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CHAPTER I

INTRODUCTION

In the age of information, time series data is one of the most ubiquitous. Time series are

the data that are recorded over time. More specifically, they are in a sequence manner. Time

series can be from many sources, such as stock market data recorded over a period of time,

or heart rate data that come from a wearable heart rate monitor. Figure 1.1 shows the Stock

Exchange of Thailand (SET) index from Google Finance (Google Inc., 2016). Time series data

mining is a research area that is actively interesting. Many attempts have been made in trying

to solve time series mining problems, such as classification (Mueen et al., 2011), clustering

(Zakaria et al., 2012), indexing (Camerra et al., 2010), anomaly detection (Kumar et al., 2005),

rules discovery (Das et al., 1998), and trend analysis (Drusinsky, 2003; Li-ping and Mei, 2009).

Figure 1.1: SET index from June 26th 2015 to June 26th 2016

One of the most challenging tasks in time series data mining is to discover frequent pat-

terns in data. Frequent patterns is essential for other tasks such as association rule discovery

(Das et al., 1998) and prediction (Alvarez et al., 2011; Yaik et al., 2005). Frequent episode

discovery is a task to find frequent occurrences of events from sequential data (Achar et al.,

2012). More specifically, an episode is partially ordered occurrences of events in a certain time

period, and the episode that occurs often is a frequent episode. The first proposed frequent

episode discovery algorithm was from (Mannila et al., 1997). After that many new defini-

tions of frequent episodes were proposed by many authors (Achar et al., 2012; Casas-Garriga,

2003; Huang and Chang, 2008; Laxman et al., 2007; Mannila et al., 1997; Meger and Rig-

otti, 2004). Many approaches use frequent episodes discovery for other applications such as
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forecasting and prediction (Martínez-Álvarez et al., 2009), manufacturing (Unnikrishnan et al.,

2009), telecommunication (Mannila et al., 1997), network security (Wang et al., 2008), biology

(Bouqata et al., 2006; Patnaik et al., 2008), finance (Ng and Fu, 2003), chiller management

(Patnaik et al., 2011), and etc.

Most of the proposed frequent episode discovery algorithm are based on an event of sin-

gle value of discrete data, such as in transactional or temporal database (Achar et al., 2012;

Mannila et al., 1997). On the other hand, instead of focusing on a single value, shape of subse-

quences in the stream can be patterns of interest. In most cases, local patterns or shapes in time

series can be very useful. For example in sign language recognition (Yang et al., 2010; Ong and

Ranganath, 2005), patterns to be recognized have to be a segment of hand gestures instead of a

single point in the recorded data. In that case, it is reasonable to recognize shape occurrences

as events. Surprisingly, there was no attempt that applied frequent episode discovery based on

shapes of real-valued time series effectively. An attempt in (Sang Hyun et al., 2001) approaches

the problem to predict data trend. However, the trend prediction is very limited and cannot be

applied to complex shapes. For this reason, general frequent episode discovery algorithms are

not capable to find frequent patterns from real-valued time series effectively.

As an illustration, ECG morphology (Sivaraks, 2014) consists of patterns of P-wave, QRS

complex, and T-wave. Each pattern has its own characteristic or shape. In this case, a single

data point in ECG cannot tell anything. If we take this simple example, ECG, as an input for the

frequent episode discovery algorithm. A meaningful answer can be the frequent patterns which

are P-wave, QRS complex, and T-wave, as shown in Figure 1.2.
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Figure 1.2: ECG morphology consists of P-wave, QRS complex, and T-wave.

However, it is not obvious to know the unknown patterns in a real-valued time series.

The frequent episodes in this ECG example can be performed more easily if the template of

patterns has already been known before running the algorithm. For unknown time series without
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predefined patterns, identifying the interesting patterns in the data is very challenging. For

example, given a motion data recorded from an equipment for elderly people (Wu et al., 2008),

it would be better if frequent complex patterns can be identified to further help understand

the people’s behavior. Figure 1.3 shows data from SmartCane (Wu et al., 2008), a monitoring

device to record walking behavior of elderly people.
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Figure 1.3: Time series recorded from SmartCane equipment (Wu et al., 2008; Niennattrakul, 2010).
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There are many attempts proposed to solve this problem of finding unknown interesting

patterns. The most well known method is applying Time Series Subsequence (STS) Clustering

to extract sub-patterns in a time series. Some research works attempt to use other data dis-

cretization techniques (Camerra et al., 2010) to make time series discrete and then perform the

clustering. However, there are studies stated that most STS clustering algorithms are meaning-

less (Keogh and Lin, 2005) due to the fact that most STS Clustering algorithms return output

that are not related to the input. More specifically, despite different characteristics of the time

series input, the output cluster centers will always be in a form of sine waves. Therefore, the

algorithms that use STS clustering as a subroutine (Yairi et al., 2001; Jin et al., 2002; Das et al.,

1998; Li et al., 1998; Cotofrei and Stoffel, 2002) will also fail to produce their correct outputs,

especially in rule discovery algorithms. On the other hand, frequent patterns or rule discovery

algorithms with other discretization techniques (Sarker et al., 2005; Pradhan and Prabhakaran,

2009b; Li et al., 2006; Wan et al., 2007; Lutsiv, 2007) cannot perform well enough due to

the limitation of the discretization itself. To emphasize, many parameters have to be chosen.

Also, some characteristics of the data would be lost after discretization, and sometimes, similar

subsequences can be different after the discretization.

The latest work by Niennattrakul (Niennattrakul, 2010) proposed an STS clustering al-

gorithm called 2STSC. The 2STSC algorithm shows that meaningful STS clustering results can

be achieved. Niennattrakul explained that the reason of meaningless results are from trivial

match subsequences. For that reason, he proposed an STS clustering algorithm using Dynamic

Time Warping (DTW) as a distance measure to better group the same patterns together. More-

over, shape-based averaging methods are proposed and used in his STS clustering algorithm to

average the trivial subsequences while keeping the shape of the patterns.

However, one of the problems is that the algorithm clusters all of the subsequences from

a sliding window method. Because all of the trivial patterns are clustered, the patterns will

be inflated and redundant. In fact, some subsequences such as noises, outliers or some trivial

patterns should not be clustered. For instance, in sign language recognition, transitions between

consecutive signs, called movement epenthesis (Yang et al., 2010; Ong and Ranganath, 2005),

have to be discarded. As a result, it is impossible to identify interesting events in time series

due to the fact that every single subsequence is assigned to a cluster. Figure 1.4 illustrates that

the trivial patterns are clustered by 2STSC (Niennattrakul, 2010).
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Figure 1.4: Trivial patterns are clustered by 2STSC

The challenges of discovering frequent episodes in real-valued time series can be sum-

marized as follows.

1. Frequent episode discovery from real-valued time series based on shape of the patterns is

not well addressed. The reason is that instead of considering shape of the patterns, most

of current frequent episode discovery algorithms consider every single discrete value to

be an event.

2. STS clustering algorithms can be used to identify interesting patterns in time series. How-

ever, most of the approaches fail to produce meaningful results.

3. Despite producing meaningful results by STS clustering algorithms, subsequences in time

series can be trivial. Identifying interesting patterns while discarding the trivial ones is

challenging.

This thesis proposes a new frequent episode discovery framework that uses a new STS cluster-

ing algorithm, called Selective Subsequence Time Series Clustering (SSTSC), to identify inter-

esting patterns while ignoring trivial ones. More importantly, the proposed SSTSC can identify

patterns while maintaining meaningful results. The proposed SSTSC also allows flexibility in

terms of input parameters, such as allowing pattern length to be variable, and automatically sug-

gesting total number of clusters. Moreover, the proposed framework is intentionally designed

to be divided into common subtasks, so that it is easy for further optimization. As a result

of identifying interesting patterns based on their shapes, it can effortlessly adopt the existing

frequent episode discovery algorithms (Mannila et al., 1997; Laxman et al., 2007; Achar et al.,
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2012) to find the occurrences of frequent time series patterns. The proposed framework is eval-

uated by experimenting on both real world data and annotated semi-synthetic data to evaluate

the effectiveness of the algorithm.

Beside the proposed framework, this thesis explores possibilities of using Dynamic Time

Warping (DTW) distance and a shape-based averaging technique to improve effectiveness of

the framework. Also, this thesis proposes an optimization technique to the application of DTW

distance in the framework by designing a bounding technique to reduce execution time of sub-

sequence search using DTW distance.

Next is the summary of the objectives, scopes, research methodology, and contributions.

1.1 Objectives of the thesis

This thesis aims to design a frequent episode discovery framework for real-valued time

series data. The following are objectives of this thesis.

• To design a new Subsequence Time Series (STS) clustering algorithm to identify interest-

ing patterns in the real-valued time series, and using the patterns as events for the frequent

episode discovery.

• To avoid overly-identified patterns in STS clustering algorithm, because identifying trivial

patterns can cause inflation and redundancy of the patterns.

• To explore the use of Dynamic Time Warping (DTW) Distance and shape-based averaging

scheme to improve effectiveness of the proposed STS clustering algorithm.

• To optimize the performance of using DTW distance in the framework.

1.2 Scopes of the thesis

The following are the scopes of this thesis.

• This thesis focuses on frequent episode discovery algorithm for time series data, whose

frequent events are determined based on interesting patterns discovered from the new STS

clustering algorithm.
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• The following performance measurements are used to evaluate the performance of the

algorithms.

– Shape-based Meaningfulness Measurement (SMM) (Niennattrakul, 2010)

– Rand index

– Precision, Recall, and F-Measure

– Frequent patterns visualization

• Datasets used in this thesis are from the UCR time series data archive (Keogh et al., 2011),

and some medical datasets are from PhysioNet (Goldberger et al., 2000).

1.3 Research methodology

• Study and research on general topics related to time series data mining.

• Survey on potential topics of the thesis including classification, clustering, indexing, sub-

sequence matching, and motif discovery.

• Review literatures related to frequent episode discovery on real-valued time series.

• Research and identify problems along with their causes related to frequent episode dis-

covery algorithm on real-valued time series.

• Design a framework for identifying interesting patterns for frequent episode discovery in

real-valued time series.

• Explore the usage of Dynamic Time Warping distance and shape-based averaging to im-

prove effectiveness of the designed framework.

• Design a new subsequence matching algorithm to improve efficiency of the use of DTW

in the framework.

• Evaluate proposed framework and algorithm performance.

• Compose the thesis.

1.4 Contributions of the thesis

• This is the first work to address frequent episode discovery problem on real-valued time

series effectively.
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• The proposed framework is shown to be able to be applied in real world applications.

• This thesis proposes a new frequent episode discovery framework. The following are

details of the proposed framework.

– The framework includes a new STS clustering algorithm for identification of inter-

esting patterns, while trivial patterns are discarded.

– The framework uses a compression based objective function to perform clustering.

– The framework allows variability in length of the patterns.

– The framework provides the best cluster number parameter suggestion.

– The framework is suitable for frequent episode discovery and other applications such

as rule discovery and prediction.

• The proposed framework is intentionally designed to be divided into common subtasks,

so that it is designed to be manageable for further optimization.

• This thesis proposes effectiveness improvements to the previously proposed STS cluster-

ing method by utilizing DTW distance, and shape-based averaging technique.

• This thesis proposes efficiency improvements on using DTW in a subsequence search

subtask.



CHAPTER II

BACKGROUND

In this section, background, definition and notation of frequent episode discovery and

time series subsequence clustering algorithms along with their relevant topics used in this thesis

are explained.

2.1 Frequent episode discovery

Frequent episode discovery is a task to find frequent occurrences of events from sequen-

tial data (Achar et al., 2012). More specifically, an episode is partially ordered occurrences of

events in a certain time period, and the episode that occurs often is a frequent episode. The

frequent episode discovery algorithms have first been proposed by H. Mannila, et al. (Man-

nila et al., 1997). Variation of the episode discovery later proposed by many authors (Achar

et al., 2012; Laxman et al., 2007), mostly concerns about different definitions of frequency of

episode. There is a study (Achar et al., 2012) that simplifies various frequent episode discovery

algorithms to a unified apriori-based algorithm. Next is the detail of general frequent episode

discovery algorithm (Mannila et al., 1997; Achar et al., 2012).

An event sequence of length n can be written as D = 〈(E1, t1), (E2, t2), ..., (En, tn)〉,

where Ei is the ith event occurring in the sequence, each Ei is a symbol from a finite set of

alphabets Σ, and ti is the occurrence time of Ei. The sequence is ordered so that, ti ≤ ti+1for

all i.

For example, the following sequence is an event sequence with 10 events:

〈(A, 1), (A, 2), (C, 3), (B, 3), (A, 6), (A, 7), (C, 8), (B, 9), (D, 11), (C, 12)〉 (2.1)

Definition 2.1 (Episode) An N -node episode α, can be defined as a triplet, (Vα,≤α, gα),

where Vα = {v1, v2, ...vN} is a set of N nodes, ≤αis a partial order on Vα, and gα : Vα → Σ

is a mapping that associates each node in α with an event-type from Σ.

When the≤α is a total order, α is a serial episode, while α can be a parallel episode if the order
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is empty. In this thesis, because the patterns in the time series cannot overlap with each other,

only serial episode will be considered.

For example, consider a 3-node episode Vα = {v1, v2, v3}, gα(v1) = A, gα(v2) =

B, gα(v3) = C, with v1 ≤α v2 ≤α v3. The episode can be denoted by (A→ B → C).

Definition 2.2 (Occurrence) An occurrence of episode α in the event sequence D is a map

h : Vα → {1, ..., n} such that gα(v) = Eh(v) for all v ∈ Vα, and for all v, w ∈ Vα with

v ≤α w, th(v) < th(w).

In the example event sequence (2.1), the events (A, 2), (B, 3), and (C, 8) construct an occur-

rence of (A → B → C). Note that the occurrence of the events in the sequence need not be

contiguous.

Definition 2.3 (Subepisode) An episode β = (Vβ, <β, gβ) is a subepisode of α = (Vα, <α

, gα), denoted by β � α if there exists a 1 − 1 mapping fβα : Vβ → Vα such that (i) gβ(v) =

gα(fβα(v)) for all v ∈ Vβ , and (ii) for all v, w ∈ Vβ with v <β w, we have fβα(v) <α fβα(w)

in Vα.

In other words, an episode β is a subepisode of α if every event of the same type in β appears

in α in the same order. For example, given an episode α = (A → B → C), (A → C) is

a subepisode of α, while (C → B) is not. If β is a subepisode of α, every occurrence of α

contains an occurrence of β (Mannila et al., 1997).

The key objective of frequent episode discovery is to find all frequent episodes. The

frequent episode is an episode that has frequency of occurrence higher than a user-defined

threshold. There are many attempts to define different episode frequencies (Casas-Garriga,

2003; Huang and Chang, 2008; Iwanuma et al., 2004; Mannila and Toivonen, 1996; Mannila

et al., 1997; Meger and Rigotti, 2004) along with algorithms to discover the frequent episode

efficiently.

A span is a general term used in literatures. Given an occurrence h of an N-node episode

α and Vα = {v1, v2, ...vN}, the span is equal to (th(vN ) − th(v1)). In other words, the span is

a constraint that every event in an episode has to appear within a specific period of time. Con-

sequently, the frequency of an episode is obtained by counting only the episode’s occurrences
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that have their span lower than a user-specified limit (Achar et al., 2012).

An apriori-style level-wise method is the most popular method of frequent episode dis-

covery (Achar et al., 2012). Considering the fact that an episode can be frequent if its subepisode

is frequent, the method uses a “candidate generation” step to create candidates (potential fre-

quent episodes) of size k by combining frequent episode of size k − 1. The next step is “fre-

quency counting” that counts the frequencies of all candidates by a chosen definition of fre-

quency, and then determines frequent candidates.

2.2 Rule discovery from frequent episodes

Rule discovery is one of the well-known data mining tasks. In general association rule

mining (Schluter and Conrad, 2011), rules can be obtained from a transactional database. Let

X and Y be two itemsets, the basic association rule is in a form of X ⇒ Y , which means when

X occurs in a transaction, therefore, with high probability, Y will occur in the same transaction.

For example, in the market basket analysis, customers who buy a keyboard are most likely to

buy a mouse too. When time involves with the data, the mentioned basic association rule above

is unnecessary. Temporal rule mining (Das et al., 1998) is then introduced. The simple temporal

rule is written as X ⇒T Y , which means when event X happens, then it is most likely to see

Y happens within time T .

The more complex temporal rule is called sequential rules or sequential patterns pro-

posed in (Agrawal and Srikant, 1995; Schluter and Conrad, 2011). This form of rules de-

scribes sequentially occurrence of events. For example, customers who buy Harry Potter

Vol. 1-6 will most likely buy Harry Potter Vol.7. This kind of rules can be described as

X1, X2, X3, ..., Xn ⇒V,T Y . In other words, if events X1, X2, X3, ..., Xn happen within time

window V, then Y should happen thereafter within time T .

Other variations of basic or temporal association rules is proposed according to some

specific applications. The quantitative association rule (Martinez-BallesterosF et al., 2011) is

rules in a form of X1(a) ∧X2(b) ⇒ Y . This type of rules is used when attributes X1 and X2

reach the threshold a and b, then Y will happen sequentially.

Another type of rules is Cyclic/calendar-based association rules (Li et al., 2001), which

is used when cyclical events occur. For instance, sandwiches and milk will be bought together

every morning. This type of rules can be written as X ⇒l,o Y, which means X and Y will
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happen together every l unit of time in the o unit of time.

To be more sophisticated, when rules can explain events from different transactions, inter-

transactional association rules are introduced (Morchen and Ultsch, 2004). Consider a circum-

stance when stock X1 is steep rising together with stock X2 in the same day, stock Y would be

rising in the next day with high probability. Note that this type of rule can be written the same

as the basic or temporal association rules, while applying for events from different transactions.

For the rules from frequent episodes, episode rules can be obtained from the results of

the frequent episode discovery (Mannila et al., 1997). In this case, given an event sequence

D, frequency fr of an episode is simply counted by how many span windows w in a set of all

windows W have an occurrence of the episode. Formally, fr(α,W ) = |{w∈W |α occurs in w}|
|W | .

For example, given an episode α = (A → B → C) and its subepisode β = (A → B),

a rule (A → B) ⇒ (C) can be obtained. Suppose fr(β,W ) = 4.2%, which means β can

be found in 4.2% of windows, and fr(α,W ) = 4.0%. It can be estimated that after seeing a

window with A and B, C will follow in the same window with a chance of 0.95. Formally,

an episode rule is β ⇒ α,such that β � α. The confidence of the episode rule is the fraction
fr(β,W )
fr(α,W ) . In other words, the confidence can be described as the conditional probability of the

occurrence of α in a window, given that β occurs in the window.

However, the rule discovery is an application example of this thesis. It is not in the scopes

of this thesis, since the scopes only cover frequent episode discovery level.

2.3 Subsequence Time Series (STS) clustering

In this section, explanation of Subsequence Time Series (STS) clustering will be pro-

vided. First, definitions of time series and subsequences are defined as follows:

The algorithm takes real-valued time series as an input. It will begin with the definition

of time series.

Definition 2.4 (Time Series) A time series T of length m is an ordered sequence of real value

data, where T = (t1, t2, ..., tm).

The proposed approach takes a sequence of time series T as an input and extracts it to a set of
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subsequences.

Definition 2.5 (Subsequence) A subsequence of length n of time series T is

Si,n = (ti, ti+1, ..., ti+n−1), where 1 ≤ i ≤ m− n+ 1, n ≤ m.

Suppose there is a time series T of length m, STS clustering clusters the subsequences

S̃ = {Si,n|1 ≤ i ≤ m − n + 1, n ≤ m} of the time series T . In other words, STS clus-

tering is the whole time series clustering that takes every subsequence as individual time series.

Therefore, general clustering algorithms such as k-means clustering or hierarchical clustering

can be applied. However, consecutive subsequences can be trivial. More specifically, for the

subsequences that have overlap region, the overlapping part will be of the same value. Applying

general clustering algorithms to the STS clustering problem can cause poor or meaningless re-

sult (Keogh and Lin, 2005). For this reason, STS clustering algorithms need to take the problem

of meaninglessness into account.

2.4 Similarity measure

Most time series mining algorithms require a similarity measure or a distance metric to

measure how similar a pair of time series (or subsequences) are.

2.4.1 Euclidean distance measure

To measure distance between two subsequences, the Euclidean distance that has been widely

used in time series domain is considered. The distance is shown below.

Dist(Xi,n, Xj,n) =

√√√√n−1∑
k=0

(xi+k − xj+k)2 (2.2)

where Xp,q is a subsequence of length q started at position p

2.4.2 Dynamic Time Warping distance measure

Dynamic Time Warping (DTW) distance measure (Keogh and Ratanamahatana, 2005) is a well-

known shape-based similarity measure for time series data. It uses a dynamic programming

technique to find an optimal warping path between two time series. Suppose we have two time

series sequences, a sequence X of length n and a sequence Y of length m. The distance is
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calculated by the following equation.

D(X1...n, Y1...m) = d(xn, ym) +min


D(X1...n−1, Y1...m−1)

D(X1...n, Y1...m−1)

D(X1...n−1, Y1...m)

(2.3)

where D(X1...n, /O) = D(/O, Y1...m) = ∞, D(/O, /O) = 0 , and /O is an empty sequence. Any

distance metric can be used for d(xi, yj), including L1-norm, i.e., d(xi, yj) = |xi − yj |.

2.4.3 DTW with global constraint

A global constraint efficiently limits the optimal path to give a more suitable alignment.

Recently, an R-K band (Ratanamahatana and Keogh, 2004), a general model of global con-

straints, has been proposed. R-K band represents a global constraint by a one-dimensional

array R, i.e., R = (r1, r2, ..., ri, ..., rn), where n is the length of time series, and ri is the height

above the diagonal in the y-axis and the width to the right of the diagonal in the x-axis. Each ri

value is arbitrary, making the R-K band an arbitrary-shaped global constraint.

2.4.4 Lower-bounding function for DTW distance

Although DTW outperforms many other distance measures, it is known to require huge com-

putational complexity. Therefore, LBKeogh has been proposed to speed up similarity search.

LBKeogh(Q,C) between the query sequence Q = (q1, q2, ..., qi, ..., qn) and a candidate se-

quence C = (c1, c2, ..., ci, ..., cn) can be computed as follows.

LBKeogh(Q,C) =

n∑
i=1


|ci − ui| ; if ci > ui

|li − ci| ; if ci < li

0 ; otherwise

(2.4)

where ui = max{qi−ri , ..., qi+ri}and li = min{qi−ri , ..., qi+ri}are envelope elements calcu-

lated from a global constraint R = (r1, r2, ..., ri, ..., rn).

2.5 Z-normalization

The two time series sequences are compared using any similarity measures; all the data

should first be normalized. Z-normalization (Han et al., 2006) that makes the value of mean



15

and standard deviation of a time series to be zero and one will be used. Given a subsequence

Ti,n = (ti, ti+1, ..., ti+n−1) whose mean is µ and standard deviation is σ. The normalized time

series is T ′i,n =
(
t′i, t
′
i+1, ..., t

′
i+n−1

)
, where t′k = tk−µ

σ .

2.6 Uniform scaling

Many research works show that uniform scaling technique can improve performance in

terms of accuracy (Fu et al., 2008; Yankov et al., 2007). Specifically, a subsequence T =

(t1, ..., ti, ... , tm) can be shrunk/stretched, by specifying a scaling factor f ≥ 1, to a new time

series T ′ =
(
t′1, ..., t

′
j , ..., t

′
n

)
, where t′j = tdj·n/me, dm/fe ≤ n ≤ bm · fc.

In this thesis, input time series can be extracted to subsequences of different lengths.

In detail, STS clustering algorithm in section 3.3 takes 2 parameters, w and f , the window

length and the scaling factor, respectively. Subsequences of length from dw/fe to bw · fc are

extracted, then uniform scaling is used to make them the same length of w before clustering.

2.7 Motif discovery

A subsequence motif (Tang and Liao, 2008; Frith et al., 2003; Li et al., 2012; Mueen

et al., 2009; Yingchareonthawornchai et al., 2013; Yankov et al., 2007) is the most similar

pair of subsequences in time series data. Many research works have proposed motif discovery

algorithms, trying to improve performance in terms of speed and accuracy. In this thesis, MK

algorithm in (Mueen et al., 2009), which is considered the fastest algorithm to find a pair of

motifs by using the Euclidean distance, will be utilized.

2.8 Subsequence search in time series

Subsequence matching algorithm (Wu et al., 2005; Niennattrakul et al., 2009; Rodpong-

pun et al., 2011) is usually used as a subroutine in many data mining tasks. By giving a query

sequence, we can retrieve a subsequence, which is the most similar to the query, from a longer

time series. In this thesis, the Euclidean and DTW distance are used as a distance measure to

compare the query sequence with all the extracted subsequences

2.9 Time series averaging

In the clustering part of this thesis, an averaged time series sequence of each cluster needs

to be calculated. This section describes averaging methods used in this thesis.
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2.9.1 Amplitude averaging

Amplitude averaging method (Niennattrakul, 2010) calculates a mean time series by av-

eraging every pair of points or dimensions of two time series of the same length. Given two

time series of length n, A = (a1, a2, ..., ai, ..., an) and B = (b1, b2, ..., bi, ..., bn), a mean time

series C = (c1, c2, ..., ci, ..., cn) is calculated by ci = ai+bi
2 , for all i = 1, 2, ..., n.

In addition, for the input sequences that have different weights, for exampleA has weight

ωA, and B has weight ωB , the mean time series C can be calculated by ci = ωA·ai+ωBbi
ωA+ωB

, for all

i = 1, 2, ..., n.

Therefore, a mean time series X = (x1, x2, ..., xi, ..., xn) can be computed from a set

of m time series of length n, T = {T1, T2, ..., Tj , ..., Tm}, with different weights ωTj
by xi =∑

T∈T
ωTj

ti∑
T∈T

ωTj
, for all i = 1, 2, ..., n and j = 1, 2, ...,m.

2.9.2 Shape-based averaging

Unlike the amplitude averaging, shape-based averaging method, called CDTW (Niennat-

trakul et al., 2012), averages pairs of data points according to a warping path of DTW distance

between two time series. When calculating DTW distance, a path matrix is created to store

an index of the adjacent element that has minimum cumulative distance, and a warping path is

traced back from the last element to the first element (Niennattrakul, 2010). An averaged time

series is then computed along the warping path.

Given a path W = (w1, w2, . . . , wk, . . . , wN ), where wk = (ik, jk) is kth coordinate in

the DTW’s optimal path of two sequences A and B. Therefore, a position c′kx of a data point

in a new averaged sequence C ′ is determined by C ′kx = ωA·ik+ωB ·jk
ωA+ωB

, and an amplitude c′ky of a

data point in a new sequence C ′ is determined by C ′ky =
ωA·aik

+ωB ·bjk
ωA+ωB

, where ωA and ωB are

the weights of sequences A and B, respectively.

Consequently, the length of the sequence C ′ can be equal to or longer than the length of

original sequences. For this reason, re-interpolation is applied. In (Niennattrakul et al., 2012),

CDTW averaging method uses a cubic-spline interpolation (Burden et al., 1997) to re-sample

the averaged time series C ′ to be the same length of A and B.



CHAPTER III

TIME SERIES FREQUENT EPISODE DISCOVERY

FRAMEWORK

This chapter provides a complete detail of the proposed time series frequent episode

discovery framework, but before going to the algorithm, related work will be discussed next.

3.1 Related work

The related work section will be divided into two topics. First, related works about

frequent episode discovery and other related mining techniques will be explained. This part in-

cludes frequent episode discovery algorithms, other related frequent pattern mining algorithms

in time series, and related association rule discovery algorithms. Second, a topic specifically

about techniques to transform real-valued time series to event sequences, which mainly focus

on subsequence time series clustering techniques and some discussion on motif discovery, will

be described.

3.1.1 Frequent episode discovery and related mining techniques

The frequent episode discovery algorithms have been active since the first work proposed

by H. Mannila, et al. (Mannila et al., 1995). Variations of the frequent episode discovery al-

gorithms are proposed by many authors (Achar et al., 2012; Laxman et al., 2007). In (Mannila

et al., 1997), window-based, and minimal occurrence-based frequency counting methods are

proposed with optimized counting algorithms. Head frequency and total frequency definitions

(Iwanuma et al., 2004) are proposed along with counting methods to reduce the redundancy of

frequent episodes in (Mannila et al., 1997). There are a non-overlapped, and non-interleaved

frequency introduced in (Laxman, 2006) to have constraints that the frequent episodes should

not be overlapped or interleaved. Other frequency definition is distinct occurrence-based (Ma-

hesh Joshi and Kumar, 1999) that do not allow an event to be in multiple episodes.

There are many frequent episode discovery algorithms that are proposed for various types

of data scheme. A work from (Srivatsan Laxman, 2012) proposes an episode mining algorithm

for dynamic event streams. The work provides approximation algorithm to discover frequent
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episodes from streaming data. Another type of data is uncertain sequence data, which is the

data that has probability of occurrence (Wan et al., 2013b,a). The uncertain data needs to take

the probability of event occurrences into account.

In spite of that, there are many researches on frequent episode discovery. Most of the

works are based on input event sequence to be discrete. In other words, an event is considered

to be only one data point of known type. However, it will be a problem if it needs to consider

more complex real-valued patterns or shapes, instead of one discrete data point as events in the

sequence. To do so, all of the above mentioned frequent episode discovery algorithms cannot

be used. This thesis then proposes to solve this problem.

Some research works use frequent episode discovery for other applications such as pre-

diction or forecasting, such as in (Martínez-Álvarez et al., 2008) and (Martínez-Álvarez et al.,

2009), the authors propose algorithms to forecast electricity price time series by discretizing

real-valued time series to event sequences, and then discover frequent episodes for prediction.

However, these works are proposed to perform segmentation on electricity price to a period of

a day, and also reduce the dimension of the price in a day to a specific set of event types. For

this reason, the problem can be considered to be discovering frequent episodes on a single value

in time, which is beyond the scope of this thesis that the data are real-valued and do not have

predefined segments.

Another type of research that is closely related to frequent episode discovery is associa-

tion rules discovery. Other than mining rules from discrete event sequences (Qin and Shi, 2006),

there are works proposed for real-valued time series. The most mentioned technique for discov-

ering association rules from time series is proposed by G. Das, et al. (Das et al., 1998). After

extracting an input time series to subsequences, a traditional k-means clustering algorithm is ap-

plied to the set of all subsequences. Accordingly, set of temporal association rules are obtained

from those clustered subsequences by using Apriori algorithm (Agrawal and Srikant, 1994).

Also, variations of the method by G.Das, et al. are proposed (Pradhan and Prabhakaran, 2009b;

Lutsiv, 2007). In the same manner, many attempts utilize fuzzy approach to mine rules from

time series (Wang and Chen, 2009; Pradhan and Prabhakaran, 2009a). However, symbolization

is needed to convert real-valued time series data to discrete subsequences, and many threshold

parameters need to be determined to obtain association rules. A well-known discretization tech-

nique, SAX (Warasup and Nukoolkit, 2006), is utilized to discretize the input time series to be

a set of symbols. Subsequently, an apriori-like algorithm is applied to acquire association rules
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from the discretized subsequences. As mentioned above, this type of discretization makes time

series lose their characteristics, and also, many parameters are required to achieve an optimal

results. The latest work from (Shokoohi-Yekta et al., 2015) proposes an algorithm to discover

meaningful rules in time series. The algorithm finds a motif in the time series, and then uses

an MDL technique for an objective function to find an optimal split point in the motif pattern

that gives an optimal rule. This approach works well with real-valued time series; However,

there are limitations when the rule needs to be in a form of A⇒ B only. Also, even though the

authors propose maxlag value to allow some gap between A and B, the motif that is a baseline

to find the rule cannot have the maxlag value. For this reason, this work (Shokoohi-Yekta et al.,

2015) does not solve the same problem of this thesis, which is to discover frequent episodes

that are constructed from important shapes or patterns in time series.

This thesis proposes a new subsequence time series clustering algorithm to identify im-

portant patterns in the time series while discarding trivial patterns to avoid pattern inflation and

redundancy. In other words, the real-valued time series is transformed to an event sequence,

and then any frequent episode discovery algorithms can be applied to find frequent episodes.

Next subsection will discuss about related works according to STS clustering method.

3.1.2 Discovering of patterns in real-valued time series

One may consider motif discovery techniques (Frith et al., 2003; Li et al., 2012; Mueen

et al., 2009; Tang and Liao, 2008; Yankov et al., 2007) for discovering important patterns in time

series. However, in time series mining community, most proposed motif discovery algorithms

focus on finding one pattern at a time. More specifically, motif discovery algorithms find a pair

of subsequences that are most identical based on a distance measure. Although some methods

can find more than one pattern (Mueen et al., 2009; Yingchareonthawornchai et al., 2013),

the motif discovery algorithms focus on finding the motif patterns without identifying all the

subsequences that are similar to the motif patterns. For this reason, subsequence time series

(STS) clustering technique is more relevant to identifying all important patterns and their labels

(clusters).

In time series mining communities, clustering task has always been receiving much at-

tention. However, most works focus on clustering individual time series whereas clustering

subsequences of a single long time series, the problem considered in this thesis, is not well re-

solved for using with frequent episode discovery. The most referenced work is the one that uses
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STS clustering as a subroutine for rule discovery (Das et al., 1998). The proposed work from

Das et al. uses k-means clustering with all subsequences from an input time series to discretize

to real-valued time series to discrete events. All of the subsequences are extracted by using

a simple sliding window method. After obtaining the discretized sequence, a rule discovery

algorithm is applied. Another work (Oates, 1999) proposes an algorithm to identify distinctive

subsequences in real-valued time series. However, the method proposed by (Oates, 1999) is in-

applicable to single time series problem (Zolhavarieh et al., 2014). Oates also proposes another

method called PURUSE (Oates, 2002) to find recurring patterns in time series. The work has

two approaches that are a supervised learning and an unsupervised learning. Experiments are

based on data from utterances, and data from robotic sensors. A study by Frith et al. (Frith et al.,

2003) proposes a model to find clusters of motifs in DNA sequences using maximal log like-

lihood ratios. They also propose methods that has higher efficiency, which are Cister, Comet,

and cluster-buster.

Surprisingly, it has been discovered that the STS clustering methods used in previous

works are meaningless (Keogh and Lin, 2005). Because the algorithm tries to cluster every sin-

gle extracted subsequences, their output turns out to always be in sine waves regardless of what

the input sequence looks like. For this reason, the authors claim that the other methods that use

STS clustering as a subroutine will fail to produce their meaningful results as well. This work

by Lin et al. (Lin et al., 2003) also proposes a new measurement to measure meaningfulness of

STS clustering algorithm.

After the meaninglessness claim, there are approaches proposed by many authors. A

study by (Chen, 2005) is the first attempt to solve the meaninglessness problem. The study

comes to conclusions that the subsequences can be significant, and the distance measure in

delay space can lead to meaningful result. A work from (Denton et al., 2009) proposes kernel-

density-based method for clustering of time series subsequence. The work shows that noise

elimination with the proposed kernel-density-based clustering can be significant in the cluster-

ing application (Zolhavarieh et al., 2014). Another work proposes a new cluster shape distance

to be used with STS clustering (Goldin et al., 2006). The approach defines a shape by a sorted

list of the pairwise Euclidean distance between their centroids. The authors also provide two

algorithms related to the proposed new distance measure that matches cluster centroids. First

algorithm creates smaller fingerprints while the second approaches with higher accuracy. How-

ever, this work only shows the effectiveness with only one dataset of 10 sequences. A work

from (Kumar et al., 2006) proposes WaveSim and adaptive WaveSim transform, which are a
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perspective of wavelet transform. The algorithm uses a hierarchical tree based method for

STS clustering using the proposed WaveSim transform. Chen (Chen, 2007a) proposes another

work for the STS clustering to achieve meaningful result. The method restricts the cluster-

ing space to extend over the visited region by the time series data in the subsequence vector

space. The author claims that the method can achieve the meaninglessness problem. Another

work from Chen (Chen, 2007b) provides an alternative distance measure that is Euclidean dis-

tance in the delay vector space. The work advises that the STS clustering can be meaningful.

However, results of the study are limited given certain barriers (Zolhavarieh et al., 2014). A

theoretical analysis of the STS clustering is proposed by (Fujimaki et al., 2008). The analysis

is based on a frequency-analysis viewpoint, and provides mathematical background about how

STS clustering algorithms generates output as sine waves. The authors also propose a cluster-

ing method, Phase Alignment STS clustering, using phase alignment preprocessing. Another

interesting work from (Denton et al., 2009) proposes a clustering algorithm that uses frequent

occurring subsequences to create clusters. Subsequences can be frequent if their occurrences

are more frequent than an expected value of a random chance. The algorithm performs on both

pattern-based clustering, and kernel-density-based clustering. An algorithm called CONTOUR

proposed by (Wang et al., 2009) improves efficiency over discovering discriminating subse-

quences. The approach uses pruning techniques to make the algorithm more efficient. Li et

al. (Li et al., 2012) propose a method of clustering using numerosity reduction and grammar

induction based algorithms. However, for long time series, many iterations may be needed to

achieve effective results (Zolhavarieh et al., 2014). Yang approaches STS clustering (Yang and

Wang, 2014) by proposing a method using phase shift weighted spherical k-means algorithm.

