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ABSTRACT

ENSEMBLE-BASED FAST SHAPELET APPROXIMATION

Similarity search and classification on time series databases have received great
interest over the past decade. The definition of similarity between the series is a major
problem in this context. Nearest-neighbor (NN) classifiers with alternative dissimilar-
ity measures are widely used because of their simplicity and known success. However,
these approaches compute the similarity over the whole time series which might be
problematic with the long time series and relatively short features of interest. More-
over, NN classifiers are not directly interpretable as they do not describe why a time
series is assigned to a certain class. To overcome these problems, researchers focus on
discovering discriminative subsequences, namely shapelets, from the time series. In-
stead of pairwise distance calculations between the whole time series, shapelet-based
approaches map time series to a feature vector based on the existence of the shapelets.
In the recent years, shapelet discovery approaches have focused on the evaluation of the
segmented subsequences in terms of their discriminative power. As this approach may
be time-consuming depending on the size of the time series database, recent attempts
exploit the change of time-series representations for faster discovery of shapelets. In
this sense, piecewise constant approximations are shown to provide significantly faster
results with a low-dimensional representation. This study proposes a novel supervised
piecewise approximation to identify shapelets related to the class. After utilizing a
simple piecewise linear model to characterize the time series, the segments from the
model are determined to be potential candidates for shapelets. Proposed piecewise
approximation scheme is notably different than the traditional methods. Ensembles of
regression trees are utilized to learn a piecewise approximation to identify the shapelets
in a supervised manner. Experimental results show that proposed Ensemble-based Fast
Shapelet Approximation (EFSA) provides fast and competitive results on benchmark

datasets from different domains.
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OZET

TOPLULUK TEMELLI SEKILCIK YAKLASIKLAMA

Son yillarda, zaman serisi veri tabanlarinda benzerlik arasgtirmasi ve zaman seri-
lerinin siniflandirilmasi biiyiik ilgi gormektedir. Bu baglamda zaman serileri arasindaki
benzerligin tanimlanmasi ve olgiilmesi 6nemli bir hal almigtir. En yakin komgu (NN)
siniflandiricilar:, bagarist ve sadeligi sebebiyle yaygin olarak kullanilmaktadir. Ancak
bu simiflandiricilar; benzerlik hesaplamalarini zaman serilerinin tiimii iizerinden yapti-
gindan, kisa ilgi alanlar1 olan uzun zaman serilerinde iyi performans gosteremeyebilir.
Ayrica, NN simiflandiricilar: bir zaman dizisinin neden belirli bir sinifa atanmig oldugu
bilgisini de saglamaz. Bu problemlerin iistesinden gelmek icin, zaman serisi siniflarii
birbirinden ayiran ayirimci alt serileri, yani sekilcikleri kesfetmeye odaklanilmigtir.
Sekilcik bazli yontemler benzerlik hesaplamak yerine, zaman serilerinin bu sekilcikleri
iclerinde barindirip barindirmadigini aragtirir ve zaman serilerini sekilciklerin varligina
dayali bir oznitelik vektortine dontstiirtir. Son yillarda, sekilcik kesif yontemleri,
sekilciklerin ayiric1 ozelliklerini 6lgme odaklidir. Bu yontemler, zaman serisi veri ta-
banlarinin biiytikliigiine gore ¢ok zaman alabileceginden, sekilciklerin daha hizli kegfine
olanak saglayan farkli gosterimler bulmaya yonelik ¢caligmalar onem kazanmistir. Bun-
lar arasinda, parcali sabit yaklagiklama yontemlerinin ¢ok daha hizli sonuclar saglayan
diistik boyutlu gosterimler olusturdugu goézlenmistir. Bu calismada, siniflar1 tanimlayan
sekilcikler olugturmak i¢gin egitmenli parcali yaklagiklama yontemi onerilmektedir. Bu
yontem zaman serilerini siniflandirmak icin basit bir parcali dogrusal yaklagiklama
modeli kullanilarak potansiyel sekilcikler belirler. Onerilen metot, geleneksel yontem-
lerden farkli olmamakla birlikte parcali bir yaklagiklama yaparak sekilcikleri egitmenli
bir gekilde olugturmak icin regresyon agac topluluklari kullanir. Deney sonugclari,
onerilen topluluk temelli hizh gekilcik yaklagiklama (EFSA) metodunun farkli alan-

lardaki referans veri setlerinde hizl ve rekabet¢i sonuglar sagladigini gostermektedir.
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1. INTRODUCTION

Time series data mining has recently been drawing major attention due to its
numerous important applications including finance, science, medicine and multimedia.
A time series is a set of sequential observations. Time series data is usually large and
high dimensional with continuous updates. In addition, its sequential nature requires
time series to be considered as a whole rather than collection of individual features
[1]. Therefore, time series data mining aims to utilize tools that take this temporal
relationship into account. Time series are grouped as univariate or multivariate time
series according to the dimensionality; and numeric or categorical according to the type

of their observations.

The main challenge behind all time series data mining tasks is finding a suitable
representation with reduced dimensionality for the time series. Many researchers have
come up with various representation schemes for different types of data mining tasks.
These techniques can be grouped as approximation techniques, salient points discovery
in the time series and removal of the unimportant parts, categorization of the time series
for dimensionality reduction and utilization of transformation techniques to come up

with a new representation [1].

Time series data mining can be analyzed under four tasks: Pattern discovery
and clustering, classification, rule discovery and summarization [1]. Among these four
tasks, the major ones can be considered as clustering and classification tasks. Each time
series contain a sequential observations, and these sequential observation may exhibit
some common or distinguishing patterns. Discovery of these patterns constitutes the

basis for both tasks.

Clustering can be defined as finding a structure in a collection of unlabeled data
and creating clusters (groups) that contain similar observations. Therefore, measuring
the similarity between each observation yields a great importance. Due to sequential

nature of the time series, similarity measurement in time series carries additional diffi-



culties which causes time series clustering task interesting. For example, similar time
series are expected to demonstrate similar patterns, however these patterns can shift
in time and magnitude. Discovery and definition of these patterns requires extensive

work. Detailed review of the works has been provided by Fu [1].

Classification, i.e. assigning a class label to a set of unclassified cases using a
prelabeled training set, constitutes the primary goal in many time series data mining
applications. For example, a cardiologist might be interested in analysis of electrocar-
diography (ECG) signals to identify whether patients have different temporal pattern
in their heart signals than a control group and classify them accordingly [2] or seismol-
ogists aim at discriminating the nature of the seismic waves to classify events such as

earthquakes, mining explosions or nuclear explosions [3].

