in two stages.
In stage one, an ant can move towards the end of
the data and finish at the last data point. In stage
two, it moves toward the beginning of the data
until the first is reached. This means that the above
two-direction visits can connect at the starting
point. Fig. 3 demonstrates the different routes
taken. Under this visiting route, the steps of this
algorithm are:

(1) An ant picks a random point x. as the start-
ing point.

(2) In the first stage, the ant moves toward the
end of the time series. When the ant is at
point x;, it then chooses the next point to
visit, x;, by probability Py, given j > i.

(3) Next, the ant continues to move towards
points with larger index values until the point
it is at equals N — 1, wherein the ant stops
visiting.

(4) In the second stage, the ant moves toward
the beginning of the data. When it is on x;,
it then chooses the next point to visit, x;
by probability Py, given j > i.

(5) The ant continues to move towards points
with lesser index values until the point it is
at equals 0, wherein the second stage would
then be completed.
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Fig. 3. Random ACOS visiting path selection.

(6) An ant has completed the entire route once
the two stages are finished, with the visited
points recorded. Of course, included is the
starting point x.. After, the cost function is
applied to calculate the total cost of that
path.

(7) Each time an ant completes a visit, the cycle
ends. The cost on each path is then calcu-
lated to get the update of pheromone on
the path.

(8) The above steps are repeated until the thresh-
old value is reached.

5.2. Experiments of real data

Now that the modified algorithm has been dem-
onstrated, this research will identify the differences
between the RACOS algorithm, the ACOS algo-
rithm, and the Bottom-Up method.

5.2.1. Experiment data

In the real world, most time series data do not
show the number of segments. Therefore, at this
stage of experimentation, we will use two real
time series data for our experiments: the S&P
500 index and daily gold prices. In the S&P 500
index, 388 seasonal data of 97 years between
1900 ad 1996 are used, which is represented as
“9_17b”. In daily gold prices, 1074 daily gold
price data between January 1, 1985 and March
31, 1989 are used, which is represented as “Gold”.
The data is obtained from online time series dat-
abases (http://www-personal.buseco.monash.edu.
au/hyndman/~TSDL/).

5.2.2. Procedures

There are three major goals in this experiment.
First, we aim to compare cost and accuracy when
we conduct tasks through the RACOS, ACOS and
Bottom-Up algorithms. Secondly, results gener-
ated by different input values of r are observed
for the RACOS and ACOS algorithms. Lastly,
since ACOS is an artificial intelligence approach,
the results may vary even when the same data is
segmented. We shall compare the stability of the
results generated by the RACOS and ACOS.

To achieve such goals, this research inputs six
different values for »: 0, 0.2, 0.4, 0.6, 0.8, and 1,
for time series 9_17b and Gold. The segmentation
costs and number of segments are recorded. Each
value r runs ten experimentations to stabilize the
results. Such stability shows the relative distribu-
tion of the generated segments under different seg-
mentation methods, with different input values for
parameter r. This relative distribution is measured
by coefficient of variation (CV), calculated as
follows:

(K)
s
CVacos = L?KS)» (13)
€an, cos
(K)
s
CVracos = 7“6?)5 . (14)
€aNgAcos

CVacos stands for the coefficient of variation,
while sgfgos stands for the standard deviation of
the segment number from running the ACOS algo-
rithm iteratively. Meanﬁ@os is the mean value of
the segment numbers. When CV,cog is greater
than CVgacos, the segment number generated
by the ACOS algorithm has a greater level of rel-
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ative dispersion than that of the RACOS algo-
rithm. Therefore, the former tends to have less sta-
ble segment numbers while the latter can have less
stable segment numbers.

In the Bottom-Up method, the segment num-
bers generated by each of the above methods are
used as threshold values. Thus, the cost compari-
son can be performed under identical segment
numbers.

5.2.3. Experiment results

5.2.3.1. Cost comparison. To measure the accuracy
using different r inputs, segment numbers which
range from 1 to 31 are generated by the RACOS
and ACOS. Fig. 4 shows the comparison of the
two sets of data with equal segment numbers gen-
erated. From the figure, it is obvious that when the
number of segments is low, the Bottom-Up
method results in a highest cost. But when the seg-
ment number is high, the ACOS results in the
highest cost in data 9_17b. The ACOS algorithm
obviously has the highest cost compared to the
two other methods, while costs and segment num-
bers from the RACOS are similar to the Bottom-
Up method.

Dorigo and Stiitzle [7] describe and explain sev-
eral recently developed modified ACO algorithms.
According to [7], the modified ACO algorithms
outperform the original ACO algorithm in optimi-
zation. Therefore, from the above experiments and

comparisons, we believe that we can easily
improve these results by implementing a state-of-
the-art ACO algorithm, like the MAX-MIN Ant
system [28], for example.