The proposed method only shows output example from only one dataset.

To summarize, the meaninglessness problem of the STS clustering is analyzed by many

authors (Fujimaki et al., 2008; Idé, 2006; Ohsaki et al., 2009). It now comes to a conclusion

that clustering every subsequence extracted by moving a fixed sliding window leads the cluster

centers to converge to a form of sine waves. However, those algorithms (Chen, 2005; Den-

ton et al., 2009) require a fixed value of number of clusters k and length of subsequences w,

which are not suitable in real world problems. A comprehensive review of most STS clustering

algorithms and their relevant algorithms is also reported by (Zolhavarieh et al., 2014).

Niennattrakul proposes a new STS clustering algorithm based on shape-based averaging

technique (Niennattrakul, 2010), called 2STSC, which is proven to be meaningful. However,

the drawback of the algorithm is that every single subsequence of a time series is clustered.
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Therefore, when doing rule discovery, a lot of consecutive subsequences are inflated. As a

result, it is very difficult to find the rules with a lot of trivial patterns. Moreover, parameters

also needed to be predefined, i.e., the number of clusters k and length of subsequences w. In

this case, it can be seen that results of the algorithm would be very sensitive to the parameters

as shown in Figure 3.1. A simple CBF example shows that even the cluster number k is set to

3, which is a desirable class number for the CBF data, some subsequences that lie between two

major patterns are forced to be clustered. Hence, those undesirable patterns are assigned to a

cluster. This then conducts a cluster center to be incorrect and misleading.

Input

Desired pa!erns

Undesired pa!ern

Figure 3.1: Undesired patterns will be forced to be in a cluster

Recently, Rakthanmanon proposes a new STS clustering algorithm (Rakthanmanon et al.,

2012) that uses MDL technique to acquire patterns into clusters. It is important to note that some

of the similar ideas proposed in (Rakthanmanon et al., 2012) was independently developed in

parallel to this thesis work (in section 3.3.3), which is published in (Rodpongpun et al., 2012).

This is to declare the originality of this thesis, and to emphasize the impact and contributions of

the methods proposed in this thesis.

3.2 Discretization: converting real-valued time series to event sequence

There are a lot of techniques to discretize real-valued time series. Due to the fact that

it needs to convert a time series to an event sequence where the events are significant patterns

in the time series. Subsequence Time Series Clustering (STSC) algorithm (Zolhavarieh et al.,

2014) is the most suitable solution, because the algorithm clusters subsequences into groups

where each group consists of similar pattern subsequences. Then, it is easy to mark each clus-

tered subsequence as an event based on its clusters. However, most STSC are claimed to be

meaningless. There are some attempts to solve the meaninglessness issue (Niennattrakul, 2010;
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Chen, 2007b). The intuition is that we do not need to assign every single subsequence to be

events. The consecutive subsequence can be trivial. Especially, when the sampling rate of the

data is high, there are a lot of consecutive subsequences that have similar pattern. Therefore,

the pattern will be inflated and we cannot get a meaningful result when performing a frequent

episode discovery. An algorithm called Selective Subsequence Time Series Clustering (SSTSC)

(Rodpongpun et al., 2012) is proposed in this thesis to perform subsequence clustering the way

we need. The SSTSC discards some trivial subsequences and clusters only significant ones.

For this reason, this thesis proposes this method as a discretization technique to convert a real-

valued time series to an event sequence.

Next section will provide details of the proposed algorithm.

3.3 Selective Subsequence Time Series (STS) clustering

Time series clustering (Chen, 2005; Denton et al., 2009; Lai et al., 2010; Keogh and Lin,

2005; Wang et al., 2006) is one of the most popular tasks in time series data mining commu-

nity (de A. Araújo, 2011; Lee and Tong, 2011; Li and Guo, 2011; Weng and Shen, 2008a,b;

Niennattrakul et al., 2012). Most algorithms generally perform whole time series clustering

(Wang et al., 2006; Lai et al., 2010). More specifically, those algorithms try to group individual

time series instances to a set of clusters. On the other hand, Subsequence Time Series (STS)

clustering (Chen, 2005; Keogh and Lin, 2005; Denton et al., 2009), which will be considered

in this thesis, has been gaining more popularity. STS clustering algorithm discovers clusters of

interesting subsequences within a single time series data stream. This algorithm can be used

as a subroutine of other data mining tasks, such as rule discovery (Yairi et al., 2001; Das et al.,

1998; Jin et al., 2002), indexing (Li et al., 1998), classification (Cotofrei and Stoffel, 2002), and

anomaly detection (Yairi et al., 2001).

Unfortunately, it has been demonstrated that these STS clustering algorithms produce

meaningless results (Keogh and Lin, 2005). Because most algorithms use a sliding window to

extract subsequences and try to cluster them all, the resulting cluster centers turn out to be some

forms of sine waves regardless of the original shape of the patterns in the input data. Therefore,

every algorithm that uses this meaningless STS clustering as a subroutine will in turn fail to

produce meaningful results as well.

The cause of producing sine waves as outputs has been analyzed by many authors (Fu-
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jimaki et al., 2008; Idé, 2006; Ohsaki et al., 2009). They have shown that clustering of every

single subsequence leads to meaningless outputs. In fact, some subsequences such as noises

or outliers should not be clustered. For instance, consider a speech recognition problem, non-

speech segments in a source data has to be determined and removed. Similarly, in sign language

recognition, transitions between consecutive signs, called movement epenthesis (Yang et al.,

2010; Ong and Ranganath, 2005), has to be discarded. It is shown in Figure 3.2 that meaningful

STS clustering can be achieved by ignoring some subsequences. The ECG data from (Gold-

berger et al., 2000) demonstrate that it is not necessary to include some trivial subsequences in

a cluster.

Four cluster centers

1 2 3 4

1 11 12 23 3 3 4 4

Figure 3.2: Meaningful STS clustering achieved by ignoring some subsequences.

This thesis proposes a new STS clustering framework called Selective Subsequence Time

Series Clustering (SSTSC), which performs subsequence clustering to produce meaningful

cluster centers. This thesis will show that the cluster centers from the proposed algorithm

do represent the actual patterns within the input data, instead of producing sine waves. In

essence, this thesis adopts an idea of data encoding to determine proper clusters by clustering

only important subsequences. Some subsequences that are not significant will be discarded.

On the other hand, because it is hard to exactly specify a window size of the subsequences, the

proposed approach allows window size to be varied. The appropriate sliding window size, w,

depends on types of data and application requirement. In practice, a user only needs to roughly

estimate a value of w, and then the proposed algorithm will determine an appropriate value.

However, due to the flexible window length w, the members of clusters could be of different

lengths. Moreover, different types of data need different predefined number of clusters k, so the
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proposed algorithm automatically determines an appropriate number of clusters depending on

characteristics of input data.

The rest of this chapter is organized as follows. Section 3.3.1 will define some definition

and notation, followed by problem definition in section 3.3.2 Details of the proposed approach

are described in section 3.3.3. Section 3.4 summarizes the frequent episode discovery method

that will be used. Section 3.5 shows essential experiments in various domains including real

and semi-synthetic data. Finally, conclusion and discussion about future research direction

according to the proposed STS clustering algorithm are discussed in section 3.6.

Next will be details of the proposed approach called Selective Subsequence Time Series

Clustering (SSTSC) framework. Firstly, it begins with stating the problem definition.

3.3.1 Definition and notation

As mentioned in the chapter 1, this thesis adopts an idea of simple data encryption to

determine proper clusters by emulating the clusters as a codebook.

Definition 3.1 (Codebook) A codebook is a data structure used to store codewords, represent-

ing repeating parts in an input data. The input data can be compressed by substituting the

repeating parts with smaller codeword symbols.

In this thesis, it emulates cluster centers as the codewords used to represent their member subse-

quences. Performance of the encoding can be measured by using Compression ratio and Error

defined below.

Definition 3.2 (Compression Ratio) Compression ratio is a ratio of the data size between be-

fore and after compression, including an overhead of construction of a codebook and codeword

symbols.

For example, given a 16-charecter string S = “ABCDEFGHIJKLMNOP”. Suppose that

substrings “ABC” and “HIJ” are similar, we can substitute them with a symbol x, therefore

the encoded string S′ = “xDEFGxKLMNOP ”. In this case, we can eliminate 6 charac-

ters (“ABC” and “HIJ”), but a codeword of size 3, and two x’s must be created; thus, the

compression is 6− (3 + 2) = 1 character, and the compression ratio R̃ = 16−1
16 = 0.94.
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Definition 3.3 (Error) Error is a summation of distances from cluster centers to their cluster

members.

For example, the two substrings “ABC” and “HIJ”, which are mentioned in the previous def-

inition, are grouped into a cluster C, then a codeword (a cluster center) C̄ is created. The Error

of creating a cluster from those substrings is Ẽ(C) = Dist(C̄, “ABC”) +Dist(C̄, “HIJ”).

Next is a problem definition of the proposed STS clustering algorithm.

3.3.2 Problem definition

Input of the proposed algorithm is a single time series data. The problem is to first de-

termine a number of clusters n, and then to group subsequences into proper clusters; some

subsequences can be discarded without being assigned to any cluster. The subsequences

are extracted using a sliding window approach. The sliding window can be varied in a

range specified by a user. For example, it is demonstrated by using a 16-character string

S = “ABCDEFGHIJKLMNOP ” as an input. We use a sliding window w of size 3, and

a scaling factor f = 1.5; therefore, the length of the subsequences is varied from 2 to 4. The

subsequences are extracted into a set S′ = {“AB”, “BC”, ..., “OP”, “ABC”, “BCD”, ...,

“NOP”, “ABCD”, “BCDE”, ..., “MNOP”}. The algorithm should produce a set of clus-

ters C̃ = {C1, ..., Ci, ..., Cn}. Each cluster consists of its members and a cluster center:

Ci = {ti1 , ti2 , ..., tin , C̄i}, where tij is the jth member of the ith cluster, and the C̄i is the

cluster center of the ith cluster.

3.3.3 Clustering method

To form clusters from a set of subsequences, we must iteratively pick one subsequence

and assign it to a cluster. However, in the first place, we do not have any predefined cluster yet,

and we must make a decision as follows. Intuitively, we can choose two subsequences which

are the most similar, to create the first cluster, then the first cluster center is produced. As a

result, we can choose other subsequences, which are the most similar to the already created

cluster, to be added to the existing cluster; therefore, the cluster center is then updated. Nev-

ertheless, it is better to create a new cluster if there exist two subsequences that are similar to

each other more than to the existing cluster center. Moreover, if there are two clusters that can

be grouped together, we can decide to merge them to create a new cluster. Thus, we define

three operations for producing clusters from a set of subsequences; those are Create, Add, and
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Merge to iteratively select two subsequences to create a new cluster, to assign a subsequence to

an existing cluster, and to merge two clusters into a new cluster, respectively.

The proposed approach iteratively selects an operation, which are Create, Add, and Merge

to produce a set of clusters. Accordingly, this thesis adopts an idea of data encoding as a

heuristic function to choose an optimal operation in each step of clusters construction. This

thesis emulates a set of cluster centers as a codebook, where each cluster center is a codeword

used to encode the input time series. Some subsequences from the input time series, which

are members of a cluster, will be substituted by a small codeword symbol. Error of a cluster

is determined by a summation of Euclidean distance from the codeword, which is the cluster

center, to their member subsequences.

Ẽ(Ci) =

m∑
j=1

Dist(tij , C̄i) (3.1)

where m is a number of members in the ith cluster.

Increased error 4Ẽ is obtained after a cluster update.

4Ẽ = Ẽafter − Ẽbefore (3.2)

Compression ratio R̃ is determined by calculating data reduction of the original subse-

quence including overhead from codeword construction and codeword symbol substitution.

In detail, Compression ratio and Increased Error for each operation are described below.

1. Create: Create a new cluster C from two subsequences P of length u, and Q of length v.

A new codeword C̄ of length w is obtained by merging P andQ. The length of input time

series l is reduced by u+ v. The overhead is added by the codeword construction and the

substitution of P and Q by two of a codeword symbol “x” of size 1.

4Ẽ = Ẽ(C) (3.3)

R̃ = [(u+ v)− (w + 2)]/l (3.4)
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2. Add: Update an existing cluster C to a new cluster C ′ by adding a subsequence P of

length u, and update the codeword C̄ to C̄ ′. This operation reduces the length of input

time series l by u. The overhead is added by substituting P by “x” of size 1.

4Ẽ = Ẽ(C ′)− Ẽ(C) (3.5)

R̃ = (u− 1) /l (3.6)

3. Merge: two clusters Ci and Cj are merged into a new cluster C ′. A codeword of length w

is reduced.

4Ẽ = Ẽ(C ′)− [Ẽ(Ci) + Ẽ(Cj)] (3.7)

R̃ = w/l (3.8)

The problem can be considered as a search space consisting of nodes of the three operations,

which is illustrated in Figure 3.3. The proposed approach uses greedy method to iteratively

select a node that has minimal Increased Error. To do this, as shown in Figure 3.4, this thesis

applies MK motif discovery algorithm (Mueen et al., 2009) to discover a pair of subsequences,

which has minimal Euclidean distance, to be the best node for the Create operation. To search

for the optimal Add node, all codewords are used as queries for the subsequence matching

algorithm to locate the best subsequence to be added to an existing cluster. The optimal Merge

node can be determined by searching all nodes, due to its small number of nodes. Note that

the subsequences can be of different lengths, so this thesis uses a uniform scaling technique

to make them the same length w before applying the motif discovery and the subsequence

matching algorithms.
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[ABC]+[DEF] [ABC]+[EFG] [KLM]+[NOP]

…

[HIJ]+[KLM] [HIJ]+[LMN] [KLM]+[NOP]

…

[ABC,EFG]+[HIJ] [ABC,EFG]+[IJK] [ABC,EFG]+[NOP]

…

[ABC,EFG]+[HIJ,KLM][ABC,EFG]+[NOP]

Start

Create

Add

Merge

Figure 3.3: The search space consists of Create, Add, and Merge operations.

Mo�f
min

Brute Force

Subsequence

Matching

Create

Add

Merge

Figure 3.4: The optimal node can be determined by using motif discovery and subsequence matching
algorithms.

To determine a proper number of clusters, we must choose a state of creating clusters

that provides large compression ratio while producing less error. From the compression-error

plot shown in Figure 3.5, it is obvious that there is a knee point in the graph where errors are

dramatically increased. It means applying an operation after that point will lose the clustering

accuracies. Thus, we return clusters in that state as a result of the algorithm.

The knee point (Salvador and Chan, 2004) can be determined by scanning along the

compression ratio-error curve point by point. For each point, calculate two linear regression

lines: one from all the points on the left side of the point and another one from all the points on

the right side of the point. The knee is the point where the summation of errors from the two
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lines is minimum.

To find that point, this thesis determine linear fitting function to the compression-error

graph and choose a point that gives minimum residual value to the fitting function as shown in

Figure 3.5. Consider a special case that a user want to specify the number of clusters k, the

proposed algorithm can effortlessly handle it by choosing a latest state that has the number of

clusters equal to the one specified by the user.
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Figure 3.5: The stopping point or knee point can be found at the state that has minimum value of sum-
mation of regression error between left and right linear regression lines.

Table 3.1 illustrates the main algorithm. The algorithm starts by extracting subsequences

from the input sequence by running SUBSEQUENCEEXTRACTOR function. After that, it enters

a loop to iteratively select an operator to create clusters until there is no subsequence left. The

Create, Add, and Merge operations are applied, then the best one, which gives minimum error,

is selected in each iteration. Every cluster construction state is kept in a list P for determining

the best state later. After breaking the loop, a proper cluster state will be chosen by using

STOPPINGSTATE function.
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Table 3.1: SSTSC algorithm

Function [C̃] = SSTSC(T,w, f )
1. S = SUBSEQUENCEEXTRACTOR(T,w, f )
2. while there is an operation left
3. [C ′[1], S′[1]] = CREATECluster(C̃, S)
4. [C ′[2], S′[2]] = UPDATECLUSTER(C̃, S)
5. [C ′[3], S′[3]] = MERGECLUSTERS(C̃, S)
6. m = ARGMINERROR(C ′)
7. C̃ = C ′[m]
8. S = S′[m]

9. P .add(C̃)
10. return P .at(STOPPINGSTATE(P ))

Details of SUBSEQUENCEEXTRACTOR function are shown in Table 3.2. The function

extracts subsequences of length varied from wmin to wmax, and makes it the same length by

using UNIFORMSCALING function. Consequently, the extracted subsequences are normalized

by Z-NORMALIZE function, and they are stored in a list of subsequences S.

Table 3.2: Subsequence extractor

Function [S] = SUBSEQUENCEEXTRACTOR(T,w, f )
1. wmin = dw/fe
2. wmax = bw · fc
3. l =LENGTH(T )
4. for i = wmin : wmax

5. for j = 1 : l
6. t = UNIFORMSCALING(s[j : j + i− 1])
7. Z-NORMALIZE(t)
8. t.start = j
9. t.end = j + i− 1
10. S.add(t)
11. return S

Table 3.3 shows CREATECLUSTER function in details. It starts by executing MOTIFDIS-

COVERY to find a motif pair. After that, a cluster is created from the motif pair, and the motif

pair and the subsequences that overlap with them are removed from the list of subsequences S.
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Table 3.3: Create operation

Function [C̃ ′, S′] CREATECLUSTER(C̃, S)
1. [l1, l2] = MOTIFDISCOVERY(S)
2. C.C̄ = AVERAGE(S[l1], S[l2])
3. C.addMember(S[l1])
4. C.addMember(S[l2])
5. C̃.add(C)
6. remove S[l1] and S[l2] and subsequences

that overlap S[l1] and S[l2] from S

7. return C̃, S

Table 3.4 explains details of UPDATECLUSTER function. Every cluster center of all cre-

ated clusters is used as a query sequence for SUBSEQUENCEMATCHING function. The function

returns a subsequence from S that is the most similar to the query. The subsequence that pro-

duces the least error is chosen to be added to the cluster that holds cluster center that was used

as the query. The cluster center of that cluster are updated by averaging the old cluster center

and the subsequence resulted from the subsequence matching function. After that, the resulted

subsequence and its overlapping subsequences are removed from S.

Table 3.4: Add operation

Function [C̃ ′, S′] = UPDATECLUSTER(C̃, S)
1. for i = 1:C̃.numberOfCluster()
2. C = C̃[i]
3. t = SUBSEQUENCEMATCHING(S , C.C̄)
4. C.C̄ = AVERAGE(C.C̄ , S[t])
5. C.addMember(S[t])
6. if errorBSF > C.error()
7. C ′ = C
8. iBSF = i
9. errorBSF = C.error()
10. t′ = t
11. C[iBSF ] = C ′

12. remove S[t′] and subsequences
that overlap S[t′] from S

13. return C̃, S

The last operation, the Merge operation, are described as the MERGECLUSTERS function

shown in Table 3.5. All combination pairs of the existing clusters are examined, then a pair that

gives minimum error will be merged.

To create a cluster center, when performing Create, Add, and merge operations, am-

plitude averaging approach is used to average two sequences. Given subsequences P =
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Table 3.5: Merge operation

Function [C̃ ′, S′] = MERGECLUSTERS(C̃, S)
1. n = number of clusters in C̃
2. for i = 1 : n− 1
3. for j = i+ 1 : n

4. C1 = C̃[i]
5. C1 = C̃[j]
6. C1.C̄ = AVERAGE(C1.C̄ , C2.C̄ )
7. add all members of C2 to C1

8. if errorBSF > C1.error()
9. C ′ = C1

10. l1 = i
11. l2 = j

12. C̃[l1] = C ′

13. C̃.remove(l2)
14. return C̃, S

(p1, ..., pi, ..., pn) and Q = (q1, ..., qi, ..., qn), a new subsequence C = (c1, ..., ci, ..., cn) is

produced by ci = ωppi+ωqqi
ωp+ωq

, where ωp and ωq are weights of P and Q, respectively.

As discussed in the chapter 1, the proposed framework is intentionally designed to be

divided into common subtasks, so that it is designed to be manageable for further optimiza-

tion. The illustrated framework is based on Euclidean distance. However, in some situations

(Rodpongpun et al., 2011) patterns or shapes in the stream can be locally warped. In this case,

DTW distance can be used to increase the overall effectiveness of the patterns identification.

For this reason, it is possible to replace Euclidean distance with DTW distance, such as in error

calculation, in subsequence search, or in the motif discovery phase. However, the optimized

algorithm for the Euclidean distance in the subsequence search or motif discovery cannot be

used because the DTW distance is not a distance metric (Keogh and Ratanamahatana, 2005).

This thesis also proposed an optimization for subsequence search algorithm that uses DTW as

distance measure. The details is provided in chapter 4.

Moreover, in the same situation when the patterns or shapes in the stream can be locally

warped, Euclidean distance will not work very well. Shape-based averaging method (Niennat-

trakul et al., 2012; Niennattrakul, 2010) can be used instead of amplitude averaging to maintain

the characteristics of the patterns. The experiment in section 3.5 will demonstrate the use of the

shape-based averaging compared with the amplitude averaging.
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3.3.4 Time complexity analysis

Given a time series input T of length m, and a user specific window length w, time

complexity of the algorithm using Euclidean distance can be calculated as follows.

For the Create operation, suppose a motif discovery algorithm takes O(M) time. Since

all subsequences cannot be overlapped, the number of clusters to be created is at most O(mw ).

Therefore, time taken by all Create operations is at most O(Mm
w ).

For the Add operation, time complexity of the subsequence search is O(mw). Each

Add operation needs to take all cluster centers into account, and the number of clusters is at

most O(mw ). The maximum number of clustering steps is the same as the number of maximum

clusters, which is O(mw ). Therefore, the time complexity of all Add calculations is at most

O(mw · mw ·
m
w ) = O(m

3

w ).

For the Merge operation, considering a cluster that has been created by merging s clusters

so far, there is at most O(s) member subsequences in that cluster. A calculation of error in that

cluster can be done in O(ws) time. The number of clusters is at most O(mw ), so the number of

clusters of size s is at most O( mws). The maximum number of clustering steps is also O(mw ).

Since number of s can be at most O(mw ), the time complexity of all Marge operations is at most

O(ws ·
(
m
ws

)2 · mw ) = O( m
3

w2s) = O(m
2

w ).

Therefore, the total time complexity is O(Mm
w + m3

w + m2

w ) = O(Mm
w + m3

w ). Recall that

this thesis uses MK motif discovery algorithm (Mueen et al., 2009), whose time complexity is

O(mw), so the total time complexity will be O(m
3

w ).

3.4 Frequent episode discovery from the event sequence

In this section, a detail of frequent episode discovery algorithm will be explained. Af-

ter applying SSTSC explained in chapter 2, it is straightforward to assign every occurrence of

the member in the same cluster to be the same event type, then we have a discrete event se-

quence. Hence, general frequent episode discovery algorithm can be applied directly. Next is

an explanation of how the frequent episode discovery algorithms works.
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3.4.1 Frequency counting definitions

As described in section 2.1, there are many episode frequency definitions proposed

in the literatures. A study in (Achar et al., 2012) summarizes and proposes a unified view

of the apriori-based algorithm for frequent episode discovery, so examples and definitions

in this section will mostly recall from (Achar et al., 2012). Recall that the event sequence

D = 〈(E1, t1), (E2, t2), ..., (En, tn)〉. The example event sequence is:

〈(A, 1), (A, 2), (C, 3), (B, 3), (A, 6), (A, 7), (C, 8), (B, 9), (D, 11),

(C, 12), (A, 13), (B, 14), (C, 15)〉
(3.9)

Definition 3.4 (Window-based frequency) (Mannila et al., 1997) A time interval [ts, te] is a

window on an event sequence D, where ts and te are integers such that ts ≤ tn and te ≥ t1.

(te − ts) is the window width of [ts, te]. Given a user-defined window width Tx, the window-

based frequency f of α, in D is defined as the number of minimal windows of α in D. Note that

situations when ts < t1 or te > tn can be occurred.

For example, in the event sequence (3.9), there are 5 windows of width 5 that contain an

occurrence of (A→ B → C), which are: [7, 12], [10, 15], [11, 16], [12, 17], and [13, 18].

Definition 3.5 (Minimal Occurrence-Based Frequency) (Mannila et al., 1997) The time-

window of an occurrence, h, of α denoted as [th(v1), th(v2)]. A minimal window of α is a

time-window that contains an occurrence of α, such that no proper subwindow of it contains

an occurrence of α. A minimal occurrence is an occurrence in a minimal window. The minimal

occurrence-based frequency fmi of α in D is defined as the number of minimal windows of α

in D.

For example, in the sequence (3.9), there are 3 minimal windows of an episode (A→ B → C)

that are [2, 8], [7, 12], and [13, 15].

Definition 3.6 (Head Frequency) (Iwanuma et al., 2004) Given a window width k, the head

frequency fh(α, k) of α is the number of windows of width k that contain an occurrence of α

starting at the leftmost of the window.

Definition 3.7 (Total Frequency) (Iwanuma et al., 2004) Given a window width k, the total
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frequency of α, given by ftot(α, k), is defined as follows.

ftot(α, k) = min
β�α

fh(β, k)

Given a window width of 6, the head frequency fh(γ, 6) of γ = (A→ B → C) in (3.9)

is 4. The total frequency of γ, ftot(γ, k), in (3.9) is 3 because the head frequency of (B → C)

in (3.9) is 3.

Definition 3.8 (Non-Overlapped Frequency) (Laxman et al., 2005) The non-overlapped fre-

quency fnoof α in D is given by the cardinality of a maximal non-overlapped set of occur-

rences of α in D. Two occurrences h1 and h2 of α are defined as non-overlapped if either

th1(vN ) < th2(v1) or th2(vN ) < th1(v1). A set of occurrences is defined to be non-overlapped if

every pair of occurrences in the set is non-overlapped. A set H of non-overlapped occurrences

of α in D is maximal if |H| ≥ |H ′|, where H ′ is any other set of non-overlapped occurrences

of α in D.

If no event of one occurrence appears in between events of the other, the two occurrences

are non-overlapped . The notion of a maximal non-overlapped set is required because there can

be many sets of non-overlapped occurrences of an episode with different cardinalities (Laxman,

2006). For example, the non-overlapped frequency of γ in (3.9) is 2. 〈(A, 2), (B, 3), (C, 8)〉

and 〈(A, 3), (B, 14), (C, 15)〉 is a maximal set of non-overlapped occurrences.

Definition 3.9 (Non-Interleaved Frequency) (Laxman, 2006) Two occurrences h1 and h2 of

α are defined to be non-interleaved if either th2(vj) ≥ th1(vj+1), j = 1, 2, ..., N − 1 or th1(vj) ≥

th2(vj+1), j = 1, 2, ..., N − 1. If every pair of occurrences in the set H is non-interleaved, a

set of occurrences H of α in D is non-interleaved. A set H of non-interleaved occurrences of

α in D is maximal if |H| ≥ |H ′|, where H ′ is any other set of non-interleaved occurrences of

α in D. The non-interleaved frequency fni of α in D is given by the cardinality of a maximal

non-interleaved set of occurrences of α in D.

For example, given an episode (A → B → C), the occurrences 〈(A, 2), (B, 3), (C, 8)〉

and 〈(A, 3), (B, 9), (C, 12)〉are non-interleaved (but overlapped) occurrences in D. Together

with 〈(A, 13), (B, 14), (C, 15)〉, these are occurrences from a set of maximal non-interleaved

occurrences of (A→ B → C) in (3.9), hence fni = 3.
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Definition 3.10 (Distinct Occurrence-Based Frequency) (Mahesh Joshi and Kumar, 1999)

Given an N-node episode α, the h1 and h2 are two occurrences of α, and they are defined

to be distinct if h1(vi) 6= h2(vj)∀i, j = 1, 2, ..., N , i.e., the range of their corresponding maps

do not intersect. In other words, if two occurrences of an episode do not share any event in the

data stream, they are distinct. A set of occurrences is distinct if every pair of occurrences in it

is distinct. A set H of distinct occurrences of α in D is maximal if |H| ≥ |H ′|, where H ′ is any

other set of distinct occurrences of α in D. The distinct occurrence-based frequency fd of α in

D is the cardinality of a maximal set of distinct occurrences of α in D.

The three occurrences that are said to be the maximal non-interleaved occurrences of

(A→ B → C) in (3.9) are the same as in the maximal set of distinct occurrences in (3.9).

Table 3.6 shows unified apriori-based algorithm for frequent episode discovery (Achar

et al., 2012).

Table 3.6: A unified view of the apriori-based algorithm for frequent episode discovery (Achar et al.,
2012)

SERIALEPISODECOUNTER

Input: Set CN of N-node serial episode, event stream D = (Σ1, t̄1), ..., (Σm, t̄m)

Output: Frequency of episodes in CN

1. for all α ∈ CN do
2. Initialize an automaton of α waiting in the start state.
3. Initialize frequency of α to ZERO.
4. for i = 1 to m do
5. for each automaton, A, ready to accept event-type E ∈ Σi do
6. α :=candidate associated with A;
7. j := state which A is ready to transit into;
8. if TRANSIT then
9. if COPYAUTOMATON then

10. Add Copy of A to collection of automata.
11. Transit A to state j

12. if ∃an earlier automaton of α already in state j (before t̄i) but not waiting
for any E ∈ Σi then

13. if JOIN-AUTOMATON then
14. Retain A and retire earlier automaton
15. if A reached final state then
16. Retire A.
17. if INCREMENT-FREQ then
18. Increment frequency of α by INC
19. if RETIRE-AUTOMATON then
20. Retire all automaton of α and create a state ′0′ automaton.

There are boolean variables in the Table 3.6 that are TRANSIT, COPY-AUTOMATON,
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JOIN-AUTOMATON, INCREMENT-FREQ, and RETIRE-AUTOMATON. Their choices are

specified in Tables 3.8, 3.9, (3.10), 3.11, and 3.12, respectively regarding to the frequency

counting method listed in the Table 3.7.

Table 3.7: Various frequency counts (Achar et al., 2012)

WB Windows Based
MO Minimal occurrences based
MO-X Minimal occurrence with expiry-time constraints
NO Non-overlapped
NO-I Non-overlapped innermost
NO-X Non-overlapped with expiry-time constraints
NI Non-interleaved
DO Distinct occurrences based
AO All occurrences based
HD Head frequency

Table 3.8: Conditions for TRANSIT=TRUE (Achar et al., 2012)

WB, MO,
MO-X, HD,
NO, NO-X,
NO-I, AO

Always

NI If there does not exist an earlier automaton of α already in target state j
(before current time t̄i) but not waiting for any E ∈ Σi

DO No other earlier earlier automaton for α waiting in same state can transit on an
event-type E ∈ Σi

Table 3.9: Conditions for COPY-AUTOMATON=TRUE (Achar et al., 2012)

WB, MO,
MO-X, HD,
NI, NO-X,
NO-I, DO

Only if A is in start state

NO Never
AO Always

Table 3.10: Conditions for JOIN-AUTOMATON=TRUE (Achar et al., 2012)

WB, MO,
MO-X,
NO-X, NO-I

Always

DO, AO, HD,
NO, NI

Never
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Table 3.11: Conditions for INCREMENT-FREQ=TRUE (Achar et al., 2012)

MO, NO, NI,
DO, AO,
NO-I

Always

WB, NO-X,
MO-X, HD

If time difference between first and last state transitions is less than TX
(window width for WB, expiry time for others)

Table 3.12: Conditions for RETIRE-AUTOMATA=TRUE (Achar et al., 2012)

NO, NO-X,
NO-I Always

WB, MO,
MO-X, HD,
NI, DO, AO,
MO-X

Never

Table 3.13: Values taken by INC (Achar et al., 2012)

WB If (first window which contains current minimal occurrence also contains the
previous minimal occurrence), then
INC = Time diff. between start of last window containing the current

minimal occurrence and the start of last window which contains previous
minimal occurrence.
Else
INC = Time difference between the first and last window containing the
current occurrence + 1.

Other counts INC = 1

3.4.2 Candidate generation

The previous part illustrates the frequency counting of different frequency definitions.

This section explain the detail of candidate generation step according to each frequency count-

ing definition. Generally, the candidate generation step exploits a necessary condition that an

l-node episode can be frequent if its (l − 1)-node subepisodes are frequent. In other words, the

frequency counting definitions must satisfy anti-monotonicity property that is the frequency of

an episode cannot exceed frequency of any of its subepisodes (Achar et al., 2012).

The window-based (Mannila et al., 1997), non-overlapped (Laxman et al., 2005), and

total (Iwanuma et al., 2004) frequency countings is known to satisfy the anti-monotonicity

property. Also, the distinct occurrence-based frequency can be verified to hold the same (Achar

et al., 2012). Consequently, for these frequencies, the l-node episode candidates can be gener-
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ated when all of their subepisodes of size (l − 1) are frequent. On the other hand, the head,

minimal, and non-interleaved frequency countings do not satisfy the anti-monotonicity, which

means that subepisodes can be less frequent. However, they can satisfy the anti-monotonicity

with some more restricted constraint. Next are some definitions from (Achar et al., 2012) to

better explain about the more restricted constraint of anti-monotonicity.

Definition 3.11 (Prefix Subepisode) (Achar et al., 2012) Given an N-node episode α[1] →

α[2] → ... → α[N ], its K-node prefix subepisode is α[1] → α[2] → ... → α[K], for K =

1, 2, ..., (N − 1).

Definition 3.12 (Suffix Subepisode) (Achar et al., 2012) Given an N-node episode α[1] →

α[2]→ ...→ α[N ], its (N-K)-node suffix subepisode is α[K + 1]→ α[K + 2]→ ...→ α[N ],

for K = 1, 2, ..., (N − 1).

Definition 3.13 (Contiguous Subepisode) (Achar et al., 2012) A K-node subepisode α1 of α

is a contiguous subepisode if α1 = (α[i] → α[i + 1] → ...α[i + (K − 1)] for some i =

1, 2, ..., (N −K + 1).

Under the head frequency, as illustrated in (Iwanuma et al., 2004), only the subepisodes

that consist of α[1] are as frequent as α. Therefore, to generate l-node candidates, all of their

subsequences that have α[1] needs to be frequent. For this reason, the head frequency has some

limitations that some (l − 1)-node suffix subepisodes can be relatively low in frequency. For

example, given an event stream of 500 of A’s followed by a B and a C, there will be 500

occurrences of an episode (A→ B → C) but only one occurrence of its subepisode (B → C).

In this case, it will be a problem when frequent episodes have to be causative influences (Achar

et al., 2012).

Similar to head frequency, the non-interleaved and the minimal occurrences (windows)

occurrences also do not satisfy anti-monotonicity property. However, the anti-monotonicity

holds with the (N − 1)-node suffix and prefix subepisodes. The proof of the anti-monotonicity

property of minimal and non-interleaved occurrence-based frequency counting is in (Achar

et al., 2012); it is concluded that for the minimal window or non-interleaved frequency, all

of contiguous subepisodes have frequency at least equal to the episode. Note that, for the non-

contiguous subepisodes, they will have distinct occurrences at least equal to the frequency of the
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minimal or non-interleaved occurrences. Consequently, to perform frequent episode discovery

under minimal and non-interleaved frequency, an l-node candidate can be generated if and only

if its prefix and suffix subepisodes of size (l − 1) are frequent. The candidate generation step

will combine two l-node episodes α and β from the set of frequent serial episodes at level l if

the (l − 1)-node suffix subepisode of α matches the (l − 1)-node prefix subepisode of β. The

result of the combination is an episode (α[1] → β[2] → ... → α[l] → β[l]). For example,

there are two frequent 3-node episodes: (B → A → D),and (A → D → C). At level 4, a

4-node episode candidate (B → A → D → C) can be generated. Candidates at each level

will be stored in a lexicographical order, so the episodes having the same (N − 1)-node prefix

subepisode will be together as a block (Mannila et al., 1997). For this reason, extracting their

(N − 1) suffixes, and then find a block that has a matching of (N − 1) prefixes can be done.

This type of candidate generation technique is proposed in (Orlando and Foscari, 2004; Patnaik

et al., 2008; Srikant and Agrawal, 1996) as mining under gap/inter-event time constraints.

3.5 Experimental results

This section provides experimental results of the proposed framework on various aspects

including visualization of the frequent episodes discovered from real-world data, validation of

the effectiveness, meaningfulness, and efficiency of the proposed SSTSC algorithm.

3.5.1 Frequent episode discovery using SSTSC

This part will provide experiments of the proposed frequent episode discovery frame-

work on various real-world time series. The objective of this part is to visualize the discovered

frequent episodes based on the proposed SSTSC algorithm. The quantitative evaluations will

provide later in section 3.5.4.