Previous time series classification methods can be categorized into instance-based
and feature-based approaches. Instance-based approaches focus on similarity of a test
instance to the training instances and assign labels based on the labels of similar train-
ing instances with a nearest-neighbor (NN) classifier [4,5]. Distance measure selection
plays the most important role in the performance of a NN classifier. Most frequently
used distances include Euclidean and Dynamic Time Warping (DTW) distance. The
popularity of the Euclidean distance is mainly due to its simplicity, and it performs
well for certain applications as the training data size increases [6]. However in gen-
eral, it is sensitive to noise, scaling, translation and dilation of the patterns within the
time series. As a more complex distance measure, Dynamic Time Warping distance
has been widely, and successfully used with instance-based classifiers, such as nearest
neighbor classifiers (e.g. NNDTW [7-11], DTW [12]). DTW provides a measure of
similarity independent of certain non-linear variations in the time dimension, and is
considered as a strong solution for the problems related to time series [13]. However,
instance-based approaches require training data to be stored throughout the classifica-
tion process, which damages the efficiency of classification due to the time and memory
requirements. Moreover, understanding what exactly relates to the class is not clear
when a NN classifier is used. Such information may be crucial in many application

areas. For example, in the health domain, it is important for a medical specialists to



understand the underlying reasons of a certain diagnosis to be provided by a classifier.
In that respect, the interpretability of classifiers to be used in this domain is of primary

importance for their acceptance and usability.

Feature-based approaches transform the time series observations to a new rep-
resentation (i.e. feature vectors) and train traditional classifiers (e.g. decision trees).
These approaches are in general interpretable, and computationally more efficient than
instance-based classifiers. However, determining which features to extract is a very
important and challenging step. Features such as wavelet coefficients and interval
statistics have been widely used in earlier studies [14,15]. These approaches have po-
tential to fail for the cases in which a pattern that defines a certain class shifts over
time [16]. In other words, a feature-based classifier can identify the patterns in the
training instances, and classify this set well. However, it may fail for a test instance
which has a pattern at a different location when a feature vector of fixed dimension is

used.

Recently, researchers have concentrated on the extraction of interpretable pat-
terns to classify large time series databases as a midway approach to instance-based
and feature-based classifiers [16-25]. An approach to find subsequences of the time
series which are thought to be maximally representative of a class was first proposed
by Ye et al. [24,25] and these interpretable subsequences are called shapelets. Given
a good shapelet set, shapelet-based classifiers outperform instance-based and feature-
based approaches. The information provided by shapelets is limited to their presence
or absence which makes shapelet discovery the most important phase. Most of the re-
cent shapelet discovery approaches have focused on the evaluation of the subsequences
of the time series in terms of their discriminative power. For example, Shapelet Trans-
form [16] and Generalized Shapelet Forest [19] methods find shapelets by pruning the
subsequence space according to the information gain. Pruning of the subsequence space
requires evaluation of exponential number of possible subsequences and discovery of
the relationships between these subsequences. To reduce computational complexity,
piecewise approximation methods have been proposed for shapelet discovery [21,26].

After representing time-series in a low-dimensional space with piecewise approxima-



tion, search for shapelets is performed on the new space. This way, computational
burden for shapelet discovery reduces significantly. For example, Fast Shapelets [21]

use "symbolic aggregate approximation” (SAX) [14] to generate shapelets efficiently.

Existing approximation-based shapelet discovery approaches perform transfor-
mation to low-dimensional space without use of the class information. After obtaining
the representation for each series, evaluation of candidate shapelets are performed as in
traditional approaches [14,20]. This approach has potential to miss certain important
shapelets depending on the approximation parameters. For example, SAX requires
the alphabet size and desired dimensionality parameter [14]. Alphabet size affects
the number of distinct mean levels to consider in a piecewise constant approximation
setting where desired dimensionality determines the number of segments to consider
in the approximation. Figure 1.1 illustrates the piecewise constant approximation by
SAX. Although approximation methods reduce the computational burden, they are
not learned with the objective of improving the classification performance in the ap-
proximation stage. This potentially decreases the quality of shapelet candidate set and
yields relatively low classification performance compared to other discovery methods.
To address this problem, Grabocka et al. [17] proposes a shapelet learning framework.
Without performing approximation, shapelets are learned in an optimization frame-
work in this approach. However, the method requires selection of many parameters

which damages the time complexity.

Time

Figure 1.1. Sample SAX representation for an alphabet size of four and desired
dimensionality of 16. The time series length is 128. Horizontal grids differentiate the

mean levels implied by each symbol and red boxes visualizes symbol assignments.



This work proposes a novel supervised piecewise approximation to identify shape-
lets related to a class. After utilizing a simple piecewise linear model to characterize the
time series, the segments from the model are determined to be potential candidates
for shapelets. Suggested approach, namely Ensemble-based Fast Shapelet Approxi-
mation (EFSA) is notably different than the traditional approximation approaches.
Ensembles of regression trees are utilized to learn a piecewise approximation to iden-
tify the shapelets in a supervised manner. Experiments demonstrate the effectiveness
of the proposed approach in terms of accuracy and computation times on a full set of

benchmark datasets from Bagnall et al. [27].



2. BACKGROUND

Approximation using regression trees is the core element of our shapelet discov-
ery procedure. This chapter provides some background information about tree-based
piecewise approximations. Before going into details of piecewise approximation, it is

required to define some concepts.

A univariate time series, " = (2}, 2%, ..., z}, ... ,x%n) is an ordered set of T,
values. It is assumed that time series are measured at equally-spaced time points. A
time series database, X, stores N univariate time series. Note that, the time series
can be of different lengths, namely 7, and equally-spaced time points assumption is
not restrictive for the proposed approach. Each time series is assigned to a class ¢,

cn €4{1,2,...,k} and k is the number of unique classes in X.

2.1. Piecewise Approximations

Time series representation has been a very active research topic due to its im-
portance in efficient mining of the time series databases. Detailed categorization and
description of these approaches can be found in Ratanamahatana et al. [28]. Among
those, piecewise approximations are commonly used to represent the local characteris-
tics of time series. These approaches segment the time series into intervals and fit a
polynomial function of a certain degree for each interval. The most prominent repre-

sentation of the time series intervals are obtained by constant and linear functions [8].

