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a b s t r a c t
Mining periodic patterns from time series databases is needed to predict any future situation. Flexible pattern
mining is a special kind of periodic pattern mining where intermediate events can be overlooked purposely.
Mining such patterns from time series data is advantageous due to its capability of modeling various real life
scenarios. The goal of mining closed flexible patterns is to avoid unnecessary flexible patterns but preserving
the same information of a complete set of patterns. Though it has wide range of application domains, existing
algorithms failed to mine closed flexible patterns without generating any false positive, i.e. non-closed and
∕or redundant patterns. In this paper, a new algorithm 𝑁𝑅𝐶𝐹 𝑃 (Non-Redundant Closed Flexible Pattern) has
been proposed that generates complete set of non-redundant closed flexible patterns in time series databases.
Three pruning techniques- 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛 (existing), 𝑅𝑎𝑛𝑔𝑒𝑆𝑐𝑎𝑛 (proposed) and 𝐶𝑜𝑙𝑢𝑚𝑛-𝑝𝑟𝑢𝑛𝑖𝑛𝑔 (proposed) have been
applied to avoid generation of non-closed patterns, redundant flexible patterns and fictitious patterns. Proposed
𝑁𝑅𝐶𝐹 𝑃 efficiently mines non-redundant closed flexible periodic patterns. The performance of our algorithm
has been extensively analyzed using several real-life databases based on runtime and memory consumption
and compared with existing state-of-the-arts approach to prove effectiveness of the algorithm with respect to
required processing time and memory consumption. Some applications of our proposed algorithm in various real
life domains are discussed.
© 2017 Elsevier Ltd. All rights reserved.

1. Introduction
Data mining refers to the process of mining knowledge from large
volume of data. One of the most important tasks in data mining is pattern
mining which includes frequent pattern mining (Agrawal and Srikant,
1994; Ahmed et al., 2012a,b, 2011; Han et al., 2000b; Duong et al.,
2014), closed-frequent pattern mining (Kim et al., 2004; Pei et al., 2000;
Zaki and Hsiao, 2005), episode mining (Mannila et al., 1995, 1997),
event labeling (Fanaee-T and Gama, 2014), inter transaction pattern
mining (Tung et al., 1999; Lu et al., 1998; Pasquier et al., 1999a), graph
pattern mining (Yan and Han, 2002; Samiullah et al., 2014; Fariha et al.,
2015), sequential pattern mining (Srikant and Agrawal, 1996b; Agrawal
and Srikant, 1995; Pei et al., 2004; Wang and Han, 2004), periodic
pattern mining (Rasheed et al., 2011), association rule mining (Han
and Kamber, 2000) etc.
Frequent patterns can provide critical information to the decision
makers from the collected data in solving problems for various domains,
such as marketing, medical science, meteorology, finance etc. Periodic
pattern is a collection of data values, gathered generally at uniform

interval of time, reflecting certain behavior of an entity (Chanda et
al., 2015). In real-life, time series data mining techniques are mostly
used to mine interesting knowledge from the recurring events in the
databases (Han and Kamber, 2000; chung Fu, 2011). Mining of periodic
pattern is performed on time series database (Rasheed et al., 2011;
Rasheed and Alhajj, 2010).
Now-a-days, flexible periodic pattern mining is an interesting problem where a periodic pattern is called flexible if some intermediate
events between any pair of events are less significant (do not care events)
and the number of such events is not fixed.
A flexible periodic pattern is considered to be closed if there exists
no super-pattern having the same support count, where support is an
indication of how frequently the pattern appears in the database, i.e. percentage of sequences that contain the pattern. It avoids unnecessary
flexible periodic patterns without losing any information. Therefore
mining closed flexible periodic pattern is an interesting problem.
One of the recent and most efficient state-of-the-arts approach (Wu
and Lee, 2010) generates closed flexible periodic patterns of different

* Corresponding author at: Department of Computer Science and Engineering, University of Dhaka, Bangladesh.

E-mail addresses: holy.sayma@gmail.com (S. Akther), rkarim@cse.univdhaka.edu (M. Rezaul Karim), samiullah@cse.univdhaka.edu (M. Samiullah), cfahmed@unistra.fr,
farhan@cse.univdhaka.edu (C.F. Ahmed).
https://doi.org/10.1016/j.engappai.2017.11.005
Received 6 August 2016; Received in revised form 12 July 2017; Accepted 7 November 2017
0952-1976/© 2017 Elsevier Ltd. All rights reserved.

S. Akther et al.

Engineering Applications of Artificial Intelligence 69 (2018) 1–23

Table 1
Sample time series database of a patient health monitoring system.
Day

Time

Test code

Explanation

Result

04–21–2015
04–21–2015
04–21–2015
04–21–2015
04–21–2015
04–21–2015

7.09
9.09
13.08
17.08
20.51
23.00

58
23
60
24
62
23

Sugar test(Breakfast)
Blood pressure
Sugar test(Lunch)
Cholesterol test
Sugar test(Dinner)
Blood pressure

130(High)
069(Low)
052(Low)
212(Very high)
031(Bad)
040(Very low)

04–22–2015
04–22–2015
04–22–2015
04–22–2015
04–22–2015
04–22–2015

7.35
13.40
20.16
21.36
22.55
23.40

58
60
62
24
23
23

Sugar test(Breakfast)
Sugar test(Lunch)
Sugar test(Dinner)
Cholesterol test
Blood pressure
Blood pressure

076(Low)
047(Bad)
157(High)
041(Bad)
097(Normal)
107(Normal)

04–23–2015
04–23–2015
04–23–2015
04–23–2015
04–23–2015
04–23–2015

6.33
7.25
13.35
20.44
22.52
23.12

23
58
60
62
24
23

Blood pressure
Sugar test(Breakfast)
Sugar test(Lunch)
Sugar test(Dinner)
Cholesterol test
Blood pressure

175(High)
051(Low)
012(Bad)
167(High)
030(Bad)
089(Normal)

04–24–2015
04–24–2015
04–24–2015
04–24–2015
04–24–2015
04–24–2015

7.46
13.25
15.35
20.25
22.33
23.26

58
60
23
62
24
23

Sugar test(Breakfast)
Sugar test(Lunch)
Blood pressure
Sugar test(Dinner)
Cholesterol test
Blood pressure