3.5.1.1 Stock Exchange of Thailand (SET) index data

For a stock index data, knowing how many significant patterns and how they occur is

important. However, it is difficult for people to identify those patterns by just looking at a

graph. This experiment applies the proposed frequent episode framework to 5-year SET index

data (Market Statistics, 2016). The data is recorded at every end of the day except close days

from January 1st 2011 to December 31th 2015. Firstly, SSTSC is applied with window length

set to 30, so we will get patterns of length 30 days. Scaling factor is set to 1 for simplicity.

The results of the SSTSC algorithms is shown with color marked patterns in Figure 3.6 (a).
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Secondly, a frequent episode discovery is applied with non-overlapped frequency constraint.

The result in Figure 3.6 (b) shows occurrences of a frequent episode consisting of 4 events,

which is 〈A− C − C −B〉 with expiry time constraint set to 365 days. As a result, a user can

visualize the frequent patterns in the stock data more easily. Moreover, it is possible to use

the result for a prediction purpose. In this case, we get a rule that if an 〈A− C − C〉 pattern

occur, with high possibility, B will occur within 365 days. In this situation, 〈A− C − C〉 and

〈A− C − C −B〉 have equal frequency, which is 3, so the confidence level is 1.
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Figure 3.6: (a) SET index data from 2011 to 2015 with frequent patterns marked (output from SSTSC),
(b) Occurrences of frequent episodes of size 4.

3.5.1.2 Weather balloon data

In this experiment, the proposed framework is applied on Radiosonde Atmospheric Tem-

perature Products for Assessing Climate (RATPAC) dataset (Free et al., 2005), which is weather

data recorded from hydrogen-filled balloons carrying radiosonde up in the air. The data used in

this experiment is monthly mean temperature at 850 mb pressure level. The output from SSTSC

(window length is set to 12 months) is shown in Figure 3.7 (a), where the patterns of the same

group is highlighted with the same color. Figure 3.7 (b) shows frequent episodes of size 2 with

non overlapped frequency count, and 365 expiry constraint. The result illustrates possibility of
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using the proposed framework for weather analysis and forecasting.
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Figure 3.7: (a) Temperature data from a weather balloon with frequent patterns marked (output from
SSTSC), (b) Occurrences of frequent episodes of size 2.

3.5.2 Usefulness of SSTSC

This part demonstrates that the proposed SSTSC can be useful by visualizing the clus-

tering results in many types of data domains, i.e., synthetic dataset, data extracted from video

surveillance system and images, and real ECG data sequence.

3.5.2.1 Synthetic data

This is an experiment on the Cylinder-Bell-Funnel (CBF) dataset from the UCR time

series archive (Keogh et al., 2011). It has been shown that most STS clustering algorithms fail

to produce meaningful result from this very simple dataset.

This experiment randomly selects data from each class, then concatenates them to a single

time series, as shown in Figure 3.8. The cluster results are illustrated as colored subsequences

in Figure 3.8. The result shows that the key characteristics of each class are clustered correctly,

and the cluster centers can represent the shape of their member subsequences.

3.5.2.2 Video surveillance problem

In this experiment, it will apply the proposed algorithm on the video surveillance domain,

which is the gun problem (Keogh et al., 2011). The time series data are captured from the

centroid of each actor’s right hand performing two actions: Gun-Draw and Point. The motion
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Figure 3.8: top) A sequence of CBF dataset. bottom) Cluster centers of each class.

of the two classes of action are very similar and difficult to distinguish.
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Figure 3.9: top) Gun-Point data extracted from a video surveillance camera. bottom) Cluster centers of
each class.

The result of the proposed method, as illustrated in Figure 3.9, shows that all subse-

quences of motions are clustered correctly to their classes. Furthermore, the cluster centers

from the proposed method can preserve the important features and shapes in the data.

3.5.2.3 Time series data extracted from images

This experiment shows the result from clustering data extracted from images, which are

created by tracing the local angles from the centroid of an image to its perimeter. The input time

series is made by choosing the dataset that has different complexities (Batista et al., 2011). The

datasets used here are Face-all and OSU-Leaf (Keogh et al., 2011), which are extracted from

human faces with various expressions on the face, and from different species of leaf images.
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Figure 3.10: top) A sequence of data extracted from image of faces and leaves. bottom) cluster centers
of each class.

Figure 3.10 shows that the proposed algorithm can cluster subsequences of the data even

when the data has different complexity values. The subsequences of face data are grouped in a

cluster, which is shown in red, and the leaf subsequences are separated into two subclasses that

have the same shape.

3.5.2.4 ECG data

In this experiment, it is to run the algorithm on a medical dataset, which is an ECG data

(Goldberger et al., 2000). Figure 3.11 shows that the beats are of different shapes. If we can

separate the beats into clusters, the heart diseases will be diagnosed easier. From the result in

Figure 3.11, three groups of heartbeats are clustered. The normal beats are clustered within

the same group as shown in green. The abnormal beats, as shown in red, are clustered into

the same group. And the blue cluster contains the beats that have minor anomalies, and are

clustered separately.

3.5.3 Meaningfulness of SSTSC

As discussed in the beginning that the work from Niennattrakul (Niennattrakul, 2010),

called Shape-based Subsequence Time Series Clustering (2STSC), can achieve meaningfulness

of STS clustering results. This section will evaluate the proposed SSTSC algorithm compar-

ing with the 2STSC in terms of meaningfulness. To maintain fairness, the datasets used in

this experiment are from TSDMA (Niennattrakul, 2010), the same as what were used in (Ni-

ennattrakul, 2010). The metric used to evaluate the meaningfulness is also the same as what

was used in (Niennattrakul, 2010), which is the Shape-based Meaningfulness Measurement
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Figure 3.11: top) ECG sequences with abnormal heartbeats. bottom) Cluster centers from the proposed
algorithm.

(SMM). The SMM is introduced by the idea that the clustering results are meaningful when

the cluster results can represent subsequences in the input time series. Given an input time se-

ries T = (t1, t2, ..., tn) of size n, a set S = {S1, S2, ..., Sn−w+1} of all subsequences can be

extracted by using a sliding window of length w. A set of output C = {C1, C2, ..., Ck} of k

clusters can be calculated using an SSTSC algorithm where each cluster Ci = (M, R) consists

of a set of cluster members M = {Sj |Sj ∈ S} and a cluster representative R = (r1, r2, ..., rw).

A set R = {R1, R2, ..., Rk} is a set of all cluster representatives. SMM is calculated as a sum-

mation of minimum distances from each subsequences to the cluster representatives. The SMM

value can be defined as follows.

SMM(S,C) =
|S| · w

|S|∑
i=1

min(Distance(Si, Rj)),∀Rj ∈ R
(3.10)

where Distance(Si, Rj) is a DTW distance between Si and Rj .

The experiment is performed by various STS clustering algorithms including methods

proposed in (Niennattrakul, 2010) comparing with the methods proposed in this thesis. The

algorithms from (Niennattrakul, 2010) are 2STSC with variations of averaging method: Cubic-

Spline Dynamic Time Warping (CDTW) and Iterative Cubic-Spline Dynamic Time Warping

(ICDTW), and variations of hierarchical clustering methods: Complete Linkage (CL) and Av-

erage Linkage (AL). The algorithms proposed in this thesis are SSTSC with variations of dis-

tance measures: Euclidean (EUC) and Dynamic Time warping (DTW) distance, and variations

of averaging methods: Amplitude averaging (AA) and Shape-based Averaging (SA). The shape-

based averaging method used in this thesis is CDTW.
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Variations of parameters, i.e., the number of clusters k and the length of sliding window

w are used to illustrate the meaningfulness of the results of all eight STS clustering algorithms.

Figures 3.12 and 3.13 illustrate SMMs of Buoy1 and Fortune5004 datasets when the number of

clusters k is 3 and the sliding window length w is varied to be 32, 64, and 128. Figures 3.14 and

3.15 show SMMs of Buoy1 and Fortune5004 datasets when the number of clusters k is varied

to be 3, 5, and 7, and the sliding window length w is 3.
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Figure 3.12: SMMs of Buoy1 dataset when number of clusters (k) is 3 and the length of sliding window
(w) is varied.
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Figure 3.13: SMMs of Fortune5004 dataset when number of clusters (k) is 3 and the length of sliding
window (w) is varied.
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Figure 3.14: SMMs of Buoy1 dataset when number of clusters (k) is varied and the length of sliding
window (w) is 64.
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Figure 3.15: SMMs of Fortune5004 dataset when number of clusters (k) is varied and the length of sliding
window (w) is 64.

The SMMs results show that despite the SMM measure includes all subsequences, which

can be trivial or ineffective to include in clustering results, the algorithms proposed in this thesis

can give comparable meaningfulness comparing with algorithms proposed in (Niennattrakul,

2010). The objectives of this thesis is not only achieving meaningfulness of the result, but

also the quality of identified patterns without inflation and redundancy. The evaluation for that

objective is provided in section 5.4.

For visualization purposes, Figures 3.16, 3.17, 3.18, 3.19, and 3.20 show cluster repre-

sentatives of Buoy1 dataset with variations of w and k. In the same way, Figures 3.21, 3.22,

3.23, 3.24, and 3.25 show cluster representatives of Fortune5004 dataset with variations of w

and k.

Note that datasets details and SMMs values of all datasets are reported in Appendix A.
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Figure 3.16: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 32.
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Figure 3.17: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 64.
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Figure 3.18: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 128.
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Figure 3.19: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 5 and w = 64.
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Figure 3.20: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 7 and w = 64.
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Figure 3.21: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 32.
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Figure 3.22: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 64.
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Figure 3.23: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 128.
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Figure 3.24: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 5 and w = 64.
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Figure 3.25: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 7 and w = 64.
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3.5.4 Effectiveness of SSTSC

The objective of this thesis is to propose an STS clustering algorithm that can effectively

identify interesting patterns, so that frequent episode discovery from real-valued time series

can be achieved. To evaluate the proposed SSTSC algorithm in terms of effectiveness, it is

important to examine on how well the STS clustering can identify interesting patterns, and

also discard insignificant ones. For this reason, the datasets are required to be completely

annotated, so semi-synthetic stream datasets are introduced to simulate time series that have

significant and unimportant patterns together. The stream datasets are made from the UCR

Classification/Clustering archive (Keogh et al., 2011) by combining training data sequences

and synthesized random walk sequences together. A stream is initialized with a random walk

sequence, and then it is repeatedly appended with a training data sequence and a random walk

sequence until a specific number of the training data n is reached. The stream finally ends

with a random walk sequence. To smooth the stream, before concatenation, each sequence is

offset by the last value of the stream. The training data sequences used to construct the stream

are randomly selected equally from each class in the training data. A number of training data

sequences to be selected for each class is m =
⌈
20
c

⌉
, where c is a number of total classes in

the dataset. Therefore, the total number of training data sequences n for all dataset will be at

least 20. The length of all random walk sequences is set to 0.5 ·w, where w is the length of the

training data sequences. The total number of datasets used in this experiment is 53. The detail

of each dataset are provided in Appendix B

Recall that the algorithms proposed in this thesis are SSTSC with variations of distance

measures: Euclidean and Dynamic Time Warping (DTW) distance measures, and variations

of averaging methods: amplitude averaging and shape-based averaging. In this experiment,

other than the Z-normalization technique, a level-normalization is added to be a variation of

each algorithm to examine the difference between two normalization techniques. Given a sub-

sequence Ti,n = (ti, ti+1, ..., ti+n−1) whose mean is µ. The level-normalized time series is

T ′i,n =
(
t′i, t
′
i+1, ..., t

′
i+n−1

)
, where t′k = tk − µ. In the experiment, SSTSC algorithms with

Euclidean distance and scaling factor f = 1 is applied on all of the 53 datasets, while SSTSC

algorithms with Euclidean distance and scaling factor f = 1.2 is applied on 51 datasets that are

subset of all datasets. SSTSC algorithms with DTW distance is applied on 28 datasets that are

subset of all datasets. Although, datasets are discarded for some algorithms due to computa-

tional resource limitation, the selected datasets still cover various domains of data.
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The evaluation metrics used in this section are divided into two groups, and are explained

next.

3.5.4.1 Pattern-retrieval-based metrics

Pattern-retrieval-based metrics are used to evaluate how well the STS clustering algo-

rithms can retrieve the annotated patterns regardless of classes or labels of the retrieved patterns.

This type assessments is important in terms of how well the algorithms can collect significant

patterns without over identification. The following are matrices of this type used in the evalua-

tion in this chapter.

Accuracy on Retrieval (AoR), and Accuracy on Detection (AoD): AoR reflects quality of an algo-

rithm in terms of how well it can collect expected patterns in a data stream; on the other hand,

AoD reflects quality of the returned results (Rodpongpun et al., 2011). Given a time series S,

a set of expected pattern sequences E, and a set of retrieved sequences R. Firstly, an overlap-

ping subsequence is defined. Let S[ts : te] be the subsequence starting at ts and ending at te.

Overlapping subsequence OX,Y , where X = S[a : b] and Y = S[c : d], and overlap percentage

PX,Y are defined as OX,Y = S[min{a, c} : min{b, d}] and PX,Y = |OX,Y |
max{b,d}−min{a,c}+1 ,

respectively. Both AoR and AoD can be defined over overlapping subsequence OX,Y and over-

lapping percentage PX,Y as

AoR =
| {OX,Y |PX,Y > p,X ∈ R, Y ∈ E} |

|E|
(3.11)

AoD =

∑
{PX,Y |PX,Y > p,X ∈ R, Y ∈ E}

| {OX,Y |PX,Y > p,X ∈ R, Y ∈ E} |
(3.12)

where p is a threshold of PX,Y that defines a sequence in R as a discovered sequence.

Excess Rate (ER) determines the ratio of overly-identified patterns IX,Y over all retrieved sub-

sequences R, where the overly-identified subsequences are the subsequences that has overlap-

ping percentage PX,Y lower than the threshold p. The ER is formally denoted as

ER =
| {IX,Y |PX,Y < p,X ∈ R, Y ∈ E} |

|R|
(3.13)
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3.5.4.2 Cluster-accuracy-based metrics

Cluster-accuracy-based metrics are used to evaluate how accurate the STS clustering

algorithms can identify types of the patterns comparing with pre-annotated classes. This type

of assessments is important in terms of how well the algorithms can distinguish the retrieved

patterns.

Rand Index (RI) is a widely used metric for evaluating clustering algorithms (Rand, 1971). It

measures similarity of two set of clusters and provide value in range [0, 1]. Given a set of n

objects G = {g1, g2, ..., gn} and suppose that U = {u1, u1, ..., uy} is the pre-annotated cluster

and V = {v1, v1, ..., vz} is a cluster labeled by a clustering algorithm of objects in G such that
y
∪
i=1

ui = G =
z
∪
j=1

vj and ui ∩ u′i = Ø = vj ∩ v′j for 1 ≤ i 6= i′ ≤ y and 1 ≤ j 6= j′ ≤ z. From

a number of all combinations of pairs
(
n
2

)
from the given set, results can be represented in four

different types of pairs:

a - objects in a pair that are given the same label in U and the same label in V ;

b - objects in a pair that are given the same label in U but the different label in V ;

c - objects in a pair that are given the different label in U but the same label in V ;

d - objects in a pair that are given the different label in U and the different label in V ;

The RI is denoted by RI(U, V ) = a+d
a+b+c+d .

Precision is denoted by Precision(U, V ) = a
a+c (Manning et al., 2008).

Recall is denoted by Recall(U, V ) = a
a+b (Manning et al., 2008).

F1-score is denoted by F1(U, V ) = 2×Precision×Recall
Precision+Recall (Manning et al., 2008).

Note that, for all cluster-accuracy-based metrics, the set of objects to be calculated G

contains only objects with overlapping percentage PX,Y higher than the threshold p. The non-

retrieved objects are discarded in the calculation because it will affect the value of the number
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of agreement (a and d) and disagreement (c and d), so that the value of cluster-accuracy-based

metrics can be misinterpreted.

3.5.4.3 Effectiveness evaluation results

This section provides results of each proposed algorithms by varying the overlap thresh-

old p to be 40% and 80%. The 80% overlap threshold is a very extreme criteria in a medical

domain (Sivaraks, 2014), while the 40% is more relaxed.

Due to space limitations, in all tables, variations of the proposed SSTSC algorithms are

denoted as follows.

E-AA-Z: SSTSC with Euclidean distance, amplitude averaging, and Z-normalization.

E-AA-L: SSTSC with Euclidean distance, amplitude averaging, and level-normalization.

E-SA-Z: SSTSC with Euclidean distance, shape-based averaging, and Z-normalization.

E-SA-L: SSTSC with Euclidean distance, shape-based averaging, and level-

normalization.

D-AA-Z: SSTSC with Euclidean distance, amplitude averaging, and Z-normalization.

D-SA-Z: SSTSC with Euclidean distance, shape-based averaging, and Z-normalization.

Mean µ, standard deviation σ, minimum and maximum values of each evaluation metric

on each dataset when the number of clusters k is set to the number of classes in the dataset,

and the scaling factor f of 1 are shown in Figure 3.14. Similarly, Figure 3.15 shows the results

when the scaling factor f is set to 1.2. In the same way, mean µ, standard deviation σ, minimum

and maximum values of each evaluation metric on each dataset when the number of clusters k

is suggested by the SSTSC algorithms, and the scaling factor f of 1 are shown in Figure 3.16,

and the scaling factor f of 1.2 are shown in Figure 3.17.
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Table 3.14: Summary of all evaluation metrics for each algorithms with given overlap thresholds (p),
scaling factor (f ) of 1 and the number of clusters (k) is set to the number of classes in the dataset.

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%
µ 0.60 0.64 0.60 0.61 0.58 0.57 0.58 0.58 0.55 0.56 0.59 0.60
σ 0.12 0.19 0.11 0.15 0.10 0.20 0.12 0.12 0.11 0.14 0.12 0.19

min 0.45 0.33 0.43 0.38 0.45 0.00 0.38 0.39 0.45 0.33 0.47 0.17
max 0.94 1.00 0.82 1.00 0.82 1.00 0.82 0.82 0.90 0.96 0.90 1.00

µ 0.46 0.49 0.46 0.46 0.44 0.46 0.45 0.46 0.45 0.51 0.49 0.54
σ 0.15 0.25 0.12 0.16 0.15 0.21 0.13 0.13 0.12 0.21 0.11 0.18

min 0.08 0.00 0.19 0.00 0.10 0.00 0.15 0.15 0.15 0.00 0.30 0.17
max 0.89 1.00 0.70 1.00 0.79 1.00 0.79 0.79 0.89 1.00 0.89 1.00

µ 0.55 0.57 0.57 0.57 0.55 0.56 0.61 0.60 0.61 0.59 0.63 0.68
σ 0.17 0.28 0.15 0.20 0.17 0.25 0.16 0.17 0.17 0.19 0.15 0.20

min 0.10 0.00 0.23 0.00 0.13 0.00 0.19 0.19 0.15 0.00 0.40 0.31
max 0.90 1.00 0.82 1.00 0.82 1.00 0.90 1.00 0.90 0.90 0.90 1.00

µ 0.50 0.52 0.51 0.50 0.49 0.50 0.51 0.51 0.51 0.52 0.54 0.58
σ 0.15 0.25 0.13 0.17 0.15 0.22 0.13 0.13 0.12 0.16 0.11 0.17

min 0.09 0.00 0.21 0.00 0.12 0.00 0.18 0.18 0.15 0.00 0.34 0.29
max 0.90 1.00 0.73 1.00 0.80 1.00 0.80 0.80 0.90 0.90 0.90 1.00

µ 0.88 0.66 0.94 0.78 0.89 0.67 0.95 0.79 0.95 0.76 0.96 0.77
σ 0.17 0.35 0.11 0.28 0.15 0.34 0.09 0.26 0.09 0.27 0.07 0.28

min 0.55 0.05 0.60 0.10 0.50 0.10 0.70 0.20 0.61 0.17 0.78 0.19
max 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

µ 0.86 0.95 0.90 0.96 0.86 0.95 0.90 0.96 0.89 0.96 0.89 0.96
σ 0.13 0.04 0.11 0.03 0.13 0.03 0.10 0.03 0.10 0.03 0.10 0.03

min 0.62 0.85 0.60 0.86 0.64 0.85 0.65 0.90 0.67 0.89 0.66 0.90
max 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

µ 0.14 0.35 0.07 0.22 0.14 0.35 0.07 0.22 0.09 0.26 0.08 0.26
σ 0.17 0.36 0.12 0.30 0.17 0.35 0.12 0.27 0.11 0.28 0.10 0.29

min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
max 0.50 0.95 0.45 0.91 0.50 0.91 0.39 0.83 0.42 0.84 0.27 0.83

ER

D-AA-Z D-SA-Z

RI

Pre.

Rec.

F1

AoR

AoD

Algorithm E-AA-Z E-AA-L E-SA-Z E-SA-L

p
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Table 3.15: Summary of all evaluation metrics for each algorithms with given overlap thresholds (p),
scaling factor (f ) of 1.2 and the number of clusters (k) is set to the number of classes in the dataset.

40% 80% 40% 80% 40% 80% 40% 80%
µ 0.56 0.52 0.55 0.55 0.54 0.55 0.53 0.52
σ 0.10 0.15 0.10 0.11 0.08 0.14 0.09 0.12

min 0.44 0.00 0.33 0.28 0.43 0.36 0.37 0.00
max 0.81 0.83 0.84 0.84 0.74 1.00 0.73 0.77

µ 0.42 0.43 0.42 0.42 0.41 0.44 0.40 0.40
σ 0.10 0.18 0.11 0.13 0.12 0.18 0.11 0.13

min 0.21 0.00 0.14 0.00 0.11 0.13 0.13 0.00
max 0.58 1.00 0.64 0.70 0.68 1.00 0.52 0.54

µ 0.54 0.53 0.56 0.54 0.54 0.61 0.58 0.53
σ 0.14 0.24 0.17 0.20 0.16 0.21 0.18 0.20

min 0.28 0.00 0.17 0.00 0.17 0.19 0.15 0.00
max 0.82 1.00 0.89 1.00 0.88 1.00 0.90 0.85

µ 0.47 0.45 0.47 0.46 0.46 0.50 0.47 0.45
σ 0.11 0.16 0.12 0.15 0.12 0.16 0.12 0.14

min 0.26 0.00 0.15 0.00 0.13 0.17 0.14 0.00
max 0.64 0.75 0.67 0.80 0.67 1.00 0.62 0.65

µ 0.92 0.66 0.95 0.75 0.92 0.67 0.95 0.79
σ 0.15 0.30 0.11 0.25 0.13 0.27 0.12 0.26

min 0.45 0.10 0.40 0.15 0.35 0.15 0.45 0.00
max 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

µ 0.81 0.90 0.85 0.90 0.82 0.91 0.87 0.91
σ 0.09 0.03 0.07 0.03 0.08 0.03 0.09 0.13

min 0.64 0.82 0.66 0.85 0.65 0.85 0.60 0.00
max 0.97 0.99 0.96 0.99 0.95 1.00 0.98 1.02

µ 0.21 0.42 0.14 0.31 0.20 0.40 0.11 0.25
σ 0.18 0.30 0.16 0.27 0.17 0.28 0.15 0.28

min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
max 0.64 0.92 0.69 0.88 0.71 0.88 0.61 1.00

AoR

AoD

ER

p

RI

Pre.

Rec.

F1

Algorithm E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table 3.16: Summary of all evaluation metrics for each algorithms with given overlap thresholds (p),
scaling factor (f ) of 1 and the number of clusters (k) is set automatically by the algorithms.

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%
µ 0.61 0.62 0.62 0.63 0.61 0.60 0.62 0.63 0.58 0.60 0.60 0.64
σ 0.11 0.19 0.11 0.15 0.11 0.24 0.11 0.15 0.09 0.14 0.10 0.18

min 0.42 0.00 0.45 0.31 0.35 0.00 0.34 0.17 0.45 0.33 0.48 0.17
max 0.84 1.00 0.88 1.00 0.83 1.00 0.84 1.00 0.82 0.90 0.86 1.00

µ 0.50 0.51 0.52 0.51 0.51 0.55 0.54 0.57 0.54 0.61 0.53 0.62
σ 0.19 0.30 0.17 0.21 0.19 0.29 0.21 0.25 0.19 0.27 0.18 0.24

min 0.18 0.00 0.19 0.00 0.13 0.00 0.00 0.00 0.22 0.00 0.24 0.17
max 0.91 1.00 0.84 1.00 0.96 1.00 1.00 1.00 0.97 1.00 1.00 1.00

µ 0.41 0.43 0.41 0.42 0.37 0.45 0.35 0.41 0.42 0.48 0.47 0.55
σ 0.19 0.29 0.18 0.22 0.20 0.30 0.22 0.25 0.25 0.24 0.24 0.26

min 0.06 0.00 0.11 0.00 0.07 0.00 0.00 0.00 0.06 0.00 0.12 0.14
max 1.00 1.00 0.84 1.00 0.84 1.00 0.90 1.00 0.84 1.00 1.00 1.00

µ 0.41 0.43 0.43 0.44 0.38 0.46 0.38 0.43 0.40 0.48 0.45 0.53
σ 0.15 0.25 0.14 0.18 0.15 0.26 0.17 0.20 0.15 0.17 0.14 0.20

min 0.09 0.00 0.16 0.00 0.12 0.00 0.00 0.00 0.10 0.00 0.18 0.18
max 0.72 1.00 0.73 1.00 0.72 1.00 0.78 1.00 0.61 0.86 0.67 1.00

µ 0.88 0.65 0.93 0.76 0.87 0.63 0.91 0.75 0.92 0.72 0.93 0.73
σ 0.15 0.35 0.11 0.30 0.17 0.37 0.12 0.30 0.09 0.28 0.07 0.27

min 0.50 0.05 0.60 0.10 0.40 0.00 0.60 0.05 0.61 0.17 0.75 0.19
max 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

µ 0.85 0.95 0.89 0.96 0.84 0.95 0.89 0.96 0.88 0.96 0.89 0.96
σ 0.14 0.04 0.12 0.04 0.14 0.04 0.12 0.03 0.11 0.03 0.11 0.03

min 0.63 0.85 0.60 0.86 0.61 0.84 0.63 0.89 0.66 0.89 0.66 0.89
max 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

µ 0.14 0.36 0.07 0.23 0.14 0.38 0.08 0.24 0.09 0.27 0.08 0.27
σ 0.17 0.36 0.12 0.31 0.18 0.38 0.13 0.31 0.11 0.30 0.10 0.31

min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
max 0.52 0.95 0.45 0.91 0.50 1.00 0.43 0.95 0.42 0.84 0.29 0.83

AoR

AoD

ER

D-SA-Z

p

RI

Pre.

Rec.

F1

Algorithm E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z
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Table 3.17: Summary of all evaluation metrics for each algorithms with given overlap thresholds (p),
scaling factor (f ) of 1.2 and the number of clusters (k) is set automatically by the algorithms.

40% 80% 40% 80% 40% 80% 40% 80%
µ 0.62 0.57 0.61 0.60 0.61 0.59 0.60 0.59
σ 0.11 0.24 0.10 0.16 0.11 0.20 0.10 0.17

min 0.33 0.00 0.45 0.00 0.40 0.00 0.44 0.00
max 0.84 1.00 0.88 1.00 0.82 1.00 0.82 1.00

µ 0.54 0.52 0.49 0.50 0.53 0.51 0.50 0.51
σ 0.20 0.31 0.21 0.27 0.22 0.30 0.22 0.30

min 0.19 0.00 0.11 0.00 0.15 0.00 0.13 0.00
max 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

µ 0.27 0.33 0.32 0.37 0.24 0.31 0.24 0.28
σ 0.12 0.24 0.20 0.27 0.15 0.23 0.14 0.20

min 0.09 0.00 0.03 0.00 0.04 0.00 0.03 0.00
max 0.70 1.00 0.90 1.00 0.70 1.00 0.63 1.00

µ 0.34 0.37 0.35 0.37 0.30 0.35 0.29 0.32
σ 0.11 0.22 0.16 0.20 0.13 0.22 0.12 0.18

min 0.13 0.00 0.04 0.00 0.06 0.00 0.06 0.00
max 0.53 1.00 0.75 1.00 0.60 1.00 0.55 1.00

µ 0.88 0.60 0.93 0.70 0.88 0.62 0.92 0.74
σ 0.21 0.34 0.13 0.29 0.18 0.31 0.14 0.30

min 0.15 0.00 0.40 0.05 0.29 0.10 0.40 0.00
max 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

µ 0.80 0.89 0.82 0.89 0.80 0.89 0.86 0.91
σ 0.09 0.03 0.09 0.03 0.09 0.03 0.10 0.13

min 0.62 0.82 0.64 0.83 0.61 0.84 0.60 0.00
max 0.94 0.98 0.94 0.95 0.94 0.97 0.98 0.98

µ 0.20 0.44 0.11 0.32 0.20 0.43 0.10 0.27
σ 0.23 0.35 0.16 0.31 0.21 0.32 0.16 0.31

min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
max 0.81 1.00 0.69 0.95 0.74 0.91 0.64 1.00

p

RI

Pre.

Algorithm E-AA-Z E-AA-L E-SA-Z E-SA-L

F1

AoR

AoD

ER

Rec.

Visualization of the results and the values of all evaluation metrics on each dataset with a

scaling factor f of 1 are provided in Appendix B, and with a scaling factor f of 1.2 are provided

in Appendix C.

The results show that the proposed algorithms can identify most of the planted patterns,

and also be able to distinguish the class of the retrieved patterns. Moreover, table 3.15 and table

3.17 demonstrate that the proposed algorithms are able to handle variable size of patterns with

a flexible scaling factor parameter f , while maintaining effective results. The algorithms with

DTW distance and shape-based averaging can perform well in the datasets that have a lot of

locally warping patterns in the same class. However, the algorithms that use DTW as a distance

measure consume a lot of computational time. An optimization to a subsequence matching
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subtask that use DTW is proposed in chapter 4.

Equally important, the proposed algorithms also provide suggestion of number of clus-

ters k, and the results of the algorithms that use the suggested parameter k show comparable

effectiveness comparing with that when k is manually fixed to be the same as number of planted

classes. Table 3.18 provides number of clusters k chosen at the knee point of compression ratio

- error line from each dataset by each proposed algorithm. The bottom of the table shows exact

match percentage and mean of absolute difference for each algorithm. The results show that the

numbers of exact matches of suggested number of cluster k to the number of planted classes are

acceptable considering that the algorithms have to cluster so many subsequences mixed with

important and trivial ones, and also have to decide a reasonable point where the clusters of

patterns are proper.
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Table 3.18: Number of cluster (k) chosen at the knee point of compression ratio-error line from each
dataset by each proposed algorithm. At the bottom of the table shows exact match percentage and mean
of absolute difference for each algorithm.

E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z E-AA-Z E-AA-L E-SA-Z E-SA-L

ItalyPowerDemand 2 3 4 3 5 2 2 6 4 6 6

SonyAIBORobotSurfaceII 2 5 5 8 7 10 8 9 8 9 10
SonyAIBORobotSurface 2 6 3 6 3 7 3 7 5 10 3
DistalPhalanxOutlineCorrect 2 4 2 2 2 2 3 5 5 5 5
MiddlePhalanxOutlineCorrect 2 2 2 2 2 4 3 6 5 4 5
PhalangesOutlinesCorrect 2 4 4 4 5 2 2 4 4 4 5
ProximalPhalanxOutlineCorrect 2 2 3 2 2 2 2 5 4 5 5
DistalPhalanxOutlineAgeGroup 3 3 3 3 3 3 4 5 6 4 5
MiddlePhalanxOutlineAgeGroup 3 3 3 3 3 5 5 3 4 3 3
ProximalPhalanxOutlineAgeGroup 3 2 2 2 2 2 2 5 4 4 4
TwoLeadECG 2 3 3 4 3 2 8 5 4 5 6
MoteStrain 2 5 5 7 7 5 5 9 5 8 7
ECG200 2 4 4 3 4 6 6 5 4 8 3
CBF 3 3 4 7 9 6 6 7 5 10 9
Two_Patterns 4 2 4 4 8 10 7 9 7 11 10
ECGFiveDays 2 4 4 4 4 10 3 4 8 4 8
ECG5000 5 6 6 7 4 7 5 6 5 8 5
Gun_Point 2 5 5 5 5 3 3 4 4 4 5
wafer 2 7 6 8 8 8 6 4 6 4 8
ChlorineConcentration 3 6 5 6 2 6 6 7 7 8 9
Wine 2 2 2 2 2 3 3 4 7 6 6
Strawberry 2 5 5 6 6 2 3 4 4 2 3
ArrowHead 3 2 3 3 5 4 3 5 5 8 5
Trace 4 5 5 6 5 2 2 4 3 4 6
ToeSegmentation1 2 7 6 9 8 10 6 7 8 9 9
Coffee 2 3 3 4 4 6 5 4 5 6 4
ToeSegmentation2 2 6 5 7 7 9 6 8 6 10 10
FaceFour 4 5 6 7 8 2 4 7 5 11 9
yoga 2 5 4 6 5 - - 7 6 9 7
Ham 2 4 2 4 6 - - 7 6 9 9
Meat 3 2 3 3 4 - - 6 4 6 4
Beef 5 4 4 3 3 - - 6 5 6 7
FordA 2 4 4 10 10 - - 6 4 11 11
FordB 2 2 5 8 10 - - 5 8 10 10
ShapeletSim 2 2 3 6 10 - - 2 3 2 2
BeetleFly 2 5 7 7 10 - - 7 9 8 11
BirdChicken 2 7 6 7 7 - - 9 8 10 8
Earthquakes 2 2 2 2 4 - - 2 3 2 11
Herring 2 3 2 3 3 - - 5 4 5 4
OliveOil 4 4 4 4 4 - - 7 6 6 5
Car 4 4 4 5 5 - - 5 4 5 5
Lighting2 2 2 2 2 8 - - 2 5 8 7
Computers 2 6 4 7 6 - - 9 6 8 6
LargeKitchenAppliances 3 8 5 9 7 - - 11 5 12 4
RefrigerationDevices 3 2 3 5 10 - - 5 5 13 13
ScreenType 3 2 5 2 2 - - 5 6 6 9
SmallKitchenAppliances 3 3 6 9 6 - - 9 4 9 7
WormsTwoClass 2 5 5 2 11 - - 5 8 2 11
Worms 5 3 4 2 6 - - 6 6 9 10
StarLightCurves 3 5 5 6 5 - - 6 6 5 5
Haptics 5 6 4 7 5 - - 7 4 7 4
CinC_ECG_torso 4 8 6 10 9 - - - - - -
HandOutlines 2 4 4 4 4 - - - - - -

24.53 28.30 24.53 15.09 25.00 21.43 9.62 5.77 11.54 5.77
1.77 1.53 2.62 3.08 2.82 2.00 3.16 2.75 4.16 4.10

Exact match percentage (%)
Mean of absolute difference

f = 1.2f = 1
k  chosen by each Algorithm

Dataset
k  in 

constructed 
datasets

3.5.5 Comparison of SSTSC with the brute-force method

This section will demonstrate the performance on searching through the search space.

Figure 3.26 illustrates the result of the proposed algorithm comparing with the brute-force

method tested on the ECG data used in section 3.5.2.4. It contains roughly 6000 possible

paths of the input time series of length 1400 data points and a window size of 100. The result
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of the proposed method is shown in a thick blue line. The main goal is to maintain error while

maximizing the compression ratio. As shown in Figure 3.26, the proposed algorithm can search

through the search space closely following the optimal path by examining just 1 out of 6000

possible paths.
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Figure 3.26: The proposed algorithm (shown in blue) comparing with the brute-force method.

3.6 Conclusion

In this chapter, a frequent episode discovery framework for real-valued time series, which

is the main objective of this thesis, is proposed. The main concept of the framework is to identify

interesting patterns in a real-valued time series sequence, so that the frequent episode discovery

algorithms can be applied. A new Subsequence Time Series (STS) clustering named Selective

Subsequence Time Series Clustering (SSTSC) is introduced to transform real-valued patterns

to sets of events based on their shapes. The proposed SSTSC is designed to identify signif-

icant patterns while discarding trivial ones to minimize pattern inflations and redundancies.

More importantly, the proposed method can maintain the meaningfulness of the clustering re-

sults, which means the clustering outputs truly represent characteristics of the time series input.

The proposed algorithm also allows different lengths of member subsequences. As a result,

the introduced framework assures the efficiency and effectiveness of the proposed algorithm

by experimenting on various data domains. Additionally, the proposed method can perform

clustering by requiring only a few parameters where users can easily and flexibly adjust.



CHAPTER IV

EFFICIENT SUBSEQUENCE SEARCH ON STREAMING DATA

BASED ON TIME WARPING DISTANCE

Due to the age of data explosion, analysis of data stream in real time is crucial in many

data mining tasks including classification, clustering, anomaly detection, and pattern discovery.

Commonly, these tasks require a subsequence matching algorithm as an important subroutine.