Piecewise constant approximations such as Adaptive Piecewise Constant Approx-
imation (APCA) [26] or Symbolic Aggregate Approximation (SAX) [14] segment the
series into intervals and represent each interval with the mean of the observations. A
sample adaptive piecewise constant approximation is illustrated in Figure 2.1(b). The
other option is to segment the time series and learn a Piecewise Linear Approximation
(PLA) [8] as illustrated in Figure 2.1(c). Piecewise linear approximation has been used

to solve several time series data mining problems [8] because of its simplicity.
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Figure 2.1. Piecewise approximation examples: Original time series Figure 2.1(a),
original time series with piecewise constant approximation Figure 2.1(b) and original

time series with piecewise linear approximation Figure 2.1(c).

2.2. Piecewise Approximation with Regression Trees

In previous studies, regression trees [29] are used to approximate a piecewise
constant model for the time series [30]. These approaches aim to minimize the sum of

squared error (SSE) of the constant approximation by using the time index ¢ as the



predictor and the observations z} as the target [30]. For example, a sample regression
tree fitted to time series in Figure 2.2(a) provides the constant approximation in Figure
2.3(a). Terminal nodes of the trained regression tree in Figure 2.3(b) implies this

constant approximation.

Regression trees are flexible in terms of learning the trend and curvature informa-
tion with a simple change of time series representation. In other words, it is possible
to obtain a piecewise approximation of the time series in second degree. From the time
series demonstrated in Figure 2.2(a), it can be observed that time series carry a clear
trend when time is larger than 50 and constant approximation is not representative

enough.

Suppose that the time series representation is changed to a new series illustrated
in Figure 2.2(b) by taking the difference of consecutive observations. The new time
series is an empirical approximation for the first order derivative. The terminal nodes
of the regression tree trained on this new representation provided in Figure 2.4(b).
Merging the mean and trend information obtained from both trees, piecewise linear

approximation of the time series is obtained and it is illustrated in Figure 2.4(a).
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Figure 2.2. Example time series and its first order difference.
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Figure 2.3. Constant approximation of the time series provided in Figure 2.2(a) and
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Figure 2.4. Linear approximation of the time series provided in Figure 2.2(a) and the

stucture of the regression tree trained on the first order difference of the time series

provided in Figure 2.2(b).
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Higher order polynomial approximations can be approximated by further differ-
encing the time series observations and aggregating the information from the regression
trees. Computational complexity of learning a regression tree on 7T, observations is
O(T,log(T,)) which makes it very efficient compared to existing piecewise polynomial

approximation approaches.
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3. RELATED WORK

There are various studies about discovering the best shapelets and using them in
the classification phase [16,17,19-22,24,25]. These studies aim at finding the repre-
sentative subsequences of the time series to be used in supervised learners. Among the
aforementioned studies, the state of the art shapelet-based classification approaches are
Learned Shapelets [17], Shapelet Transform [16], Generalized Random Shapelet For-
est [19] and Fast Shapelets [21]. In order to demonstrate the performance of the method
introduced in this work, it is compared to these state-of-the-art methods. Therefore,

in this section, these state-of-the-art methods will be briefly introduced.

3.1. Learned Shapelets

Learned Shapelets (LS) [17], provides an algorithm that learns shapelets by using
a non-linear optimization method. Instead of constructing the shapelet set by searching
the complete subsequence space, LS generates its continuous valued shapelet set by
minimizing a logistic loss function. Optimization of this logistic model is realized
iteratively using a gradient descent algorithm. LS learns shapelets and optimal decision
boundary simultaneously in an optimization framework. This allows finding shapelets
that are not part of the original time series and helps to prevent over-fitting. However
with large data sizes non-linear optimization becomes computationally heavy and this

damages the time performance of the algorithm.

3.2. Shapelet Transform

Hills et al. [16] tries to construct best decision tree by enumerating all possible
shapelets in certain length intervals. For each time series and for each length in a given
interval, all possible shapelet candidates are generated. These candidates then are
assessed according to their discriminative properties using their distance to each of the
time series. For each length, a single best subsequence is selected and stored using the

assessment. Then similar subsequences are eliminated in order to prevent repetition.



12

By repeating this procedure for each time series and merging the subsequences, shapelet
set is generated. These shapelet set is then used to come up with a new representation
of time series dataset by measuring the distance of all shapelets to all time series. Using
this new representation, ST constructs a classifier using weighted ensemble of standard

classifiers.

3.3. Generalized Random Shapelet Forest

Generalized Random Shapelet Forest (GRSF) by Karlsson et al. [19] aims to
find best shapelet set by pruning the subsequence space. For a given minimum and
maximum subsequence length and number of shapelet candidates, a subsequence set
is generated. By calculating the distance of each subsequence in the subsequence
space to the time series, predetermined number of trees are constructed considering
information gain from each split. GRSF algorithm requires tuning of some parameters
such as minimum length, maximum length and sample size. Parameter selection is
computationally heavy process which makes the algorithm computationally inefficient

as data size increases.

3.4. Fast Shapelets

To reduce the complexity, there are some algorithms that use piecewise approx-
imations to generate shapelets. Fast Shapelets (FS) [21] uses unsupervised constant
approximation by transforming time series into symbolic representation that is called
”symbolic aggregate approximation”(SAX) [14]. By using this symbolic approxima-
tion, F'S decreases the dimension of the time-series and makes the classification process

computationally more efficient.

EFSA is very similar to Fast Shapelets since it also uses approximation to gen-
erate shapelets. However, EFSA uses a supervised approximation method rather than
unsupervised one, in other words class labels are used as a predictor to approximate
shapelets in EFSA. Also rather than constant approximation, EFSA uses a shapelet

discovery method that creates shapelets with a polynomial of second degree.
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4. ENSEMBLE-BASED FAST SHAPELET
APPROXIMATION

The objective of the study is to utilize a piecewise representation for discovery
of the regions of the time series with distinct class information. This discovery relies
on the results of regression trees. The patterns implied by the terminal nodes of the
regression trees are used as a reference to transform the observation space to a distance
space based on the distance between each pattern and the time series. Any supervised
learner can be trained on the transformed features to find the labels of the time series.
Tree-based ensembles (namely a random forest classifier) are utilized because of its
known success in classification. Moreover, the structure of the classifier allows to

identify important patterns.

4.1. Shapelet Discovery

A shapelet, denoted as \Ifé, is a vector of values obtained from the linear model
implied by the terminal node [ of a regression tree j. Discovery of shapelets can be con-
sidered as the most essential part of the shapelet based classification methods. Their
similarity with the original time-series are used as an input to the various classifiers
depending on the method. Therefore, discovering the best representing shapelet set
directly affects the ability to classify time-series correctly. Before proceeding to the
shapelet discovery procedure, set of time-series is transformed into a new feature rep-
resentation in which each observation has corresponding class label and time of the

observation. Table 4.1 illustrates an example of transformed feature representation.