075(Low)
011(Bad)
220(Very high)
117(High)
059(Low)
031(Very low)

{𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} are mined, having support 75%. Patterns
{𝐿𝑜𝑤[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} and {𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} are the subset of the pattern
{𝐿𝑜𝑤(𝐿𝑆𝐸)𝐵𝑎𝑑(𝐿𝑆𝐸)𝐻𝑖𝑔ℎ}. So they are not closed patterns. However, the pattern {𝐻𝑖𝑔ℎ[𝐿𝑆𝐸]𝐿𝑜𝑤} and {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ}
are closed patterns because they have no superset with same support. However, pattern {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑} remains in the pattern
{𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} but having different support 100%. So
both the patterns are closed pattern. The closed flexible patterns
{𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑}, {𝐻𝑖𝑔ℎ[𝐿𝑆𝐸]𝐿𝑜𝑤} and {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ}
are generated by avoiding unnecessary flexible patterns but preserving
the same information of a complete set of flexible patterns.
Hence, huge amount of related and similar patterns are compressed which leads to faster processing and memory efficient approach to mine lossless and similar number of association rules. It
is already known that, mining closed flexible periodic patterns in
time series databases which is memory and time efficient. Furthermore, it will be a better solution if unnecessary, repetitive and redundant patterns can be avoided. Let us give an example to understand clearly the necessity of avoiding the generation of redundant
patterns. Suppose {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} is a pattern where [𝐿𝑆𝐸] represents 1 or 2 less significant events, i.e., {𝐿𝑜𝑤, 𝐿𝑆𝐸, 𝐻𝑖𝑔ℎ}, {𝐿𝑜𝑤,
𝐿𝑆𝐸, 𝐿𝑆𝐸, 𝐻𝑖𝑔ℎ}. {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} is a redundant pattern with respect to pattern {𝐿𝑜𝑤, 𝐿𝑆𝐸(1), 𝐵𝑎𝑑, 𝐿𝑆𝐸(2), 𝐻𝑖𝑔ℎ} where 𝐿𝑆𝐸(1) and
𝐿𝑆𝐸(2) represent 0 or 1 less significant event, i.e., ({𝐿𝑜𝑤, 𝐵𝑎𝑑, 𝐻𝑖𝑔ℎ},
{𝐿𝑜𝑤, 𝐿𝑆𝐸, 𝐵𝑎𝑑, 𝐻𝑖𝑔ℎ} , {𝐿𝑜𝑤, 𝐵𝑎𝑑, 𝐿𝑆𝐸, 𝐻𝑖𝑔ℎ} , {𝐿𝑜𝑤, 𝐿𝑆𝐸, 𝐵𝑎𝑑,
𝐿𝑆𝐸, 𝐻𝑖𝑔ℎ}). So, mining of the pattern {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} consumes
extra memory and wastes time.

length incrementally until no more patterns can be generated. The
algorithm generates closed flexible periodic patterns, but have some
remarkable limitations. One of the limitation is generation of redundant
closed and non-closed flexible patterns. It is a significant drawback to
create non-closed patterns simultaneously with closed flexible patterns.
The algorithm also consumes huge amount of memory due to creating
large number of non-closed patterns. However, it uses some pruning
techniques to remove redundant patterns and non-closed patterns. A
post pruning technique is applied after generation of redundant pattern,
hence the cost involved in generation of redundant patterns cannot
be avoided. To identify non-closed patterns, the checking of superset
has been applied after the pattern generation. It creates an index table
which creates worthless pattern due to containing of useless fields in
index table. These drawbacks of the existing algorithm motivated us to
introduce a better efficient algorithm 𝑁𝑅𝐶𝐹 𝑃 (Non-redundant Closed
Flexible Periodic pattern) (NRCFP) with some interesting efficient rules
to find non-redundant closed flexible periodic patterns over the existing
one.

1.2. Contribution
In this paper, a new and efficient approach has been proposed to
mine non-redundant closed flexible periodic patterns. An efficient algorithm, 𝑁𝑅𝐶𝐹 𝑃 (Non-redundant Closed Flexible Periodic pattern) has
been designed for mining efficiently the complete set of closed flexible
periodic. The key contributions of this research work are describes as
follows:
∙ Development of an efficient non-redundant algorithm 𝑁𝑅𝐶𝐹 𝑃
to mine non-redundant closed flexible periodic patterns from
time series database.
∙ Introduction of a new pruning technique Range Scan which is
applied to stop generating non-closed and redundant flexible
patterns when mine the closed flexible periodic patterns.
∙ Proposal of another memory efficient new pruning technique
is called column pruning that optimize index table to avoid
generating fictitious patterns.
∙ Effective utilization of existing Back Scan technique is done to
eradicate non-closed flexible periodic patterns.
∙ Significant improvement of performance by avoiding the generation of non-closed patterns, redundant patterns and fictitious
patterns.
∙ Extensive performance analysis and comparison is performed
using several benchmark and real life datasets with existing
closed flexible pattern mining approach to recognize NRCFP as
a scalable and efficient lattice mining approach.
∙ Presentation of several applications using non-redundant closed
flexible periodic patterns.

1.1. Motivating example
As a motivating real life example, consider an insulin deficient
patient health monitoring status for different days where different types
of tests are repeatedly performed every day in the same time period.
Date, time, test code, explanation of every test codes and results of every
tests are stored in a time series database shown in Table 1. (The dataset
constructed in this table is used for all illustrative discussions and
examples unless stated otherwise.) Suppose a physician want to predict
the future health condition of that patient by finding a periodic pattern
from the time series database as shown in Table 1 that reflect patient
condition. According to Table 1, some flexible periodic patterns are
found such as {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑}, {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ}, {𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ},
{𝐻𝑖𝑔ℎ[𝐿𝑆𝐸]𝐿𝑜𝑤} and {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} where LSE means
one less significant event and {[𝐿𝑆𝐸]} means more than one less
significant events. Assume that a diabetic specialist is interested in
only glucose measurement test and considers other intermediate test
events as less significant, since the patient is an insulin deficient patient.
From the pattern {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ}, diabetic specialists can
predict meaningful future condition of insulin deficient patients.
Suppose, if a physician sets 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 to 50%,
then some patterns, i.e., {𝐿𝑜𝑤[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ}, {𝐵𝑎𝑑[𝐿𝑆𝐸]𝐻𝑖𝑔ℎ} and