Recently, SPRING (Sakurai et al., 2007), a breakthrough subsequence matching algorithm for

data stream under Dynamic Time Warping (DTW) distance (Ratanamahatana and Keogh, 2005)

has been proposed. SPRING can report an optimal subsequence in linear time. More specifi-

cally, it incrementally updates DTW distance, for each new streaming data point, only in time

complexity of the query sequence’s length. After the proposal of SPRING, many authors (Athit-

sos et al., 2008; Niennattrakul et al., 2009; Peng et al., 2008) have introduced fast algorithms

to improve performance of subsequence matching. This thesis claims that all of those past

research works (Athitsos et al., 2008; Niennattrakul et al., 2009; Peng et al., 2008; Sakurai

et al., 2007) are meaningless because the query sequence and candidate sequences from the

data stream were not normalized. Normalization (Han et al., 2006) is essential to achieve ac-

curate and meaningful distance calculation, as it normalizes the data to have similar offset and

distribution, regardless of the distance measure used, especially for DTW distance measure.

0 500 1000 1500

0 500 1000 1500

Query

Threshold

Distance to the query

Figure 4.1: Subsequence search without normalization in ECG data. Many subsequences with similar
shape to the query are left undetected.

Unfortunately, as mentioned above, current subsequence matching algorithms concern

mostly about speed enhancement, but neither on accuracy nor meaningfulness. Figure 4.1 illus-
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trates subsequence searching in ECG data (Goldberger et al., 2000). Many subsequences with

similar shape to the query are missed by the search without normalization.

However, there is an effort to resolve this problem by trying other approaches; the latest

one devises some hardware (Sart et al., 2010) to accelerate the computation time. The authors

propose two techniques, i.e., GPUs and FPGAs, to speed up subsequence matching using DTW

with normalization. They have shown that GPUs and FPGAs can help speed up the search

significantly. However, it is not practical in real world problems; implementation is hardware

dependent, and some systems are not flexibly adjusted to the problem.

This thesis introduces a novel subsequence matching algorithm called MSM (Meaning-

ful Subsequence Matching) for data stream under DTW distance. MSM consists of two new

ideas. First, this thesis introduces a multi-resolution lower bound, LB_GUN (Lower-Bounding

distance function under Global constraint, Uniform scaling, and Normalization) combining

with the well-known LB_Keogh (Keogh and Ratanamahatana, 2005) lower-bounding function.

LB_GUN is a new lower-bounding distance function extended from LB_Keogh. Second, SSM

(Scaling Subsequence Matrix) is used for lower-bounding distance estimation of LB_GUN by

incrementally estimating value of normalized data point while guaranteeing no false dismissals.

The distances for every scaled query sequence are stored in SSM, and then MSM algorithm

monitors SSM to report the optimal range query or the optimal top-k query when a new stream-

ing data point is received. From these two ideas, MSM can monitor data stream nearly in linear

time, and it also achieves much higher accuracy than existing algorithms as expected. The re-

mainder of this chapter is organized as follows. Problem definitions are provided in Section 4.1.

MSM, the proposed method, is described in Section 4.2. Experimental results are reported in

Section 4.3, and the proposed work is concluded in Section 4.4.

4.1 Problem definition

This thesis focuses on two main query problems on streaming time series data, i.e., op-

timal range query and optimal top-k query. The objective of the optimal range query is to find

non-overlapping normalized subsequences from a data stream, whose distance between a can-

didate sequence and a query sequence must be less than a threshold , where the query sequence

is scaled and normalized under uniform scaling between scaling range[fmin, fmax]. On the

other hand, optimal top-k query reports top-k non-overlapping normalized subsequences. Nev-

ertheless, the scaled query sequences and all candidate subsequences in the data stream must
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be normalized in order to return meaningful results. A naive method to monitor incoming data

stream first initializes a set of normalized scaled query sequences, and then candidate sequences

are extracted from the data stream using sliding-window model. After normalization, distance

calculation is performed on the extracted subsequences and non-overlapping optimal results are

reported (if any). However, this naive method requires as high as O(n3) time complexity for

each new incoming streaming data point.

4.2 Proposed method

Since the naive method consumes too high time complexity, this thesis proposes a novel

approach for subsequence matching which gives meaningful result. The proposed method is

called MSM algorithm (Meaningful Subsequence Matching), which contains two new ideas,

i.e., a multi-resolution lower-bounding function LB_GUN (Lower-Bounding function under

Global constraint, Uniform scaling, and Normalization), and SSM (Scaling Subsequence Ma-

trix) which incrementally estimates value of LB_GUN under global constraint, uniform scaling,

and normalization in linear time while guaranteeing no false dismissals. Three following sub-

sections of LB_GUN, SSM, and MSM algorithm are precisely described.

4.2.1 Lower-bounding distance under Global constraint, Uniform Scaling, and Normal-

ization (LB_GUN)

LB_GUN is a lower-bounding function of DTW distance extended from LB_Keogh

(Keogh and Ratanamahatana, 2005) whose distance calculation can be done in linear time.

Before calculation, LB_GUN first creates an envelope E′ from scaled and normalized en-

velopes. More specifically, three sequence sets are generated, i.e., sets of Q̃, R̃, and Ẽ.

The scaled query set Q̃ = {Q′nmin
, . . . , Q′k, . . . , Q

′
nmax
} is first generated by scaling and

normalizing a query sequence Q to every normalized scaled query sequence R′k, and the

scaled global constraint R̃ = {R′nmin
, . . . , R′k, . . . , R

′
nmax
} set is derived from scaling a spe-

cific global constraint set R̃ with all possible scaling lengths from nmin to nmax. An en-

velope Ek of a normalized scaled query sequence Q′k and a scaled global constraint R′k
for sequence length k is created as in LB_Keogh, and is stored in the envelope set Ẽ =

{Enmin
, . . . , Ek, . . . , Enmax

}. Then, E′ is generated by merging all envelopes in the set Ẽ

together, where E′ =
{
〈u′1, l′1〉 , . . . , 〈u′i, l′i〉 , . . . ,

〈
u′nmax

, l′nmax

〉}
. To find lower-bounding

distance between a query sequence Q and a candidate sequence C under global constraint, uni-

form scaling, and normalization, an envelope E′ of a query sequence Q is generated as mention
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above. LBGUN (Q,C, n) is shown in Equation 4.1.

LBGUN (Q,C, n) =
1

σC1...n

(
n∑
i=1

αi + µC1...n

n∑
i=1

βi

)
+

n∑
i=1

γi (4.1)

αi =


ci ; c′i > u′i

−ci ; c′i 6 l′i

0 ; otherwise

(4.2)

βi =


−1 ; c′i > u′i

1 ; c′i 6 l′i

0 ; otherwise

(4.3)

γi =


−u′i ; c′i > u′i

li ; c′i 6 l′i

0 ; otherwise

(4.4)

where µC1...n
and σC1...n

are arithmetic mean and standard deviation of data points 1 to

n of a candidate sequence C, c′i = (ci − µC1...i
)/σC1...i

, nmin and nmax are desired scaling

lengths, and nmin 6 n 6 nmax.

4.2.2 Scaling Subsequence Matrix

SSM (Scaling Subsequence Matrix) is another important component in MSM algorithm.

It stores lower-bounding distances determined by LB_GUN for each new incoming streaming

data point st at time t from data stream S. Suppose we have a query sequence Q; each element

〈t, j〉 of the matrix contains five values, i.e., vt, j, wt, j,xt, j,yt, j, and zt, j, calculated from

time t − j to time t. Therefore, values in matrix element 〈t, j〉 can be incrementally updated

from the matrix element 〈t− 1, j − 1〉 according to the following equations.

vt,j = vt−1,j−1 +


st ; s′t > u′j

−st ; s′t 6 l′j

0 ; otherwise

(4.5)
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wt,j = wt−1,j−1 +


−1 ; s′t > u′j

1 ; s′t 6 l′j

0 ; otherwise

(4.6)

xt,j = xt−1,j−1 +


−u′j ; s′t > u′j

l′j ; s′t 6 l′j

0 ; otherwise

(4.7)

yt−j = yt−1,j−1 + st (4.8)

zt,j = zt−1,j−1 + (st)
2 (4.9)

lbt,j =
1

σt,j
(vt,j + µt,j · wt,j) + xt,j (4.10)

where s′t = st−µt,j

σt,j
, µt,j = yt,j

j , σt,j =
√

zt,j
j − (µt,j)

2 , uj and lj are from an enveloped

E′ generated from a query sequence Q, 1 6 j 6 nmax, nmin 6 j 6 nmax, and lbt,j is a

lower-bounding distance LB_GUN for an element 〈t, j〉.

4.2.3 Meaningful Subsequence Matching

Since SSM is updated at every arrival of new streaming data point st, the proposed MSM

algorithm can monitor both optimal range query and optimal top-k query. More specifically,

for optimal range query, MSM first calculates and updates values including lower-bounding

distances in SSM, which is an estimation of LB_GUN and then checks whether a best-so-

far distance dbest is smaller than a threshold ε. If so, MSM reports an optimal subsequence

when there is no overlapping subsequence, and MSM resets dbest and values in SSM. For all

lbtj which are smaller than dbest in a range from nmin to nmax, LB_GUN and LB_Keogh are

calculated and compared to dbest to prune off the DTW distance calculation. If they are not

pruned by any lower-bounding distances, DTW distance is computed to update dbest and the

optimal subsequence’s position. Additionally, MSM uses only two columns of SSM that are
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values in time t and values in time t − 1. All lower-bounding distances and DTW distance are

normalized by dividing by i. The MSM algorithm for optimal range query is described in Table

4.1.

Table 4.1: MSM algorithm for optimal range query

MSMOPTIMALRANGEQUERY

Input: a new streaming data point st
Output: an optimal subsequence (if any)

1. update vi, wi, xi, yi and zi for all i, 1 ≤ i ≤ nmax and lbi for all i,
nmin ≤ I ≤ nmax

2. if (dbest < ε and ∀i, tendbest ≤ t− i)
3. Report(dbest, S[tendbest, t

start
best ])

4. dbest =∞
5. reset vi, wi, xi, yi and zi =∞ for all i, tendbest > t–i
6. for (i = nmin to nmax)
7. if (lbi ≤ dbest)
8. if (LBGUN (Q′

i, Normalize(S[t–i : t])) < dbest
9. if (LBKeogh(Q′

i, Normalize(S[t–i : t])) < dbest
10. distance = DTW (Q′

i, Normalize(S[t–i : t]))
11. if (distance ≤ dbest)
12. dbest = distance; tendbest = t–i; tstartbest = t
13. substitute v′i, w

′
i, x

′
i, y

′
i and z′i for vi, wi, xi, yi, and zi

MSM algorithm for optimal top-k query is implemented based on the optimal range

query. With a priority queue, MSM stores the k-best non-overlapping subsequence with DTW

distance from the result of MSMOPTIMALRANGEQUERY. First, it initializes a threshold ε to

positive infinity. Then, for every new streaming data point st, the queue is updated, and the

threshold ε is set to the largest DTW distance in the queue. The MSM algorithm for optimal

top-k query is described in Table 4.2.

Table 4.2: MSM algorithm for optimal top-k query

MSMOPTIMALTOPKQUERY

Input: a new streaming data point st
Output: update set P of top-k subsequence
1. [C, dC ]= MSMOPTIMALRANGEQUERY(st, ε)
2. If(C 6= NULL)
3. P.push(C, dC)
4. if (size(P ) > k)
5. P.pop()
6. ε = P.peek().dC
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4.3 Experimental results

Since none of the current subsequence matching algorithms under DTW distance can

handle the changes of data distribution, offset, and scaling, this section will compare the pro-

posed method with naive approach in terms of computational time only since the proposed

method and the naive method will both achieve the same accuracy. On the other hand, this

section compare the proposed method’s accuracy with SPRING, the best existing subsequence

matching under DTW distance. Note that this section does not compare the running time with

that of SPRING; while SPRING will have smaller running time, its results are inaccurate due

to lack of normalization, therefore not a reasonable comparison.

Streaming datasets are generated by combining training data sequences from the UCR

classification/clustering datasets (Keogh et al., 2011) and synthesized random walk sequences.

A stream is initialized with a random walk sequence, and then a training data sequence is

appended to the stream. To smooth the stream, before concatenation, each sequence is offset

by the last value of the stream. The dataset to be used in the experiments are Aidac, Beef,

CBF, Coffee, ECG200, Gun Point, Lighting7, Olive Oil, Trace and Synthetic Control which are

represented by Data 1, Data 2, Data 3, Data 4, Data 5, Data 6, Data 7, Data 8, Data 9, and Data

10, respectively

In the first experiment, it will compare the MSM algorithm with naive method in terms

of computational cost by measuring the number of distance calculations. Figure 4.2 shows the

numbers of all distance calculations by varying global constraints to 2, 4, 6, 8 and 10 respec-

tively, and in Figure 4.3, scaling range [fmin, fmax] are varied from [0.8, 1.2], [0.85, 1.15],

[0.9, 1.1], and [0.95, 1.05], respectively. The numbers of all distance calculations are normal-

ized to 100% which represent numbers of DTW calculations used in the naive method. As

expected, MSM is much faster than the naive method by a large margin. Additionally, in MSM,

the proposed multi-resolution lower-bounding function is efficiently used to filter out several

candidate sequences in linear time while guaranteeing no false dismissals; therefore, MSM al-

gorithm requires only a small number of DTW distance calculations comparing with the naive

method.

Then, this section compares the MSM algorithm with SPRING to measure performance

in terms of accuracy, both Accuracy-on-Retrieval (AoR) and Accuracy-on-Detection (AoD).

AoR reflects quality of an algorithm that is able to find the patterns in a data stream; on the
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other hand, AoD reflects quality of the returned results. Suppose we have data stream S, a set

of expected pattern sequences E, and a set of retrieved sequences R. We first define an overlap-

ping subsequence. Let S[ts : te] be the subsequence starting at ts and ending at te. Overlapping

subsequence OX,Y , where X = S[a : b] and Y = S[c : d], and overlap percentage PX,Y

are defined as OX,Y = S[min{a, c} : min{b, d}], and PX,Y = |OX,Y |
max{b,d}−min{a,c}+1 , respec-

tively. Both AoR and AoD can be defined over overlapping subsequenceOX,Y and overlapping

percentage PX,Y as AoR = |{OX,Y |PX,Y>p,X∈R,Y ∈E}|
|E| and AoD =

∑
{PX,Y |PX,Y>p,X∈R,Y ∈E}
|{OX,Y |PX,Y>p,X∈R,Y ∈E}| ,

respectively, where p is a threshold of PX,Y that defines a sequence in R as a discovered se-

quence. Figure 4.4 and Figure 4.5 compare AoRs of MSM and SPRING under various scaling

ranges and global constraints, respectively. Figure 4.6 and Figure 4.7 illustrate AoDs on every

scaling range and global constraint, respectively. The results show that MSM produces more

meaningful result since SPRING does not support global constraint (illustrated as one single

column of 100% global constraint in Figure 4.5 and Figure 4.7), uniform scaling, nor normal-

ization.
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Figure 4.2: DTW distance calculations filtered out by MSM with varying global constraints.
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Figure 4.3: DTW distance calculations filtered out by MSM with varying scaling ranges.
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Figure 4.4: MSM outperforms SPRING at every scaling range in terms of AoR.
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Figure 4.5: MSM outperforms SPRING at every global constraint value in terms of AoR

0

20

40

60

80

100

Data1 Data2 Data3 Data4 Data5 Data6 Data7 Data8 Data9 Data10 Data1 Data2 Data3 Data4 Data5 Data6 Data7 Data8 Data9 Data10

[0.80, 1.20]

[0.85, 1.15]

[0.90, 1.10]

[0.95, 1.05]

A
o

D
 (

%
) 

MSM SPRING 
Scaling Range 

Figure 4.6: MSM outperforms SPRING at every scaling range in terms of AoD
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Figure 4.7: MSM outperforms SPRING at every global constraint value in terms of AoD

4.4 Conclusion

This chapter proposes a novel and meaningful subsequence matching algorithm, so called

MSM (Meaningful Subsequence Matching), under global constraint, uniform scaling, and nor-

malization. Two ideas have been introduced in MSM algorithm, i.e., a multi-resolution lower-

bounding function LB_GUN (Lower-Bounding distance function under Global constraint, Uni-

form scaling, and Normalization, and a Scaling Subsequence Matrix (SSM) which estimates

value of LB_GUN for each candidate subsequence. The proposed algorithm can update lower-

bounding distance incrementally under normalization, while guaranteeing no false dismissals

in linear time. With these two ideas, MSM algorithm can efficiently monitor a data stream

and can answer both optimal range query and optimal top-k query problems. Since none of

the current algorithms produce meaningful result, this thesis evaluates the proposed method

comparing with the naive method in terms of time consumption and SPRING, the best existing

subsequence matching under DTW distance, in terms of accuracies. As expected, the proposed

MSM algorithm is much faster and more accurate by a very large margin.



CHAPTER V

CONCLUSIONS

This thesis introduces a new framework of frequent episode discovery on real-valued time

series by proposing a concept to identify events from interesting patterns based on their shapes

instead of a single value in a sequence. A new Subsequence Time Series (STS) clustering named

Selective Subsequence Time Series Clustering (SSTSC) is introduced to transform a real-valued

time series to a discrete event sequence. The proposed SSTSC is designed to identify significant

patterns and discard trivial ones to minimize pattern inflations and redundancies, which occur

in other works, while maintaining the meaningfulness of clustering results at the same time.

More specifically, outputs of the SSTSC truly present characteristics of a time series input.

The proposed SSTSC is design to avoid overly-identified patterns by using data com-

pression as a heuristic function to selectively collect interesting patterns. The algorithm are

also made to allow length of the patterns to be variable by utilizing the uniform scaling tech-

nique. This thesis also explores utilization of Dynamic Time Warping (DTW) distance and

shape-based averaging method to increase effectiveness of the previously proposed algorithm.

Furthermore, the proposed algorithm provides parameter suggestion, so it can perform cluster-

ing by requiring only a few parameters where users can easily and flexibly adjust. The frame-

work is also designed to be divided into common subtasks, such as subsequence matching and

motif discovery, so that it is made to be manageable for further optimization.

This thesis assures the effectiveness and efficiency of the proposed algorithm by experi-

menting in various data domains. The experimental results show that the algorithm can identify

significant patterns without giving redundancies and inflating results, and more importantly, can

ensure that the results are meaningful by an extensive set of experimental evaluations.

This thesis also proposes an efficiency improvement on a usage of DTW as a distance

measure in the framework. One of the subtasks that consumes high computational power is

the subsequence matching task. A new subsequence matching algorithm, so called Meaning-

ful Subsequence Matching (MSM) is proposed. The MSM provides subsequence search with

DTW distance under global constraint, uniform scaling, and normalization. The MSM algo-
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rithm introduces a multi-resolution lower-bounding function LB_GUN (Lower-Bounding dis-

tance function under Global constraint, Uniform scaling, and Normalization), and a Scaling

Subsequence Matrix (SSM) that estimates value of LB_GUN. The SSM and LB_GUN guaran-

tee lower bound with no false dismissals. The experiments show a huge increase of efficiency

and effectiveness of the proposed MSM algorithm.

The following are the summary of contributions of this thesis.

• This is the first work to address frequent episode discovery problem on real-valued time

series effectively.

• The proposed framework is shown to be able to be applied in real world applications.

• This thesis proposes a new frequent episode discovery framework. The following are

details of the proposed framework.

– The framework includes a new STS clustering algorithm for identification of inter-

esting patterns, while trivial patterns are discarded.

– The framework uses a compression based objective function to perform clustering.

– The framework allows variability in length of the patterns.

– The framework provides the best cluster number parameter suggestion.

– The framework is suitable for frequent episode discovery and other applications such

as rule discovery and prediction.

• The proposed framework is intentionally designed to be divided into common subtasks,

so that it is designed to be manageable for further optimization.

• This thesis proposes effectiveness improvements to the previously proposed STS cluster-

ing method by utilizing DTW distance, and shape-based averaging technique.

• This thesis proposes efficiency improvements on using DTW in a subsequence search

subtask.

Future research directions

Because this thesis proposed a new framework, there are some future improvements that

can be explored. In motif discovery subtask, using DTW distance can provide exceptional
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results; however, it is traded with very high computational time in exchange. For this reason,

efficiency improvement on the usage of DTW can make the motif discovery more useful. Other

directions are to explore other compression techniques to improve efficiency and effectiveness

of the proposed framework.
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APPENDICES A

COMPLETE EXPERIMENTAL RESULTS OF THE

EXPERIMENT IN SECTION 3.5.3
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Figure A.1: TSDMA datasets used in the experiments in section 3.5.3.
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Figure A.2: SMMs of AEM2 dataset when number of clusters (k) is 3 and the length of sliding window
(w) is varied.
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Figure A.3: SMMs of AEM2 dataset when number of clusters (k) is varied and the length of sliding
window (w) is 64.



93

32 64 128
0

5

10

15

20

25

Window length (w)

S
M

M

 

 

2STSC (CDTW + CL)
2STSC (CDTW + AL)
2STSC (ICDTW + CL)
2STSC (ICDTW + AL)
SSTSC (EUC + AA)
SSTSC (EUC + SA)
SSTSC (DTW + AA)
SSTSC (DTW + SA)

Figure A.4: SMMs of Buoy1 dataset when number of clusters (k) is 3 and the length of sliding window
(w) is varied.
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Figure A.5: SMMs of Buoy1 dataset when number of clusters (k) is varied and the length of sliding
window (w) is 64.



94

32 64 128
0

5

10

15

20

25

30

Window length (w)

S
M

M

 

 

2STSC (CDTW + CL)
2STSC (CDTW + AL)
2STSC (ICDTW + CL)
2STSC (ICDTW + AL)
SSTSC (EUC + AA)
SSTSC (EUC + SA)
SSTSC (DTW + AA)
SSTSC (DTW + SA)

Figure A.6: SMMs of CBF dataset when number of clusters (k) is 3 and the length of sliding window (w)
is varied.
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Figure A.7: SMMs of CBF dataset when number of clusters (k) is varied and the length of sliding window
(w) is 64.
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Figure A.8: SMMs of ERP dataset when number of clusters (k) is 3 and the length of sliding window (w)
is varied.
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Figure A.9: SMMs of ERP dataset when number of clusters (k) is varied and the length of sliding window
(w) is 64.
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Figure A.10: SMMs of Field4 dataset when number of clusters (k) is 3 and the length of sliding window
(w) is varied.
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Figure A.11: SMMs of Field4 dataset when number of clusters (k) is varied and the length of sliding
window (w) is 64.
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Figure A.12: SMMs of Fortune5004 dataset when number of clusters (k) is 3 and the length of sliding
window (w) is varied.
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Figure A.13: SMMs of Fortune5004 dataset when number of clusters (k) is varied and the length of
sliding window (w) is 64.
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Figure A.14: SMMs of MITDBX108 dataset when number of clusters (k) is 3 and the length of sliding
window (w) is varied.
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Figure A.15: SMMs of MITDBX108 dataset when number of clusters (k) is varied and the length of
sliding window (w) is 64.



99

32 64 128
0

5

10

15

20

25

30

35

40

Window length (w)

S
M

M

 

 

2STSC (CDTW + CL)
2STSC (CDTW + AL)
2STSC (ICDTW + CL)
2STSC (ICDTW + AL)
SSTSC (EUC + AA)
SSTSC (EUC + SA)
SSTSC (DTW + AA)
SSTSC (DTW + SA)

Figure A.16: SMMs of TOR96 dataset when number of clusters (k) is 3 and the length of sliding window
(w) is varied.
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Figure A.17: SMMs of TOR96 dataset when number of clusters (k) is varied and the length of sliding
window (w) is 64.
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Figure A.18: Cluster representatives of AEM2 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 32.
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Figure A.19: Cluster representatives of AEM2 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 64.
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Figure A.20: Cluster representatives of AEM2 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 128.
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Figure A.21: Cluster representatives of AEM2 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 5 and w = 64.
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Figure A.22: Cluster representatives of AEM2 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 7 and w = 64.
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Figure A.23: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 32.
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Figure A.24: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 64.
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Figure A.25: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 128.
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Figure A.26: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 5 and w = 64.
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Figure A.27: Cluster representatives of buoy1 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 7 and w = 64.
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Figure A.28: Cluster representatives of CBF dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 32.
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Figure A.29: Cluster representatives of CBF dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 64.
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Figure A.30: Cluster representatives of CBF dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 128.
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Figure A.31: Cluster representatives of CBF dataset from variations of 2STSC (left) and SSTSC (right)
with k = 5 and w = 64.



107

10 20 30 40 50 60

−2

0

2

4

10 20 30 40 50 60
−2

0

2

2STSC: CDTW + CL SSTSC: EUC + AA

10 20 30 40 50 60
−2

0

2

10 20 30 40 50 60

−2

0

2

2STSC: CDTW + AL SSTSC: EUC + SA

10 20 30 40 50 60

−2

0

2

10 20 30 40 50 60

−2

0

2

2STSC: ICDTW + CL SSTSC: DTW + AA

10 20 30 40 50 60

−2

0

2

10 20 30 40 50 60

−2

0

2

2STSC: ICDTW + AL SSTSC: DTW + SA

Figure A.32: Cluster representatives of CBF dataset from variations of 2STSC (left) and SSTSC (right)
with k = 7 and w = 64.
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Figure A.33: Cluster representatives of ERP dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 32.
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Figure A.34: Cluster representatives of ERP dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 64.
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Figure A.35: Cluster representatives of ERP dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 128.
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Figure A.36: Cluster representatives of ERP dataset from variations of 2STSC (left) and SSTSC (right)
with k = 5 and w = 64.
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Figure A.37: Cluster representatives of ERP dataset from variations of 2STSC (left) and SSTSC (right)
with k = 7 and w = 64.
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Figure A.38: Cluster representatives of Field4 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 32.
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Figure A.39: Cluster representatives of Field4 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 64.
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Figure A.40: Cluster representatives of Field4 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 128.
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Figure A.41: Cluster representatives of Field4 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 5 and w = 64.
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Figure A.42: Cluster representatives of Field4 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 7 and w = 64.
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Figure A.43: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 32.
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Figure A.44: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 64.
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Figure A.45: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 128.
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Figure A.46: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 5 and w = 64.
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Figure A.47: Cluster representatives of Fortune5004 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 7 and w = 64.
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Figure A.48: Cluster representatives of MITDBX108 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 32.
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Figure A.49: Cluster representatives of MITDBX108 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 64.
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Figure A.50: Cluster representatives of MITDBX108 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 3 and w = 128.
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Figure A.51: Cluster representatives of MITDBX108 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 5 and w = 64.
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Figure A.52: Cluster representatives of MITDBX108 dataset from variations of 2STSC (left) and SSTSC
(right) with k = 7 and w = 64.
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Figure A.53: Cluster representatives of TOR96 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 32.
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Figure A.54: Cluster representatives of TOR96 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 64.
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Figure A.55: Cluster representatives of TOR96 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 3 and w = 128.
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Figure A.56: Cluster representatives of TOR96 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 5 and w = 64.

10 20 30 40 50 60
−2

0

2

10 20 30 40 50 60
−2

0

2

2STSC: CDTW + CL SSTSC: EUC + AA

10 20 30 40 50 60
−2

0

2

10 20 30 40 50 60
−2

0

2

2STSC: CDTW + AL SSTSC: EUC + SA

10 20 30 40 50 60
−2

0

2

10 20 30 40 50 60
−2

0

2

2STSC: ICDTW + CL SSTSC: DTW + AA

10 20 30 40 50 60
−2

0

2

10 20 30 40 50 60
−2

0

2

2STSC: ICDTW + AL SSTSC: DTW + SA

Figure A.57: Cluster representatives of TOR96 dataset from variations of 2STSC (left) and SSTSC (right)
with k = 7 and w = 64.
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Table B.1: Rand Index (RI) from all algorithms on all datasets when the scaling factor (f ) is 1 and number
of clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.49 0.52 0.49 0.49 0.49 0.49 0.49 0.49 0.50 0.56 0.48 0.53
SonyAIBORobotSurfaceII 0.80 0.78 0.73 0.72 0.73 0.59 0.81 0.72 0.48 0.46 0.56 0.57
SonyAIBORobotSurface 0.48 0.49 0.60 0.54 0.77 0.75 0.60 0.56 0.46 0.50 0.47 1.00
DistalPhalanxOutlineCorrect 0.49 0.48 0.49 0.49 0.49 0.48 0.49 0.49 0.49 0.48 0.49 0.48
MiddlePhalanxOutlineCorrect 0.48 0.48 0.49 0.49 0.48 0.48 0.49 0.49 0.50 0.50 0.50 0.50
PhalangesOutlinesCorrect 0.48 0.48 0.49 0.49 0.49 0.49 0.47 0.47 0.48 0.48 0.49 0.49
ProximalPhalanxOutlineCorrect 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56
DistalPhalanxOutlineAgeGroup 0.69 0.69 0.69 0.69 0.69 0.69 0.69 0.69 0.62 0.62 0.80 0.80
MiddlePhalanxOutlineAgeGroup 0.60 0.60 0.60 0.60 0.60 0.60 0.60 0.60 0.45 0.45 0.60 0.60
ProximalPhalanxOutlineAgeGroup 0.65 0.65 0.65 0.65 0.65 0.65 0.65 0.65 0.62 0.62 0.62 0.62
TwoLeadECG 0.61 0.61 0.56 0.56 0.52 0.52 0.56 0.56 0.49 0.48 0.47 0.47
MoteStrain 0.52 0.47 0.49 0.49 0.49 0.47 0.49 0.46 0.50 0.46 0.68 1.00
ECG200 0.52 0.54 0.56 0.56 0.49 0.51 0.56 0.59 0.52 0.60 0.48 0.48
CBF 0.61 0.60 0.60 0.62 0.61 0.48 0.53 0.39 0.69 0.73 0.63 0.39
Two_Patterns 0.65 1.00 0.62 1.00 0.58 0.00 0.59 0.80 0.57 0.63 0.81 0.91
ECGFiveDays 0.54 0.54 0.54 0.54 0.47 0.47 0.47 0.47 0.47 0.47 0.49 0.50
ECG5000 0.78 0.79 0.81 0.81 0.63 0.59 0.80 0.80 0.79 0.96 0.75 0.82
Gun_Point 0.52 0.50 0.61 0.59 0.49 0.49 0.61 0.59 0.52 0.52 0.52 0.52
wafer 0.65 0.66 0.56 0.58 0.72 0.77 0.49 0.50 0.49 0.51 0.49 0.50
ChlorineConcentration 0.60 0.60 0.60 0.60 0.60 0.60 0.51 0.51 0.56 0.56 0.54 0.54
Wine 0.61 0.61 0.73 0.73 0.61 0.61 0.73 0.73 0.61 0.61 0.61 0.61
Strawberry 0.49 0.49 0.56 0.56 0.49 0.49 0.49 0.49 0.49 0.49 0.56 0.56
ArrowHead 0.66 0.66 0.66 0.66 0.63 0.61 0.64 0.64 0.46 0.43 0.53 0.52
Trace 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.69 0.81 0.84 0.84
ToeSegmentation1 0.49 0.67 0.47 0.47 0.45 0.50 0.49 0.45 0.49 0.44 0.48 0.56
Coffee 0.81 0.81 0.73 0.73 0.81 0.81 0.81 0.81 0.90 0.90 0.90 0.90
ToeSegmentation2 0.50 0.80 0.49 0.47 0.47 0.46 0.56 0.54 0.51 0.52 0.49 0.49
FaceFour 0.65 0.33 0.76 0.71 0.53 1.00 0.69 0.65 0.60 0.33 0.67 0.17
yoga 0.52 0.51 0.48 0.48 0.52 0.51 0.48 0.47 - - - -
Ham 0.47 0.47 0.48 0.48 0.48 0.50 0.49 0.49 - - - -
Meat 0.94 0.94 0.81 0.81 0.81 0.81 0.68 0.68 - - - -
Beef 0.76 0.76 0.76 0.76 0.69 0.69 0.70 0.70 - - - -
FordA 0.56 1.00 0.52 0.43 0.49 0.40 0.53 0.52 - - - -
FordB 0.52 1.00 0.48 0.44 0.51 0.71 0.48 0.47 - - - -
ShapeletSim 0.56 1.00 0.46 1.00 0.49 0.50 0.47 0.43 - - - -
BeetleFly 0.45 0.33 0.48 0.46 0.47 0.50 0.49 0.51 - - - -
BirdChicken 0.47 0.47 0.48 0.48 0.47 0.47 0.47 0.47 - - - -
Earthquakes 0.59 1.00 0.59 0.50 0.52 1.00 0.48 0.50 - - - -
Herring 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49 - - - -
OliveOil 0.82 0.82 0.82 0.82 0.82 0.82 0.82 0.82 - - - -
Car 0.73 0.73 0.73 0.73 0.70 0.70 0.73 0.73 - - - -
Lighting2 0.47 0.33 0.51 1.00 0.52 0.00 0.47 0.60 - - - -
Computers 0.48 0.45 0.47 0.47 0.51 0.43 0.47 0.45 - - - -
LargeKitchenAppliances 0.50 0.54 0.43 0.38 0.54 0.64 0.50 0.56 - - - -
RefrigerationDevices 0.51 1.00 0.45 0.38 0.50 0.00 0.38 0.44 - - - -
ScreenType 0.53 0.40 0.58 0.56 0.55 0.81 0.57 0.57 - - - -
SmallKitchenAppliances 0.58 0.33 0.54 0.52 0.54 0.50 0.47 0.43 - - - -
WormsTwoClass 0.56 0.60 0.50 0.50 0.52 0.47 0.47 0.44 - - - -
Worms 0.64 1.00 0.72 0.67 0.67 1.00 0.61 0.53 - - - -
StarLightCurves 0.81 0.81 0.81 0.81 0.56 0.68 0.81 0.81 - - - -
Haptics 0.67 0.67 0.73 0.73 0.60 0.50 0.67 0.67 - - - -
CinC_ECG_torso 0.54 0.60 0.62 0.62 0.53 0.59 0.56 0.54 - - - -
HandOutlines 0.73 0.73 0.73 0.73 0.73 0.73 0.73 0.73 - - - -

Rand Index
Dataset E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.2: Precision from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.48 0.49 0.47 0.47 0.48 0.47 0.48 0.48 0.47 0.55 0.47 0.50
SonyAIBORobotSurfaceII 0.77 0.73 0.70 0.67 0.70 0.54 0.79 0.67 0.44 0.44 0.53 0.54
SonyAIBORobotSurface 0.47 0.61 0.60 0.67 0.77 0.76 0.57 0.56 0.50 1.00 0.48 1.00
DistalPhalanxOutlineCorrect 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48
MiddlePhalanxOutlineCorrect 0.46 0.46 0.47 0.47 0.46 0.46 0.47 0.47 0.48 0.48 0.48 0.48
PhalangesOutlinesCorrect 0.45 0.45 0.47 0.47 0.47 0.47 0.45 0.45 0.45 0.45 0.48 0.48
ProximalPhalanxOutlineCorrect 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53
DistalPhalanxOutlineAgeGroup 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.41 0.41 0.66 0.66
MiddlePhalanxOutlineAgeGroup 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.31 0.31 0.39 0.39
ProximalPhalanxOutlineAgeGroup 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.42 0.42 0.42 0.42
TwoLeadECG 0.58 0.58 0.53 0.53 0.49 0.49 0.53 0.53 0.48 0.48 0.46 0.46
MoteStrain 0.50 0.47 0.47 0.46 0.47 0.46 0.48 0.46 0.48 0.46 0.63 1.00
ECG200 0.50 0.51 0.52 0.52 0.47 0.49 0.53 0.56 0.49 0.57 0.45 0.45
CBF 0.38 0.33 0.36 0.46 0.37 0.40 0.28 0.29 0.50 1.00 0.42 0.45
Two_Patterns 0.22 1.00 0.19 0.00 0.26 0.00 0.22 0.33 0.28 0.29 0.53 0.68
ECGFiveDays 0.52 0.52 0.52 0.52 0.46 0.46 0.46 0.46 0.45 0.44 0.47 0.47
ECG5000 0.37 0.43 0.44 0.44 0.19 0.23 0.40 0.40 0.42 0.88 0.33 0.75
Gun_Point 0.50 0.49 0.57 0.55 0.47 0.47 0.57 0.55 0.49 0.49 0.49 0.49
wafer 0.63 0.64 0.52 0.54 0.69 0.75 0.47 0.48 0.47 0.49 0.47 0.47
ChlorineConcentration 0.33 0.33 0.36 0.36 0.33 0.33 0.33 0.33 0.29 0.29 0.30 0.30
Wine 0.57 0.57 0.70 0.70 0.57 0.57 0.70 0.70 0.57 0.57 0.57 0.57
Strawberry 0.48 0.48 0.53 0.53 0.48 0.48 0.48 0.48 0.48 0.48 0.53 0.53
ArrowHead 0.45 0.45 0.45 0.45 0.42 0.42 0.43 0.43 0.33 0.33 0.34 0.34
Trace 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.38 0.53 0.58 0.58
ToeSegmentation1 0.45 0.86 0.44 0.42 0.47 0.50 0.48 0.45 0.46 0.44 0.45 0.52
Coffee 0.79 0.79 0.70 0.70 0.79 0.79 0.79 0.79 0.89 0.89 0.89 0.89
ToeSegmentation2 0.48 0.75 0.48 0.46 0.45 0.44 0.53 0.52 0.48 0.47 0.47 0.46
FaceFour 0.29 0.33 0.45 0.50 0.19 1.00 0.33 0.43 0.15 0.00 0.31 0.17
yoga 0.50 0.49 0.46 0.46 0.49 0.48 0.47 0.46 - - - -
Ham 0.45 0.44 0.45 0.45 0.45 0.47 0.47 0.47 - - - -
Meat 0.89 0.89 0.67 0.67 0.65 0.65 0.47 0.47 - - - -
Beef 0.33 0.33 0.33 0.33 0.19 0.19 0.22 0.22 - - - -
FordA 0.52 1.00 0.49 0.38 0.46 0.40 0.50 0.52 - - - -
FordB 0.49 1.00 0.46 0.46 0.48 0.67 0.48 0.47 - - - -
ShapeletSim 0.52 1.00 0.45 0.00 0.45 0.33 0.46 0.43 - - - -
BeetleFly 0.47 0.33 0.45 0.46 0.43 0.50 0.47 0.48 - - - -
BirdChicken 0.45 0.45 0.46 0.46 0.45 0.44 0.46 0.46 - - - -
Earthquakes 0.57 0.00 0.57 0.33 0.47 1.00 0.48 0.50 - - - -
Herring 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 - - - -
OliveOil 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 - - - -
Car 0.39 0.39 0.39 0.39 0.35 0.35 0.39 0.39 - - - -
Lighting2 0.44 0.00 0.50 1.00 0.47 0.00 0.46 0.60 - - - -
Computers 0.47 0.52 0.45 0.46 0.50 0.69 0.45 0.45 - - - -
LargeKitchenAppliances 0.24 0.38 0.28 0.33 0.36 0.45 0.29 0.43 - - - -
RefrigerationDevices 0.21 0.00 0.31 0.31 0.30 0.00 0.30 0.27 - - - -
ScreenType 0.24 0.00 0.31 0.38 0.27 0.57 0.35 0.40 - - - -
SmallKitchenAppliances 0.34 0.33 0.26 0.17 0.32 0.25 0.29 0.23 - - - -
WormsTwoClass 0.52 0.75 0.47 0.45 0.47 0.43 0.45 0.44 - - - -
Worms 0.08 0.00 0.23 0.25 0.11 0.00 0.23 0.19 - - - -
StarLightCurves 0.65 0.65 0.65 0.65 0.38 0.48 0.65 0.65 - - - -
Haptics 0.18 0.00 0.22 0.22 0.10 0.00 0.15 0.15 - - - -
CinC_ECG_torso 0.22 0.24 0.25 0.25 0.22 0.26 0.25 0.23 - - - -
HandOutlines 0.70 0.70 0.70 0.70 0.70 0.70 0.70 0.70 - - - -