Shapelet discovery process of EFSA utilizes a supervised second order tree-based
approximation on transformed feature representation. Unlike the unsupervised approx-
imation procedures that only use time index ¢ as predictor, EFSA proposes a supervised
tree-based approximation procedure which predicts the observations x} using not only

the time index ¢ but also the class labels c¢,,.
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The first step of the discovery process aims to capture distinct mean levels be-
tween different classes of time series. In order to capture distinct mean levels, a regres-
sion tree is trained on the set of time series by predicting the observations x} using
the class labels ¢, and time index t as predictors. Regression model tries to split the
observations using the class label ¢, and time index ¢ in order to minimize the sum of
squared error. Resulting terminal nodes contain varying number of consequent obser-
vations. By taking the mean of the observations with respect to the class labels ¢, in

each terminal nodes, constant approximation of the time-series can be obtained.

Usually the shapelets obtained by constant approximation carry exclusive infor-
mation about the class of time series. However, a set of subsequences obtained from
different classes can have same constant approximation, even though they demonstrate
different dynamics due to their trend and curvature. In order to capture information

provided by the trend and curvature additional steps are taken by EFSA.

In the second step, EFSA aims to capture important trend information related
to each class of time-series. To achieve this, another regression tree is trained on

the difference levels D; = Y; — Y,_; of the same time series. This tree is utilized to

Train a regression tree 7y on the data to predict observation values x§ using
class ¢, and time index t.

Generate mean shapelets by using terminal nodes of 7.

Train a regression tree 75 on the first order difference data to predict observation
values Df' = x} — x}* ; using class ¢, and time index t.

Generate trend shapelets by using terminal nodes of 7.

Train a regression tree 13 on the second order difference data to predict observa-
tion values DD} = D — D} ;| using class ¢, and time index 2.

Generate curvature shapelets by using terminal nodes of 73.

Form shapelet set S by combining the mean shapelets, trend shapelets and cur-

vature shapelets.

Eliminate shapelets shorter than Ip,i, and longer than Ip,,s.

Figure 4.1. Pseudocode of the three step shapelet discovery procedure.
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predict the differences in the observations D}’ using again class labels ¢, and time ¢
as predictors. By taking the mean of the observations in the terminal nodes with
respect to their class labels, meaningful trend information related to each class is being

discovered.

In the last step, same procedure is applied to the second order difference of the
time-series in order to approximate the curvature. Curvature discovery is realized again
by utilizing a regression tree. Regression tree is trained to predict the second order
differences DD; = D; — D,_; using class labels ¢, and time parameter t. Mean of the

observations with respect to classes is used as curvature information.

Table 4.1. Transformed representation of the time series observations into a single

matrix.

Time | Class | Obs Diff DDiff
1 1 -1.7463 | 0.0136 | 0.0050
2 1 -1.7413 | 0.0055 | 0.0186
3 1 -1.7227 | -0.0027 | 0.0241
4 1 -1.6986 | 0.0254 | 0.0214
5 1 -1.6772 | 0.0042 | 0.0468
1 2 -1.7170 | 0.0559 | -0.0111
2 2 -1.7281 | -0.0283 | 0.0448
3 2 -1.6833 | 0.0035 | 0.0165
4 2 -1.6668 | 0.0353 | 0.0200
5 2 -1.6468 | -0.0276 | 0.0553
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Figure 4.2. Shapelet generation by merging mean, trend and curvature informations.

Approximated mean, trend and curvature informations are combined to create
complete shapelets with possibly first or second order polynomial. Merging is realized
by updating the constant subsequences approximated in the first step with correspond-
ing trend and curvature, therefore mean levels determine the length of the shapelets.
As illustrated in Figure 4.2, for each mean level, overlapping trend and curvature in-
formation is averaged separately in order to obtain single trend and curvature values.
These mean, trend and curvature levels are used to generate a second order shapelet

with corresponding mean, trend and curvature.

Supervised shapelet generation, in other words, using class labels in approxima-
tion allows discovering subsequences that separates each class of time series from the
others. Consider the example provided in Figure 4.3. Shapelet discovery procedure is
applied on the time-series from three different classes (Figure 4.3(a)) as a demonstra-
tion. Figure 4.3(b) demonstrates the subsequences generated by the approximation
method. It can be observed that these generated subsequences represent the distin-

guishing parts of each class of time-series.

Suggested approach applies shapelet discovery procedure v times to randomly
selected time series. This selection is done in a stratified manner for which one time
series from each class is selected randomly. Shapelet discovery procedure is then applied
on the randomly selected time series. This provides certain benefits for the algorithm.
First of all, working on the subset of data is computationally more efficient. Also, when

all time series are used to train models, it becomes harder to identify the shapelets
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because of the translations over time or potential dilations. For example, two time
series from the same class may exhibit different behavior in the same time segment. As
regression tree splits are only based on the class and time information (which are the
same for this particular example), they will fail to find an appropriate model. Hence,
random selection of one time series from each class allows EFSA to avoid this particular

problem.
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(b) Shapelets generated by three step shapelet discovery procedure.

Figure 4.3. Example time series from three different class and shapelets generated

from these time series by using three step shapelet discovery procedure.
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Shapelet set S is constructed by combining all generated shapelets. Shapelets
that are longer than I,,;, and shorter than I,,,, are used in classification. I,,;, and
1,10 do not require any parameter optimization since they are not for determining the
subsequence length. Tree-based piecewise approximation is capable of constructing
subsequences with varying length therefore I,,;, and I,,,, are used only for providing
logical borders. I,,;, is set as five because shapelets that are smaller than five time
points are too short to be informative. I,,,, is set as 75% of the time series length,

because, using complete time series as shapelet is not the aim of the procedure.
4.2. Classification

The classification process starts by mapping NxT' dimensional time-series dataset
to Nz2n dimensional new representation using n number of shapelets. New represen-
tation contains closeness information between each time-series and shapelet pairs. In
this work, closeness is represented by the best matching distance (BMD) and the best
matching time (BMT). First n column of this mapping corresponds to best match-
ing distance (BMD) and columns between 1 + 1 to 27 represents best matching time
(BMT) between time-series and shapelet pairs. An illustration of new representation

is provided in Table 4.2.