The rest of the paper is organized as follows. Section 2 provides
the preliminary definition and related work. Section 3 describes the
complete methodology of our idea and contains detailed explanation of
our proposed algorithm. The properties of our algorithm is illustrated in
Section 4. In Section 5, extensive experiments have been presented on
the real-life datasets. Section 6 provides some real life scenarios where
NRCFP can be proved useful. Finally Section 7 concludes our paper with
future research direction.
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Table 2
Sample discretized time series database.
Result

Discretized symbol

Discretized sequence

130(High)
069(Low)
052(Low)
212(Very high)
031(Bad)
040(Very low)

𝑑
𝑐
𝑐
𝑏
𝑎
𝑒

{𝑑, 𝑐, 𝑐, 𝑏, 𝑎, 𝑒}

076(Low)
047(Bad)
157(High)
041(Bad)
097(Normal)
107(Normal)

𝑐
𝑎
𝑑
𝑎
𝑓
𝑓

{𝑐, 𝑎, 𝑑, 𝑎, 𝑓 , 𝑓 }

175(High)
051(Low)
012(Bad)
167(High)
030(Bad)
089(Normal)

𝑑
𝑐
𝑎
𝑑
𝑎
𝑓

{𝑑, 𝑐, 𝑎, 𝑑, 𝑎, 𝑓 }

075(Low)
011(Bad)
220(Very high)
117(High)
059(Low)
031(Very low)

𝑐
𝑎
𝑏
𝑑
𝑐
𝑒

{𝑐, 𝑎, 𝑏, 𝑑, 𝑐, 𝑒}

As an example, {𝑐[0, 3]𝑑} is a 2-length pattern and the number of
gaps between c and d ranges from 0 to 3 which contains the following
patterns- {𝑐𝑑}, {𝑐_𝑑}, {𝑐__𝑑}, {𝑐___𝑑} where ‘‘_’’ represents intermediate
do not care event.
Definition 2 (Closed Flexible Periodic Pattern). A flexible periodic
pattern is said to be closed flexible periodic pattern if there exists no
super-pattern with the same support count.
For example, two pattern {𝑐[0, 2]𝑎} and {𝑐[0, 2]𝑎[0, 3]𝑑} with same
support count that is 4, where {𝑐[0, 2]𝑎[0, 3]𝑑} is a super-pattern of
a pattern {𝑐[0, 2]𝑎}. Then {𝑐[0, 2]𝑎} is a non-closed pattern. Consider
another pattern {𝑐[0, 2]𝑎[0, 3]𝑑[0, 2]𝑏} whose support count is 4 and there
exists no super-pattern of the pattern {𝑐[0, 2]𝑎[0, 3]𝑑[0, 2]𝑏} with same
support count. So {𝑐[0, 2]𝑎[0, 3]𝑑[0, 2]𝑏} is called a closed pattern.
Definition 3 (Redundant Pattern). A pattern 𝑃 = 𝑝1 [𝑥𝑝1 , 𝑦𝑝1 ]𝑝2 [𝑥𝑝2 , 𝑦𝑝2 ]
⋯ [𝑥𝑝𝑚−1 , 𝑦𝑝𝑚−1 ]𝑝𝑚 is redundant with respect to a pattern 𝑄 = 𝑞1 [𝑥𝑞1 , 𝑦𝑞1 ]
𝑞2 [𝑥𝑞2 , 𝑦𝑞2 ] ⋯ [𝑥𝑞𝑛−1 , 𝑦𝑞𝑛−1 ]𝑞𝑛 if all of the three conditions hold true i.e. (i)
𝑠𝑢𝑝(𝑃 ) = 𝑠𝑢𝑝(𝑄), (ii) 𝑝1 = 𝑞1 and 𝑝𝑚 = 𝑞𝑛 ; and (iii) the gap range of 𝑃 is
contained in the gap range of 𝑄 i.e. [𝑥𝑝1 +(𝑚−2)+𝑥𝑝𝑚−1 , 𝑦𝑝1 +(𝑚−2)+𝑦𝑝𝑚−1 ]
is contained in [𝑥𝑞1 + (𝑛 − 2) + 𝑥𝑞𝑛−1 , 𝑦𝑞1 + (𝑛 − 2) + 𝑦𝑞𝑛−1 ].
As an example, {𝑐[1, 2]𝑑} is redundant with respect to {𝑐[0, 0]𝑎[0, 1]𝑑}.
Because {𝑐[1, 2]𝑑} = {𝑐_𝑑, 𝑐__𝑑} and {𝑐[0, 0]𝑎[0, 1]𝑑} = {𝑐𝑎𝑑, 𝑐𝑎_𝑑}.
In particular, ‘‘cad’’ is equivalent to ‘‘c_d’’ and ‘‘c_ _d’’ is equivalent
to ‘‘ca_d’’. (It should be noted that ‘‘cbd’’ seems to be equivalent to
‘‘c_d’’. However, in such cases, {𝑐[0, 0]𝑏[0, 0]𝑑} should be reported as
a mined pattern and the context would be different that is beyond
the scope of this discussion.) In other words, say, 𝑃 = {𝑐[1, 2]𝑑} and
𝑄 = {𝑐[0, 0]𝑎[0, 1]𝑑}, with same support count and 𝑝𝑠𝑡𝑎𝑟𝑡 = 𝑞𝑠𝑡𝑎𝑟𝑡 = ‘c’,
𝑝𝑒𝑛𝑑 = 𝑞𝑒𝑛𝑑 = ‘d’ and [𝑥𝑝𝑠𝑡𝑎𝑟𝑡 , 𝑦𝑝𝑒𝑛𝑑 ] = [1, 2] {the gap range between 𝑝𝑠𝑡𝑎𝑟𝑡
and 𝑝𝑒𝑛𝑑 , is contained in [𝑥𝑞𝑠𝑡𝑎𝑟𝑡 , 𝑦𝑞𝑒𝑛𝑑 ] = [0 + 1 + 0, 0 + 1 + 1] = [1, 2] {the
gap range between 𝑞𝑠𝑡𝑎𝑟𝑡 and 𝑞𝑒𝑛𝑑 }. Hence, 𝑃 = {𝑐[1, 2]𝑑} is reported as
redundant with respect to the pattern 𝑄 = {𝑐[0, 0]𝑎[0, 1]𝑑}.
Now consider the redundancy check of the pattern 𝑃 = {𝑐[1, 2]𝑑}
with respect to 𝑅 = {𝑐[0, 0]𝑏[0, 0]𝑑}. Let the support (𝑃 = {𝑐[1, 2]𝑑}) =
support (𝑅 = {𝑐[0, 0]𝑏[0, 0]𝑑}) = 𝑦, nevertheless P is not redundant with
respect to R. Because {𝑐[1, 2]𝑑} = {𝑐_𝑑, 𝑐__𝑑}, {𝑐[0, 0]𝑏[0, 0]𝑑} = {𝑐𝑏𝑑}
and [𝑥𝑝𝑠𝑡𝑎𝑟𝑡 , 𝑦𝑝𝑒𝑛𝑑 ] = [1, 2] (the gap range between 𝑝𝑠𝑡𝑎𝑟𝑡 and 𝑝𝑒𝑛𝑑 ), is not
contained in [𝑥𝑅𝑠𝑡𝑎𝑟𝑡 , 𝑦𝑅𝑒𝑛𝑑 ] = [0 + 1 + 0, 0 + 1 + 0] = [1, 1] (the gap
range between 𝑅𝑠𝑡𝑎𝑟𝑡 and 𝑅𝑒𝑛𝑑 ). Subsequently, assume that the support
of 𝑃 = {𝑐[1, 2]𝑑} = 𝑦 and the support of 𝑄 = {𝑐[0, 0]𝑎[0, 1]𝑑} = 𝑥 with
𝑦 ≠ 𝑥 then P is not redundant with respect to Q. Hence, redundancy of
a pattern P with respect to another pattern 𝑃 ′ depends on three cases,
i.e., (1) equivalence of start events and end events of two pattern (𝑃 , 𝑃 ′ ),
(2) the gap range between 𝑝𝑠𝑡𝑎𝑟𝑡 and 𝑝𝑒𝑛𝑑 must be contained in the gap
range between 𝑝′𝑠𝑡𝑎𝑟𝑡 and 𝑝′𝑒𝑛𝑑 and (3) same support count.