Dataset
Precision

E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.3: Recall from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.67 0.87 0.56 0.56 0.67 0.84 0.82 0.82 0.64 0.63 0.89 0.86
SonyAIBORobotSurfaceII 0.83 0.89 0.77 0.84 0.77 0.81 0.82 0.84 0.44 0.54 0.55 0.54
SonyAIBORobotSurface 0.45 0.48 0.60 0.50 0.77 0.76 0.87 0.56 0.43 0.50 0.48 1.00
DistalPhalanxOutlineCorrect 0.82 0.48 0.82 0.82 0.82 0.48 0.82 0.82 0.82 0.48 0.82 0.48
MiddlePhalanxOutlineCorrect 0.59 0.59 0.56 0.56 0.59 0.59 0.56 0.56 0.81 0.81 0.81 0.81
PhalangesOutlinesCorrect 0.46 0.46 0.49 0.49 0.56 0.56 0.47 0.47 0.46 0.46 0.82 0.90
ProximalPhalanxOutlineCorrect 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53
DistalPhalanxOutlineAgeGroup 0.51 0.51 0.51 0.51 0.51 0.51 0.51 0.51 0.62 0.62 0.67 0.67
MiddlePhalanxOutlineAgeGroup 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.68 0.68 0.59 0.59
ProximalPhalanxOutlineAgeGroup 0.73 0.73 0.73 0.73 0.73 0.73 0.73 0.73 0.68 0.68 0.68 0.68
TwoLeadECG 0.63 0.63 0.56 0.56 0.50 0.50 0.56 0.56 0.82 0.48 0.64 0.64
MoteStrain 0.63 0.47 0.49 0.55 0.49 0.72 0.67 0.46 0.79 0.46 0.73 1.00
ECG200 0.63 0.70 0.73 0.73 0.56 0.60 0.56 0.60 0.50 0.61 0.46 0.44
CBF 0.47 0.50 0.42 0.58 0.33 0.44 0.37 0.80 0.55 0.43 0.50 0.31
Two_Patterns 0.31 1.00 0.24 0.00 0.50 0.00 0.37 1.00 0.65 0.61 0.67 1.00
ECGFiveDays 0.53 0.53 0.53 0.53 0.57 0.57 0.57 0.57 0.48 0.57 0.58 0.64
ECG5000 0.44 0.47 0.56 0.56 0.40 0.60 0.48 0.48 0.68 0.88 0.56 0.43
Gun_Point 0.63 0.89 0.72 0.75 0.56 0.88 0.72 0.75 0.54 0.54 0.54 0.54
wafer 0.63 0.69 0.73 0.84 0.74 0.75 0.49 0.54 0.49 0.53 0.47 0.50
ChlorineConcentration 0.35 0.35 0.40 0.40 0.35 0.35 0.60 0.60 0.33 0.33 0.40 0.40
Wine 0.72 0.72 0.77 0.77 0.72 0.72 0.77 0.77 0.72 0.72 0.72 0.72
Strawberry 0.82 0.82 0.62 0.62 0.82 0.82 0.82 0.82 0.82 0.82 0.62 0.62
ArrowHead 0.61 0.61 0.61 0.61 0.56 0.74 0.60 0.60 0.77 0.87 0.60 0.65
Trace 0.70 0.70 0.70 0.70 0.70 0.70 0.70 0.70 0.70 0.88 0.85 0.85
ToeSegmentation1 0.51 0.60 0.44 0.43 0.78 0.50 0.90 0.45 0.46 0.39 0.46 0.52
Coffee 0.82 0.82 0.77 0.77 0.82 0.82 0.82 0.82 0.90 0.90 0.90 0.90
ToeSegmentation2 0.58 0.86 0.67 0.55 0.53 0.54 0.53 0.51 0.52 0.53 0.72 0.72
FaceFour 0.45 1.00 0.52 0.62 0.36 1.00 0.45 0.68 0.15 0.00 0.40 1.00
yoga 0.63 0.60 0.59 0.59 0.54 0.52 0.72 0.70 - - - -
Ham 0.47 0.44 0.50 0.50 0.50 0.47 0.49 0.49 - - - -
Meat 0.90 0.90 0.75 0.75 0.81 0.81 0.49 0.49 - - - -
Beef 0.23 0.23 0.23 0.23 0.17 0.17 0.19 0.19 - - - -
FordA 0.56 1.00 0.61 0.50 0.65 0.40 0.84 0.52 - - - -
FordB 0.51 1.00 0.62 0.72 0.47 0.67 0.48 0.47 - - - -
ShapeletSim 0.56 1.00 0.71 0.00 0.53 0.50 0.73 0.43 - - - -
BeetleFly 0.47 0.33 0.50 0.46 0.45 0.50 0.80 0.76 - - - -
BirdChicken 0.52 0.59 0.59 0.59 0.47 0.48 0.64 0.64 - - - -
Earthquakes 0.55 0.00 0.55 0.50 0.53 1.00 0.48 0.50 - - - -
Herring 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.67 - - - -
OliveOil 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.67 - - - -
Car 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 - - - -
Lighting2 0.57 0.00 0.58 1.00 0.53 0.00 0.65 1.00 - - - -
Computers 0.45 0.45 0.53 0.68 0.48 0.43 0.59 0.45 - - - -
LargeKitchenAppliances 0.30 0.67 0.59 0.75 0.67 0.82 0.49 0.52 - - - -
RefrigerationDevices 0.21 0.00 0.68 0.82 0.33 0.00 0.80 0.60 - - - -
ScreenType 0.26 0.00 0.32 0.38 0.33 0.80 0.50 0.57 - - - -
SmallKitchenAppliances 0.38 0.33 0.30 0.17 0.50 0.33 0.44 0.33 - - - -
WormsTwoClass 0.52 0.50 0.64 0.63 0.47 0.43 0.51 0.39 - - - -
Worms 0.10 0.00 0.32 0.33 0.13 0.00 0.59 0.43 - - - -
StarLightCurves 0.81 0.81 0.81 0.81 0.75 0.88 0.81 0.81 - - - -
Haptics 0.30 0.00 0.30 0.30 0.19 0.00 0.22 0.22 - - - -
CinC_ECG_torso 0.45 0.41 0.40 0.40 0.50 0.42 0.53 0.53 - - - -
HandOutlines 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77 - - - -

Dataset
Recall

E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.4: F1-score from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.56 0.63 0.51 0.51 0.56 0.60 0.61 0.61 0.54 0.59 0.62 0.63
SonyAIBORobotSurfaceII 0.80 0.80 0.73 0.74 0.73 0.65 0.80 0.74 0.44 0.48 0.54 0.54
SonyAIBORobotSurface 0.46 0.53 0.60 0.57 0.77 0.76 0.68 0.56 0.46 0.67 0.48 1.00
DistalPhalanxOutlineCorrect 0.61 0.48 0.61 0.61 0.61 0.48 0.61 0.61 0.61 0.48 0.61 0.48
MiddlePhalanxOutlineCorrect 0.52 0.52 0.51 0.51 0.52 0.52 0.51 0.51 0.60 0.60 0.60 0.60
PhalangesOutlinesCorrect 0.45 0.45 0.48 0.48 0.51 0.51 0.46 0.46 0.45 0.45 0.61 0.62
ProximalPhalanxOutlineCorrect 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53
DistalPhalanxOutlineAgeGroup 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.66 0.66
MiddlePhalanxOutlineAgeGroup 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.43 0.43 0.47 0.47
ProximalPhalanxOutlineAgeGroup 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.52 0.52 0.52 0.52
TwoLeadECG 0.60 0.60 0.54 0.54 0.50 0.50 0.54 0.54 0.61 0.48 0.54 0.54
MoteStrain 0.56 0.47 0.48 0.50 0.48 0.56 0.56 0.46 0.59 0.46 0.68 1.00
ECG200 0.56 0.59 0.61 0.61 0.51 0.54 0.54 0.58 0.50 0.59 0.45 0.44
CBF 0.42 0.40 0.39 0.51 0.35 0.42 0.32 0.42 0.52 0.60 0.46 0.37
Two_Patterns 0.26 1.00 0.21 0.00 0.34 0.00 0.27 0.50 0.39 0.39 0.59 0.81
ECGFiveDays 0.52 0.52 0.52 0.52 0.51 0.51 0.51 0.51 0.46 0.50 0.52 0.54
ECG5000 0.40 0.45 0.49 0.49 0.26 0.33 0.44 0.44 0.52 0.88 0.42 0.55
Gun_Point 0.56 0.63 0.63 0.64 0.51 0.61 0.63 0.64 0.52 0.52 0.52 0.52
wafer 0.63 0.66 0.61 0.66 0.71 0.75 0.48 0.51 0.48 0.51 0.47 0.48
ChlorineConcentration 0.34 0.34 0.38 0.38 0.34 0.34 0.43 0.43 0.31 0.31 0.34 0.34
Wine 0.63 0.63 0.73 0.73 0.63 0.63 0.73 0.73 0.63 0.63 0.63 0.63
Strawberry 0.61 0.61 0.57 0.57 0.61 0.61 0.61 0.61 0.61 0.61 0.57 0.57
ArrowHead 0.52 0.52 0.52 0.52 0.48 0.54 0.50 0.50 0.46 0.48 0.44 0.45
Trace 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.49 0.66 0.69 0.69
ToeSegmentation1 0.48 0.71 0.44 0.43 0.58 0.50 0.62 0.45 0.46 0.41 0.45 0.52
Coffee 0.80 0.80 0.73 0.73 0.80 0.80 0.80 0.80 0.90 0.90 0.90 0.90
ToeSegmentation2 0.52 0.80 0.56 0.50 0.49 0.48 0.53 0.51 0.50 0.50 0.57 0.57
FaceFour 0.35 0.50 0.48 0.55 0.25 1.00 0.38 0.53 0.15 0.00 0.35 0.29
yoga 0.56 0.54 0.52 0.52 0.52 0.50 0.57 0.56 - - - -
Ham 0.46 0.44 0.48 0.48 0.48 0.47 0.48 0.48 - - - -
Meat 0.90 0.90 0.71 0.71 0.72 0.72 0.48 0.48 - - - -
Beef 0.27 0.27 0.27 0.27 0.18 0.18 0.21 0.21 - - - -
FordA 0.54 1.00 0.55 0.43 0.54 0.40 0.63 0.52 - - - -
FordB 0.50 1.00 0.53 0.57 0.47 0.67 0.48 0.47 - - - -
ShapeletSim 0.54 1.00 0.55 0.00 0.49 0.40 0.56 0.43 - - - -
BeetleFly 0.47 0.33 0.48 0.46 0.44 0.50 0.60 0.59 - - - -
BirdChicken 0.48 0.51 0.52 0.52 0.46 0.46 0.54 0.54 - - - -
Earthquakes 0.56 0.00 0.56 0.40 0.50 1.00 0.48 0.50 - - - -
Herring 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 - - - -
OliveOil 0.61 0.61 0.61 0.61 0.61 0.61 0.61 0.61 - - - -
Car 0.44 0.44 0.44 0.44 0.41 0.41 0.44 0.44 - - - -
Lighting2 0.49 0.00 0.54 1.00 0.50 0.00 0.54 0.75 - - - -
Computers 0.46 0.48 0.49 0.55 0.49 0.53 0.51 0.45 - - - -
LargeKitchenAppliances 0.27 0.48 0.38 0.46 0.47 0.58 0.37 0.47 - - - -
RefrigerationDevices 0.21 0.00 0.43 0.45 0.32 0.00 0.44 0.38 - - - -
ScreenType 0.25 0.00 0.31 0.38 0.30 0.67 0.41 0.47 - - - -
SmallKitchenAppliances 0.36 0.33 0.28 0.17 0.39 0.29 0.35 0.27 - - - -
WormsTwoClass 0.52 0.60 0.54 0.53 0.47 0.43 0.48 0.41 - - - -
Worms 0.09 0.00 0.27 0.29 0.12 0.00 0.33 0.26 - - - -
StarLightCurves 0.72 0.72 0.72 0.72 0.50 0.63 0.72 0.72 - - - -
Haptics 0.23 0.00 0.25 0.25 0.13 0.00 0.18 0.18 - - - -
CinC_ECG_torso 0.29 0.30 0.30 0.30 0.31 0.32 0.34 0.32 - - - -
HandOutlines 0.73 0.73 0.73 0.73 0.73 0.73 0.73 0.73 - - - -

Dataset
F1-Measure

E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.5: AoR from all algorithms on all datasets when the scaling factor (f ) is 1 and number of clusters
(k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 1.00 0.60 1.00 1.00 1.00 0.55 1.00 1.00 0.90 0.55 0.90 0.50
SonyAIBORobotSurfaceII 0.95 0.45 1.00 0.65 1.00 0.60 1.00 0.65 0.90 0.40 0.85 0.40
SonyAIBORobotSurface 1.00 0.81 1.00 0.81 1.00 0.94 1.00 0.88 0.81 0.25 0.88 0.19
DistalPhalanxOutlineCorrect 1.00 0.90 1.00 1.00 1.00 0.90 1.00 1.00 1.00 0.90 1.00 0.90
MiddlePhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.90 0.90 0.90 0.90
PhalangesOutlinesCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.95
ProximalPhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
DistalPhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
MiddlePhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ProximalPhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
TwoLeadECG 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.90 1.00 1.00
MoteStrain 1.00 0.60 1.00 0.85 1.00 0.70 1.00 0.70 0.80 0.40 0.80 0.30
ECG200 1.00 0.95 1.00 1.00 1.00 0.95 1.00 0.95 1.00 0.80 1.00 0.80
CBF 0.76 0.29 0.90 0.52 0.71 0.33 0.90 0.43 0.81 0.29 0.81 0.38
Two_Patterns 0.60 0.05 0.65 0.10 0.70 0.10 0.70 0.25 1.00 0.70 0.95 0.60
ECGFiveDays 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.84 1.00 0.95
ECG5000 1.00 0.83 1.00 1.00 1.00 0.78 1.00 1.00 0.94 0.56 1.00 0.44
Gun_Point 1.00 0.80 1.00 0.95 1.00 0.75 1.00 0.95 1.00 1.00 1.00 1.00
wafer 0.95 0.75 1.00 0.75 0.95 0.80 1.00 0.80 1.00 0.85 1.00 0.80
ChlorineConcentration 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Wine 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Strawberry 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ArrowHead 0.95 0.95 0.95 0.95 1.00 0.86 0.95 0.95 0.90 0.86 1.00 0.95
Trace 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.90 1.00 1.00
ToeSegmentation1 0.75 0.30 0.95 0.60 0.55 0.20 0.95 0.55 0.95 0.45 1.00 0.55
Coffee 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ToeSegmentation2 0.90 0.50 1.00 0.75 0.85 0.40 1.00 0.80 0.95 0.60 0.95 0.65
FaceFour 0.94 0.17 1.00 0.78 0.83 0.11 1.00 0.67 0.61 0.17 0.78 0.22
yoga 1.00 0.95 1.00 1.00 1.00 0.95 1.00 0.95 - - - -
Ham 1.00 0.85 1.00 1.00 1.00 0.80 1.00 1.00 - - - -
Meat 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Beef 0.60 0.60 0.60 0.60 0.80 0.80 0.75 0.75 - - - -
FordA 0.55 0.25 0.75 0.40 0.75 0.25 0.90 0.60 - - - -
FordB 0.75 0.20 0.90 0.45 0.70 0.35 0.80 0.50 - - - -
ShapeletSim 0.55 0.15 0.70 0.10 0.65 0.20 0.75 0.40 - - - -
BeetleFly 0.60 0.15 1.00 0.65 0.75 0.20 0.95 0.70 - - - -
BirdChicken 0.95 0.85 1.00 1.00 1.00 0.85 1.00 1.00 - - - -
Earthquakes 0.60 0.10 0.60 0.20 0.60 0.15 0.80 0.20 - - - -
Herring 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
OliveOil 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Car 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Lighting2 0.60 0.15 0.85 0.15 0.60 0.10 0.80 0.25 - - - -
Computers 0.80 0.55 0.85 0.60 0.85 0.40 0.85 0.55 - - - -
LargeKitchenAppliances 0.86 0.38 0.90 0.48 0.90 0.52 0.90 0.57 - - - -
RefrigerationDevices 0.62 0.10 1.00 0.52 0.62 0.14 0.90 0.43 - - - -
ScreenType 0.71 0.24 0.95 0.48 0.71 0.33 0.86 0.33 - - - -
SmallKitchenAppliances 0.76 0.19 0.81 0.33 0.81 0.24 0.76 0.38 - - - -
WormsTwoClass 0.55 0.25 0.90 0.45 0.60 0.30 0.80 0.45 - - - -
Worms 0.55 0.15 0.85 0.30 0.50 0.10 0.85 0.45 - - - -
StarLightCurves 1.00 1.00 1.00 1.00 1.00 0.90 1.00 1.00 - - - -
Haptics 1.00 0.30 0.95 0.95 0.95 0.25 0.95 0.95 - - - -
CinC_ECG_torso 1.00 0.85 1.00 1.00 0.95 0.75 1.00 0.90 - - - -
HandOutlines 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -

Dataset
Accuracy on Retrieval (AoR)

E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.6: AoD from all algorithms on all datasets when the scaling factor (f ) is 1 and number of clusters
(k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.86 0.95 0.92 0.92 0.85 0.95 0.92 0.92 0.82 0.93 0.81 0.94
SonyAIBORobotSurfaceII 0.77 0.92 0.83 0.92 0.83 0.92 0.84 0.93 0.73 0.90 0.77 0.93
SonyAIBORobotSurface 0.91 0.96 0.89 0.97 0.92 0.95 0.92 0.98 0.69 0.94 0.66 0.96
DistalPhalanxOutlineCorrect 0.96 0.99 0.99 0.99 0.96 0.99 0.99 0.99 0.96 0.98 0.96 0.98
MiddlePhalanxOutlineCorrect 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
PhalangesOutlinesCorrect 0.99 0.99 0.98 0.98 0.99 0.99 0.98 0.98 0.99 0.99 0.96 0.99
ProximalPhalanxOutlineCorrect 0.98 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
DistalPhalanxOutlineAgeGroup 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
MiddlePhalanxOutlineAgeGroup 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
ProximalPhalanxOutlineAgeGroup 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
TwoLeadECG 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.94 0.98 0.98 0.98
MoteStrain 0.81 0.97 0.91 0.95 0.85 0.95 0.89 0.96 0.75 0.95 0.75 0.97
ECG200 0.93 0.94 0.94 0.94 0.93 0.94 0.94 0.95 0.85 0.90 0.86 0.91
CBF 0.68 0.91 0.82 0.94 0.69 0.94 0.77 0.93 0.70 0.89 0.72 0.90
Two_Patterns 0.62 1.00 0.60 0.86 0.64 0.94 0.67 0.94 0.85 0.94 0.82 0.93
ECGFiveDays 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.93 0.98 0.96 0.98
ECG5000 0.87 0.92 0.95 0.95 0.85 0.93 0.96 0.96 0.82 0.94 0.79 0.95
Gun_Point 0.91 0.97 0.96 0.97 0.90 0.97 0.96 0.97 0.98 0.98 0.99 0.99
wafer 0.88 0.96 0.91 0.97 0.88 0.94 0.90 0.95 0.91 0.96 0.89 0.96
ChlorineConcentration 0.97 0.97 0.99 0.99 0.97 0.97 0.99 0.99 0.97 0.97 0.96 0.96
Wine 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Strawberry 0.95 0.95 0.96 0.96 0.95 0.95 0.96 0.96 0.95 0.95 0.94 0.94
ArrowHead 0.95 0.95 0.95 0.95 0.89 0.95 0.95 0.95 0.89 0.95 0.93 0.94
Trace 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.94 0.97 0.96 0.96
ToeSegmentation1 0.70 0.92 0.81 0.92 0.68 0.88 0.78 0.92 0.80 0.93 0.82 0.93
Coffee 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00 0.99 0.99 0.99 0.99
ToeSegmentation2 0.80 0.94 0.87 0.94 0.77 0.94 0.86 0.91 0.82 0.93 0.84 0.94
FaceFour 0.68 0.86 0.87 0.92 0.64 0.97 0.84 0.93 0.67 0.89 0.71 0.90
yoga 0.95 0.96 0.97 0.97 0.95 0.96 0.97 0.98 - - - -
Ham 0.92 0.98 0.98 0.98 0.88 0.96 0.97 0.97 - - - -
Meat 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Beef 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
FordA 0.72 0.95 0.75 0.90 0.72 0.87 0.81 0.94 - - - -
FordB 0.66 0.89 0.78 0.93 0.72 0.91 0.77 0.90 - - - -
ShapeletSim 0.71 0.90 0.63 0.98 0.69 0.93 0.74 0.94 - - - -
BeetleFly 0.64 0.93 0.84 0.94 0.65 0.97 0.83 0.92 - - - -
BirdChicken 0.87 0.93 0.94 0.94 0.89 0.94 0.95 0.95 - - - -
Earthquakes 0.68 0.90 0.68 0.99 0.67 0.88 0.65 0.96 - - - -
Herring 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
OliveOil 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Car 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 - - - -
Lighting2 0.66 0.85 0.66 0.90 0.64 0.85 0.70 0.96 - - - -
Computers 0.81 0.91 0.82 0.92 0.76 0.92 0.80 0.94 - - - -
LargeKitchenAppliances 0.73 0.94 0.75 0.90 0.78 0.94 0.77 0.90 - - - -
RefrigerationDevices 0.62 0.91 0.83 0.94 0.67 0.95 0.77 0.93 - - - -
ScreenType 0.69 0.89 0.78 0.94 0.73 0.91 0.72 0.92 - - - -
SmallKitchenAppliances 0.67 0.95 0.75 0.92 0.70 0.94 0.76 0.93 - - - -
WormsTwoClass 0.69 0.89 0.77 0.93 0.71 0.92 0.76 0.92 - - - -
Worms 0.68 0.90 0.69 0.89 0.64 0.91 0.75 0.90 - - - -
StarLightCurves 0.99 0.99 0.99 0.99 0.94 0.98 0.99 0.99 - - - -
Haptics 0.77 0.92 0.97 0.97 0.73 0.93 0.97 0.97 - - - -
CinC_ECG_torso 0.91 0.95 0.97 0.97 0.88 0.95 0.94 0.98 - - - -
HandOutlines 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -

Dataset
Accuracy on Detection (AoD)

E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.7: Excess Rate from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.09 0.45 0.00 0.00 0.09 0.50 0.00 0.00 0.18 0.50 0.18 0.55
SonyAIBORobotSurfaceII 0.14 0.59 0.00 0.35 0.09 0.45 0.00 0.35 0.25 0.67 0.26 0.65
SonyAIBORobotSurface 0.16 0.32 0.00 0.19 0.16 0.21 0.00 0.13 0.28 0.78 0.22 0.83
DistalPhalanxOutlineCorrect 0.00 0.10 0.00 0.00 0.00 0.10 0.00 0.00 0.00 0.10 0.00 0.10
MiddlePhalanxOutlineCorrect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PhalangesOutlinesCorrect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10
ProximalPhalanxOutlineCorrect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DistalPhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiddlePhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ProximalPhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TwoLeadECG 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00
MoteStrain 0.05 0.43 0.00 0.15 0.09 0.36 0.00 0.30 0.24 0.62 0.27 0.73
ECG200 0.00 0.05 0.00 0.00 0.00 0.05 0.00 0.05 0.09 0.27 0.09 0.27
CBF 0.30 0.74 0.17 0.52 0.35 0.70 0.17 0.61 0.26 0.74 0.26 0.65
Two_Patterns 0.40 0.95 0.41 0.91 0.36 0.91 0.39 0.78 0.09 0.36 0.14 0.45
ECGFiveDays 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.27 0.17 0.22
ECG5000 0.05 0.21 0.00 0.00 0.10 0.30 0.00 0.00 0.15 0.50 0.10 0.60
Gun_Point 0.05 0.24 0.00 0.05 0.05 0.29 0.00 0.05 0.00 0.00 0.00 0.00
wafer 0.05 0.25 0.00 0.25 0.05 0.20 0.00 0.20 0.00 0.15 0.00 0.20
ChlorineConcentration 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.05 0.00 0.00 0.00 0.00
Wine 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Strawberry 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ArrowHead 0.00 0.00 0.00 0.00 0.00 0.14 0.00 0.00 0.10 0.14 0.00 0.05
Trace 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00
ToeSegmentation1 0.38 0.75 0.14 0.45 0.48 0.81 0.14 0.50 0.14 0.59 0.13 0.52
Coffee 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ToeSegmentation2 0.22 0.57 0.05 0.29 0.26 0.65 0.00 0.20 0.17 0.48 0.21 0.46
FaceFour 0.19 0.86 0.00 0.22 0.29 0.90 0.00 0.33 0.42 0.84 0.26 0.79
yoga 0.05 0.10 0.00 0.00 0.09 0.14 0.05 0.10 - - - -
Ham 0.05 0.19 0.00 0.00 0.00 0.20 0.00 0.00 - - - -
Meat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
Beef 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
FordA 0.50 0.77 0.29 0.62 0.32 0.77 0.25 0.50 - - - -
FordB 0.32 0.82 0.22 0.61 0.39 0.70 0.27 0.55 - - - -
ShapeletSim 0.45 0.85 0.33 0.90 0.41 0.82 0.35 0.65 - - - -
BeetleFly 0.45 0.86 0.13 0.43 0.38 0.83 0.05 0.30 - - - -
BirdChicken 0.17 0.26 0.00 0.00 0.17 0.29 0.00 0.00 - - - -
Earthquakes 0.43 0.90 0.45 0.82 0.43 0.86 0.30 0.83 - - - -
Herring 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
OliveOil 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
Car 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
Lighting2 0.43 0.86 0.15 0.85 0.43 0.90 0.27 0.77 - - - -
Computers 0.33 0.54 0.23 0.45 0.26 0.65 0.19 0.48 - - - -
LargeKitchenAppliances 0.25 0.67 0.17 0.57 0.24 0.56 0.21 0.50 - - - -
RefrigerationDevices 0.43 0.91 0.16 0.56 0.43 0.87 0.21 0.63 - - - -
ScreenType 0.32 0.77 0.17 0.58 0.35 0.70 0.18 0.68 - - - -
SmallKitchenAppliances 0.30 0.83 0.32 0.72 0.29 0.79 0.33 0.67 - - - -
WormsTwoClass 0.48 0.76 0.18 0.59 0.40 0.70 0.30 0.61 - - - -
Worms 0.42 0.84 0.19 0.71 0.50 0.90 0.19 0.57 - - - -
StarLightCurves 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00 - - - -
Haptics 0.05 0.71 0.00 0.00 0.00 0.74 0.00 0.00 - - - -
CinC_ECG_torso 0.09 0.23 0.00 0.00 0.14 0.32 0.05 0.14 - - - -
HandOutlines 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -

Dataset
Excess Rate

E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.8: Rand Index (RI) from all algorithms on all datasets when the scaling factor (f ) is 1 and number
of clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.54 0.52 0.49 0.49 0.51 0.49 0.52 0.52 0.50 0.56 0.48 0.53
SonyAIBORobotSurfaceII 0.71 0.68 0.66 0.60 0.66 0.53 0.63 0.55 0.58 0.90 0.61 0.80
SonyAIBORobotSurface 0.61 0.47 0.63 0.54 0.61 0.47 0.56 0.51 0.45 0.33 0.49 1.00
DistalPhalanxOutlineCorrect 0.56 0.56 0.54 0.54 0.49 0.48 0.52 0.52 0.49 0.48 0.54 0.54
MiddlePhalanxOutlineCorrect 0.48 0.48 0.49 0.49 0.48 0.48 0.49 0.49 0.55 0.55 0.55 0.55
PhalangesOutlinesCorrect 0.48 0.48 0.48 0.48 0.47 0.47 0.47 0.47 0.48 0.48 0.49 0.48
ProximalPhalanxOutlineCorrect 0.56 0.56 0.54 0.54 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56
DistalPhalanxOutlineAgeGroup 0.69 0.69 0.69 0.69 0.69 0.69 0.69 0.69 0.62 0.62 0.77 0.77
MiddlePhalanxOutlineAgeGroup 0.60 0.60 0.60 0.60 0.60 0.60 0.60 0.60 0.61 0.61 0.61 0.61
ProximalPhalanxOutlineAgeGroup 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.59
TwoLeadECG 0.58 0.58 0.58 0.58 0.50 0.50 0.58 0.58 0.49 0.48 0.58 0.58
MoteStrain 0.65 0.83 0.64 0.66 0.56 0.61 0.62 0.73 0.59 0.86 0.56 1.00
ECG200 0.59 0.62 0.59 0.59 0.49 0.50 0.52 0.53 0.54 0.59 0.56 0.56
CBF 0.61 0.60 0.61 0.58 0.69 0.67 0.70 0.83 0.69 0.73 0.64 0.71
Two_Patterns 0.42 0.00 0.62 1.00 0.54 0.00 0.68 0.67 0.82 0.86 0.86 0.97
ECGFiveDays 0.68 0.68 0.68 0.68 0.70 0.70 0.70 0.70 0.53 0.56 0.49 0.47
ECG5000 0.82 0.80 0.88 0.88 0.80 0.79 0.74 0.74 0.79 0.86 0.75 0.82
Gun_Point 0.61 0.65 0.65 0.65 0.57 0.63 0.65 0.65 0.57 0.57 0.57 0.57
wafer 0.62 0.67 0.55 0.61 0.60 0.62 0.57 0.62 0.59 0.62 0.49 0.50
ChlorineConcentration 0.64 0.64 0.66 0.66 0.64 0.64 0.34 0.34 0.62 0.62 0.61 0.61
Wine 0.61 0.61 0.73 0.73 0.61 0.61 0.73 0.73 0.57 0.57 0.57 0.57
Strawberry 0.60 0.60 0.56 0.56 0.68 0.68 0.55 0.55 0.54 0.54 0.74 0.74
ArrowHead 0.66 0.66 0.65 0.65 0.63 0.61 0.74 0.74 0.49 0.47 0.53 0.52
Trace 0.81 0.81 0.81 0.81 0.83 0.83 0.81 0.81 0.63 0.73 0.74 0.74
ToeSegmentation1 0.50 0.33 0.56 0.49 0.53 1.00 0.56 0.55 0.56 0.50 0.50 0.55
Coffee 0.76 0.76 0.68 0.68 0.75 0.75 0.83 0.83 0.70 0.70 0.72 0.72
ToeSegmentation2 0.50 0.57 0.58 0.59 0.53 0.62 0.54 0.54 0.53 0.60 0.56 0.60
FaceFour 0.70 0.33 0.86 0.85 0.71 0.00 0.84 0.83 0.49 0.33 0.67 0.17
yoga 0.50 0.50 0.48 0.48 0.51 0.49 0.49 0.48 - - - -
Ham 0.49 0.49 0.48 0.48 0.51 0.50 0.49 0.49 - - - -
Meat 0.77 0.77 0.81 0.81 0.81 0.81 0.75 0.75 - - - -
Beef 0.65 0.65 0.69 0.69 0.62 0.62 0.62 0.62 - - - -
FordA 0.49 1.00 0.52 0.43 0.53 0.00 0.53 0.53 - - - -
FordB 0.52 1.00 0.52 0.47 0.61 1.00 0.56 0.17 - - - -
ShapeletSim 0.56 1.00 0.46 1.00 0.53 1.00 0.53 1.00 - - - -
BeetleFly 0.52 0.33 0.53 0.58 0.53 1.00 0.57 0.59 - - - -
BirdChicken 0.49 0.49 0.57 0.57 0.49 0.50 0.58 0.58 - - - -
Earthquakes 0.59 1.00 0.59 0.50 0.52 1.00 0.48 0.50 - - - -
Herring 0.54 0.54 0.49 0.49 0.54 0.54 0.54 0.54 - - - -
OliveOil 0.82 0.82 0.82 0.82 0.82 0.82 0.82 0.82 - - - -
Car 0.73 0.73 0.73 0.73 0.79 0.79 0.80 0.80 - - - -
Lighting2 0.47 0.33 0.51 1.00 0.52 0.00 0.50 1.00 - - - -
Computers 0.44 0.39 0.50 0.50 0.54 0.40 0.50 0.53 - - - -
LargeKitchenAppliances 0.65 0.71 0.57 0.56 0.69 0.69 0.63 0.61 - - - -
RefrigerationDevices 0.43 0.67 0.45 0.31 0.56 1.00 0.72 0.70 - - - -
ScreenType 0.50 0.40 0.65 0.61 0.50 0.43 0.53 0.62 - - - -
SmallKitchenAppliances 0.58 0.33 0.65 0.50 0.65 0.33 0.63 0.50 - - - -
WormsTwoClass 0.51 0.50 0.53 0.64 0.52 0.47 0.52 0.57 - - - -
Worms 0.65 0.83 0.72 0.67 0.35 0.67 0.62 0.53 - - - -
StarLightCurves 0.84 0.84 0.84 0.84 0.82 0.84 0.84 0.84 - - - -
Haptics 0.77 0.67 0.69 0.69 0.77 0.50 0.67 0.67 - - - -
CinC_ECG_torso 0.79 0.79 0.73 0.73 0.80 0.80 0.80 0.80 - - - -
HandOutlines 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.67 - - - -