Best Matching Segment (BMS) of time series x,, is the segment that has the
minimum distance to the shapelet \Ifé The minimum distance is referred to as the
Best Matching Distance (BMD) and denoted as D(z,,¥}). Here D(x,, ¥}) is the
minimum of the distances computed by sliding \Ilé with length Qé over the time series
Zn. The segment providing the minimum distance is called the BMS of z,, to \Ifé and the
first time index of BMS of z,, is called the Best Matching Time (BMT). The distance

measure considered in this study is the Euclidean distance.
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A supervised learner is trained to predict the class of the time series using the
features provided in new representation and the trained learner is used as a predictive
model. Any supervised learner can be used to make this prediction, however it is
preferred to use tree-based ensembles (namely a random forest classifier) because of its

known success in classification.

Table 4.2. Transformed feature space.

Best Matching Distance (BMD) | Best Matching Time (BMT)
fi fa | In Jov1 | Jora | - Jon Class
1 50.857 | 7.758 | ... 22.839 127 | 65 | .. 189 0
2 26.714 | 7.532 | ... 24.183 114 | 69 | .. 188 1
3 34.365 | 5.158 | ... 21.746 115 | 66 | ... 188 2
N —2160.630 | 2.422 | ... 24.781 133 | 108 | ... 190 0
N —1 1 33.866 | 6.260 | ... 23.444 113 | 68 | .. 187 1
N 30.638 | 7.444 | ... 21.450 114 | 69 | .. 188 1

for 7y times do
Randomly sample a single time-series from each class.
Construct shapelets using three step shapelet discovery procedure.
Add shapelets to the set S.
end for
Generate a new feature set D(z", ¥;) using the BMD and BMT of all time series
™ to each shapelet ¥y € S.

Train a random forest classifier, with Jp number of trees on the transformed

feature set.

Figure 4.4. Pseudocode of the Ensemble-Based Fast Shapelet Approximation (EFSA)
algorithm.
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4.3. Interpretation

In this section interpretability of EFSA is demonstrated over two well-known
datasets Gun-Point and Sony AIBO Robot Surface 1. Gun-Point dataset is one of the
most studied time series classification problem [4]. Gun-Point dataset contains time
series from two classes namely 'Gun’ or 'NoGun’. These time series are generated
by mapping the motion of two actors. For the Gun class, the actors "have their
hands by their sides, draw a gun from a hip-mounted holster, point it at a target for
approximately one second, and then return the gun to the holster and their hands to
their sides” [25]. In the NoGun class, actors perform the same movements without a

gun by using their index finger to point to a target.

Gun class contains the motion of drawing the gun from holster and returning
it back unlike NoGun class. EFSA performs successfully on the Gun-Point dataset
with classification accuracy of 97%. As an interpretable method, EFSA is expected to
generate shapelets that focus on the parts where gun is drawn and returned. In order
to illustrate the logical relationship between the classes and the shapelets, the most
important patterns generated by the shapelet discovery process is schematized with the
one instance from each class of time series in Figure 4.5. It can be observed from the
Figure 4.5 that the shapelet generated using EFSA refers to the action which shows
that suggested discovery process is successful in understanding the distinguishing parts

of the given classes.

Sony AIBO Robot Surface 1 dataset is created by [31] with the aim of classifying
the surface types using the measurements of the tri-axial accelerometer from Sony
AIBO Robot [20]. The dataset contains measurements from two types of surfaces,
carpet and cement. Cement floors are harder than floors with carpets, therefore sharper
changes are demonstrated in the acceleration [20]. EFSA obtains test accuracy of
81.8%. Figure 4.6 represent the most important shapelet introduced by the supervised

learner that refer to different shifts-of-weight in the walk cycle on the carpet floor.
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Figure 4.5. Two different time series examples from different classes of the Gun Point

dataset and the most important shapelet generated from the Gun Point dataset.
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Figure 4.6. Two different time series examples from different classes of the Sony AIBO

Robot Surface 1 dataset and the most important shapelet generated from the dataset.



23

5. EXPERIMENTS

Experiments chapter contains three parts. In the first part, best performing state
of the art methods Learned Shapelets (LS) [17], Fast Shapelets (F'S) [21], Shapelet
Transform (ST) [32] and Generalized Random Shapelet Forest (GRSF) [19] are com-
pared to EFSA by evaluating each of them on 85 datasets from Bagnall et al. [27]. In
the second part, empirical complexity of the EFSA is analyzed and computational per-
formance of the algorithm with changing data size and time series length is reported.
Lastly, in the third section computational performances of the all algorithms are com-
pared. EFSA is implemented by using R programming language and experimentation
is done in an Ubuntu 16.04 system with 4 GB RAM, Intel Core™ i5-3337U CPU @
1.80GHz x 4. Although the CPU can handle four threads in parallel, only a single

thread is used in the experiments. The source codes can be found in Gorgulu et al. [33].

5.1. Classification Accurracy

EFSA is compared to state-of-the-art shapelet-based approaches on the full set
of benchmark datasets from Bagnall et al. [27]. Classification accuracies of LS, ST
and FS that are used in comparison are kindly provided us by their authors. Since
GRSF [19] does not report the performance on all 85 datasets, suggested parameter
tuning is followed in Karlsson et al. [19] and all of the experiments are rerun using the

authors’ implementation.

Although EFSA does not require intense parameter tuning due to its non-parametric
nature, number of sampling () and number of trees in the random forest are required
to be specified. Performance of EFSA is not effected by the number of trees in the
random forest as long as there is sufficient number of trees. In the experimentation it is
provided as 300 and it can be used as is in any application. For the number of sampling
() parameter, an upper bound is set and all of the experiments are conducted accord-
ingly. By looking at the OOB and test errors of the more stable datasets with high

number of training/test instances and balanced class distribution, provided in Figure
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5.1, upper bound is specified as 50. Although it is possible to obtain the same per-
formance by lower number of sampling in smaller datasets, it only makes EFSA faster
without damaging its accuracy. Because of the random nature of EFSA, classification

accuracies are reported as an average of five replications in each dataset.
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Figure 5.1. OOB and test error rates of Phalanges Outline Correct and Wafer

datasets with changing sampling parameter.

Classification performance of all mentioned methods are provided in the Table 5.1.
Classifiers are statistically compared by using a Friedman test followed by a Nemenyi
post-hoc test as suggested by Demsar in [34] and illustrated in Figure 5.2. And pairwise

comparison of the algorithms by number of better classified datasets provided in Table

D.2.



