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ABSTRACT
This Study is based on a review conducted on the various models and approaches that aim to predict the time series data usin g a distance-based
prediction approach. The very nature of time series data makes classification a challenging task. Many approaches have been proposed to achieve this
one of them being the distance-based approach. 1-NN is the simplest and most widely used method due to its good performance. Over the years new and
more complex classifiers have arisen with outperform 1-NN. One of the approaches includes transformation of time series into feature vectors using the
distance measure. The feature vectors obtained help to bridge the gap between time series and traditional classifiers. This report includes all of these
methods that use a distance-based approach as well as the merits and demerits of each of these methods.
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INTRODUCTION
A data set that represents information over a period of time is termed
as a time series dataset. The order of the points in this dataset is very
important to understand the behaviour of the dataset. If the order of
the points changes, the meaning of the data changes. Such type of data
is very different than what the traditional classifiers deal with. Some
datasets can be abnormally different from other datasets [1][2].
Identifying such anomalies is becoming increasingly important in
every field. Traditional classifiers are not an efficient approach to such
type of data. Time series classifiers helps to classify the data based on
time period [3]. One of the approaches to classify time series data is
using feature extraction. In this method information is extracted from
time series data and represented as scalar feature Coordinates.
However, this approach can be time consuming and can also cause loss
of information.

Fig. 1: Operation Flow Of Feature Based Classification Procedures

surprisingly effective choice [4][5]. This can use distances in k-NN
classifiers. In another method distances are used to transform the time
series data into feature Coordinates.
STUDY REVIEW
A. K-Nearest Neighbour
This approach makes use of the current techniques of time series
distances in the k-NN classifier. Mostly, the 1-NN classifier is being
used popularly in time series based classification due to its simplicity
and good performance [6][7]. The 1-NN classifier predicts the class of a
time series using any distance measure such that the class is closest to
another class in the training dataset. The k-NN classifier is sensitive to
noise which is a commonly found property in the time series data[8].
B. Distance Features
This approach uses the time series distance measures to transform the
data into feature Coordinates. This helps in overcoming the particular
requirements of classifiers [9]. Some of them include dealing with
ordered data and also variable lengths of data. The advantage of this
approach is that distance features hold information which is relative to
other series data. Whereas the feature-based classifier holds
information about the time series in itself[10][11].
C. Global Distance Features
In this method the distance matrix is "i" built by calculation the
distance between each sample record. Further, each iteration of row of
this distance matrix is represented as a vector that describes the time
series data. These Coordinates as given as an input to the classifier.

Fig. 2: Operation Flow Of Distance Based Classification Procedures

Another approach is to use a distance based metric classifier. This
avoids the feature extraction phase. Generally, the methods are
considered into two core categories. 1-NN is the most popular and

Fig. 3: An Example Of The Global Distance Features Method
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Inside the classifier the time series in represented using distances to
other remaining series in the dataset. A voting schema is used to
classify the data using the trained classifiers. Support Vector Machines
are the mostly commonly used classifiers for such data [12][3].

Table1: Classification and Dependencies
Classifier

Dependencies

D. Local Distance Features
This method uses distances to local patterns in the series instead of the
entire series. This method assumes that the discriminatory
characteristics are local in nature and such distances are used as
features [14][15]. A subsequence of a series that can be identified as a
representative of a class are taken into consideration. Such sub
sequences are called as shapelets [16]. They are highly interpretable
and provide an advantage for the users. This helps the users to
understand the meaning of the obtained shapelets.

K-NN

Size of dataset(m)
Distance measure
Distance measure
Learning phase
Distance measure
Learning phase
Pre-processing
(shapelets:s)

Distance based
Shapelet
transformation
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Time
complexity
O(n2m)
O(n2m2)
O(nms)

RESULTS AND CONTRIBUTIONS

Fig. 4: Typical Example of Local Space Models Using ST
These shapelets are then transformed and fed to the classifier. It can be
used in combination with any classifier such as Probability based Naïve
Bayes, 1-NN, Bayesian classification Network, Rotation Forest, Random
Forest and SVM classifiers [17][18].
E. Embedded Features
This method does not directly work on the distances, instead it makes
use of distances to acquire a new depicted representation of the time
series valued data [19]. These distances are being utilized to embed the
data into a Euclidean distance space while retaining the original
distances [20].

The computational complexity of each of these methods is an
important aspect that needs to be addressed. For any classification
algorithm, the time complexity depends heavily on the learning phase
of the classifier and the size of the training dataset. However, in case of
distance-based classification, the time complexity also depends on the
prediction phase and also on the distance measure that has been used.
In addition, the cost of the distance measure depends on the length of
the time series data. Commonly used distance measures take up too
much time while being used in real world applications. In case of the 1NN classifier the time complexity purely depends on the size of the
dataset and the cost of the distance measure. There is no learning
phase complexity involved here. The time complexity is O(n2m)
(where m is the size of the training dataset).
For the methods that use distance features the computation of learning
phase and the cost of distance need to be calculated separately. Each of
these have their own computational costs. This method has a
complexity of O(n2m2). In the method involving shapelet
transformation there is an additional step of pre-processing to obtain
the features. This will be added to the computational costs along with
the other factors which are included in the previous distance feature
method.
FUTURE WORK
In summary, the time series classification methods usually have a
quadratic time complexity in both the length of the time series and size
of the dataset. If the series is too long or the data is too large the
algorithm can take too much time when dealing with real time data. In
the case of methods that use distance measures to generate a feature
representation of the time series data. These methods bridge the gap
between traditional classifiers and time series data.

Fig. 5: Example Of The Stages Of Embedded Distance Features
Methods
This method gives an advantage in case of time series data since it
gives a vector representation of the data [21]. The time series distances
are determined by distances between existing vector coordinates. The
authors in this review do not use this method to classify time series but
for clustering [22]. However, it can be directly applied for classification
since it is most likely related to the other distance features
methods[23-27].
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