Rand Index
Dataset E-AA-Z E-AA-L E-SA-Z E-SA-L D-AA-Z D-SA-Z
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Table B.9: Precision from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.51 0.49 0.45 0.45 0.48 0.47 0.48 0.48 0.47 0.55 0.47 0.50
SonyAIBORobotSurfaceII 0.91 1.00 0.84 0.77 0.93 0.60 0.87 0.57 0.89 1.00 1.00 1.00
SonyAIBORobotSurface 0.78 0.80 0.69 0.67 0.78 0.80 0.58 0.57 0.80 1.00 0.50 1.00
DistalPhalanxOutlineCorrect 0.56 0.55 0.54 0.54 0.48 0.48 0.55 0.55 0.48 0.48 0.52 0.52
MiddlePhalanxOutlineCorrect 0.46 0.46 0.47 0.47 0.46 0.46 0.47 0.47 0.52 0.52 0.52 0.52
PhalangesOutlinesCorrect 0.39 0.39 0.41 0.41 0.44 0.44 0.41 0.41 0.45 0.45 0.48 0.48
ProximalPhalanxOutlineCorrect 0.53 0.53 0.51 0.51 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53
DistalPhalanxOutlineAgeGroup 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.40 0.40 0.64 0.64
MiddlePhalanxOutlineAgeGroup 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39
ProximalPhalanxOutlineAgeGroup 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41
TwoLeadECG 0.59 0.59 0.59 0.59 0.45 0.45 0.59 0.59 0.48 0.48 0.76 0.76
MoteStrain 0.83 0.95 0.79 0.78 0.64 0.78 0.85 0.95 0.65 1.00 0.56 1.00
ECG200 0.65 0.72 0.62 0.62 0.44 0.46 0.48 0.51 0.55 0.63 0.59 0.57
CBF 0.38 0.33 0.33 0.36 0.50 1.00 0.48 1.00 0.50 1.00 0.39 1.00
Two_Patterns 0.21 0.00 0.19 0.00 0.27 0.00 0.00 0.00 0.88 1.00 0.76 1.00
ECGFiveDays 0.81 0.81 0.81 0.81 0.86 0.86 0.86 0.86 0.50 0.67 0.46 0.47
ECG5000 0.46 0.45 0.64 0.64 0.31 0.33 0.33 0.33 0.35 0.75 0.33 0.75
Gun_Point 0.68 0.70 0.81 0.81 0.62 0.67 0.81 0.81 0.56 0.56 0.56 0.56
wafer 0.90 1.00 0.58 0.73 0.93 0.92 0.74 0.92 0.82 0.88 0.37 0.42
ChlorineConcentration 0.35 0.35 0.38 0.38 0.35 0.35 0.30 0.30 0.27 0.27 0.24 0.24
Wine 0.57 0.57 0.70 0.70 0.57 0.57 0.70 0.70 0.56 0.56 0.56 0.56
Strawberry 0.71 0.71 0.64 0.64 0.89 0.89 0.57 0.57 0.53 0.53 0.84 0.84
ArrowHead 0.46 0.46 0.45 0.45 0.42 0.42 0.62 0.62 0.31 0.31 0.34 0.34
Trace 0.55 0.55 0.55 0.55 0.62 0.62 0.55 0.55 0.34 0.44 0.44 0.44
ToeSegmentation1 0.29 0.00 0.60 0.33 0.60 1.00 0.67 0.50 0.80 0.00 0.44 0.50
Coffee 0.88 0.88 0.73 0.73 0.96 0.96 1.00 1.00 0.97 0.97 0.97 0.97
ToeSegmentation2 0.41 0.50 0.68 0.80 0.50 0.67 0.56 0.56 0.50 1.00 0.58 0.71
FaceFour 0.32 0.33 0.77 0.80 0.30 0.00 0.85 0.90 0.22 0.33 0.31 0.17
yoga 0.46 0.46 0.42 0.42 0.46 0.44 0.42 0.42 - - - -
Ham 0.44 0.45 0.45 0.45 0.47 0.47 0.42 0.42 - - - -
Meat 0.56 0.56 0.67 0.67 0.65 0.65 0.61 0.61 - - - -
Beef 0.18 0.18 0.19 0.19 0.19 0.19 0.19 0.19 - - - -
FordA 0.40 1.00 0.49 0.25 0.43 0.00 0.50 0.50 - - - -
FordB 0.49 1.00 0.48 0.60 0.67 1.00 1.00 1.00 - - - -
ShapeletSim 0.52 1.00 0.45 0.00 0.45 1.00 0.40 1.00 - - - -
BeetleFly 0.57 0.33 0.50 0.60 0.47 1.00 0.89 0.86 - - - -
BirdChicken 0.36 0.37 0.65 0.65 0.38 0.39 0.78 0.78 - - - -
Earthquakes 0.57 0.00 0.57 0.33 0.47 1.00 0.46 0.50 - - - -
Herring 0.52 0.52 0.48 0.48 0.52 0.52 0.52 0.52 - - - -
OliveOil 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 - - - -
Car 0.39 0.39 0.39 0.39 0.50 0.50 0.52 0.52 - - - -
Lighting2 0.44 0.00 0.50 1.00 0.47 0.00 0.33 1.00 - - - -
Computers 0.31 0.40 0.42 0.40 0.52 0.50 0.39 0.43 - - - -
LargeKitchenAppliances 0.30 0.67 0.31 0.50 0.42 0.67 0.36 0.55 - - - -
RefrigerationDevices 0.25 0.00 0.31 0.31 0.21 1.00 0.67 0.00 - - - -
ScreenType 0.30 0.14 0.36 0.25 0.27 0.27 0.35 0.47 - - - -
SmallKitchenAppliances 0.34 0.33 0.30 0.33 0.33 0.33 0.33 0.33 - - - -
WormsTwoClass 0.38 1.00 0.50 0.64 0.47 0.43 0.40 0.50 - - - -
Worms 0.18 0.00 0.23 0.25 0.13 0.00 0.21 0.19 - - - -
StarLightCurves 0.84 0.84 0.84 0.84 0.82 0.82 0.84 0.84 - - - -
Haptics 0.28 0.00 0.19 0.19 0.22 0.00 0.15 0.15 - - - -
CinC_ECG_torso 0.50 0.55 0.30 0.30 0.60 0.63 0.54 0.54 - - - -
HandOutlines 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.80 - - - -
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Table B.10: Recall from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.44 0.87 0.29 0.29 0.38 0.84 0.29 0.29 0.64 0.63 0.89 0.86
SonyAIBORobotSurfaceII 0.42 0.44 0.34 0.26 0.31 0.11 0.25 0.13 0.14 0.75 0.17 0.50
SonyAIBORobotSurface 0.30 0.44 0.45 0.50 0.30 0.44 0.42 0.47 0.10 0.33 0.30 1.00
DistalPhalanxOutlineCorrect 0.37 0.44 0.52 0.52 0.82 0.48 0.51 0.51 0.82 0.48 0.47 0.47
MiddlePhalanxOutlineCorrect 0.59 0.59 0.56 0.56 0.59 0.59 0.56 0.56 0.50 0.50 0.67 0.67
PhalangesOutlinesCorrect 0.19 0.19 0.21 0.21 0.33 0.33 0.21 0.21 0.46 0.46 0.90 0.48
ProximalPhalanxOutlineCorrect 0.53 0.53 0.42 0.42 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53
DistalPhalanxOutlineAgeGroup 0.51 0.51 0.51 0.51 0.51 0.51 0.51 0.51 0.58 0.58 0.53 0.53
MiddlePhalanxOutlineAgeGroup 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.59 0.51 0.51 0.51 0.51
ProximalPhalanxOutlineAgeGroup 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84
TwoLeadECG 0.39 0.39 0.39 0.39 0.23 0.23 0.39 0.39 0.82 0.48 0.16 0.16
MoteStrain 0.32 0.68 0.32 0.39 0.16 0.23 0.24 0.43 0.27 0.69 0.29 1.00
ECG200 0.29 0.32 0.37 0.37 0.30 0.32 0.24 0.26 0.20 0.29 0.23 0.30
CBF 0.47 0.50 0.25 0.26 0.21 0.22 0.20 0.40 0.26 0.43 0.31 0.45
Two_Patterns 0.59 0.00 0.24 0.00 0.53 0.00 0.00 0.00 0.21 0.31 0.50 0.85
ECGFiveDays 0.43 0.43 0.43 0.43 0.44 0.44 0.44 0.44 0.06 0.11 0.54 0.47
ECG5000 0.44 0.56 0.56 0.56 0.20 0.27 0.60 0.60 0.32 0.43 0.56 0.43
Gun_Point 0.31 0.46 0.33 0.36 0.26 0.41 0.33 0.36 0.48 0.48 0.48 0.48
wafer 0.22 0.31 0.20 0.31 0.17 0.21 0.16 0.21 0.17 0.22 0.12 0.18
ChlorineConcentration 0.23 0.23 0.23 0.23 0.23 0.23 0.90 0.90 0.16 0.16 0.14 0.14
Wine 0.72 0.72 0.77 0.77 0.72 0.72 0.77 0.77 0.49 0.49 0.49 0.49
Strawberry 0.27 0.27 0.21 0.21 0.37 0.37 0.23 0.23 0.72 0.72 0.56 0.56
ArrowHead 0.75 0.75 0.65 0.65 0.56 0.74 0.38 0.38 0.56 0.63 0.60 0.65
Trace 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.80 1.00 1.00 1.00
ToeSegmentation1 0.06 0.00 0.16 0.15 0.11 1.00 0.13 0.16 0.10 0.00 0.19 0.20
Coffee 0.58 0.58 0.51 0.51 0.50 0.50 0.64 0.64 0.37 0.37 0.44 0.44
ToeSegmentation2 0.12 0.08 0.23 0.26 0.12 0.22 0.16 0.16 0.07 0.12 0.22 0.24
FaceFour 0.40 1.00 0.52 0.62 0.16 0.00 0.33 0.47 0.46 1.00 0.40 1.00
yoga 0.30 0.33 0.24 0.24 0.27 0.30 0.23 0.26 - - - -
Ham 0.29 0.39 0.50 0.50 0.26 0.35 0.18 0.18 - - - -
Meat 1.00 1.00 0.75 0.75 0.81 0.81 0.49 0.49 - - - -
Beef 0.33 0.33 0.30 0.30 0.43 0.43 0.43 0.43 - - - -
FordA 0.19 1.00 0.43 0.17 0.07 0.00 0.07 0.14 - - - -
FordB 0.51 1.00 0.25 0.60 0.17 1.00 0.13 0.17 - - - -
ShapeletSim 0.56 1.00 0.71 0.00 0.20 1.00 0.07 1.00 - - - -
BeetleFly 0.24 0.33 0.14 0.29 0.19 1.00 0.10 0.14 - - - -
BirdChicken 0.11 0.13 0.19 0.19 0.10 0.13 0.17 0.17 - - - -
Earthquakes 0.55 0.00 0.55 0.50 0.53 1.00 0.54 0.50 - - - -
Herring 0.38 0.38 0.67 0.67 0.38 0.38 0.38 0.38 - - - -
OliveOil 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.67 - - - -
Car 0.50 0.50 0.50 0.50 0.40 0.40 0.42 0.42 - - - -
Lighting2 0.57 0.00 0.58 1.00 0.53 0.00 0.08 1.00 - - - -
Computers 0.09 0.13 0.27 0.33 0.30 0.33 0.14 0.19 - - - -
LargeKitchenAppliances 0.13 0.22 0.35 0.50 0.10 0.25 0.35 0.75 - - - -
RefrigerationDevices 0.48 0.00 0.68 1.00 0.14 1.00 0.13 0.00 - - - -
ScreenType 0.46 0.25 0.20 0.11 0.47 0.80 0.67 1.00 - - - -
SmallKitchenAppliances 0.38 0.33 0.11 0.25 0.14 0.33 0.18 0.25 - - - -
WormsTwoClass 0.12 0.17 0.24 0.44 0.47 0.43 0.04 0.11 - - - -
Worms 0.36 0.00 0.32 0.33 0.67 0.00 0.53 0.43 - - - -
StarLightCurves 0.57 0.57 0.57 0.57 0.51 0.60 0.57 0.57 - - - -
Haptics 0.30 0.00 0.30 0.30 0.19 0.00 0.22 0.22 - - - -
CinC_ECG_torso 0.19 0.23 0.20 0.20 0.17 0.25 0.19 0.22 - - - -
HandOutlines 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 - - - -
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Table B.11: F1-score from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.48 0.63 0.35 0.35 0.42 0.60 0.36 0.36 0.54 0.59 0.62 0.63
SonyAIBORobotSurfaceII 0.58 0.61 0.49 0.39 0.46 0.19 0.38 0.21 0.24 0.86 0.29 0.67
SonyAIBORobotSurface 0.43 0.57 0.55 0.57 0.43 0.57 0.49 0.52 0.18 0.50 0.38 1.00
DistalPhalanxOutlineCorrect 0.44 0.49 0.53 0.53 0.61 0.48 0.53 0.53 0.61 0.48 0.49 0.49
MiddlePhalanxOutlineCorrect 0.52 0.52 0.51 0.51 0.52 0.52 0.51 0.51 0.51 0.51 0.58 0.58
PhalangesOutlinesCorrect 0.26 0.26 0.27 0.27 0.38 0.38 0.28 0.28 0.45 0.45 0.62 0.48
ProximalPhalanxOutlineCorrect 0.53 0.53 0.46 0.46 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53
DistalPhalanxOutlineAgeGroup 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.47 0.47 0.58 0.58
MiddlePhalanxOutlineAgeGroup 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.44 0.44 0.44 0.44
ProximalPhalanxOutlineAgeGroup 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55 0.55
TwoLeadECG 0.47 0.47 0.47 0.47 0.31 0.31 0.47 0.47 0.61 0.48 0.27 0.27
MoteStrain 0.46 0.79 0.46 0.52 0.25 0.35 0.38 0.59 0.38 0.82 0.38 1.00
ECG200 0.40 0.44 0.46 0.46 0.36 0.38 0.32 0.34 0.29 0.39 0.34 0.39
CBF 0.42 0.40 0.28 0.30 0.30 0.36 0.28 0.57 0.34 0.60 0.35 0.63
Two_Patterns 0.31 0.00 0.21 0.00 0.36 0.00 0.00 0.00 0.34 0.48 0.60 0.92
ECGFiveDays 0.56 0.56 0.56 0.56 0.59 0.59 0.59 0.59 0.10 0.19 0.50 0.47
ECG5000 0.45 0.50 0.60 0.60 0.24 0.30 0.43 0.43 0.33 0.55 0.42 0.55
Gun_Point 0.43 0.55 0.47 0.50 0.36 0.51 0.47 0.50 0.51 0.51 0.51 0.51
wafer 0.36 0.48 0.30 0.44 0.29 0.34 0.26 0.34 0.29 0.35 0.19 0.25
ChlorineConcentration 0.28 0.28 0.29 0.29 0.28 0.28 0.45 0.45 0.20 0.20 0.18 0.18
Wine 0.63 0.63 0.73 0.73 0.63 0.63 0.73 0.73 0.52 0.52 0.52 0.52
Strawberry 0.40 0.40 0.32 0.32 0.52 0.52 0.33 0.33 0.61 0.61 0.67 0.67
ArrowHead 0.57 0.57 0.54 0.54 0.48 0.54 0.47 0.47 0.40 0.42 0.44 0.45
Trace 0.49 0.49 0.49 0.49 0.52 0.52 0.49 0.49 0.48 0.61 0.62 0.62
ToeSegmentation1 0.09 0.00 0.25 0.21 0.19 1.00 0.21 0.24 0.18 0.00 0.26 0.29
Coffee 0.70 0.70 0.60 0.60 0.66 0.66 0.78 0.78 0.54 0.54 0.60 0.60
ToeSegmentation2 0.19 0.14 0.35 0.39 0.20 0.33 0.24 0.25 0.13 0.21 0.32 0.36
FaceFour 0.36 0.50 0.62 0.70 0.21 0.00 0.48 0.62 0.30 0.50 0.35 0.29
yoga 0.36 0.39 0.31 0.31 0.34 0.36 0.30 0.32 - - - -
Ham 0.35 0.42 0.48 0.48 0.33 0.40 0.25 0.25 - - - -
Meat 0.72 0.72 0.71 0.71 0.72 0.72 0.54 0.54 - - - -
Beef 0.23 0.23 0.23 0.23 0.26 0.26 0.26 0.26 - - - -
FordA 0.26 1.00 0.46 0.20 0.12 0.00 0.12 0.22 - - - -
FordB 0.50 1.00 0.33 0.60 0.27 1.00 0.23 0.29 - - - -
ShapeletSim 0.54 1.00 0.55 0.00 0.28 1.00 0.11 1.00 - - - -
BeetleFly 0.33 0.33 0.22 0.39 0.27 1.00 0.18 0.24 - - - -
BirdChicken 0.17 0.19 0.29 0.29 0.16 0.19 0.28 0.28 - - - -
Earthquakes 0.56 0.00 0.56 0.40 0.50 1.00 0.50 0.50 - - - -
Herring 0.44 0.44 0.56 0.56 0.44 0.44 0.44 0.44 - - - -
OliveOil 0.61 0.61 0.61 0.61 0.61 0.61 0.61 0.61 - - - -
Car 0.44 0.44 0.44 0.44 0.44 0.44 0.46 0.46 - - - -
Lighting2 0.49 0.00 0.54 1.00 0.50 0.00 0.13 1.00 - - - -
Computers 0.14 0.19 0.33 0.36 0.38 0.40 0.21 0.26 - - - -
LargeKitchenAppliances 0.18 0.33 0.33 0.50 0.16 0.36 0.35 0.63 - - - -
RefrigerationDevices 0.33 0.00 0.43 0.47 0.17 1.00 0.22 0.00 - - - -
ScreenType 0.36 0.18 0.25 0.15 0.35 0.40 0.46 0.64 - - - -
SmallKitchenAppliances 0.36 0.33 0.16 0.29 0.20 0.33 0.24 0.29 - - - -
WormsTwoClass 0.18 0.29 0.32 0.52 0.47 0.43 0.07 0.18 - - - -
Worms 0.24 0.00 0.27 0.29 0.22 0.00 0.30 0.26 - - - -
StarLightCurves 0.68 0.68 0.68 0.68 0.63 0.69 0.68 0.68 - - - -
Haptics 0.29 0.00 0.23 0.23 0.20 0.00 0.18 0.18 - - - -
CinC_ECG_torso 0.28 0.32 0.24 0.24 0.26 0.36 0.29 0.31 - - - -
HandOutlines 0.53 0.53 0.53 0.53 0.53 0.53 0.53 0.53 - - - -
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Table B.12: AoR from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 1.00 0.60 1.00 1.00 1.00 0.55 1.00 1.00 0.90 0.55 0.90 0.50
SonyAIBORobotSurfaceII 0.90 0.40 1.00 0.65 0.95 0.55 0.95 0.60 0.80 0.25 0.85 0.30
SonyAIBORobotSurface 1.00 0.63 1.00 0.81 1.00 0.63 1.00 0.88 0.75 0.19 0.88 0.19
DistalPhalanxOutlineCorrect 1.00 0.90 0.80 0.80 1.00 0.90 0.75 0.75 1.00 0.90 0.90 0.90
MiddlePhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.90 0.90 0.90 0.90
PhalangesOutlinesCorrect 0.80 0.80 0.90 0.90 0.85 0.85 0.85 0.85 1.00 1.00 0.95 0.90
ProximalPhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
DistalPhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.95 0.95 0.95 0.95
MiddlePhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ProximalPhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
TwoLeadECG 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.90 0.95 0.95
MoteStrain 1.00 0.60 0.95 0.85 1.00 0.60 1.00 0.70 0.80 0.40 0.75 0.25
ECG200 1.00 0.95 1.00 1.00 1.00 0.95 1.00 0.95 0.95 0.70 0.95 0.70
CBF 0.76 0.29 0.90 0.52 0.71 0.33 0.90 0.43 0.81 0.29 0.81 0.33
Two_Patterns 0.65 0.10 0.65 0.10 0.65 0.10 0.60 0.15 0.90 0.65 0.90 0.60
ECGFiveDays 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.95 0.68 1.00 0.74
ECG5000 1.00 0.78 1.00 1.00 1.00 0.78 1.00 1.00 0.94 0.50 1.00 0.44
Gun_Point 1.00 0.80 1.00 0.95 1.00 0.75 1.00 0.95 1.00 1.00 1.00 1.00
wafer 0.95 0.75 1.00 0.75 0.95 0.80 1.00 0.80 0.95 0.85 0.95 0.80
ChlorineConcentration 0.95 0.95 0.95 0.95 0.95 0.95 1.00 1.00 0.95 0.95 0.95 0.95
Wine 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Strawberry 0.90 0.90 0.85 0.85 1.00 1.00 1.00 1.00 0.80 0.80 0.85 0.85
ArrowHead 0.95 0.95 0.90 0.90 1.00 0.86 0.81 0.81 0.90 0.86 1.00 0.95
Trace 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.90 1.00 1.00
ToeSegmentation1 0.65 0.15 0.80 0.50 0.55 0.05 0.85 0.55 0.95 0.40 1.00 0.55
Coffee 0.85 0.85 1.00 1.00 1.00 1.00 1.00 1.00 0.95 0.95 0.85 0.85
ToeSegmentation2 0.90 0.40 0.95 0.70 0.80 0.35 1.00 0.80 0.95 0.55 0.95 0.50
FaceFour 0.89 0.17 1.00 0.78 0.72 0.00 1.00 0.67 0.61 0.17 0.78 0.22
yoga 0.95 0.90 1.00 1.00 1.00 0.85 0.95 0.90 - - - -
Ham 1.00 0.85 1.00 1.00 1.00 0.80 1.00 1.00 - - - -
Meat 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Beef 0.95 0.95 0.95 0.95 1.00 1.00 1.00 1.00 - - - -
FordA 0.50 0.05 0.75 0.40 0.70 0.00 0.70 0.30 - - - -
FordB 0.75 0.20 0.85 0.30 0.40 0.05 0.70 0.20 - - - -
ShapeletSim 0.55 0.15 0.70 0.10 0.55 0.05 0.60 0.05 - - - -
BeetleFly 0.60 0.15 1.00 0.60 0.65 0.10 0.95 0.70 - - - -
BirdChicken 0.95 0.80 1.00 1.00 1.00 0.80 0.95 0.95 - - - -
Earthquakes 0.60 0.10 0.60 0.20 0.60 0.15 0.80 0.20 - - - -
Herring 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
OliveOil 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Car 1.00 1.00 1.00 1.00 1.00 1.00 0.95 0.95 - - - -
Lighting2 0.60 0.15 0.85 0.15 0.60 0.10 0.75 0.15 - - - -
Computers 0.70 0.40 0.60 0.40 0.70 0.25 0.75 0.45 - - - -
LargeKitchenAppliances 0.86 0.38 0.90 0.43 0.90 0.48 0.81 0.43 - - - -
RefrigerationDevices 0.67 0.14 1.00 0.48 0.57 0.05 0.71 0.24 - - - -
ScreenType 0.76 0.29 0.90 0.38 0.71 0.33 0.86 0.33 - - - -
SmallKitchenAppliances 0.76 0.19 0.67 0.24 0.67 0.14 0.71 0.24 - - - -
WormsTwoClass 0.55 0.25 0.90 0.45 0.60 0.30 0.75 0.35 - - - -
Worms 0.70 0.20 0.85 0.30 0.60 0.15 0.80 0.45 - - - -
StarLightCurves 1.00 1.00 1.00 1.00 1.00 0.90 1.00 1.00 - - - -
Haptics 1.00 0.30 0.95 0.95 0.95 0.25 0.95 0.95 - - - -
CinC_ECG_torso 0.95 0.80 1.00 1.00 0.95 0.70 0.95 0.90 - - - -
HandOutlines 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
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Table B.13: AoD from all algorithms on all datasets when the scaling factor (f ) is 1 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.86 0.95 0.92 0.92 0.85 0.95 0.92 0.92 0.82 0.93 0.81 0.94
SonyAIBORobotSurfaceII 0.75 0.91 0.83 0.92 0.80 0.90 0.84 0.93 0.70 0.89 0.73 0.91
SonyAIBORobotSurface 0.83 0.97 0.89 0.97 0.83 0.97 0.92 0.98 0.66 0.96 0.66 0.96
DistalPhalanxOutlineCorrect 0.96 0.99 0.99 0.99 0.96 0.99 0.99 0.99 0.96 0.98 0.98 0.98
MiddlePhalanxOutlineCorrect 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
PhalangesOutlinesCorrect 0.99 0.99 0.98 0.98 0.99 0.99 0.98 0.98 0.99 0.99 0.94 0.99
ProximalPhalanxOutlineCorrect 0.98 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
DistalPhalanxOutlineAgeGroup 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
MiddlePhalanxOutlineAgeGroup 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
ProximalPhalanxOutlineAgeGroup 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
TwoLeadECG 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.94 0.98 0.98 0.98
MoteStrain 0.81 0.96 0.92 0.95 0.81 0.95 0.89 0.96 0.75 0.95 0.75 0.97
ECG200 0.93 0.94 0.94 0.94 0.93 0.94 0.94 0.95 0.83 0.91 0.83 0.90
CBF 0.68 0.91 0.82 0.94 0.68 0.91 0.76 0.91 0.70 0.89 0.70 0.89
Two_Patterns 0.63 0.95 0.60 0.86 0.65 0.93 0.63 0.89 0.82 0.93 0.82 0.93
ECGFiveDays 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.87 0.97 0.87 0.98
ECG5000 0.84 0.92 0.95 0.95 0.85 0.93 0.96 0.96 0.80 0.95 0.79 0.95
Gun_Point 0.90 0.97 0.96 0.97 0.89 0.96 0.96 0.97 0.98 0.98 0.99 0.99
wafer 0.88 0.96 0.91 0.97 0.90 0.94 0.90 0.95 0.93 0.96 0.91 0.96
ChlorineConcentration 0.98 0.98 0.99 0.99 0.98 0.98 0.99 0.99 0.97 0.97 0.96 0.96
Wine 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Strawberry 0.95 0.95 0.95 0.95 0.95 0.95 0.96 0.96 0.95 0.95 0.95 0.95
ArrowHead 0.95 0.95 0.95 0.95 0.89 0.95 0.95 0.95 0.89 0.95 0.93 0.94
Trace 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.94 0.97 0.96 0.96
ToeSegmentation1 0.63 0.91 0.78 0.91 0.62 0.84 0.78 0.92 0.79 0.93 0.82 0.93
Coffee 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.99 0.99 0.99 0.99
ToeSegmentation2 0.77 0.94 0.85 0.93 0.75 0.93 0.86 0.91 0.81 0.93 0.79 0.92
FaceFour 0.68 0.86 0.87 0.92 0.62 0.98 0.84 0.93 0.67 0.89 0.71 0.90
yoga 0.92 0.96 0.97 0.97 0.91 0.96 0.94 0.98 - - - -
Ham 0.92 0.98 0.98 0.98 0.88 0.96 0.97 0.97 - - - -
Meat 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Beef 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 - - - -
FordA 0.65 0.89 0.75 0.90 0.65 0.89 0.74 0.91 - - - -
FordB 0.66 0.89 0.73 0.91 0.65 0.88 0.69 0.91 - - - -
ShapeletSim 0.71 0.90 0.62 0.97 0.63 0.92 0.63 0.94 - - - -
BeetleFly 0.64 0.93 0.82 0.92 0.61 0.96 0.83 0.92 - - - -
BirdChicken 0.84 0.93 0.94 0.94 0.86 0.94 0.95 0.95 - - - -
Earthquakes 0.68 0.90 0.68 0.99 0.67 0.88 0.64 0.96 - - - -
Herring 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
OliveOil 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -
Car 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 - - - -
Lighting2 0.66 0.85 0.66 0.90 0.64 0.85 0.67 0.98 - - - -
Computers 0.75 0.89 0.79 0.91 0.70 0.90 0.80 0.93 - - - -
LargeKitchenAppliances 0.73 0.94 0.74 0.91 0.77 0.93 0.75 0.91 - - - -
RefrigerationDevices 0.63 0.90 0.81 0.93 0.62 0.86 0.72 0.92 - - - -
ScreenType 0.69 0.87 0.76 0.94 0.73 0.91 0.72 0.92 - - - -
SmallKitchenAppliances 0.67 0.95 0.71 0.91 0.68 0.95 0.71 0.93 - - - -
WormsTwoClass 0.68 0.89 0.76 0.92 0.71 0.92 0.71 0.92 - - - -
Worms 0.67 0.92 0.69 0.89 0.65 0.94 0.76 0.90 - - - -
StarLightCurves 0.99 0.99 0.99 0.99 0.94 0.98 0.99 0.99 - - - -
Haptics 0.77 0.92 0.97 0.97 0.73 0.93 0.97 0.97 - - - -
CinC_ECG_torso 0.89 0.95 0.97 0.97 0.85 0.96 0.94 0.98 - - - -
HandOutlines 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 - - - -

Dataset
Accuracy on Detection (AoD)

Algorithm 1 Algorithm 2 Algorithm 3 Algorithm 4 Algorithm 5 Algorithm 6
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Table B.14: Excess Rate from all algorithms on all datasets when the scaling factor (f ) is 1 and number
of clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.09 0.45 0.00 0.00 0.09 0.50 0.00 0.00 0.18 0.50 0.18 0.55
SonyAIBORobotSurfaceII 0.14 0.62 0.00 0.35 0.10 0.48 0.00 0.37 0.24 0.76 0.26 0.74
SonyAIBORobotSurface 0.16 0.47 0.00 0.19 0.16 0.47 0.00 0.13 0.29 0.82 0.22 0.83
DistalPhalanxOutlineCorrect 0.00 0.10 0.00 0.00 0.00 0.10 0.00 0.00 0.00 0.10 0.00 0.00
MiddlePhalanxOutlineCorrect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PhalangesOutlinesCorrect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.10
ProximalPhalanxOutlineCorrect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DistalPhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiddlePhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ProximalPhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TwoLeadECG 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00
MoteStrain 0.05 0.43 0.00 0.11 0.09 0.45 0.00 0.30 0.24 0.62 0.29 0.76
ECG200 0.00 0.05 0.00 0.00 0.00 0.05 0.00 0.05 0.10 0.33 0.10 0.33
CBF 0.30 0.74 0.17 0.52 0.35 0.70 0.17 0.61 0.26 0.74 0.26 0.70
Two_Patterns 0.38 0.90 0.41 0.91 0.38 0.90 0.43 0.86 0.14 0.38 0.14 0.43
ECGFiveDays 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.35 0.17 0.39
ECG5000 0.00 0.22 0.00 0.00 0.00 0.22 0.00 0.00 0.06 0.50 0.10 0.60
Gun_Point 0.00 0.20 0.00 0.05 0.00 0.25 0.00 0.05 0.00 0.00 0.00 0.00
wafer 0.05 0.25 0.00 0.25 0.00 0.16 0.00 0.20 0.00 0.11 0.00 0.16
ChlorineConcentration 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.05 0.00 0.00 0.00 0.00
Wine 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Strawberry 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ArrowHead 0.00 0.00 0.00 0.00 0.00 0.14 0.00 0.00 0.10 0.14 0.00 0.05
Trace 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00
ToeSegmentation1 0.41 0.86 0.16 0.47 0.48 0.95 0.15 0.45 0.14 0.64 0.13 0.52
Coffee 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ToeSegmentation2 0.22 0.65 0.05 0.30 0.30 0.70 0.00 0.20 0.17 0.52 0.21 0.58
FaceFour 0.20 0.85 0.00 0.22 0.28 1.00 0.00 0.33 0.42 0.84 0.26 0.79
yoga 0.05 0.10 0.00 0.00 0.09 0.23 0.05 0.10 - - - -
Ham 0.05 0.19 0.00 0.00 0.00 0.20 0.00 0.00 - - - -
Meat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
Beef 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
FordA 0.52 0.95 0.29 0.62 0.33 1.00 0.30 0.70 - - - -
FordB 0.32 0.82 0.23 0.73 0.50 0.94 0.30 0.80 - - - -
ShapeletSim 0.45 0.85 0.33 0.90 0.45 0.95 0.40 0.95 - - - -
BeetleFly 0.45 0.86 0.13 0.48 0.41 0.91 0.05 0.30 - - - -
BirdChicken 0.17 0.30 0.00 0.00 0.17 0.33 0.00 0.00 - - - -
Earthquakes 0.43 0.90 0.45 0.82 0.43 0.86 0.30 0.83 - - - -
Herring 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
OliveOil 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
Car 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -
Lighting2 0.43 0.86 0.15 0.85 0.43 0.90 0.25 0.85 - - - -
Computers 0.33 0.62 0.20 0.47 0.30 0.75 0.12 0.47 - - - -
LargeKitchenAppliances 0.25 0.67 0.17 0.61 0.21 0.58 0.23 0.59 - - - -
RefrigerationDevices 0.39 0.87 0.09 0.57 0.45 0.95 0.25 0.75 - - - -
ScreenType 0.30 0.74 0.14 0.64 0.35 0.70 0.18 0.68 - - - -
SmallKitchenAppliances 0.30 0.83 0.36 0.77 0.33 0.86 0.35 0.78 - - - -
WormsTwoClass 0.48 0.76 0.18 0.59 0.40 0.70 0.32 0.68 - - - -
Worms 0.39 0.83 0.19 0.71 0.45 0.86 0.20 0.55 - - - -
StarLightCurves 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00 - - - -
Haptics 0.05 0.71 0.00 0.00 0.00 0.74 0.00 0.00 - - - -
CinC_ECG_torso 0.10 0.24 0.00 0.00 0.14 0.36 0.05 0.10 - - - -
HandOutlines 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 - - - -

Dataset
Excess Rate

Algorithm 1 Algorithm 2 Algorithm 3 Algorithm 4 Algorithm 5 Algorithm 6
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Figure B.1: ItalyPowerDemand dataset: (a) Input time series labeled with classes of planted data. (b),
(c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and
D-SA-Z, respectively.
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Figure B.2: SonyAIBORobotSurfaceII dataset: (a) Input time series labeled with classes of planted data.
(b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z
and D-SA-Z, respectively.
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Figure B.3: SonyAIBORobotSurface dataset: (a) Input time series labeled with classes of planted data.
(b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z
and D-SA-Z, respectively.
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Figure B.4: DistalPhalanxOutlineCorrect dataset: (a) Input time series labeled with classes of planted
data. (b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L,
D-AA-Z and D-SA-Z, respectively.
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Figure B.5: MiddlePhalanxOutlineCorrect dataset: (a) Input time series labeled with classes of planted
data. (b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L,
D-AA-Z and D-SA-Z, respectively.
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Figure B.6: PhalangesOutlinesCorrect dataset: (a) Input time series labeled with classes of planted data.
(b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z
and D-SA-Z, respectively.
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Figure B.7: ProximalPhalanxOutlineCorrect dataset: (a) Input time series labeled with classes of planted
data. (b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L,
D-AA-Z and D-SA-Z, respectively.
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Figure B.8: DistalPhalanxOutlineAgeGroup dataset: (a) Input time series labeled with classes of planted
data. (b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L,
D-AA-Z and D-SA-Z, respectively.
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Figure B.9: MiddlePhalanxOutlineAgeGroup dataset: (a) Input time series labeled with classes of planted
data. (b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-
AA-Z and D-SA-Z, respectively.
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Figure B.10: ProximalPhalanxOutlineAgeGroup dataset: (a) Input time series labeled with classes of
planted data. (b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z,
E-SA-L, D-AA-Z and D-SA-Z, respectively.
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Figure B.11: TwoLeadECG dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.12: MoteStrain dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.13: ECG200 dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.14: CBF dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d), (e),
(f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.15: Two_Patterns dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.16: ECGFiveDays dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.



151

(a)

500 1000 1500 2000 2500 3000 3500

−40

−20

0

(b)

500 1000 1500 2000 2500 3000 3500

−40

−20

0

(c)

500 1000 1500 2000 2500 3000 3500

−40

−20

0

(d)

500 1000 1500 2000 2500 3000 3500

−40

−20

0

(e)

500 1000 1500 2000 2500 3000 3500

−40

−20

0

(f)

500 1000 1500 2000 2500 3000 3500

−40

−20

0

(g)

500 1000 1500 2000 2500 3000 3500

−40

−20

0

Figure B.17: ECG5000 dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.18: Gun_Point dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.19: wafer dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d), (e),
(f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.20: ChlorineConcentration dataset: (a) Input time series labeled with classes of planted data.
(b), (c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z
and D-SA-Z, respectively.
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Figure B.21: Wine dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d), (e),
(f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.22: Strawberry dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.23: ArrowHead dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.24: Trace dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d), (e),
(f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.25: ToeSegmentation1 dataset: (a) Input time series labeled with classes of planted data. (b),
(c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and
D-SA-Z, respectively.
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Figure B.26: Coffee dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.
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Figure B.27: ToeSegmentation2 dataset: (a) Input time series labeled with classes of planted data. (b),
(c), (d), (e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and
D-SA-Z, respectively.
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Figure B.28: FaceFour dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d),
(e), (f) and (g) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z, E-SA-L, D-AA-Z and D-SA-Z,
respectively.



163

(a)

2000 4000 6000 8000 10000 12000
−15

−10

−5

0

5

(b)

2000 4000 6000 8000 10000 12000
−15

−10

−5

0

5

(c)

2000 4000 6000 8000 10000 12000
−15

−10

−5

0

5

(d)

2000 4000 6000 8000 10000 12000
−15

−10

−5

0

5

(e)

2000 4000 6000 8000 10000 12000
−15

−10

−5

0

5

Figure B.29: yoga dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and (e)
are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.30: Ham dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and (e)
are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.31: Meat dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and (e)
are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.32: Beef dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and (e)
are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.33: FordA dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and
(e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.34: FordB dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and (e)
are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.35: ShapeletSim dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d)
and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.36: BeetleFly dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and
(e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.37: BirdChicken dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d)
and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.38: Earthquakes dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d)
and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.