Table 5.1. Classification accuracies of EFSA, ST, LS, FS and GRSF on the UCR

datasets.
EFSA | ST LS | FS | GRSF
Adiac 0.803" | 0.783 | 0.522 | 0.593 | 0.726
ArrowHead 0.773 | 0.737 | 0.846" | 0.594 | 0.717
Beef 0.793 | 0.900" | 0.867 | 0.567 | 0.700
BeetleFly 0.805 | 0.900" | 0.800 | 0.700 | 0.870
BirdChicken | 0.885" | 0.800 | 0.800 | 0.750 | 0.810
Car 0.812 | 0.917° | 0.767 | 0.750 | 0.843
CBF 0.985 | 0.974 | 0.991" | 0.940 | 0.978
ChlorineConc | 0.691 | 0.700" | 0.592 | 0.546 | 0.669
CinCECGtorso | 0.818 | 0.954" | 0.870 | 0.859 | 0.832
Coffee 0.986 | 0.964 | 1.000" | 0.929 | 0.929
Computers 0.737 | 0.736 | 0.584 | 0.500 | 0.739"
CricketX 0.705 | 0.772" | 0.741 | 0.485 | 0.771
CricketY 0.732 | 0.779" | 0.718 | 0.531 | 0.756
CricketZ 0.708 | 0.787" | 0.741 | 0.464 | 0.756
DiatomSize 0.911 | 0.925 | 0.980" | 0.866 | 0.969
DistPhalanxAge | 0.852" | 0.770 | 0.719 | 0.655 | 0.852
DistPhalanxOut | 0.830" | 0.775 | 0.779 | 0.750 | 0.826
DistPhalanxTW | 0.789 | 0.662 | 0.626 | 0.626 | 0.797"
Earthquakes 0.807 | 0.741 | 0.741 | 0.705 | 0.818"
ECG200 0.854 | 0.830 | 0.880" | 0.810 | 0.828
ECG5000 0.943 | 0.944" | 0.932 | 0.923 | 0.940
ECGFiveDays | 0.922 | 0.984 | 1.000" | 0.998 | 0.999
ElectricDevices | 0.760" | 0.747 | 0.587 | 0.579 | 0.736
FaceAll 0.803" | 0.779 | 0.749 | 0.626 | 0.749
FaceFour 0.863 | 0.852 | 0.966 | 0.909 | 0.998"
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Table 5.1. Classification accuracies of EFSA, ST, LS, FS and GRSF on the UCR

datasets. (cont.)

EFSA | ST LS FS | GRSF

*

FacesUCR 0.914 | 0.906 | 0.939" | 0.706 | 0.861
FiftyWords 0.706 | 0.705 | 0.730" | 0.481 | 0.723
Fish 0.927 | 0.989" | 0.960 | 0.783 | 0.959
FordA 0.842 | 0.971° | 0.957 | 0.787 | 0.927
FordB 0.832 | 0.807 | 0.917" | 0.728 | 0.900
GunPoint 0.970 | 1.000° | 1.000" | 0.947 | 0.995
Ham 0.737" | 0.686 | 0.667 | 0.648 | 0.764
HandOutlines 0.870 | 0.932" | 0.481 | 0.811 0.882
Haptics 0.475 | 0.523" | 0.468 | 0.393 | 0.460
Herring 0.634 | 0.672" | 0.625 | 0.531 | 0.619
InlineSkate 0.354 | 0.373 | 0.438" | 0.189 | 0.365
Insect Wingbeat 0.626 | 0.627" | 0.606 | 0.489 | 0.634
ItalyPower 0.953 | 0.948 | 0.960" | 0.917 | 0.944
LargeKitchen 0.875" | 0.859 | 0.701 | 0.560 | 0.871
Lightning?2 0.766 | 0.738 | 0.820" | 0.705 | 0.761
Lightning7 0.778 | 0.726 | 0.795" | 0.644 | 0.707
Mallat 0.942 | 0.964 | 0.950 | 0.976" | 0.940
Meat 0.940" | 0.850 | 0.733 | 0.833 | 0.927

*

Medicallmages 0.728" | 0.670 | 0.664 | 0.624 | 0.718
MidPhalanxAge | 0.798" | 0.643 | 0.571 | 0.545 | 0.780
MidPhalanxOutline | 0.786 | 0.794" | 0.780 | 0.729 | 0.740
MidPhalanxTW | 0.627 | 0.519 | 0.506 | 0.532 | 0.632"
MoteStrain 0.899 | 0.897 | 0.883 | 0.777 | 0.914
NonInvThorax1 0.913 | 0.950" | 0.259 | 0.710 0.917
NonInvThorax2 0.931 | 0.951° | 0.770 | 0.754 | 0.935

*

*




Table 5.1. Classification accuracies of EFSA, ST, LS, FS and GRSF on the UCR

datasets. (cont.)

EFSA | ST LS FS | GRSF

OliveOil 0.913" | 0.900 | 0.167 | 0.733 | 0.867
OSULeaf 0.717 | 0.967" | 0.777 | 0.678 | 0.883
Phalanges 0.833 | 0.763 | 0.765 | 0.744 | 0.841"
Phoneme 0.318 | 0.3217 | 0.218 | 0.174 | 0.305

Plane 1.000° | 1.000" | 1.000" | 1.000" | 1.000"

ProxPhalanxAge | 0.830 | 0.844" | 0.834 | 0.780 | 0.841
ProxPhalanxOut | 0.866 | 0.883" | 0.849 | 0.804 | 0.862
ProxPhalanxTW | 0.805" | 0.805 | 0.776 | 0.702 | 0.804

Refr.Devices 0.584" | 0.581 | 0.515 | 0.333 | 0.563

ScreenType 0.495 | 0.520 | 0.429 | 0.413 | 0.573"
ShapeletSim 1.000° | 0.956 | 0.950 | 1.000" | 1.000"
ShapesAll 0.848" | 0.842 | 0.768 | 0.580 | 0.830
SmallKitchen 0.842" | 0.792 | 0.664 | 0.333 | 0.806
SonyRobot1 0.818 | 0.844 | 0.810 | 0.686 | 0.878"
SonyRobot2 0.852 | 0.934" | 0.875 | 0.790 | 0.912
StarLightCurves | 0.977 | 0.979" | 0.947 | 0.918 | 0.977
Strawberry 0.957 | 0.962" | 0.911 | 0.903 | 0.957
SwedishLeaf 0.938" | 0.928 | 0.907 | 0.768 | 0.906
Symbols 0.955" | 0.882 | 0.932 | 0.934 | 0.933

SyntheticControl | 0.994 | 0.983 | 0.997" | 0.910 | 0.993

ToeSegmentationl | 0.912 | 0.965 | 0.934 | 0.956 | 0.940

ToeSegmentation2 | 0.852 | 0.908 | 0.915 | 0.692 | 0.885
Trace 1.000" | 1.000" | 1.000" | 1.000" | 1.000"
TwoLeadECG 0.972 | 0.997" | 0.996 | 0.924 | 0.992
TwoPatterns 0.997 | 0.955 | 0.993 | 0.908 | 0.998"




28

Table 5.1. Classification accuracies of EFSA, ST, LS, FS and GRSF on the UCR

datasets. (cont.)