2. Background study and related works
Time series database is a sequence of numerical data points in successive order, collected at regular intervals over a period of time. Let T be
a time series database with a set of n events, 𝑇 = {𝑒𝑜 , 𝑒1 , 𝑒2 , 𝑒3 , … , 𝑒𝑛−1 }
where each event 𝑒𝑖 recorded at time i as shown in Table 1. By following
discretization technique (Elfeky et al., 2005b; Rasheed et al., 2011; Elfeky
et al., 2005a; Han et al., 1998; Keogh et al., 2005; Kumar et al., 2005)
and time series T is discretized in a specific ranges, so that each range
can be depicted by a symbol that get from an alphabet set which is
shown in Table 2.
The mining of recurring patterns in time series database is known as
periodic pattern mining which is also known as periodicity analysis. It
is a process of searching or extracting patterns in time series database,
that is repeating itself after a regular time interval or not. If there
are one or more events in a segment that repeat itself with an equal
time distance are called periodic pattern. Consider the string 𝑇 =
{𝑑𝑐𝑐𝑏𝑎𝑒 𝑐𝑎𝑑𝑎𝑓 𝑓 𝑑𝑐𝑎𝑑𝑎𝑓 𝑐𝑎𝑏𝑑𝑐𝑒} is representing a time series database
is shown in Table 2. At this instant, the pattern ‘‘ca’’ is periodic as it
repeats at (6, 13, 18) positions with period value, 𝑝 = 6. The number
of occurrences of pattern X in time series database T corresponds to
the support of pattern denoted by 𝑠𝑢𝑝(𝑋). A periodic pattern X will
be frequent if 𝑠𝑢𝑝(𝑋) ≥ 𝑚𝑖𝑛𝑆𝑢𝑝 where minSup is the minimum support
threshold.

Definition 4 (Sequence Tree). A tree structure called sequence tree (Wu
and Lee, 2010) is adopted to store all frequent periodic patterns. It is
an n-tree where each node represents a frequent periodic pattern and
root node represents an empty pattern. All frequent k-length periodic
patterns are stored at level-k of the tree where 𝑘 ≥ 1, i.e. all frequent
3-length periodic patterns are stored at level-3. Any periodic k-length
pattern at level-k which is derived from its parent node at level-(𝑘 − 1),
the two parent and child nodes are connected by an edge. A frequent
periodic pattern extends from the root node level down to the leaf node
level.

2.1. Preliminaries
This section provides some relevant definitions related to our problem definition and introduces few terminologies needed to perceive the
significance of non-redundancy in time series database.
Definition 1 (Flexible Periodic Pattern). A flexible periodic pattern can
be denoted by {𝑒𝑖 (∗ )𝑌 𝑒𝑖+1 } where 0 ≤ 𝑌 ≤ 𝜏 and 𝜏 is a user-specified
maximum gap threshold. A gap can be represented by a gap interval
[𝑥, 𝑦] where 0 ≤ 𝑥 ≤ 𝑦 ≤ 𝜏. So a flexible periodic pattern can also
be represented by {𝑒𝑖 [𝑥, 𝑦]𝑒𝑖+1 }, i.e. number of gap between two events
ranges from x to y. Therefore, a flexible periodic pattern is an alternate
representation of events and gap specification but the number of events
in a pattern is called the length of a pattern.

For example, Fig. 1 illustrates a sequence tree where solid box
represents a closed periodic patterns, dotted box represents a nonclosed periodic patterns and the number after the pattern represents
the support of the pattern.
Definition 5 (Projected Database). A pattern is extended to get longer
flexible periodic patterns by creating a projected database for a specific
pattern from the time series sequence database. For a given sequence S
3
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Fig. 1. The non-redundant closed flexible periodic patterns mined from the dataset in Table 2.

and a pattern 𝑝𝜖𝑆, any subsequence 𝑠𝜖𝑆 is called projection of p where
𝑠 = 𝑆 − 𝑝 with s containing remaining events of S after the last event
p. The projected database of a pattern p contains the projection of each
sequence in a database with respect to p.