5.2.3.2. Selection of values of parameter r. In the
time series data experiments of 9_17b and Gold,
each parameter r was repeated ten times, and
the segment numbers generated were recorded.
The generated segment numbers were then aver-
aged and presented in Fig. 5. In Fig. 5, it is dis-
covered that a different segmentation method
produced significant effects on parameter r. For
data 9 17b, when r is set at 1, the mean value
of segment numbers generated by the ACOS is
1, and 5 for the RACOS. Obviously, when the
same value of r is used, the segment numbers gen-
erated by the RACOS are higher than those of the
ACOS.

5.2.3.3. Relative stability. As mentioned above, the
evaluation of algorithm stability focuses on the
segment number stability generated by the seg-
mentation algorithms. Fig. 6 shows that the varia-
tion coefficient of the ACOS is significantly larger
than the variation coefficient of the RACOS.
Exceptional cases occur when the r input is 1, since
the calculation of coefficient of variation comes
from the standard deviation being divided by the
mean value.
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—— Bottom-Up —
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33 _——e—o
-
< 1

0

7 8 9 10

13 14 15 17 18

(@ K
250
< 200 —e— ACOS
] —8— RACOS
< 150 —— Bottom-Up
2100
<
50 —ak
0 L L L L L L L L
3 4 5 7 10 12 13 15 16 17

K

Fig. 4. Cost comparison from real data experiments.
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Fig. 6. Comparison of coefficient of variation on segment numbers.

For data 9_17b, when r is 1 during the ACOS
process, the generated segment numbers have the
values of 1, which means the entire time series is
treated as an undivided whole. Under this cir-
cumstance, the ten repeated experiments all gen-
erated 1 as the resulting segment numbers.
Therefore, the standard deviation is 0. The coeffi-
cient of variation is still 0 after calculation.

Therefore, it is fair for us to conclude that it is
meaningless to use 1 for r. Yet, in data Gold,
when r is set as 0.8, the same situation occurs.
Thus, 1 is not a suitable value for r in most
circumstances.

Fig. 6 shows that the smaller r is, the more seg-
ment numbers are generated. Therefore, its relative
stability becomes higher. In data 9_17b, when seg-
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mented by the RACOS, and r is set to 0.2, the
average number of segments is 20 with 1.89 for
the standard deviation. When r is set at 0.8, the
average segment number is 9.7 with the standard
deviation of 2.26. When the value of r is small,
the average segment number not only increases,
but the standard deviation also decreases with
the increased average segment number. Therefore,
when r is small, stability increases.

With these three experiment results, it is appar-
ent that the modified algorithm has differences
from the original ACOS algorithm, and they are
depicted as follows:

(1) When the same value of r is used as an input
parameter, the time series segment number is
higher.

(2) Regardless of r or data length, the segmenta-
tion result for the RACOS has more stability
than the ACOS.

(3) The cost is less during segmentation.

Lastly, in calculating the required times, the
starting point selection is different for the RACOS
algorithm and the ACOS algorithm, though the
time required result is almost the same.

5.3. Experiment of measuring similarity

As mentioned at the beginning of the research,
a good time series data segmentation algorithm
must be able to keep the original information
and avoid data loss during segmentation, so that
it will retain high data quality for data mining
and other analysis. The experiments at this stage
will continue from the previous experiments, and
data retention ability is compared between the
RACOS, which has lower segmentation cost, and
the Bottom-Up method.

5.3.1. Experiment data

To measure data loss during time series data
segmentation, this research adopts an enormous
amount of real data for experimentation. The data
used in this section are the records of daily closing
prices of 52 financial companies in the year 2000.
The average data length is 277, with the shortest
being 25.

5.3.2. Procedures

At this stage, we aim to measure the degree of
data loss in different time series segmentation
methods. To achieve this purpose, this stage of
research focuses directly on the ACOS and Bot-
tom-Up methods to calculate the distance between
the time series data through dynamic time warp-
ing. The hypothesis of this stage of the experiment
is that, if a segmentation method can result in less
data loss, the time series distance after segmenta-
tion with that method will have a certain associa-
tion to the distance of the original data. Under
this hypothesis, this stage of research then calcu-
lates the distances between the paired data of the
52 original time series data by dynamic time warp-
ing. This means that, while having 52 time series
data, the distances must be calculated between
after every two time series, which would generate
C3? = 1326 distance data. After, different segmen-
tation methods are conducted on the original data.
Similarly, when each segmentation task is com-
pleted, the segment parameters can then be used
to calculate the distance between each pair of the
time series. This research adopts a correlation
coefficient to calculate the distance association
between time series data. Given a set of observa-
tions (x1, 1), (X2,¥2), - - -, (Xu, ¥n), the formula for
computing the correlation coefficient becomes:

oo 1 x—x\[y—y

1
In the formula (15), S, and S, are the standard
deviations of x and y, respectively. The correlation
coefficient always takes a value between —1 and 1,
with 1 or —1 indicating perfect correlation. A po-
sitive correlation indicates a positive association
between the variables (increasing values in one
variable correspond to increasing values in an-
other variable), while a negative correlation indi-
cates a negative association between the variables
(increasing values in one variable correspond to
decreasing values in another variable). A correla-
tion value of 0 indicates no association between
the variables. The segmentation methods men-
tioned above are the Bottom-Up and RACOS
algorithms. Four values of r: 0.2, 0.4, 0.6 and
0.8, are used in the RACOS. During the experi-
ment, it is discovered that time series data 1is
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divided into ten to twenty segments. We have iden-
tified 10, 12, 14, 16, 18, and 20 as the 6 threshold
values in the Bottom-Up method.

Lastly, there are four parameters: g, ¢, G3, C4,
to describe the features of the segments: a seg-
ment’s average value of data, the slope, the sum
of squared errors, and segment length. The for-
mula is

4
d0,C) =Y on/ls@) - %) (16)
=1

To observe the effects on distance measurements on
these four parameters, this research also tries sev-
eral different parameter weightings to observe and
record the distance relationship of the time series
data after segmentation. For example, w;, w,, w3,
and w, are used to represent the weighting setup,
and there are six sets of weights adopted in this
experiment, five of them with constant weights
being (1,0,0,0), (0,1,0,0), (0,0,1,0), (0,0,0,1),
and (1,1,1,1). The aforementioned weighting set-
ups are used to measure the segment data average,
the slope, the sum of squared error, and level of con-
tribution of segment length on distance, all under
different segment methods. The fifth set of weights
is used to measure the association of distances in
the time series data in the segments and original

Table 1. This table corresponds to the previous
results, which is that different r input can affect
the output segment numbers determined by the
RACOS, but there are no significant changes in
the standard deviation.

Table 2 is the comparison table of correlation
coefficients where the distances of two time series
data are calculated by dynamic time warping
before and after segmentation from the original
data and from the results of different segmentation
methods. Each row in the table represents the dif-
ference of the relative coefficient from the different
segmentation methods and parameter inputs. In
the Bottom-Up method, the parameter is the tar-
get segment number. In the RACOS algorithm,
the parameter is the different inputs of r. Each field
represents the relative coefficient results of differ-
ent feature values in each segment.

¢ (1,0,0,0) is the feature value that adopts the
average value in each segment as distance
measurement.

Table 1
Segment number outputs using the RACOS

data when four feature weights are set to be equal. r Average value Standard deviation
0.8 11.30769 2.81131
5.3.3. Experiment result 0.6 14.46154 1.88348
For other inputs of r in the RACOS, the 0.4 17.13462 2.70822
number of segments is recorded and displayed in 0.2 19.26923 2.57526
Table 2
Comparison of correlation coefficients for distance measurement
Method of segmentation Parameter (1,0,0,0) (0,1,0,0) (0,0,1,0) (0,0,0,1) (1,1,1,1) (P15 P2 P35 P4)
Original data - 1.0 - - - - -
Bottom-Up 10 0.9476 0.8169 0.8187 0.2010 0.8393 0.8515
12 0.9446 0.8295 0.8167 0.3362 0.8464 0.8580
14 0.9455 0.8281 0.8088 0.3969 0.8500 0.8622
16 0.9512 0.8321 0.8122 0.3340 0.8634 0.8770
18 0.9573 0.8409 0.8298 0.1808 0.8872 0.9020
20 0.9619 0.8556 0.8397 0.1346 0.9030 0.9178
RACOS 0.8 0.9647 0.8072 0.7790 0.0245 0.7671 0.8674
0.6 0.9769 0.8590 0.8384 0.0211 0.8863 0.9040
0.4 0.9847 0.8726 0.8451 —0.0092 0.9050 0.9241
0.2 0.9827 0.8539 0.8374 0.0127 0.9029 0.9206
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¢ (0,1,0,0) is the feature value that adopts the
segment slope in each segment as distance
measurement.

¢ (0,0,1,0) is the feature value that adopts the
sum of the squared error in each segment as dis-
tance measurement.

® (0,0,0,1) is the feature value that adopts the
segment length for each segment as distance
measurement.

e (1,1,1,1) considers all average values, slopes,
sum of squared errors, and segment lengths
with equal importance.

(p1, P2, P3, p4) also considers the above four fea-
tures when measuring time series distances, yet the
importance of each feature is based upon the cor-
relation coefficient between distance measurement
considered by that feature and the original data
distance measurement.