EFSA | ST LS FS | GRSF

UWaveAll 0.963" | 0.942 | 0.953 | 0.789 | 0.955
UWaveX 0.813" | 0.803 | 0.791 | 0.695 | 0.804
UWaveY 0.717 | 0.730" | 0.703 | 0.596 | 0.714
UWaveZ 0.749" | 0.748 | 0.747 | 0.638 | 0.742
Wafer 0.995 | 1.000" | 0.996 | 0.997 | 1.000"
Wine 0.667 | 0.796" | 0.500 | 0.759 | 0.715

WordSynonyms | 0.596 | 0.571 | 0.607 | 0.431 | 0.607"

Worms 0.575 | 0.740" | 0.610 | 0.649 | 0.556

WormsTwoClass | 0.739 | 0.831% | 0.727 | 0.727 | 0.746
Yoga 0.851° | 0.818 | 0.834 | 0.695 | 0.838
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Figure 5.2. Results of Friedman-Nemenyi rank test on accuracies from UCR datasets.

From Table 5.2, it can be observed that EFSA has classified more datasets with
high accuracy than each of the methods. Also, it can be noted from Figure 5.3 and
Table 5.2 that, differences in terms of classification accuracy between EFSA, ST and

GRSF are not significant.
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Figure 5.3. Classification accuracies of EFSA (mean of 10 replications) versus ST,

GRSF, LS, FS.

Table 5.2. Pairwise comparison of ST, GRSF, LS and FS against EFSA in terms of

classification accuracies.

ST | GRSF | LS | FS

Better | 43" | 43" | 517 | 74"
EFSA | Worse | 40 39 32 | 8
Equal | 2 3 2 3
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Table 5.3. Average ranks of five classifiers for the all datasets by the problem

category.

EFSA | ST | LS | FS | GRSF
Image 2.14" | 255 | 3.17 | 459 | 2.52
Spectro 1.86 257 | 3.14 | 471 | 271
Sensor 2.63 |1.94" | 275|456 | 244
Simulated | 2.50° | 2.67 |3.33|3.17| 2.83
ECG 3.14 | 2147 | 286|428 | 2.57
Device 1.83" | 2.33 | 4.00 | 5.00 | 1.83"
Motion 2.78 | 1.57° | 2.86 | 4.50 | 2.50
Overall 240 | 2.24 | 3.08 | 448 | 2.49

*

In addition to the comparison based on all time-series, Table 5.3 provides average
ranks of five classifier for all datasets by problem category. EFSA significantly outper-
forms other five classifiers in Image, Simulated and Device categories of the datasets. In
the other categories, ST outperforms other classifiers, however, the difference between

EFSA and ST is not significant except Motion category.

5.2. Complexity Analysis

In this section, time performance of EFSA with respect to changing data size
and time-series lengths is analyzed. Inline Skate dataset from UCR datasets is used
to demonstrate the effect of the data-size and time-series length on the performance
of EFSA due to its balanced train/test set distribution and sufficient length. Shapelet
generation, training, testing and total elapsed time are reported as a result of this anal-
ysis. As the name implies shapelet generation time is the elapsed time until shapelets
are generated using supervised tree-based approximation algorithm. Training time is
the amount of time required to train random forest using the distances of the time
series to the generated shapelets. And testing time is the time needed to classify all

test instances in the dataset.
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Figure 5.4. Computational times (sec) with changing data size and time series length.

From Figure 5.4(a) it can be observed that shapelet generation time increases
linearly as time series length increases. This demonstrates the speed and efficiency

of the shapelet approximation procedure of EFSA. Training and testing times do not
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increase exponentially with increasing time-series length Figure 5.4. Figure 5.4(b)
and Figure 5.4(c) show quadratic increase on the running times as time series length

increases which again reinforces the claim about speed and efficiency of the algorithm.

Increasing data size does not affect shapelet generation time due to the sampling
method that EFSA uses in shapelet generation part. In addition, it can be observed
from Figure 5.4 that training, testing and overall running times increases linearly with

increasing data-size.

5.3. Comparison of Computational Times with Other Three Methods

From the accuracy comparison it can be observed that EFSA, ST and GRSF
performs significantly better than the FS and LS. Therefore, in this section, LS is left
out from this analysis and only computational times of EFSA, ST, GRSF and FS are
compared. Computational comparison is realized in Ubuntu 16.04 system with 4 GB
RAM, Intel Core™ i5-3337U CPU @ 1.80GHz x 4 setting. Runs of all three classifiers
are taken by using the same setting. Using Yoga dataset from UCR database, different
datasets with differing data sizes are constructed. Experiment are made by using source
codes provided by GRSF, ST and FS. Average running times from 10 replications are
illustrated in Table 5.4.

Table 5.4. Computation times (sec) of three classifiers for Yoga dataset with different

data rates.

Rate | EFSA | ST FS | GRSF
0.2 | 3.91° | 14.67 | 63.40 | 2995.27
04 | 5.04" | 57.28 | 129.82 | 8410.79
0.6 | 6.17° | 166.68 | 230.42 | 15224.08
0.8 | 7.22° | 379.52 | 322.73 | 22868.43
1 8.43" | 741.85 | 421.42 | 30888.67
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Although ST and GRSF work with multiple core and EFSA works with single
core, EFSA performs computationally more efficient than ST and GRSF. Due to com-
putationally inefficient parameter optimization procedure, computation time of GRSF

takes considerably longer time than the other methods.

5.4. EFSA vs. FS

Fast Shapelet method approximates shapelets by using a piecewise constant ap-
proximation in an unsupervised manner. Approximated shapelet set is used to con-
struct a distance matrix using BMD and 1NN classifier is trained on the distance
matrix. In order to compare the power of the shapelet generation procedures, EFSA is
run with 1NN final classifier. EFSA uses BMD and BMT as its default features. How-
ever, in this case, results are obtained by only using BMD. Comparison is made on the
84 datasets from UEA and UCR databases and the test accuracies are demonstrated
in Figure 5.5. Even without BMT, EFSA with 1NN classifier outperforms FS in terms
of test accuracies on 55 of 85 datasets. This result demonstrates the EFSA’s ability of
approximating better shapelet set than FS.