2.2.2. Sequential pattern mining
Sequential pattern is a set of itemsets structured in sequence database
which occurs sequentially with a specific order. A sequence database is
a set of ordered elements or events, stored with or without a concrete
notion of time. Each itemset contains a set of items which include
the same transaction-time value. While association rules indicate intratransaction relationships, sequential patterns represent the correlation
between transactions. Sequential pattern mining (SPM) (Slimani and
Lazzez, 2013) is the process that extracts certain sequential patterns
whose support exceeds a predefined minimal support threshold. Most
of the essential and prior algorithms for SPM are based on the property
of the Apriori algorithm proposed by Agrawal and Srikant (1994). The
property states that a frequent pattern contains sub-patterns that are in
turn frequent. Based on this assumption, a succession of algorithms has
been proposed in Zaki et al. (1997), the algorithms AprioriAll, AprioriSome, DynamicSome have been proposed by Srikant and Agrawal
(1996b, a) and the Apriori-based vertical formatting method (SPADE
algorithm) has been presented by Zaki (2000). Several algorithms based
on data projection have also been proposed like FreeSpan by Han et al.
(2000a), PrefixSpan (Projection-based pattern growth method) by Pei
et al., SPAM (Ayres et al., 2002) (Apriori-based candidate generation
and pruning) by Ayres and CloSpan (Yan et al., 2003) by Yan et al. and
TSP (Tzvetkov et al., 2003) by Tzvetkov et al.

For example, the projected database of a pattern {𝑐[0, 1]𝑎} from
the sample discretized time series database of Table 2 is {⟨𝑑 𝑎 𝑓 𝑓 ⟩,
⟨𝑑 𝑎 𝑓 ⟩, ⟨𝑏 𝑑 𝑐 𝑒⟩}.
2.2. Existing algorithms
This section focuses on very recent and related work in mining frequent patterns, sequential patterns and closed patterns from database.
The section also describes some algorithms on mining from time series
database such as mining periodic patterns, closed and flexible periodic
patterns.
2.2.1. Frequent pattern mining
There are two common approaches in determining frequent pattern (Ahmed et al., 2012a,b; Han et al., 2000b). First one is apriori
algorithm, based on a prior knowledge, that is, if any pattern is not
frequent then none of its super-pattern will be frequent. It works in
a level wise approach. In each level it generates frequent sub-patterns
from the given database and merges them to generate the candidates for
next level. The second one is pattern growth method. Here no candidate
generation is needed. A tree is constructed based on the patterns in
the dataset and then frequent patterns are mined from the tree. The
FP-growth algorithm needs at most two scans of the database, while
the number of database scans for the candidate generating algorithms
(Apriori) increases with the dimension of the candidate itemsets. Also,
the performance of the FP-growth algorithm is not influenced by the
support factor, while the performance of the Apriori algorithm decreases
with the support factor. Thus, the candidate generating algorithms
(derived from Apriori) behave well only for small databases with a large
support factor (Han and Kamber, 2000).

2.2.3. Closed frequent pattern mining
Closed frequent pattern mining algorithms can be divided into 4
groups (Kourie et al., 2009; Yahia et al., 2006). First group is called
test and generate close (Pasquier et al., 1999b) approach which follows
apriori approach. Second group follow extended Fp-tree structure to mine
FCI which is called divide and conquer (Pei et al., 2000; Wang et al.,
2003; Grahne and Zhu, 2005). Third group based on vertical dataformat
to transform the database into item-tidlist and adopt different strategies
to prune non-closed itemsets (Zaki and Hsiao, 2005; Singh et al., 2005).
And fourth group is called hybrid without duplication (Lucchese et al.,
2006; Uno et al., 2004) where the main advantage is that mining closed
frequent patterns without generation of non-closed itemsets.
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Table 3
Sample time series sequence database.

CloSpan (Yan et al., 2003) and BIDE (Wang and Han, 2004) are
most interesting and efficient algorithms for mining closed patterns.
CloSPan reduces time and space cost using a two phase process by
mining only frequent closed subsequences instead of mining complete
set of frequent subsequences. It also utilizes some techniques like
early termination mechanism to avoid unnecessary traversing of search
space, the backward sub-pattern and backward super-pattern mining
methods and absorbing some unnecessary patterns. BIDE has a linear
scalability w.r.t. the number of sequences in the database. It mines
closed sequential patterns without candidate maintenance by adopting
a closure checking scheme, called BI-Directional Extension. It avoids
the problem of the candidate maintenance-and-test paradigm used by
CloSpan.

Sequence ID

Sequence

S1
S2
S3
S4

𝑑𝑐𝑐𝑏𝑎𝑒
𝑐𝑎𝑑𝑎𝑓 𝑓
𝑑𝑐𝑎𝑑𝑎𝑓
𝑐𝑎𝑏𝑑𝑐𝑒

Once all nominees have been found, p along with each of these
nominees 𝑟𝑖 have been combined with all possible combinations of gap
intervals and represented in the form of 𝑝[𝑥𝑖 , 𝑦𝑖 ]𝑟𝑖 , where 𝑥𝑖 and 𝑦𝑖 are
non-negative integers, 0 ≤ 𝑥𝑖 ≤ 𝑦𝑖 ≤ 𝜏 and 𝜏 is maximum gap interval.
These newly generated patterns are inserted into the second level of
the tree. The procedure is performed recursively in the third stage, and
pruning strategies as well as closure checking scheme are applied. The
closure checking scheme is applied to check whether the patterns are
closed or not. If the pattern is found closed, it is added to the collection
of closed flexible patterns and selected for further extension.
The CFP algorithm has some limitations like excessive non-closed
patterns are created simultaneously in mining closed flexible patterns.
However, CFP algorithm also creates redundant non-closed flexible
patterns which is a wastage of huge memory. CFP algorithm also creates
redundant closed patterns. This one is worthless. That is why it can be
said that CFP algorithm creates huge redundant patterns. As well as CFP
algorithm generates large number of fictitious patterns.