173

(a)

2000 4000 6000 8000 10000 12000 14000

0

5

10

15

(b)

2000 4000 6000 8000 10000 12000 14000

0

5

10

15

(c)

2000 4000 6000 8000 10000 12000 14000

0

5

10

15

(d)

2000 4000 6000 8000 10000 12000 14000

0

5

10

15

(e)

2000 4000 6000 8000 10000 12000 14000

0

5

10

15

Figure B.39: Herring dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and
(e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.40: OliveOil dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and
(e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.41: Car dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and (e)
are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.42: Lighting2 dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and
(e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.43: Computers dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d)
and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.44: LargeKitchenAppliances dataset: (a) Input time series labeled with classes of planted data.
(b), (c), (d) and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.45: RefrigerationDevices dataset: (a) Input time series labeled with classes of planted data. (b),
(c), (d) and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.46: ScreenType dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d)
and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.47: SmallKitchenAppliances dataset: (a) Input time series labeled with classes of planted data.
(b), (c), (d) and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.48: WormsTwoClass dataset: (a) Input time series labeled with classes of planted data. (b), (c),
(d) and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.49: Worms dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and
(e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.50: StarLightCurves dataset: (a) Input time series labeled with classes of planted data. (b), (c),
(d) and (e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure B.51: Haptics dataset: (a) Input time series labeled with classes of planted data. (b), (c), (d) and
(e) are output from SSTSC with E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Table C.1: Rand Index (RI) from all algorithms on all datasets when the scaling factor (f ) is 1.2 and
number of clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.47 0.45 0.56 0.51 0.48 0.49 0.47 0.47
SonyAIBORobotSurfaceII 0.61 0.63 0.48 0.59 0.54 0.53 0.47 0.49
SonyAIBORobotSurface 0.47 0.45 0.48 0.46 0.56 0.47 0.48 0.46
DistalPhalanxOutlineCorrect 0.49 0.49 0.49 0.49 0.49 0.49 0.47 0.47
MiddlePhalanxOutlineCorrect 0.56 0.53 0.66 0.66 0.61 0.56 0.49 0.49
PhalangesOutlinesCorrect 0.47 0.47 0.49 0.49 0.47 0.47 0.49 0.49
ProximalPhalanxOutlineCorrect 0.49 0.49 0.47 0.47 0.49 0.49 0.49 0.49
DistalPhalanxOutlineAgeGroup 0.54 0.45 0.54 0.54 0.59 0.44 0.60 0.60
MiddlePhalanxOutlineAgeGroup 0.59 0.59 0.59 0.59 0.59 0.59 0.53 0.53
ProximalPhalanxOutlineAgeGroup 0.73 0.71 0.60 0.60 0.55 0.55 0.57 0.57
TwoLeadECG 0.52 0.53 0.48 0.49 0.52 0.53 0.56 0.56
MoteStrain 0.49 0.46 0.48 0.47 0.54 0.47 0.52 0.51
ECG200 0.48 0.47 0.61 0.56 0.49 0.50 0.49 0.48
CBF 0.71 0.69 0.60 0.56 0.51 0.50 0.60 0.56
Two_Patterns 0.73 0.69 0.66 0.69 0.63 0.73 0.53 0.64
ECGFiveDays 0.51 0.51 0.49 0.49 0.51 0.51 0.47 0.47
ECG5000 0.72 0.62 0.63 0.66 0.60 0.36 0.71 0.69
Gun_Point 0.52 0.54 0.52 0.54 0.52 0.53 0.52 0.52
wafer 0.48 0.47 0.66 0.74 0.47 0.47 0.48 0.47
ChlorineConcentration 0.47 0.50 0.49 0.47 0.47 0.59 0.45 0.45
Wine 0.47 0.47 0.49 0.49 0.47 0.47 0.52 0.52
Strawberry 0.48 0.48 0.48 0.48 0.48 0.48 0.52 0.52
ArrowHead 0.54 0.53 0.65 0.65 0.54 0.49 0.48 0.48
Trace 0.69 0.83 0.84 0.84 0.69 0.82 0.72 0.77
ToeSegmentation1 0.58 0.56 0.48 0.47 0.49 0.62 0.47 0.47
Coffee 0.52 0.52 0.49 0.49 0.47 0.47 0.52 0.52
ToeSegmentation2 0.51 0.54 0.49 0.58 0.53 0.49 0.48 0.47
FaceFour 0.50 0.33 0.76 0.67 0.52 0.40 0.71 0.71
yoga 0.48 0.47 0.47 0.47 0.48 0.47 0.48 0.49
Ham 0.50 0.40 0.47 0.47 0.47 0.44 0.47 0.49
Meat 0.54 0.54 0.52 0.52 0.52 0.52 0.56 0.56
Beef 0.74 0.65 0.75 0.67 0.74 0.65 0.67 0.57
FordA 0.53 0.40 0.48 0.47 0.48 0.43 0.47 0.52
FordB 0.45 0.00 0.48 0.46 0.47 0.52 0.49 0.47
ShapeletSim 0.44 0.33 0.57 0.33 0.49 0.46 0.44 0.00
BeetleFly 0.51 0.60 0.53 0.49 0.68 1.00 0.49 0.47
BirdChicken 0.61 0.43 0.48 0.45 0.52 0.44 0.56 0.58
Earthquakes 0.47 0.57 0.49 0.52 0.43 0.40 0.50 0.33
Herring 0.49 0.49 0.52 0.52 0.49 0.49 0.49 0.49
OliveOil 0.69 0.69 0.62 0.62 0.61 0.61 0.63 0.63
Car 0.74 0.74 0.74 0.74 0.74 0.74 0.66 0.66
Lighting2 0.47 0.40 0.48 0.50 0.47 0.50 0.52 0.57
Computers 0.49 0.53 0.51 0.44 0.49 0.56 0.48 0.47
LargeKitchenAppliances 0.63 0.67 0.64 0.70 0.58 0.59 0.43 0.47
RefrigerationDevices 0.57 0.40 0.48 0.51 0.52 0.43 0.40 0.36
ScreenType 0.50 0.17 0.33 0.28 0.48 0.47 0.47 0.60
SmallKitchenAppliances 0.54 0.53 0.47 0.46 0.54 0.39 0.37 0.29
WormsTwoClass 0.46 0.40 0.47 0.43 0.54 1.00 0.49 0.46
Worms 0.81 0.83 0.73 0.83 0.68 0.81 0.69 0.60
StarLightCurves 0.70 0.71 0.70 0.71 0.70 0.71 0.70 0.71
Haptics 0.68 0.64 0.71 0.71 0.66 0.72 0.73 0.73

Rand Index
Dataset E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.2: Precision from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.47 0.45 0.53 0.48 0.47 0.46 0.45 0.45
SonyAIBORobotSurfaceII 0.57 0.59 0.46 0.54 0.51 0.51 0.47 0.49
SonyAIBORobotSurface 0.47 0.54 0.48 0.56 0.63 1.00 0.48 0.50
DistalPhalanxOutlineCorrect 0.48 0.48 0.48 0.48 0.48 0.48 0.46 0.46
MiddlePhalanxOutlineCorrect 0.53 0.51 0.64 0.64 0.57 0.53 0.48 0.48
PhalangesOutlinesCorrect 0.46 0.46 0.48 0.47 0.47 0.47 0.47 0.47
ProximalPhalanxOutlineCorrect 0.47 0.47 0.44 0.44 0.47 0.47 0.47 0.47
DistalPhalanxOutlineAgeGroup 0.32 0.33 0.33 0.33 0.35 0.32 0.38 0.38
MiddlePhalanxOutlineAgeGroup 0.34 0.34 0.34 0.34 0.34 0.34 0.26 0.26
ProximalPhalanxOutlineAgeGroup 0.54 0.51 0.39 0.39 0.33 0.32 0.30 0.30
TwoLeadECG 0.50 0.50 0.45 0.46 0.50 0.50 0.52 0.52
MoteStrain 0.47 0.44 0.46 0.45 0.52 0.44 0.50 0.50
ECG200 0.45 0.45 0.58 0.53 0.47 0.47 0.47 0.45
CBF 0.52 0.46 0.39 0.34 0.31 0.25 0.39 0.37
Two_Patterns 0.35 0.30 0.23 0.17 0.30 0.50 0.24 0.33
ECGFiveDays 0.48 0.48 0.46 0.46 0.48 0.48 0.45 0.45
ECG5000 0.28 0.26 0.18 0.26 0.19 0.22 0.26 0.27
Gun_Point 0.50 0.51 0.50 0.51 0.50 0.50 0.50 0.50
wafer 0.47 0.47 0.62 0.70 0.47 0.47 0.47 0.46
ChlorineConcentration 0.29 0.18 0.28 0.28 0.31 0.32 0.31 0.31
Wine 0.44 0.44 0.47 0.47 0.47 0.47 0.50 0.50
Strawberry 0.45 0.45 0.45 0.45 0.45 0.45 0.49 0.49
ArrowHead 0.28 0.28 0.42 0.42 0.29 0.29 0.31 0.31
Trace 0.38 0.56 0.60 0.61 0.38 0.55 0.40 0.47
ToeSegmentation1 0.54 0.56 0.45 0.43 0.48 0.59 0.45 0.43
Coffee 0.49 0.49 0.47 0.47 0.47 0.47 0.50 0.50
ToeSegmentation2 0.49 0.50 0.47 0.56 0.51 0.47 0.47 0.47
FaceFour 0.21 1.00 0.47 0.47 0.21 0.29 0.38 0.44
yoga 0.45 0.45 0.45 0.44 0.45 0.45 0.46 0.47
Ham 0.47 0.40 0.44 0.42 0.46 0.46 0.47 0.49
Meat 0.33 0.33 0.28 0.28 0.33 0.33 0.31 0.31
Beef 0.24 0.17 0.24 0.16 0.24 0.17 0.16 0.15
FordA 0.50 0.40 0.47 0.44 0.48 0.43 0.47 0.52
FordB 0.44 0.00 0.47 0.46 0.48 0.67 0.48 0.47
ShapeletSim 0.39 0.33 0.52 0.33 0.45 0.43 0.44 0.00
BeetleFly 0.51 0.60 0.50 0.49 0.68 1.00 0.48 0.47
BirdChicken 0.58 0.50 0.45 0.47 0.49 0.44 0.52 0.54
Earthquakes 0.46 0.50 0.47 0.52 0.33 0.33 0.46 0.33
Herring 0.48 0.48 0.49 0.49 0.48 0.48 0.48 0.48
OliveOil 0.27 0.27 0.20 0.20 0.16 0.16 0.22 0.22
Car 0.42 0.42 0.40 0.40 0.42 0.42 0.27 0.27
Lighting2 0.45 0.50 0.45 0.50 0.45 0.44 0.50 0.52
Computers 0.47 0.50 0.49 0.44 0.47 0.53 0.47 0.45
LargeKitchenAppliances 0.39 0.45 0.44 0.50 0.33 0.36 0.32 0.34
RefrigerationDevices 0.31 0.33 0.28 0.25 0.26 0.18 0.29 0.36
ScreenType 0.28 1.00 0.29 0.28 0.30 0.40 0.30 0.50
SmallKitchenAppliances 0.28 0.23 0.31 0.29 0.32 0.29 0.30 0.29
WormsTwoClass 0.50 0.50 0.43 0.47 0.57 1.00 0.46 0.45
Worms 0.43 0.00 0.14 0.00 0.23 0.33 0.13 0.00
StarLightCurves 0.50 0.52 0.50 0.51 0.50 0.51 0.50 0.51
Haptics 0.22 0.00 0.15 0.15 0.11 0.13 0.14 0.14

Dataset
Precision

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.3: Recall from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.47 0.45 0.53 0.48 0.72 0.61 0.53 0.59
SonyAIBORobotSurfaceII 0.72 0.72 0.59 0.81 0.70 0.67 0.47 0.49
SonyAIBORobotSurface 0.57 0.54 0.65 0.56 0.53 0.47 0.65 0.67
DistalPhalanxOutlineCorrect 0.82 0.82 0.82 0.82 0.82 0.82 0.64 0.64
MiddlePhalanxOutlineCorrect 0.62 0.67 0.67 0.67 0.72 0.85 0.67 0.67
PhalangesOutlinesCorrect 0.64 0.64 0.67 0.72 0.80 0.80 0.47 0.47
ProximalPhalanxOutlineCorrect 0.49 0.49 0.44 0.44 0.49 0.49 0.49 0.49
DistalPhalanxOutlineAgeGroup 0.46 0.69 0.52 0.52 0.46 0.65 0.51 0.51
MiddlePhalanxOutlineAgeGroup 0.41 0.41 0.41 0.41 0.41 0.41 0.32 0.32
ProximalPhalanxOutlineAgeGroup 0.71 0.70 0.62 0.62 0.48 0.44 0.33 0.33
TwoLeadECG 0.77 0.84 0.50 0.49 0.77 0.84 0.73 0.73
MoteStrain 0.49 0.58 0.59 0.63 0.56 0.57 0.63 0.71
ECG200 0.50 0.63 0.59 0.53 0.47 0.50 0.49 0.47
CBF 0.57 0.60 0.62 0.59 0.45 0.40 0.59 0.65
Two_Patterns 0.38 0.30 0.28 0.14 0.56 0.50 0.57 0.71
ECGFiveDays 0.56 0.56 0.53 0.53 0.56 0.56 0.48 0.48
ECG5000 0.45 0.60 0.36 0.38 0.44 1.00 0.44 0.50
Gun_Point 0.77 0.78 0.77 0.78 0.77 0.84 0.77 0.77
wafer 0.78 0.47 0.73 0.92 0.88 0.47 0.72 0.67
ChlorineConcentration 0.51 0.21 0.44 0.50 0.60 0.44 0.68 0.68
Wine 0.44 0.44 0.56 0.56 0.47 0.47 0.63 0.63
Strawberry 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50
ArrowHead 0.33 0.37 0.44 0.44 0.37 0.48 0.62 0.62
Trace 0.70 0.83 0.65 0.69 0.70 0.86 0.65 0.72
ToeSegmentation1 0.79 0.56 0.50 0.48 0.82 0.93 0.47 0.45
Coffee 0.50 0.50 0.49 0.49 0.47 0.47 0.77 0.77
ToeSegmentation2 0.72 0.78 0.56 0.67 0.67 0.84 0.90 0.47
FaceFour 0.45 0.33 0.64 0.70 0.45 0.33 0.52 0.75
yoga 0.50 0.47 0.47 0.50 0.50 0.47 0.59 0.64
Ham 0.64 0.40 0.44 0.43 0.63 0.72 0.47 0.49
Meat 0.52 0.52 0.40 0.40 0.59 0.59 0.37 0.37
Beef 0.30 0.25 0.27 0.21 0.30 0.25 0.27 0.29
FordA 0.57 1.00 0.89 0.80 0.48 0.43 0.88 0.52
FordB 0.55 0.00 0.78 0.46 0.48 0.67 0.77 0.47
ShapeletSim 0.44 1.00 0.85 1.00 0.47 0.75 0.44 0.00
BeetleFly 0.48 1.00 0.84 0.49 0.65 1.00 0.82 0.47
BirdChicken 0.59 0.38 0.50 0.47 0.50 0.39 0.73 0.79
Earthquakes 0.68 0.67 0.86 1.00 0.33 0.50 0.81 0.33
Herring 0.82 0.82 0.50 0.50 0.82 0.82 0.67 0.67
OliveOil 0.28 0.28 0.28 0.28 0.19 0.19 0.31 0.31
Car 0.55 0.69 0.48 0.48 0.55 0.69 0.38 0.38
Lighting2 0.46 0.33 0.46 0.33 0.46 0.44 0.63 0.85
Computers 0.72 0.86 0.83 0.44 0.72 0.89 0.78 0.83
LargeKitchenAppliances 0.46 0.42 0.72 0.78 0.37 0.31 0.78 0.85
RefrigerationDevices 0.38 0.50 0.46 0.42 0.32 0.40 0.69 0.36
ScreenType 0.32 0.17 0.84 0.28 0.41 0.67 0.65 0.50
SmallKitchenAppliances 0.33 0.30 0.67 0.64 0.46 0.80 0.81 0.29
WormsTwoClass 0.50 0.33 0.45 0.64 0.57 1.00 0.53 0.50
Worms 0.45 0.00 0.17 0.00 0.40 1.00 0.17 0.00
StarLightCurves 0.56 0.57 0.65 0.69 0.65 0.69 0.65 0.69
Haptics 0.40 0.00 0.19 0.19 0.17 0.25 0.15 0.15

Dataset
Recall

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.4: F1-score from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.47 0.45 0.53 0.48 0.57 0.52 0.49 0.51
SonyAIBORobotSurfaceII 0.63 0.65 0.52 0.65 0.59 0.58 0.47 0.49
SonyAIBORobotSurface 0.52 0.54 0.55 0.56 0.57 0.64 0.55 0.57
DistalPhalanxOutlineCorrect 0.61 0.61 0.61 0.61 0.61 0.61 0.54 0.54
MiddlePhalanxOutlineCorrect 0.57 0.58 0.65 0.65 0.63 0.65 0.56 0.56
PhalangesOutlinesCorrect 0.54 0.54 0.56 0.57 0.59 0.59 0.47 0.47
ProximalPhalanxOutlineCorrect 0.48 0.48 0.44 0.44 0.48 0.48 0.48 0.48
DistalPhalanxOutlineAgeGroup 0.38 0.45 0.40 0.40 0.40 0.43 0.44 0.44
MiddlePhalanxOutlineAgeGroup 0.37 0.37 0.37 0.37 0.37 0.37 0.29 0.29
ProximalPhalanxOutlineAgeGroup 0.61 0.59 0.48 0.48 0.39 0.37 0.32 0.32
TwoLeadECG 0.60 0.63 0.48 0.48 0.60 0.63 0.61 0.61
MoteStrain 0.48 0.50 0.52 0.53 0.54 0.49 0.56 0.59
ECG200 0.48 0.53 0.59 0.53 0.47 0.48 0.48 0.46
CBF 0.54 0.52 0.48 0.43 0.37 0.31 0.47 0.47
Two_Patterns 0.36 0.30 0.25 0.15 0.39 0.50 0.33 0.45
ECGFiveDays 0.52 0.52 0.49 0.49 0.52 0.52 0.46 0.46
ECG5000 0.34 0.36 0.24 0.31 0.27 0.36 0.33 0.35
Gun_Point 0.60 0.62 0.60 0.62 0.60 0.63 0.60 0.60
wafer 0.59 0.47 0.67 0.80 0.61 0.47 0.57 0.54
ChlorineConcentration 0.37 0.20 0.34 0.36 0.41 0.37 0.43 0.43
Wine 0.44 0.44 0.51 0.51 0.47 0.47 0.56 0.56
Strawberry 0.48 0.48 0.48 0.48 0.48 0.48 0.50 0.50
ArrowHead 0.30 0.32 0.43 0.43 0.32 0.36 0.42 0.42
Trace 0.49 0.67 0.63 0.65 0.49 0.67 0.50 0.57
ToeSegmentation1 0.64 0.56 0.48 0.45 0.61 0.72 0.46 0.44
Coffee 0.50 0.50 0.48 0.48 0.47 0.47 0.60 0.60
ToeSegmentation2 0.58 0.61 0.51 0.61 0.58 0.60 0.62 0.47
FaceFour 0.28 0.50 0.54 0.56 0.29 0.31 0.44 0.56
yoga 0.48 0.46 0.46 0.47 0.48 0.46 0.52 0.54
Ham 0.54 0.40 0.44 0.43 0.53 0.57 0.47 0.49
Meat 0.40 0.40 0.33 0.33 0.42 0.42 0.33 0.33
Beef 0.26 0.20 0.25 0.18 0.26 0.20 0.20 0.19
FordA 0.53 0.57 0.62 0.57 0.48 0.43 0.61 0.52
FordB 0.49 0.00 0.59 0.46 0.48 0.67 0.59 0.47
ShapeletSim 0.41 0.50 0.65 0.50 0.46 0.55 0.44 0.00
BeetleFly 0.49 0.75 0.63 0.49 0.67 1.00 0.61 0.47
BirdChicken 0.59 0.43 0.48 0.47 0.50 0.41 0.61 0.64
Earthquakes 0.55 0.57 0.61 0.69 0.33 0.40 0.59 0.33
Herring 0.61 0.61 0.50 0.50 0.61 0.61 0.56 0.56
OliveOil 0.27 0.27 0.24 0.24 0.17 0.17 0.26 0.26
Car 0.47 0.52 0.44 0.44 0.47 0.52 0.32 0.32
Lighting2 0.45 0.40 0.45 0.40 0.45 0.44 0.56 0.65
Computers 0.57 0.63 0.61 0.44 0.57 0.67 0.59 0.59
LargeKitchenAppliances 0.42 0.43 0.55 0.61 0.35 0.33 0.45 0.49
RefrigerationDevices 0.34 0.40 0.35 0.31 0.29 0.25 0.41 0.36
ScreenType 0.30 0.29 0.43 0.28 0.35 0.50 0.41 0.50
SmallKitchenAppliances 0.30 0.26 0.43 0.40 0.38 0.42 0.43 0.29
WormsTwoClass 0.50 0.40 0.44 0.54 0.57 1.00 0.49 0.48
Worms 0.44 0.00 0.15 0.00 0.29 0.50 0.14 0.00
StarLightCurves 0.53 0.54 0.57 0.59 0.57 0.59 0.57 0.59
Haptics 0.28 0.00 0.17 0.17 0.13 0.17 0.15 0.15

Dataset
F1-Measure

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.5: AoR from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 1.00 0.55 1.00 0.85 1.00 0.65 1.00 0.85
SonyAIBORobotSurfaceII 1.00 0.90 1.00 0.60 0.95 0.90 1.00 0.85
SonyAIBORobotSurface 1.00 0.75 1.00 0.81 0.88 0.63 1.00 0.81
DistalPhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
MiddlePhalanxOutlineCorrect 1.00 0.90 1.00 1.00 1.00 0.85 1.00 1.00
PhalangesOutlinesCorrect 1.00 1.00 1.00 0.95 1.00 1.00 1.00 1.00
ProximalPhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
DistalPhalanxOutlineAgeGroup 1.00 0.76 1.00 1.00 1.00 0.71 1.00 1.00
MiddlePhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ProximalPhalanxOutlineAgeGroup 1.00 0.95 1.00 1.00 1.00 0.95 1.00 1.00
TwoLeadECG 1.00 0.90 1.00 0.95 1.00 0.90 1.00 1.00
MoteStrain 1.00 0.65 1.00 0.75 0.95 0.60 1.00 0.85
ECG200 1.00 0.75 1.00 0.85 1.00 0.80 1.00 0.90
CBF 0.90 0.43 1.00 0.62 0.81 0.43 1.00 0.86
Two_Patterns 0.90 0.50 1.00 0.45 0.90 0.30 0.85 0.60
ECGFiveDays 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ECG5000 0.94 0.61 1.00 0.83 1.00 0.61 1.00 0.83
Gun_Point 1.00 0.95 1.00 0.95 1.00 0.90 1.00 1.00
wafer 0.90 0.60 1.00 0.70 0.90 0.60 1.00 0.85
ChlorineConcentration 1.00 0.57 1.00 0.81 1.00 0.57 1.00 1.00
Wine 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Strawberry 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ArrowHead 1.00 0.95 1.00 1.00 1.00 0.86 1.00 1.00
Trace 1.00 0.80 1.00 0.90 1.00 0.85 1.00 0.95
ToeSegmentation1 0.90 0.55 1.00 0.70 1.00 0.65 1.00 0.75
Coffee 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ToeSegmentation2 0.85 0.65 1.00 0.75 0.90 0.55 1.00 0.60
FaceFour 1.00 0.17 1.00 0.67 0.94 0.33 1.00 0.67
yoga 1.00 0.90 1.00 0.90 1.00 0.90 1.00 0.95
Ham 0.90 0.30 0.95 0.60 0.95 0.45 0.80 0.55
Meat 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Beef 1.00 0.85 1.00 0.85 1.00 0.85 1.00 0.85
FordA 0.50 0.25 0.90 0.50 0.90 0.35 0.85 0.35
FordB 0.60 0.10 0.90 0.40 0.70 0.35 0.85 0.50
ShapeletSim 0.45 0.20 0.40 0.15 0.65 0.40 0.45 0.00
BeetleFly 0.70 0.25 0.90 0.55 0.80 0.30 1.00 0.70
BirdChicken 1.00 0.40 1.00 0.60 1.00 0.45 1.00 0.90
Earthquakes 0.60 0.40 0.65 0.35 0.35 0.25 0.45 0.15
Herring 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
OliveOil 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Car 1.00 0.90 1.00 1.00 1.00 0.90 1.00 1.00
Lighting2 0.95 0.25 1.00 0.20 0.95 0.45 1.00 0.40
Computers 0.95 0.50 0.95 0.45 0.95 0.55 0.90 0.60
LargeKitchenAppliances 0.95 0.62 0.95 0.67 0.90 0.62 1.00 0.67
RefrigerationDevices 0.81 0.24 0.95 0.48 0.71 0.33 0.90 0.43
ScreenType 0.57 0.19 0.71 0.43 0.57 0.29 0.67 0.29
SmallKitchenAppliances 0.90 0.43 0.90 0.62 0.90 0.43 1.00 0.71
WormsTwoClass 0.65 0.25 0.75 0.35 0.65 0.15 0.95 0.65
Worms 0.80 0.20 0.80 0.20 0.90 0.35 0.90 0.25
StarLightCurves 1.00 0.90 1.00 0.90 1.00 0.90 1.00 0.90
Haptics 1.00 0.40 0.95 0.95 1.00 0.45 0.95 0.95

Dataset
Accuracy on Retrieval (AoR)

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.6: AoD from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.84 0.93 0.92 0.94 0.88 0.93 0.91 0.94
SonyAIBORobotSurfaceII 0.97 0.99 0.89 0.99 0.93 0.96 0.91 0.94
SonyAIBORobotSurface 0.83 0.90 0.89 0.93 0.81 0.92 0.88 0.92
DistalPhalanxOutlineCorrect 0.90 0.90 0.90 0.90 0.91 0.91 0.95 0.95
MiddlePhalanxOutlineCorrect 0.88 0.89 0.87 0.87 0.87 0.88 0.94 0.94
PhalangesOutlinesCorrect 0.93 0.93 0.96 0.96 0.95 0.95 0.93 0.93
ProximalPhalanxOutlineCorrect 0.87 0.87 0.88 0.88 0.88 0.88 0.94 0.94
DistalPhalanxOutlineAgeGroup 0.84 0.89 0.87 0.87 0.84 0.89 0.94 0.94
MiddlePhalanxOutlineAgeGroup 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94
ProximalPhalanxOutlineAgeGroup 0.93 0.94 0.92 0.92 0.92 0.92 0.94 0.94
TwoLeadECG 0.90 0.91 0.92 0.92 0.90 0.91 0.95 0.95
MoteStrain 0.80 0.89 0.86 0.90 0.77 0.89 0.91 0.93
ECG200 0.86 0.92 0.85 0.87 0.84 0.90 0.91 0.93
CBF 0.74 0.90 0.87 0.94 0.73 0.89 0.89 0.92
Two_Patterns 0.77 0.87 0.74 0.85 0.71 0.91 0.79 0.95
ECGFiveDays 0.92 0.92 0.95 0.95 0.92 0.92 0.96 0.96
ECG5000 0.76 0.89 0.83 0.86 0.79 0.88 0.88 0.91
Gun_Point 0.91 0.92 0.92 0.92 0.89 0.90 0.91 0.91
wafer 0.80 0.89 0.83 0.87 0.80 0.88 0.90 0.92
ChlorineConcentration 0.86 0.94 0.88 0.91 0.85 0.93 0.94 0.94
Wine 0.86 0.86 0.92 0.92 0.87 0.87 0.92 0.92
Strawberry 0.90 0.90 0.91 0.91 0.90 0.90 0.95 0.95
ArrowHead 0.94 0.96 0.91 0.91 0.90 0.94 0.98 0.98
Trace 0.87 0.89 0.90 0.91 0.87 0.89 0.93 0.93
ToeSegmentation1 0.77 0.91 0.82 0.87 0.82 0.90 0.83 0.88
Coffee 0.91 0.91 0.90 0.90 0.92 0.92 0.96 0.96
ToeSegmentation2 0.79 0.89 0.84 0.89 0.78 0.89 0.81 0.92
FaceFour 0.70 0.96 0.83 0.89 0.72 0.88 0.85 0.90
yoga 0.87 0.91 0.91 0.93 0.90 0.92 0.92 0.93
Ham 0.74 0.92 0.86 0.96 0.77 0.92 0.79 0.94
Meat 0.91 0.91 0.92 0.92 0.92 0.92 0.98 0.98
Beef 0.90 0.92 0.88 0.93 0.90 0.92 0.91 0.97
FordA 0.64 0.86 0.77 0.89 0.72 0.90 0.74 1.02
FordB 0.64 0.82 0.78 0.99 0.71 1.00 0.75 0.90
ShapeletSim 0.69 0.92 0.67 0.89 0.69 0.88 0.60 0.00
BeetleFly 0.65 0.87 0.75 0.87 0.65 0.87 0.81 0.89
BirdChicken 0.79 0.88 0.82 0.87 0.79 0.89 0.91 0.92
Earthquakes 0.74 0.92 0.72 0.91 0.70 0.96 0.67 0.96
Herring 0.86 0.86 0.87 0.87 0.87 0.87 0.92 0.92
OliveOil 0.86 0.86 0.87 0.87 0.88 0.88 0.94 0.94
Car 0.84 0.85 0.87 0.87 0.84 0.85 0.92 0.92
Lighting2 0.73 0.92 0.71 0.92 0.79 0.95 0.78 0.92
Computers 0.75 0.88 0.74 0.86 0.78 0.88 0.81 0.91
LargeKitchenAppliances 0.82 0.91 0.82 0.89 0.79 0.90 0.84 0.92
RefrigerationDevices 0.67 0.88 0.79 0.94 0.73 0.93 0.77 0.92
ScreenType 0.65 0.83 0.71 0.85 0.69 0.91 0.68 0.87
SmallKitchenAppliances 0.74 0.90 0.81 0.88 0.73 0.87 0.84 0.89
WormsTwoClass 0.68 0.93 0.74 0.86 0.66 0.97 0.80 0.92
Worms 0.67 0.88 0.66 0.88 0.69 0.86 0.71 0.89
StarLightCurves 0.89 0.91 0.90 0.92 0.90 0.92 0.91 0.93
Haptics 0.77 0.92 0.87 0.87 0.78 0.92 0.87 0.87

Dataset
Accuracy on Detection (AoD)

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.7: Excess Rate from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number
of clusters (k) is set to the number of classes in each dataset

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.09 0.50 0.05 0.19 0.05 0.38 0.09 0.23
SonyAIBORobotSurfaceII 0.23 0.31 0.23 0.54 0.27 0.31 0.13 0.26
SonyAIBORobotSurface 0.27 0.45 0.20 0.35 0.36 0.55 0.11 0.28
DistalPhalanxOutlineCorrect 0.09 0.09 0.09 0.09 0.05 0.05 0.05 0.05
MiddlePhalanxOutlineCorrect 0.05 0.14 0.09 0.09 0.09 0.23 0.00 0.00
PhalangesOutlinesCorrect 0.05 0.05 0.05 0.10 0.05 0.05 0.00 0.00
ProximalPhalanxOutlineCorrect 0.05 0.05 0.05 0.05 0.05 0.05 0.00 0.00
DistalPhalanxOutlineAgeGroup 0.05 0.27 0.00 0.00 0.05 0.32 0.00 0.00
MiddlePhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ProximalPhalanxOutlineAgeGroup 0.00 0.05 0.00 0.00 0.00 0.05 0.00 0.00
TwoLeadECG 0.05 0.14 0.05 0.10 0.05 0.14 0.00 0.00
MoteStrain 0.23 0.50 0.09 0.32 0.30 0.56 0.05 0.19
ECG200 0.09 0.32 0.00 0.15 0.09 0.27 0.00 0.10
CBF 0.32 0.68 0.16 0.48 0.35 0.65 0.00 0.14
Two_Patterns 0.36 0.64 0.17 0.63 0.31 0.77 0.23 0.45
ECGFiveDays 0.05 0.05 0.14 0.14 0.05 0.05 0.00 0.00
ECG5000 0.23 0.50 0.00 0.17 0.18 0.50 0.00 0.17
Gun_Point 0.09 0.14 0.09 0.14 0.09 0.18 0.00 0.00
wafer 0.25 0.50 0.05 0.33 0.22 0.48 0.00 0.15
ChlorineConcentration 0.00 0.43 0.00 0.19 0.00 0.43 0.00 0.00
Wine 0.13 0.13 0.09 0.09 0.13 0.13 0.00 0.00
Strawberry 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ArrowHead 0.13 0.17 0.00 0.00 0.13 0.25 0.00 0.00
Trace 0.00 0.20 0.00 0.10 0.00 0.15 0.00 0.05
ToeSegmentation1 0.31 0.58 0.13 0.39 0.23 0.50 0.13 0.35
Coffee 0.09 0.09 0.05 0.05 0.13 0.13 0.00 0.00
ToeSegmentation2 0.35 0.50 0.13 0.35 0.31 0.58 0.13 0.48
FaceFour 0.25 0.88 0.00 0.33 0.26 0.74 0.00 0.33
yoga 0.17 0.25 0.00 0.10 0.17 0.25 0.13 0.17
Ham 0.25 0.75 0.24 0.52 0.24 0.64 0.30 0.52
Meat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Beef 0.00 0.15 0.09 0.23 0.00 0.15 0.05 0.19
FordA 0.60 0.80 0.33 0.63 0.31 0.73 0.32 0.72
FordB 0.52 0.92 0.33 0.70 0.50 0.75 0.32 0.60
ShapeletSim 0.64 0.84 0.69 0.88 0.54 0.71 0.57 1.00
BeetleFly 0.46 0.81 0.28 0.56 0.38 0.77 0.17 0.42
BirdChicken 0.09 0.64 0.05 0.43 0.13 0.61 0.09 0.18
Earthquakes 0.56 0.70 0.54 0.75 0.71 0.79 0.61 0.87
Herring 0.05 0.05 0.05 0.05 0.05 0.05 0.00 0.00
OliveOil 0.05 0.05 0.00 0.00 0.00 0.00 0.00 0.00
Car 0.05 0.14 0.00 0.00 0.05 0.14 0.00 0.00
Lighting2 0.30 0.81 0.23 0.85 0.27 0.65 0.13 0.65
Computers 0.24 0.60 0.27 0.65 0.17 0.52 0.18 0.45
LargeKitchenAppliances 0.35 0.58 0.33 0.53 0.37 0.57 0.13 0.42
RefrigerationDevices 0.41 0.83 0.29 0.64 0.44 0.74 0.27 0.65
ScreenType 0.56 0.85 0.42 0.65 0.57 0.79 0.39 0.74
SmallKitchenAppliances 0.37 0.70 0.27 0.50 0.37 0.70 0.19 0.42
WormsTwoClass 0.48 0.80 0.40 0.72 0.46 0.88 0.27 0.50
Worms 0.43 0.86 0.38 0.85 0.36 0.75 0.33 0.81
StarLightCurves 0.09 0.17 0.09 0.17 0.09 0.17 0.09 0.17
Haptics 0.09 0.64 0.00 0.00 0.09 0.59 0.00 0.00