U.I25 U.’IEU 0.175 1.‘00
EFSA_INN

Figure 5.5. Graphical comparison of classification accuracies of EFSA with 1NN

classifier against Fast Shapelet.
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Table 5.5. Classification accuracies of EFSA with 1NN classifier vs Fast Shapelet on
the UCR datasets.

EFSAINN | FS

Adiac 0.637° 0.593
ArrowHead 0.757" 0.594
Beef 0.590° 0.567
BeetleFly 0.680 0.700"
BirdChicken 0.745 0.750"
Car 0.777° 0.750

CBF 0.997° 0.940
ChlorineConc 0.599" 0.546
CinCECGtorso 0.646 0.859"
Coffee 0.936" 0.929
Computers 0.544" 0.500
CricketX 0.676" 0.485
CricketY 0.685" 0.531
CricketZ 0.698" 0.464
DiatomSizeReduction 0.963" 0.866
DistPhalanxAge 0.762" 0.655
DistPhalanxOutline 0.743 0.750"
DistPhalanxTW 0.704" 0.626
Earthquakes 0.674 0.705"
ECG200 0.814" 0.810
ECG5000 0.925" 0.923
ECGFiveDays 0.950 0.998"
ElectricDevices 0.643" 0.579
FaceAll 0.795" 0.626
FaceFour 0.748 0.909"




the UCR datasets. (cont.)

EFSAINN | FS

FacesUCR 0.877" 0.706
FiftyWords 0.723" 0.481
Fish 0.789" 0.783
FordA 0.644 0.787"
FordB 0.594 0.728"
GunPoint 0.889 0.947°
Ham 0.580 0.648"
HandOutlines 0.725 0.811"
Haptics 0.421" 0.393
Herring 0.547" 0.531
InlineSkate 0.380" 0.189
InsectWingbeat 0.499" 0.489
ItalyPower 0.922" 0.917
LargeKitchen 0.654" 0.560
Lightning?2 0.772" 0.705
Lightning7 0.659" 0.644
Mallat 0.887 0.976"
Meat 0.917" 0.833
Medicallmages 0.687" 0.624
MidPhalanxAge 0.723" 0.545
MidPhalanxOutline 0.726 0.729°
MidPhalanxTW 0.584" 0.532
MoteStrain 0.824" 0.777
NonInvThorax1 0.832" 0.710
NonInvThorax2 0.883" 0.754

35

Table 5.5. Classification accuracies of EFSA with 1NN classifier vs Fast Shapelet on
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Table 5.5. Classification accuracies of EFSA with 1NN classifier vs Fast Shapelet on

the UCR datasets. (cont.)

EFSAINN | FS
OliveOil 0.830" 0.733
OSULeaf 0.573 0.678"
Phalanges 0.715 0.744"
Phoneme 0.168 0.174"
Plane 0.969 1.000"
ProxPhalanxAge 0.774 0.780"
ProxPhalanxOutline 0.768 0.804"
ProxPhalanxTW 0.717" 0.702
Refr.Devices 0.476° 0.333
ScreenType 0.388 0.413"
ShapeletSim 0.966 1.000"
ShapesAll 0.836" 0.830
SmallKitchen 0.637" 0.333
SonyRobot1 0.792" 0.686
SonyRobot2 0.826" 0.790
StarLightCurves 0.893 0.918"
Strawberry 0.909" 0.903
SwedishLeaf 0.879" 0.768
Symbols 0.956" 0.934
SyntheticControl 0.986" 0.910
ToeSegmentationl 0.758 0.956"
ToeSegmentation2 0.843" 0.692
Trace 0.983 1.000"
TwoLeadECG 0.733 0.924"
TwoPatterns 0.977 0.908
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Table 5.5. Classification accuracies of EFSA with 1NN classifier vs Fast Shapelet on

the UCR datasets. (cont.)

EFSAINN | FS
UWaveAll 0.883 0.789
UWaveX 0.769° 0.695
UWaveY 0.684" 0.596
UWaveZ 0.682" 0.638
Wafer 0.990 0.997"
Wine 0.656 0.759"
WordSynonyms 0.669" 0.431
Worms 0.416 0.649"
WormsTwoClass 0.591 0.727"
Yoga 0.836" 0.695
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6. CONCLUSION

In this study, an accurate and efficient method for time-series classification based
on shapelets is proposed. Shapelet-based classification has been attracting a major
interest due to its success in time-series classification. There are various well-known
methods for shapelet-based classification however, these methods are either computa-
tionally heavy or inaccurate. Accuracy of the shapelet-based methods are directly re-
lated to the quality of the shapelet set that is used in classification. Therefore, efficient
construction of the shapelet space yields a great importance. Current state-of-the-art
methods construct the shapelet set by pruning the shapelet space using various methods
or by generating them using optimization techniques. Learned Shapelets (LS) [17] tries
to find best shapelets by optimizing a logistic cost function. These kind of approaches
contain too many parameters which requires computationally heavy parameter selec-
tion procedure. Shapelet Transform (ST) tries to prune the shapelet space efficiently,
however, evaluation the exponential number of shapelet candidate and their interac-
tion is computationally inefficient even it is better than explicit enumeration. In order
to decrease the computational burden, sampling methods are applied on the shapelet
space. Fast Shapelets (FS) randomly samples shapelets from shapelet spaces and uses
them in classification. Even though its computational performance is not heavy due
to complete random sampling, it provides inaccurate results. Generalized Random
Shapelet Forest (GRSF) merges the idea of sampling with shapelet space pruning by
using forest of decision trees. GRSF again contains too many parameters. Although
GRSF works well and considerably more efficient than ST when parameter settings for
each dataset is known, if they are unknown time complexity increases drastically for

GRSF to learn and predict by scratch.

In order to generate a powerful shapelet set efficiently, a non-parametric ap-
proach namely supervised tree-based approximation is suggested. Supervised tree-
based approximation efficiently generates distinctive shapelets with various lengths
without specifying any parameters. Applying this tree-based approximation procedure

to the stratified samples recursively helps to create more robust model with higher
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predictive performance. By utilizing a random forest on the similarity vector obtained
by BMD between shapelets and time-series, a successful classification results are ob-
tained. EFSA is a computationally more efficient and an accurate model compared to
the state-of-the-art approaches. Shapelet discovery method of EFSA is an original and
very efficient method which can also be used in other studies in order to increase the

quality of shapelet sets and decrease the time complexity.
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