2.2.4. Periodic pattern mining
In time series database, periodic pattern mining is one of the most
important research problems. A time series database consists of a list
of transactional data with respect to an equal distant of time interval.
Mining periodic patterns from a time series database is really important
in various applications to find those patterns which repeat after a fixed
interval of time. It is used in predicting future events or patterns in time
series databases that helps in effective decision making (Weigend and
Gerschenfeld, 1994; Rasheed and Alhajj, 2010). However, the existing
algorithms can be categorized into two types. The first category of
algorithms find periodic patterns (Rasheed et al., 2011). The second
category of algorithms find flexible patterns (Nishi et al., 2013).
However, closed flexible pattern mining avoids unnecessary flexible
patterns.
The mining of recurring patterns in time series database is known as
periodic pattern mining which is also known as periodicity analysis. It is
a process of searching or extracting patterns in time series database, that
is repeating itself after a regular time interval or not. In general, three
types of periodic patterns can be detected in a time series database:
symbol periodicity, partial or sequence periodicity and full cycle or
segment periodicity.
The most popular algorithm in the field of the periodic pattern
mining in time series database is periodic pattern mining using suffix
tree (Rasheed et al., 2011), patterns are generated without user
specifying period value. The contributions of the algorithm are detecting
symbol, sequence, and segment periodicity; periodicity detection in
presence of noise; and identifying only useful and non redundant periods
by applying pruning techniques to eliminate redundant periods.
Suffix tree based algorithm can detect only specific type of periodicity in various length of the pattern. However, it fails to generate
some flexible and interesting patterns. In Nishi et al. (2013), all
possible exclusive interesting patterns are generated by allowing event
skipping among intermediate events. The key features of the algorithm
are generating patterns by adding extra flexibilities for the user to
facilitate the discovery for those patterns which are generated by
skipping intermediate events, finding all the three types of periodicity
in one run, that is, the symbol, sequence and segment periodicity and
an 𝑎𝑝𝑟𝑖𝑜𝑟𝑖 based sequential pattern mining approach.

3. Our proposed approach
The proposed algorithm mines non-redundant closed flexible periodic patterns. Some necessary and related terms those required to
formalize the algorithm are described in the following subsection.
3.1. Applying discretization technique
Each sequence of time series database is transformed into a symbolic
representation using discretization technique. The time series T is shown
in Table 1 is discretized into some sequences, each sequence contains
a list of events {𝑒𝑖 , 𝑒𝑖+1 , … , 𝑒𝑗−1 , 𝑒𝑗 } and 1 ≤ 𝑖 ≤ 𝑗 ≤ 𝑛 as shown
in Table 2. Finally, a new time series sequence database is found by
applying discretization technique as shown in Table 3. It contains two
fields, sequence ID and the sequence itself. Every sequence is identified
by a unique sequence identifier (SID). The support of an event 𝑒𝑥 is
the number of sequences containing 𝑒𝑥 in a sample database, denoted
by 𝑠𝑢𝑝(𝑒𝑥 ). A nominee set is a set of frequent unique events of a time
series sequence database where an event is said to be a frequent event
if its support satisfies the user specified minimum support threshold
(𝑚𝑖𝑛𝑆𝑢𝑝), for a time series sequence database.
3.2. Mining first occurrence of a prefix sequence
Every sequence of a time series sequence database is scanned from
left to right to find the first occurrence of a prefix sequence of any event
or pattern. Given an input sequence S which contains prefix sequence
of an event e, the subsequence from the beginning of S to the first
appearance of event e in S is called the first occurrence of a prefix sequence
of the event e in S. Similarly, an input sequence S which contains prefix
sequence of pattern {𝑝(∗)𝑌 𝑒}, the subsequence from the beginning of S to
the first appearance of pattern {𝑝(∗ )𝑌 𝑒} in S is called the first occurrence
of a prefix sequence of pattern {𝑝(∗ )𝑌 𝑒}.
Table 4 illustrates an example, where ‘a’s first occurrence table is
derived from the sample database. It is required to check whether event
‘a’ appears or not in a sequence. Then find the first occurrence of a
prefix sequence of the event ‘a’ in the overall four sequences are ⟨𝑑𝑐𝑐𝑏𝑎⟩,
⟨𝑐𝑎⟩, ⟨𝑑𝑐𝑎⟩, and ⟨𝑐𝑎⟩, respectively. Similarly, first occurrence of a prefix
sequence of the event ‘c’ are ⟨𝑑𝑐⟩, ⟨𝑐⟩, ⟨𝑑𝑐⟩ and ⟨𝑐⟩, respectively.

2.2.5. Closed flexible pattern mining
Recently, Wu and Lee (2010) presented an algorithm for mining
closed flexible pattern (𝐶𝐹 𝑃 ) in time series databases. In the first
stage, piecewise aggregate approximation (PAA) (Keogh and Kasetty,
2003) is applied on each time-series sequence to achieve dimensionality
reduction. Then transformation of the PAA sequence into SAX (Lin
et al., 2003) representation is performed. In the second stage, the
transformed database is scanned once to find all frequent 1-patterns and
a projected database is formed for each 1-pattern. Then a sequence tree
is created which stores these 1-patterns at the first level of the tree. In the
third stage, each 1-pattern is extended to mine closed flexible patterns
in depth-first search (DFS) manner. For each frequent 1-pattern p at
the first level, the nominees of the p is extended, each of which can be
obtained with p to form 2-patterns.
5

S. Akther et al.

Engineering Applications of Artificial Intelligence 69 (2018) 1–23
Table 4
Computing first occurrence of the events of Table 3.
Time series sequence database
Sequence ID

Sequence

S1
S2
S3
S4

𝑑𝑐𝑐𝑏𝑎𝑒
𝑐𝑎𝑑𝑎𝑓 𝑓
𝑑𝑐𝑎𝑑𝑎𝑓
𝑐𝑎𝑏𝑑𝑐𝑒

𝑎’s first occurrence

𝑏’s first occurrence

𝑐’s first occurrence

𝑑𝑐𝑐𝑏𝑎
𝑐𝑎
𝑑𝑐𝑎
𝑐𝑎

𝑑𝑐
𝑐
𝑑𝑐
𝑐

𝑑
𝑐𝑎𝑑
𝑑
𝑐𝑎𝑏𝑑

Table 5
Mining first occurrence of the patterns of Table 3.
Time series sequence database 𝑐(∗)𝑌 𝑎’s first occurrence
Sequence ID

Sequence

S1
S2
S3
S4

𝑑𝑐𝑐𝑏𝑎𝑒
𝑐𝑎𝑑𝑎𝑓 𝑓
𝑑𝑐𝑎𝑑𝑎𝑓
𝑐𝑎𝑏𝑑𝑐𝑒

𝑑𝑐𝑐𝑏𝑎
𝑐𝑎
𝑑𝑐𝑎
𝑐𝑎

Table 4. If the nominee ‘a’ is not remove from the nominee set, it will
create an 1-length pattern {𝑎∶4}. Then in the next level, another pattern
{𝑐(∗ )𝑌 𝑎∶4} will be found. Therefore 1-length pattern {𝑎} will be a nonclosed pattern. So nominee ‘a’ is pruned from the nominee set.