Dataset
Excess Rate

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.8: Rand Index (RI) from all algorithms on all datasets when the scaling factor (f ) is 1.2 and
number of clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.64 0.60 0.69 0.67 0.64 0.59 0.58 0.58
SonyAIBORobotSurfaceII 0.65 0.73 0.55 0.64 0.61 0.69 0.59 0.58
SonyAIBORobotSurface 0.50 0.44 0.60 0.51 0.41 0.14 0.48 0.46
DistalPhalanxOutlineCorrect 0.49 0.49 0.49 0.49 0.51 0.51 0.49 0.49
MiddlePhalanxOutlineCorrect 0.55 0.55 0.63 0.63 0.54 0.51 0.52 0.52
PhalangesOutlinesCorrect 0.49 0.49 0.50 0.49 0.49 0.49 0.53 0.53
ProximalPhalanxOutlineCorrect 0.54 0.54 0.54 0.54 0.54 0.54 0.54 0.54
DistalPhalanxOutlineAgeGroup 0.67 0.62 0.69 0.69 0.57 0.44 0.64 0.64
MiddlePhalanxOutlineAgeGroup 0.59 0.59 0.61 0.61 0.59 0.59 0.53 0.53
ProximalPhalanxOutlineAgeGroup 0.76 0.74 0.65 0.65 0.75 0.73 0.60 0.60
TwoLeadECG 0.56 0.57 0.61 0.60 0.56 0.57 0.56 0.56
MoteStrain 0.57 0.67 0.59 0.63 0.63 0.73 0.67 0.69
ECG200 0.63 0.64 0.57 0.54 0.58 0.60 0.57 0.56
CBF 0.78 0.70 0.88 0.87 0.76 0.33 0.77 0.76
Two_Patterns 0.82 0.81 0.73 0.78 0.82 0.87 0.80 0.85
ECGFiveDays 0.51 0.51 0.53 0.54 0.51 0.51 0.58 0.58
ECG5000 0.74 0.53 0.63 0.66 0.74 0.62 0.71 0.69
Gun_Point 0.54 0.56 0.61 0.60 0.54 0.56 0.54 0.54
wafer 0.64 0.71 0.66 0.59 0.68 0.71 0.55 0.57
ChlorineConcentration 0.64 0.58 0.63 0.64 0.64 0.68 0.68 0.68
Wine 0.49 0.49 0.49 0.49 0.53 0.53 0.52 0.52
Strawberry 0.49 0.49 0.51 0.51 0.48 0.48 0.51 0.51
ArrowHead 0.62 0.58 0.73 0.73 0.68 0.67 0.63 0.63
Trace 0.69 0.83 0.79 0.84 0.69 0.82 0.75 0.80
ToeSegmentation1 0.63 0.64 0.53 0.53 0.57 0.52 0.58 0.58
Coffee 0.57 0.57 0.55 0.55 0.55 0.55 0.55 0.55
ToeSegmentation2 0.62 0.64 0.62 0.65 0.56 0.60 0.57 0.60
FaceFour 0.76 0.33 0.82 0.68 0.78 0.40 0.82 0.80
yoga 0.51 0.53 0.49 0.50 0.52 0.52 0.54 0.54
Ham 0.56 0.50 0.48 0.46 0.52 0.53 0.58 0.67
Meat 0.74 0.74 0.57 0.57 0.71 0.71 0.62 0.62
Beef 0.77 0.70 0.75 0.67 0.75 0.70 0.78 0.74
FordA 0.67 0.00 0.49 0.52 0.51 0.67 0.55 1.00
FordB 0.51 0.00 0.50 0.60 0.53 0.40 0.50 0.40
ShapeletSim 0.44 0.33 0.57 0.33 0.43 0.00 0.44 0.00
BeetleFly 0.58 1.00 0.55 0.19 0.64 0.70 0.55 0.61
BirdChicken 0.57 0.57 0.61 0.61 0.57 0.57 0.61 0.62
Earthquakes 0.33 0.00 0.68 0.71 0.43 0.40 0.54 0.00
Herring 0.54 0.54 0.53 0.53 0.52 0.52 0.50 0.50
OliveOil 0.71 0.71 0.71 0.71 0.69 0.69 0.68 0.68
Car 0.79 0.80 0.74 0.74 0.79 0.80 0.75 0.75
Lighting2 0.47 0.40 0.55 1.00 0.52 1.00 0.53 0.67
Computers 0.56 0.60 0.47 0.52 0.56 0.55 0.50 0.55
LargeKitchenAppliances 0.69 0.58 0.57 0.67 0.69 0.60 0.54 0.69
RefrigerationDevices 0.67 0.00 0.57 0.40 0.67 0.33 0.68 0.60
ScreenType 0.57 0.00 0.55 0.57 0.40 0.00 0.66 0.60
SmallKitchenAppliances 0.69 0.76 0.63 0.50 0.69 0.76 0.61 0.59
WormsTwoClass 0.43 1.00 0.45 0.00 0.54 1.00 0.50 0.27
Worms 0.84 1.00 0.73 0.83 0.75 1.00 0.82 0.83
StarLightCurves 0.74 0.74 0.74 0.74 0.74 0.74 0.74 0.74
Haptics 0.79 0.75 0.66 0.66 0.77 0.75 0.67 0.67

Rand Index
Dataset E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.9: Precision from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.92 0.71 0.86 0.79 0.92 0.75 0.63 0.59
SonyAIBORobotSurfaceII 1.00 1.00 0.61 1.00 1.00 1.00 1.00 1.00
SonyAIBORobotSurface 0.50 0.58 0.80 1.00 0.63 1.00 0.47 0.50
DistalPhalanxOutlineCorrect 0.42 0.42 0.42 0.42 0.46 0.46 0.41 0.41
MiddlePhalanxOutlineCorrect 0.57 0.56 0.73 0.73 0.52 0.50 0.49 0.49
PhalangesOutlinesCorrect 0.46 0.46 0.45 0.44 0.46 0.46 0.50 0.50
ProximalPhalanxOutlineCorrect 0.52 0.52 0.53 0.53 0.52 0.52 0.52 0.52
DistalPhalanxOutlineAgeGroup 0.43 0.42 0.46 0.46 0.32 0.32 0.39 0.39
MiddlePhalanxOutlineAgeGroup 0.34 0.34 0.30 0.30 0.34 0.34 0.26 0.26
ProximalPhalanxOutlineAgeGroup 0.65 0.61 0.40 0.40 0.61 0.57 0.30 0.30
TwoLeadECG 0.59 0.63 0.63 0.62 0.59 0.63 0.56 0.56
MoteStrain 0.73 0.89 0.70 0.79 1.00 1.00 0.93 0.96
ECG200 0.73 0.68 0.60 0.52 0.78 0.73 0.57 0.54
CBF 0.84 1.00 0.95 0.93 1.00 0.33 1.00 1.00
Two_Patterns 0.64 1.00 0.28 0.33 0.67 1.00 0.57 1.00
ECGFiveDays 0.46 0.46 0.52 0.55 0.46 0.46 0.80 0.80
ECG5000 0.28 0.23 0.18 0.26 0.15 0.18 0.26 0.27
Gun_Point 0.52 0.55 0.64 0.62 0.52 0.55 0.53 0.53
wafer 0.70 0.77 0.90 1.00 0.74 0.77 0.63 0.71
ChlorineConcentration 0.24 0.20 0.20 0.20 0.25 0.29 0.33 0.33
Wine 0.44 0.44 0.38 0.38 0.51 0.51 0.46 0.46
Strawberry 0.43 0.43 0.47 0.47 0.45 0.45 0.48 0.48
ArrowHead 0.34 0.33 0.59 0.59 0.42 0.43 0.39 0.39
Trace 0.38 0.56 0.51 0.56 0.38 0.55 0.42 0.51
ToeSegmentation1 0.79 1.00 0.50 0.43 0.75 0.60 0.78 0.75
Coffee 0.60 0.60 0.58 0.58 0.57 0.57 0.53 0.53
ToeSegmentation2 1.00 1.00 0.84 0.94 0.71 1.00 0.90 1.00
FaceFour 0.44 1.00 0.58 0.48 0.50 0.50 0.78 0.80
yoga 0.47 0.48 0.39 0.40 0.45 0.44 0.54 0.54
Ham 0.59 0.33 0.41 0.38 0.44 0.00 0.67 0.67
Meat 0.66 0.66 0.32 0.32 0.53 0.53 0.35 0.35
Beef 0.25 0.16 0.24 0.16 0.19 0.16 0.26 0.23
FordA 1.00 0.00 0.48 0.52 0.50 0.00 0.67 1.00
FordB 0.38 0.00 0.44 0.50 0.60 0.50 0.25 0.00
ShapeletSim 0.39 0.33 0.52 0.33 0.33 0.00 0.44 0.00
BeetleFly 0.73 1.00 0.59 0.19 1.00 1.00 0.73 1.00
BirdChicken 0.83 1.00 1.00 1.00 0.90 1.00 0.94 1.00
Earthquakes 0.33 0.00 0.64 0.67 0.33 0.33 0.33 0.00
Herring 0.54 0.54 0.50 0.50 0.47 0.47 0.45 0.45
OliveOil 0.19 0.19 0.29 0.29 0.19 0.19 0.20 0.20
Car 0.50 0.51 0.40 0.40 0.50 0.51 0.41 0.41
Lighting2 0.45 0.50 0.54 1.00 0.48 1.00 0.52 1.00
Computers 0.67 0.80 0.55 0.57 0.67 0.67 0.45 0.50
LargeKitchenAppliances 0.47 0.67 0.40 0.51 0.54 0.67 0.35 0.50
RefrigerationDevices 0.45 0.00 0.27 0.20 0.25 0.00 0.29 0.50
ScreenType 0.25 0.00 0.18 0.00 0.25 0.00 0.14 0.00
SmallKitchenAppliances 0.45 0.50 0.42 0.25 0.46 0.50 0.30 0.22
WormsTwoClass 0.50 1.00 0.14 0.00 0.57 1.00 0.29 0.00
Worms 0.67 0.00 0.11 0.00 0.33 0.00 0.33 0.00
StarLightCurves 0.62 0.61 0.62 0.61 0.57 0.56 0.57 0.56
Haptics 0.26 0.00 0.12 0.12 0.19 0.14 0.13 0.13

Dataset
Precision

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.10: Recall from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.27 0.20 0.42 0.40 0.27 0.19 0.27 0.30
SonyAIBORobotSurfaceII 0.27 0.45 0.16 0.28 0.17 0.33 0.14 0.17
SonyAIBORobotSurface 0.13 0.18 0.27 0.27 0.10 0.14 0.47 0.67
DistalPhalanxOutlineCorrect 0.18 0.18 0.18 0.18 0.21 0.21 0.18 0.18
MiddlePhalanxOutlineCorrect 0.22 0.26 0.33 0.33 0.42 0.53 0.38 0.38
PhalangesOutlinesCorrect 0.38 0.38 0.27 0.27 0.38 0.38 0.20 0.20
ProximalPhalanxOutlineCorrect 0.27 0.27 0.33 0.33 0.27 0.27 0.27 0.27
DistalPhalanxOutlineAgeGroup 0.33 0.49 0.21 0.21 0.40 0.65 0.35 0.35
MiddlePhalanxOutlineAgeGroup 0.41 0.41 0.22 0.22 0.41 0.41 0.32 0.32
ProximalPhalanxOutlineAgeGroup 0.44 0.40 0.35 0.35 0.48 0.44 0.27 0.27
TwoLeadECG 0.21 0.23 0.40 0.42 0.21 0.23 0.31 0.31
MoteStrain 0.15 0.32 0.26 0.26 0.20 0.40 0.32 0.40
ECG200 0.33 0.43 0.29 0.25 0.16 0.22 0.42 0.39
CBF 0.35 0.50 0.62 0.59 0.27 0.33 0.22 0.22
Two_Patterns 0.25 0.43 0.18 0.14 0.21 0.50 0.16 0.29
ECGFiveDays 0.21 0.21 0.14 0.17 0.21 0.21 0.15 0.15
ECG5000 0.41 0.56 0.36 0.38 0.14 0.30 0.44 0.50
Gun_Point 0.39 0.44 0.39 0.44 0.39 0.44 0.20 0.20
wafer 0.42 0.55 0.31 0.27 0.51 0.55 0.11 0.16
ChlorineConcentration 0.09 0.12 0.08 0.08 0.10 0.11 0.08 0.08
Wine 0.24 0.24 0.12 0.12 0.20 0.20 0.14 0.14
Strawberry 0.26 0.26 0.22 0.22 0.50 0.50 0.39 0.39
ArrowHead 0.29 0.37 0.33 0.33 0.21 0.29 0.42 0.42
Trace 0.70 0.83 0.90 1.00 0.70 0.86 0.45 0.50
ToeSegmentation1 0.30 0.33 0.11 0.08 0.15 0.18 0.16 0.14
Coffee 0.29 0.29 0.20 0.20 0.22 0.22 0.43 0.43
ToeSegmentation2 0.19 0.33 0.23 0.33 0.10 0.14 0.11 0.19
FaceFour 0.33 0.33 0.64 0.70 0.15 0.17 0.21 0.25
yoga 0.17 0.23 0.12 0.14 0.10 0.14 0.16 0.16
Ham 0.18 0.25 0.26 0.42 0.06 0.00 0.20 0.50
Meat 0.30 0.30 0.40 0.40 0.27 0.27 0.32 0.32
Beef 0.23 0.17 0.27 0.21 0.19 0.17 0.20 0.21
FordA 0.36 0.00 0.79 1.00 0.08 0.00 0.08 1.00
FordB 0.12 0.00 0.11 0.33 0.08 0.17 0.03 0.00
ShapeletSim 0.44 1.00 0.85 1.00 0.33 0.00 0.44 0.00
BeetleFly 0.21 1.00 0.16 0.19 0.20 0.50 0.09 0.22
BirdChicken 0.12 0.25 0.18 0.24 0.11 0.25 0.20 0.23
Earthquakes 0.33 0.00 0.69 0.91 0.33 0.50 0.08 0.00
Herring 0.21 0.21 0.29 0.29 0.18 0.18 0.24 0.24
OliveOil 0.11 0.11 0.25 0.25 0.14 0.14 0.17 0.17
Car 0.48 0.59 0.48 0.48 0.48 0.59 0.38 0.38
Lighting2 0.46 0.33 0.31 1.00 0.14 1.00 0.17 0.29
Computers 0.12 0.19 0.33 0.36 0.12 0.15 0.14 0.16
LargeKitchenAppliances 0.14 0.33 0.76 1.00 0.15 0.24 0.63 0.79
RefrigerationDevices 0.24 0.00 0.23 0.67 0.04 0.00 0.04 0.25
ScreenType 0.14 0.00 0.15 0.00 0.14 0.00 0.04 0.00
SmallKitchenAppliances 0.11 0.40 0.54 0.40 0.12 0.40 0.22 0.18
WormsTwoClass 0.13 1.00 0.03 0.00 0.57 1.00 0.04 0.00
Worms 0.42 0.00 0.11 0.00 0.25 0.00 0.12 0.00
StarLightCurves 0.33 0.33 0.33 0.33 0.52 0.53 0.52 0.53
Haptics 0.19 0.00 0.19 0.19 0.15 0.25 0.19 0.19

Dataset
Recall

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.11: F1 from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of clusters
(k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.41 0.31 0.57 0.53 0.41 0.31 0.38 0.40
SonyAIBORobotSurfaceII 0.42 0.62 0.25 0.43 0.29 0.50 0.25 0.29
SonyAIBORobotSurface 0.21 0.27 0.40 0.43 0.18 0.25 0.47 0.57
DistalPhalanxOutlineCorrect 0.25 0.25 0.25 0.25 0.29 0.29 0.25 0.25
MiddlePhalanxOutlineCorrect 0.32 0.36 0.46 0.46 0.47 0.51 0.43 0.43
PhalangesOutlinesCorrect 0.41 0.41 0.34 0.34 0.41 0.41 0.28 0.28
ProximalPhalanxOutlineCorrect 0.35 0.35 0.41 0.41 0.35 0.35 0.35 0.35
DistalPhalanxOutlineAgeGroup 0.38 0.45 0.29 0.29 0.35 0.43 0.37 0.37
MiddlePhalanxOutlineAgeGroup 0.37 0.37 0.26 0.26 0.37 0.37 0.29 0.29
ProximalPhalanxOutlineAgeGroup 0.53 0.48 0.37 0.37 0.54 0.50 0.29 0.29
TwoLeadECG 0.31 0.34 0.49 0.50 0.31 0.34 0.40 0.40
MoteStrain 0.25 0.47 0.37 0.39 0.34 0.57 0.48 0.56
ECG200 0.46 0.53 0.39 0.34 0.26 0.34 0.48 0.45
CBF 0.49 0.67 0.75 0.72 0.42 0.33 0.35 0.36
Two_Patterns 0.36 0.60 0.22 0.20 0.32 0.67 0.25 0.44
ECGFiveDays 0.29 0.29 0.22 0.26 0.29 0.29 0.25 0.25
ECG5000 0.33 0.32 0.24 0.31 0.14 0.22 0.33 0.35
Gun_Point 0.45 0.49 0.48 0.51 0.45 0.49 0.29 0.29
wafer 0.53 0.64 0.46 0.43 0.60 0.64 0.19 0.26
ChlorineConcentration 0.13 0.15 0.11 0.11 0.14 0.16 0.13 0.13
Wine 0.31 0.31 0.18 0.18 0.29 0.29 0.22 0.22
Strawberry 0.32 0.32 0.30 0.30 0.48 0.48 0.43 0.43
ArrowHead 0.31 0.35 0.43 0.43 0.28 0.35 0.41 0.41
Trace 0.49 0.67 0.65 0.72 0.49 0.67 0.43 0.51
ToeSegmentation1 0.44 0.50 0.18 0.14 0.25 0.27 0.26 0.24
Coffee 0.39 0.39 0.30 0.30 0.32 0.32 0.48 0.48
ToeSegmentation2 0.32 0.50 0.37 0.48 0.18 0.25 0.20 0.31
FaceFour 0.38 0.50 0.61 0.57 0.23 0.25 0.33 0.38
yoga 0.25 0.31 0.19 0.21 0.16 0.22 0.25 0.25
Ham 0.28 0.29 0.32 0.40 0.10 0.00 0.31 0.57
Meat 0.41 0.41 0.35 0.35 0.36 0.36 0.33 0.33
Beef 0.24 0.16 0.25 0.18 0.19 0.16 0.23 0.22
FordA 0.53 0.00 0.59 0.69 0.13 0.00 0.15 1.00
FordB 0.18 0.00 0.17 0.40 0.14 0.25 0.06 0.00
ShapeletSim 0.41 0.50 0.65 0.50 0.33 0.00 0.44 0.00
BeetleFly 0.33 1.00 0.25 0.19 0.33 0.67 0.16 0.36
BirdChicken 0.22 0.40 0.30 0.38 0.20 0.40 0.33 0.38
Earthquakes 0.33 0.00 0.67 0.77 0.33 0.40 0.13 0.00
Herring 0.30 0.30 0.37 0.37 0.26 0.26 0.32 0.32
OliveOil 0.14 0.14 0.27 0.27 0.16 0.16 0.18 0.18
Car 0.49 0.55 0.44 0.44 0.49 0.55 0.39 0.39
Lighting2 0.45 0.40 0.40 1.00 0.22 1.00 0.26 0.44
Computers 0.21 0.31 0.41 0.44 0.21 0.24 0.21 0.24
LargeKitchenAppliances 0.22 0.44 0.52 0.68 0.23 0.35 0.46 0.61
RefrigerationDevices 0.31 0.00 0.25 0.31 0.06 0.00 0.08 0.33
ScreenType 0.18 0.00 0.16 0.00 0.18 0.00 0.06 0.00
SmallKitchenAppliances 0.18 0.44 0.47 0.31 0.18 0.44 0.25 0.20
WormsTwoClass 0.20 1.00 0.04 0.00 0.57 1.00 0.06 0.00
Worms 0.52 0.00 0.11 0.00 0.29 0.00 0.17 0.00
StarLightCurves 0.43 0.43 0.43 0.43 0.55 0.55 0.55 0.55
Haptics 0.22 0.00 0.15 0.15 0.17 0.18 0.15 0.15

Dataset
F1-Measure

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.12: AoR from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 1.00 0.55 1.00 0.80 1.00 0.60 1.00 0.80
SonyAIBORobotSurfaceII 1.00 0.65 1.00 0.45 0.95 0.65 1.00 0.80
SonyAIBORobotSurface 1.00 0.75 1.00 0.69 0.81 0.50 1.00 0.81
DistalPhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
MiddlePhalanxOutlineCorrect 1.00 0.90 1.00 1.00 1.00 0.85 1.00 1.00
PhalangesOutlinesCorrect 1.00 1.00 1.00 0.95 1.00 1.00 0.95 0.95
ProximalPhalanxOutlineCorrect 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
DistalPhalanxOutlineAgeGroup 1.00 0.76 1.00 1.00 1.00 0.71 1.00 1.00
MiddlePhalanxOutlineAgeGroup 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ProximalPhalanxOutlineAgeGroup 1.00 0.95 1.00 1.00 1.00 0.95 1.00 1.00
TwoLeadECG 1.00 0.90 1.00 0.95 1.00 0.90 1.00 1.00
MoteStrain 0.90 0.55 1.00 0.70 0.75 0.50 0.95 0.80
ECG200 1.00 0.75 1.00 0.85 1.00 0.75 1.00 0.90
CBF 0.86 0.24 1.00 0.62 0.62 0.14 0.90 0.86
Two_Patterns 0.85 0.35 1.00 0.45 0.85 0.30 0.80 0.60
ECGFiveDays 1.00 1.00 1.00 0.89 1.00 1.00 1.00 1.00
ECG5000 0.94 0.56 1.00 0.83 0.94 0.61 1.00 0.83
Gun_Point 1.00 0.90 1.00 0.90 1.00 0.90 1.00 1.00
wafer 0.90 0.60 1.00 0.70 0.90 0.60 1.00 0.85
ChlorineConcentration 0.95 0.52 1.00 0.81 1.00 0.57 1.00 1.00
Wine 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Strawberry 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ArrowHead 1.00 0.86 0.95 0.95 1.00 0.81 0.95 0.95
Trace 1.00 0.80 1.00 0.90 1.00 0.85 1.00 0.95
ToeSegmentation1 0.90 0.50 1.00 0.65 0.95 0.60 1.00 0.70
Coffee 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ToeSegmentation2 0.85 0.50 1.00 0.70 0.75 0.50 0.95 0.55
FaceFour 1.00 0.17 1.00 0.67 0.89 0.28 1.00 0.67
yoga 0.95 0.80 1.00 0.90 1.00 0.80 0.95 0.95
Ham 0.90 0.25 0.90 0.40 0.90 0.30 0.75 0.45
Meat 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Beef 1.00 0.85 1.00 0.85 0.95 0.85 1.00 0.85
FordA 0.35 0.00 0.90 0.35 0.85 0.15 0.75 0.05
FordB 0.55 0.10 0.85 0.30 0.65 0.25 0.60 0.25
ShapeletSim 0.45 0.20 0.40 0.15 0.35 0.10 0.45 0.00
BeetleFly 0.65 0.25 0.85 0.35 0.60 0.25 1.00 0.45
BirdChicken 0.95 0.40 1.00 0.60 0.95 0.40 0.95 0.80
Earthquakes 0.15 0.00 0.65 0.35 0.35 0.25 0.40 0.10
Herring 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
OliveOil 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Car 1.00 0.90 1.00 1.00 1.00 0.90 1.00 1.00
Lighting2 0.95 0.25 0.85 0.05 0.90 0.20 0.95 0.30
Computers 0.95 0.50 0.70 0.35 0.95 0.55 0.85 0.55
LargeKitchenAppliances 0.95 0.43 0.81 0.52 0.86 0.52 0.90 0.62
RefrigerationDevices 0.57 0.00 0.90 0.29 0.67 0.14 0.86 0.24
ScreenType 0.33 0.10 0.67 0.33 0.29 0.10 0.67 0.24
SmallKitchenAppliances 0.86 0.33 0.76 0.43 0.90 0.33 0.86 0.62
WormsTwoClass 0.40 0.05 0.65 0.15 0.65 0.15 0.80 0.30
Worms 0.70 0.15 0.80 0.20 0.80 0.20 0.75 0.20
StarLightCurves 1.00 0.90 1.00 0.90 1.00 0.90 1.00 0.90
Haptics 0.95 0.40 0.95 0.95 0.95 0.45 0.95 0.95

Dataset
Accuracy on Retrieval (AoR)

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.13: AoD from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.84 0.92 0.90 0.93 0.86 0.92 0.89 0.93
SonyAIBORobotSurfaceII 0.86 0.92 0.81 0.92 0.85 0.92 0.89 0.93
SonyAIBORobotSurface 0.81 0.88 0.82 0.88 0.75 0.89 0.88 0.92
DistalPhalanxOutlineCorrect 0.89 0.89 0.89 0.89 0.90 0.90 0.93 0.93
MiddlePhalanxOutlineCorrect 0.88 0.89 0.86 0.86 0.86 0.88 0.94 0.94
PhalangesOutlinesCorrect 0.92 0.92 0.94 0.95 0.93 0.93 0.93 0.93
ProximalPhalanxOutlineCorrect 0.87 0.87 0.86 0.86 0.87 0.87 0.94 0.94
DistalPhalanxOutlineAgeGroup 0.84 0.89 0.87 0.87 0.84 0.89 0.94 0.94
MiddlePhalanxOutlineAgeGroup 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94
ProximalPhalanxOutlineAgeGroup 0.93 0.94 0.92 0.92 0.92 0.92 0.94 0.94
TwoLeadECG 0.89 0.90 0.91 0.91 0.89 0.90 0.95 0.95
MoteStrain 0.76 0.87 0.83 0.88 0.75 0.87 0.89 0.92
ECG200 0.83 0.88 0.85 0.87 0.83 0.90 0.91 0.93
CBF 0.67 0.88 0.86 0.91 0.64 0.85 0.91 0.92
Two_Patterns 0.72 0.86 0.74 0.85 0.69 0.87 0.81 0.95
ECGFiveDays 0.91 0.91 0.91 0.94 0.91 0.91 0.96 0.96
ECG5000 0.76 0.90 0.83 0.86 0.79 0.88 0.88 0.91
Gun_Point 0.88 0.90 0.88 0.90 0.88 0.90 0.91 0.91
wafer 0.79 0.87 0.83 0.87 0.80 0.87 0.90 0.92
ChlorineConcentration 0.85 0.94 0.88 0.91 0.85 0.93 0.94 0.94
Wine 0.86 0.86 0.88 0.88 0.87 0.87 0.92 0.92
Strawberry 0.90 0.90 0.91 0.91 0.90 0.90 0.95 0.95
ArrowHead 0.90 0.95 0.92 0.92 0.88 0.95 0.98 0.98
Trace 0.87 0.89 0.90 0.91 0.87 0.89 0.93 0.93
ToeSegmentation1 0.75 0.88 0.81 0.87 0.79 0.87 0.82 0.88
Coffee 0.91 0.91 0.90 0.90 0.92 0.92 0.96 0.96
ToeSegmentation2 0.73 0.85 0.82 0.90 0.77 0.87 0.79 0.90
FaceFour 0.70 0.96 0.83 0.89 0.71 0.89 0.85 0.90
yoga 0.82 0.89 0.91 0.93 0.81 0.89 0.88 0.90
Ham 0.72 0.88 0.78 0.89 0.72 0.84 0.73 0.93
Meat 0.91 0.91 0.92 0.92 0.92 0.92 0.98 0.98
Beef 0.90 0.92 0.87 0.93 0.91 0.92 0.91 0.97
FordA 0.62 0.95 0.72 0.86 0.64 0.86 0.65 0.92
FordB 0.63 0.82 0.70 0.88 0.67 0.89 0.69 0.88
ShapeletSim 0.69 0.92 0.67 0.89 0.67 0.87 0.60 0.00
BeetleFly 0.65 0.85 0.66 0.85 0.65 0.86 0.73 0.91
BirdChicken 0.78 0.88 0.82 0.87 0.78 0.88 0.87 0.92
Earthquakes 0.71 0.92 0.69 0.83 0.70 0.96 0.61 0.95
Herring 0.85 0.85 0.86 0.86 0.86 0.86 0.92 0.92
OliveOil 0.86 0.86 0.87 0.87 0.88 0.88 0.94 0.94
Car 0.84 0.85 0.87 0.87 0.84 0.85 0.92 0.92
Lighting2 0.73 0.92 0.64 0.87 0.70 0.96 0.74 0.91
Computers 0.74 0.87 0.71 0.86 0.78 0.88 0.79 0.92
LargeKitchenAppliances 0.72 0.87 0.78 0.86 0.72 0.87 0.83 0.91
RefrigerationDevices 0.70 0.95 0.73 0.92 0.68 0.96 0.69 0.91
ScreenType 0.64 0.84 0.69 0.84 0.61 0.84 0.67 0.88
SmallKitchenAppliances 0.69 0.85 0.76 0.86 0.69 0.85 0.79 0.85
WormsTwoClass 0.62 0.98 0.68 0.83 0.66 0.97 0.71 0.89
Worms 0.66 0.84 0.66 0.88 0.66 0.84 0.72 0.90
StarLightCurves 0.88 0.89 0.88 0.90 0.87 0.88 0.88 0.90
Haptics 0.78 0.92 0.87 0.87 0.79 0.92 0.87 0.87

Dataset
Accuracy on Detection (AoD)

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Table C.14: Excess from all algorithms on all datasets when the scaling factor (f ) is 1.2 and number of
clusters (k) is chosen by the SSTSC algorithms

40% 80% 40% 80% 40% 80% 40% 80%

ItalyPowerDemand 0.00 0.45 0.00 0.20 0.00 0.40 0.05 0.24
SonyAIBORobotSurfaceII 0.23 0.50 0.09 0.59 0.24 0.48 0.09 0.27
SonyAIBORobotSurface 0.27 0.45 0.16 0.42 0.41 0.64 0.11 0.28
DistalPhalanxOutlineCorrect 0.00 0.00 0.00 0.00 0.05 0.05 0.00 0.00
MiddlePhalanxOutlineCorrect 0.05 0.14 0.05 0.05 0.05 0.19 0.00 0.00
PhalangesOutlinesCorrect 0.00 0.00 0.00 0.05 0.00 0.00 0.00 0.00
ProximalPhalanxOutlineCorrect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DistalPhalanxOutlineAgeGroup 0.05 0.27 0.00 0.00 0.05 0.32 0.00 0.00
MiddlePhalanxOutlineAgeGroup 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ProximalPhalanxOutlineAgeGroup 0.00 0.05 0.00 0.00 0.00 0.05 0.00 0.00
TwoLeadECG 0.00 0.10 0.00 0.05 0.00 0.10 0.00 0.00
MoteStrain 0.28 0.56 0.00 0.30 0.35 0.57 0.05 0.20
ECG200 0.00 0.25 0.00 0.15 0.00 0.25 0.00 0.10
CBF 0.33 0.81 0.16 0.48 0.41 0.86 0.00 0.05
Two_Patterns 0.37 0.74 0.09 0.59 0.35 0.77 0.20 0.40
ECGFiveDays 0.00 0.00 0.10 0.19 0.00 0.00 0.00 0.00
ECG5000 0.23 0.55 0.00 0.17 0.19 0.48 0.00 0.17
Gun_Point 0.09 0.18 0.00 0.10 0.09 0.18 0.00 0.00
wafer 0.25 0.50 0.00 0.30 0.22 0.48 0.00 0.15
ChlorineConcentration 0.00 0.45 0.00 0.19 0.00 0.43 0.00 0.00
Wine 0.00 0.00 0.09 0.09 0.09 0.09 0.00 0.00
Strawberry 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ArrowHead 0.05 0.18 0.00 0.00 0.13 0.29 0.00 0.00
Trace 0.00 0.20 0.00 0.10 0.00 0.15 0.00 0.05
ToeSegmentation1 0.31 0.62 0.13 0.43 0.27 0.54 0.09 0.36
Coffee 0.00 0.00 0.00 0.00 0.09 0.09 0.00 0.00
ToeSegmentation2 0.35 0.62 0.13 0.39 0.40 0.60 0.14 0.50
FaceFour 0.22 0.87 0.00 0.33 0.27 0.77 0.00 0.33
yoga 0.21 0.33 0.00 0.10 0.17 0.33 0.10 0.10
Ham 0.25 0.79 0.25 0.67 0.25 0.75 0.35 0.61
Meat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Beef 0.00 0.15 0.00 0.15 0.00 0.11 0.05 0.19
FordA 0.68 1.00 0.28 0.72 0.35 0.88 0.32 0.95
FordB 0.56 0.92 0.29 0.75 0.52 0.81 0.40 0.75
ShapeletSim 0.64 0.84 0.69 0.88 0.68 0.91 0.57 1.00
BeetleFly 0.50 0.81 0.32 0.72 0.50 0.79 0.13 0.61
BirdChicken 0.10 0.62 0.00 0.40 0.14 0.64 0.05 0.20
Earthquakes 0.81 1.00 0.54 0.75 0.71 0.79 0.64 0.91
Herring 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OliveOil 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Car 0.00 0.10 0.00 0.00 0.00 0.10 0.00 0.00
Lighting2 0.30 0.81 0.23 0.95 0.25 0.83 0.05 0.70
Computers 0.24 0.60 0.33 0.67 0.17 0.52 0.19 0.48
LargeKitchenAppliances 0.35 0.71 0.23 0.50 0.40 0.63 0.05 0.35
RefrigerationDevices 0.43 1.00 0.17 0.74 0.46 0.88 0.31 0.81
ScreenType 0.68 0.91 0.42 0.71 0.74 0.91 0.39 0.78
SmallKitchenAppliances 0.40 0.77 0.20 0.55 0.37 0.77 0.14 0.38
WormsTwoClass 0.62 0.95 0.46 0.88 0.46 0.88 0.27 0.73
Worms 0.42 0.88 0.38 0.85 0.38 0.85 0.38 0.83
StarLightCurves 0.00 0.10 0.00 0.10 0.00 0.10 0.00 0.10
Haptics 0.00 0.58 0.00 0.00 0.00 0.53 0.00 0.00

Dataset
Excess Rate

E-AA-Z E-AA-L E-SA-Z E-SA-L
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Figure C.1: ItalyPowerDemand dataset: (a) Input time series labeled by classes of planted data with
scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using
E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.2: SonyAIBORobotSurfaceII dataset: (a) Input time series labeled by classes of planted data
with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.3: SonyAIBORobotSurface dataset: (a) Input time series labeled by classes of planted data with
scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using
E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.4: DistalPhalanxOutlineCorrect dataset: (a) Input time series labeled by classes of planted data
with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.5: MiddlePhalanxOutlineCorrect dataset: (a) Input time series labeled by classes of planted
data with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.6: PhalangesOutlinesCorrect dataset: (a) Input time series labeled by classes of planted data
with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.7: ProximalPhalanxOutlineCorrect dataset: (a) Input time series labeled by classes of planted
data with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.8: DistalPhalanxOutlineAgeGroup dataset: (a) Input time series labeled by classes of planted
data with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.9: MiddlePhalanxOutlineAgeGroup dataset: (a) Input time series labeled by classes of planted
data with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.10: ProximalPhalanxOutlineAgeGroup dataset: (a) Input time series labeled by classes of
planted data with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f
= 1.2 by using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.11: TwoLeadECG dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.12: MoteStrain dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.13: ECG200 dataset: (a) Input time series labeled by classes of planted data with scaling factor
f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.14: CBF dataset: (a) Input time series labeled by classes of planted data with scaling factor f =
1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.15: Two_Patterns dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.16: ECGFiveDays dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.17: ECG5000 dataset: (a) Input time series labeled by classes of planted data with scaling factor
f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.18: Gun_Point dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.19: wafer dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.20: ChlorineConcentration dataset: (a) Input time series labeled by classes of planted data with
scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using
E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.21: Wine dataset: (a) Input time series labeled by classes of planted data with scaling factor f =
1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.22: Strawberry dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.23: ArrowHead dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.24: Trace dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.25: ToeSegmentation1 dataset: (a) Input time series labeled by classes of planted data with
scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using
E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.26: Coffee dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.27: ToeSegmentation2 dataset: (a) Input time series labeled by classes of planted data with
scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using
E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.28: FaceFour dataset: (a) Input time series labeled by classes of planted data with scaling factor
f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.29: yoga dataset: (a) Input time series labeled by classes of planted data with scaling factor f =
1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.30: Ham dataset: (a) Input time series labeled by classes of planted data with scaling factor f =
1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.31: Meat dataset: (a) Input time series labeled by classes of planted data with scaling factor f =
1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.32: Beef dataset: (a) Input time series labeled by classes of planted data with scaling factor f =
1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.33: FordA dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.34: FordB dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.



235

(a)

2000 4000 6000 8000 10000 12000 14000

−5

0

5

10

15

(b)

2000 4000 6000 8000 10000 12000 14000

−5

0

5

10

15

(c)

2000 4000 6000 8000 10000 12000 14000

−5

0

5

10

15

(d)

2000 4000 6000 8000 10000 12000 14000

−5

0

5

10

15

(e)

2000 4000 6000 8000 10000 12000 14000

−5

0

5

10

15

Figure C.35: ShapeletSim dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.36: BeetleFly dataset: (a) Input time series labeled by classes of planted data with scaling factor
f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.37: BirdChicken dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.38: Earthquakes dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.39: Herring dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.40: OliveOil dataset: (a) Input time series labeled by classes of planted data with scaling factor
f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.41: Car dataset: (a) Input time series labeled by classes of planted data with scaling factor f =
1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.42: Lighting2 dataset: (a) Input time series labeled by classes of planted data with scaling factor
f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.43: Computers dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.



244

(a)

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2

x 10
4

−20

0

20

(b)

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2

x 10
4

−20

0

20

(c)

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2

x 10
4

−20

0

20

(d)

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2

x 10
4

−20

0

20

(e)

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2

x 10
4

−20

0

20

Figure C.44: LargeKitchenAppliances dataset: (a) Input time series labeled by classes of planted data
with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.45: RefrigerationDevices dataset: (a) Input time series labeled by classes of planted data with
scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using
E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.46: ScreenType dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.47: SmallKitchenAppliances dataset: (a) Input time series labeled by classes of planted data
with scaling factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by
using E-AA-Z, E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.48: WormsTwoClass dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.49: Worms dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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Figure C.50: StarLightCurves dataset: (a) Input time series labeled by classes of planted data with scaling
factor f = 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z,
E-AA-L, E-SA-Z and E-SA-L, respectively.
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Figure C.51: Haptics dataset: (a) Input time series labeled by classes of planted data with scaling factor f
= 1.2. (b), (c), (d) and (e) are output from SSTSC with scaling factor f = 1.2 by using E-AA-Z, E-AA-L,
E-SA-Z and E-SA-L, respectively.
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