According to the results listed in Table 2, the
effect of the calculation of distance after time ser-
ies segmentation can be interpreted in two ways.
First, from the viewpoint of segment features,
we can see that in the four features, when dis-
tances are measured by their segment data aver-
age, the effect is most similar to using original
data for distance measurement. Thus, we can
conclude that this data loss is the lowest. The
effects of using the slope feature and the sum of
squared error are similar, and the correlation
coefficients are not as high as the average value
result, but are still 0.8 or higher. However, the
segment length has the lowest correlation coeffi-
cient, even having negative correlation. Therefore,
using the segment length as the feature value for
distance measurement causes the largest data loss.
Lastly, when all four features are considered, the
correlation of distance measurement is not as
good as when the average value is considered.
Yet Table 2 demonstrates that its effect is as high
as second or third place. However, when all four
features have the same weights, the resulting
correlation cannot compete with the approach
when weights are set according to correlation
coefficients.

However, in looking at the two setting methods
of weights with the highest correlation, the highest
is (1,0,0,0), and the second is (p1, P2, p3,p04). In

these two instances, the RACOS can generally
generate better correlation than the Bottom-Up
method. In other words, the RACOS can better
prevent data loss in time series segmentation.

6. Conclusion

Living in an era of explosive data and informa-
tion, people generate and accumulate data daily.
Many transaction data details each movement
and exchanges, yet the speed of accumulation
makes understanding them within a limited time
difficult. Thus, many calculation methods are
developed to integrate and combine data to pres-
ent approximate figures. For example, online ana-
lytical processing (OLAP) is a tool for such a
purpose. However, although many calculation
methods enable people to understand the environ-
ment information from data, it is still difficult to
analyze or extract useful knowledge from temporal
behaviors.

For this reason, this research aims to discuss the
matter from the perspective of time series data in
order to pursue a real quality-promoting data min-
ing method for time series data. However, time
series data and static data vary in nature. Thus,
much time, effort and cost are required for calcula-
tion. Our experiments have proven that the risk of
data loss is lowered, which demonstrates our
application’s ability in promoting data quality dur-
ing data analysis or data mining.

In addition, this research applies artificial intel-
ligence approaches to the time series data mining.
It simplifies the segmentation process and reduces
parameter inputs, which are the conceptual
parameters for fineness of segmentation. As
opposed to other segmentation requirements of
threshold values (such as segment number, upper
limit of total cost, upper limit of segment cost),
this approach does not require pre-understanding
original data such as domain range, data distribu-
tion, number of segments, etc. Through the exper-
iments, the results of segmentation are seen to be
similar or even better than those of the currently
popular Bottom-Up method.

To highlight the purpose and target of the
experiments, several limits are considered:
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(1) Limit of simple linear regression
To make calculation convenient, simple lin-
ear regression is used to describe segments
of the time series data. In reality, some data
cannot be described by simple linear regres-
sion [26], and such application might result
in undesirable segmentation results.

(2) Batch handling
The ACO algorithm is a solution-finding
process; therefore, multiple accesses and cal-
culation processes on time series data are
necessary for better results. The methods
proposed in this research handle data by
batches and do not consider online
calculations.

(3) Providing acceptable solution
The ACO algorithm is an unsupervised solu-
tion-finding method, and the answers it pro-
vides are not guaranteed to be the best, but
the expected effects can reduce human
involvement with an acceptable solution
obtained through automatic or semi-auto-
matic methods.

Time series segmentation is only the first step in
the processes of time series data mining. Distin-
guishing the transition process of time series data
better enables one to extract useful information
from an enormous time series database. Yet, how
to effectively use the information or transform it
into useful knowledge are issues that require fur-
ther research. In conclusion, several future
research directions are proposed for time series
segmentation in data mining.

First, to a certain degree, the purpose of time
series data segmentation is to re-arrange data into
simple sequential data. After segmentation, data in
the same segment is treated as values of observa-
tion with the same status. This makes it possible,
by means of observation, to analyze whether a
particular data pattern will repeatedly reappear
from time to time—a task of data mining towards
the periodic time series patterns. On the other
hand, analyzing the arrangement patterns of differ-
ent data models can also be used to conduct data
mining. With this application, causal relationships
can be found for time series data or sequential
data. Such use of data mining can draw associa-

tions of particular events from data, and even pre-
dict occurrences of events. Of course, prevention is
another action that can be utilized if such occur-
rences are not desired.

Furthermore, if there are many time series data
in databases, data mining can be applied to an
even greater degree. For many strings of times ser-
ies data, one important problem is how to measure
the time series similarity. Time series segmentation
and Dynamic Time Warping used in this research
are methods used in distance measurement before
and after segmentation, which address the prob-
lem. Thus it is possible to cluster or categorize time
series data under the condition of being able to
measure distances among different time series.
For example, a telecommunications company, by
recording customers’ spending and usage, can ana-
lyze the customers’ time series patterns in order to
classify them according to behavioral patterns
through time changes, which can help the com-
pany design future marketing projects or customer
relationship strategies.
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