𝑐(∗)𝑌 𝑑’s first occurrence

3.4. Applying RangeScan pruning method

𝑐𝑎𝑑
𝑑𝑐𝑎𝑑
𝑐𝑎𝑏𝑑

In order to get non-redundant closed flexible periodic patterns
and minimize non-closed flexible periodic patterns, RangeScan pruning
technique is applied after creating the first occurrence of a prefix
sequence table for any pattern. Let p be a pattern and {𝑒1 , 𝑒2 , … , 𝑒𝑛 }
are nominees of this pattern. A longer length periodic pattern is created
by appending any event 𝑒𝑖 with p where 𝑖 ≤ 𝑛. Before doing so, it is
required to check if there exists any event 𝑒𝑗 (𝑗 ≤ 𝑛) between p and 𝑒𝑖
or there exists any event 𝑒𝑘 (𝑘 ≤ 𝑛) before the pattern 𝑝(∗ )𝑌 𝑒𝑖 with the
same support count of the pattern p and 𝑒𝑖 . In this case, the patterns
are generated by appending 𝑒𝑖 after p will be non-closed or redundant.
RangeScan technique is applied to identify such type of pattern that will
eventually generate redundant or non-closed patterns.
It now has the following lemma.

Table 6
Applying BackScan technique on Table 4.
Nominee

Support

Superpattern

Support

Status

𝑎
𝑐
𝑑

4
4
4

𝑐(∗ )𝑌 𝑎
𝑑(∗ )𝑌 𝑐
𝑐(∗ )𝑌 𝑎(∗ )𝑌 𝑑

4
2
2

×
✓
✓

Likewise, Table 5 shows an example where first occurrence of a
prefix sequence of the pattern {𝑐(∗)𝑌 𝑎} is derived from the time series
sequence database. The first occurrence of a prefix sequence of the
pattern {𝑐(∗ )𝑌 𝑎} in the overall four sequences are ⟨𝑑𝑐𝑐𝑏𝑎⟩, ⟨𝑐𝑎⟩, ⟨𝑑𝑐𝑎⟩
and ⟨𝑐𝑎⟩, respectively. By the similar way, first occurrence of a prefix
sequence of the pattern {𝑐(∗)𝑌 𝑑} in the four sample sequences are ⟨𝑐𝑎𝑑⟩,
⟨𝑑𝑐𝑎𝑑⟩, and ⟨𝑐𝑎𝑏𝑑⟩, respectively.

Lemma 2. Let N = {𝑒1 , 𝑒2 , 𝑒3 , … , 𝑒𝑛 } be a nominee set for a pattern 𝑝. Any
event 𝑒𝑖 ( 𝑖 ≤ 𝑛) can be safely eliminated from the nominee set of pattern 𝑝 to
avoid the mining of redundant closed or non-closed pattern if support( 𝑝, 𝑒𝑖 )
= support(super-sequence( 𝑝, 𝑒𝑖 )) where ( 𝑗 ≤ 𝑛).

3.3. Applying BackScan pruning method

Proof. Suppose, there exists an event 𝑒𝑗 between/before the pattern p
and event 𝑒𝑖 with same support count of pattern p and 𝑒𝑖 , and the event
𝑒𝑖 is not pruned from the nominee set of the pattern p for some reason.
Then a new pattern q1 should be created by appending 𝑒𝑖 after p and the
pattern 𝑞1 = {𝑝[𝑥, 𝑦]𝑒𝑖 } will recorded in the (𝑙)th level of the sequence
tree where 𝑙 > 1. Consequently, in the (𝑙 + 1)th level, another pattern
𝑞2 = {𝑝[𝑥𝑗 , 𝑦𝑗 ]𝑒𝑗 [𝑥𝑖 , 𝑦𝑖 ]𝑒𝑖 } (in case of 𝑒𝑗 found in between 𝑝 and 𝑒𝑖 ) or
𝑞2 = {𝑒𝑗 [𝑥𝑗 , 𝑦𝑗 ]𝑝[𝑥𝑖 , 𝑦𝑖 ]𝑒𝑖 } (in case of 𝑒𝑗 found in before 𝑝 and 𝑒𝑖 ) should
be found and the support of q1 and q2 will be same (according to the
assumption). Hence, q1 will be a redundant or non-closed pattern since
q2 contains q1 and it has the same support count as q1 . The 𝑅𝑎𝑛𝑔𝑒𝑆𝑐𝑎𝑛
technique (Section 3.4) prunes such events at initial stage that would
generate redundant and non-closed patterns at later stages. Therefore
event 𝑒𝑖 will be pruned from the nominee set to avoid the mining of
redundant and/or non-closed periodic patterns. □

In order to minimize non-closed patterns, BackScan (Wang and Han,
2004) pruning technique is applied after creating the first occurrence
of a prefix sequence table for any event. BackScan scheme is applied
to check if there exists any super-sequence of the event with same
support count. The event is removed from the nominee set if its supersequence with same support count exists otherwise it will create nonclosed patterns.
It now has the following lemma.
Lemma 1. Let N = {𝑒1 , 𝑒2 , 𝑒3 , … , 𝑒𝑛 } be a nominee set. Any event 𝑒𝑖
( 𝑖 ≤ 𝑛) can be safely eliminated to avoid generating non-closed patterns
if support( 𝑒𝑖 ) = support(super-sequence( 𝑒𝑖 )).
Proof. Suppose, there exists a super-sequence {𝑒𝑗 , 𝑒𝑖 } of an event
sequence 𝑒𝑖 with same support count, but the event 𝑒𝑖 is not pruned
from the nominee set for some reason. Then a 1-length pattern 𝑝1 = {𝑒𝑖 }
should be created at 1st level of the sequence tree. Then at 2nd level,
another pattern 𝑝2 = {𝑒𝑗 [𝑥, 𝑦]𝑒𝑖 } should be found. However, according
to the assumption, the support of pattern 𝑝1 and pattern 𝑝2 will be same.
Hence, p1 will be a non-closed pattern since p2 contains p1 and it has the
same support count as p1 (definition of closed pattern). The 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛
technique (Section 3.3) prunes such events at initial stage that would
generate non-closed patterns at later stages. Therefore event 𝑒𝑖 will be
pruned from the nominee set to avoid the mining of non-closed periodic
patterns. □

As an example, consider the Table 7 illustrating the RangeScan
pruning method, where {𝑐} is a pattern and the nominees of the pattern
are {𝑎, 𝑑}. A 2-length pattern will be created by appending ‘a’ or ‘d’
with {c}. It is required to check for the existence of events ‘a’ and ‘d’
between/before pattern {c} and event ‘d’ and between/before pattern
{c} and event ‘a’, respectively, with same support count, i.e. 3 and 4.
There exists an event a between pattern {c} and event d with same
support count, i.e. 3 and an event exists before pattern {c} and event
a with different support count, i.e. 2 is observed from the 𝑐(∗ )𝑌 𝑑’s and
𝑐(∗ )𝑌 𝑎’s first occurrence table in Table 5.
Consequently, a 2-length pattern {𝑐(∗ )𝑌 𝑑∶3} will be created if the
event d is not pruned from the nominee set of pattern {𝑐}. Then
another pattern {𝑐(∗)𝑌 𝑎(∗ )𝑌 𝑑∶3} will be found in the next level of the
sequence tree. The 2-length pattern {𝑐(∗)𝑌 𝑑∶3} will be a redundant
pattern since {𝑐(∗)𝑌 𝑑∶3} contains same information of the pattern {𝑐(∗
)𝑌 𝑎(∗ )𝑌 𝑑∶3} and they have same support count. Therefore, the nominee

Table 6 illustrates an example of BackScan pruning method. Assume
that {𝑎, 𝑐, 𝑑} is a nominee set. There is no super-pattern of nominee
‘c’ with same support count is observed from the ‘c’s first occurrence
table in Table 4. However, there is a super-pattern of nominee ‘a’ with
same support count is observed from the ‘a’s first occurrence table in
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Table 7
Applying RangeScan technique on Table 5.
Nominee

Frequent pattern

Support

Superpattern

Support

Status

𝑎
𝑑

𝑐(∗ )𝑌 𝑎
𝑐(∗ )𝑌 𝑑

4
3

𝑑(∗ )𝑌 𝑐(∗ )𝑌 𝑎
𝑐(∗ )𝑌 𝑎(∗ )𝑌 𝑑

2
3

✓
×

Table 8
Index table of pattern 𝑎[𝑥, 𝑦]𝑏.
Time series sequence database

𝑐’s projected database

Sequence ID

Sequence

Sequence ID

Subsequence

An index table for 𝑐[𝑥, 𝑦]𝑎
Column 0

S1
S2
S3
S4

𝑑𝑐𝑐𝑏𝑎𝑒
𝑐𝑎𝑑𝑎𝑓 𝑓
𝑑𝑐𝑎𝑑𝑎𝑓
𝑐𝑎𝑏𝑑𝑐𝑒

S1
S2
S3
S4

𝑐𝑏𝑎𝑒
𝑎𝑑𝑎𝑓 𝑓
𝑎𝑑𝑎𝑓
𝑎𝑏𝑑𝑐𝑒

S2
S3
S4

Column 1

Column 2
S1
S2
S3

Table 9
Applying column-pruning on Table 8.
An index table for 𝑐[𝑥, 𝑦]𝑎
Column 0
S2
S3
S4

Column 1

Pattern generation from index table
without column-pruning

Column-pruning

Pattern generation from index table
after column-pruning

Column 2

Pattern

List of sequence IDs

Support count

Column 0

Column 2

Pattern

List of sequence IDs

Support count

S1
S2
S3

𝑐[0, 0]𝑎
𝑐[1, 1]𝑎
𝑐[2, 2]𝑎
𝑐[0, 1]𝑎
𝑐[0, 2]𝑎
𝑐[1, 2]𝑎

S2, S3, S4

3
0
3
3
4
3

S2
S3
S4

S1
S2
S3

𝑐[0, 0]𝑎
𝑐[2, 2]𝑎
𝑐[0, 2]𝑎

S2,S3,S4
S1,S2,S3
S1,S2,S3,S4

3
3
4

S1, S2, S3
S2, S3, S4
S1S2, S3, S4
S1, S2, S3

Lemma 3. Let T be an index table where 𝑐0 , 𝑐1 , 𝑐2 , …, 𝑐𝜏 are 𝜏 number of
columns of the index table. Any 𝑖th-column ( 𝑖 ≤ 𝜏) can be removed from the
index table to prevent the generating of redundant patterns (fictitious patterns
are considered to be as redundant pattern) if any 𝑖th-column remain empty.

‘d’ is removed from the nominee set to avoid mining redundant closed
or non-closed patterns and keep the nominee ‘a’ in the nominee set of
pattern {𝑐} to create non-redundant longer length pattern.
3.5. Index table construction

Proof. Suppose, 𝑖th-column is empty and some patterns like, 𝑝[𝑚, 𝑖−1]𝑒,
𝑝[𝑚, 𝑖]𝑒, 𝑝[𝑖, 𝑛]𝑒, 𝑝[𝑖 + 1, 𝑛]𝑒 are found where 0 ≤ 𝑚 < 𝑖 and 𝑖 < 𝑛 ≤ 𝜏. The
support of the pattern 𝑝[𝑚, 𝑖 − 1]𝑒 is counted by merging the lists of SID
of corresponding columns from m to 𝑖 − 1. Similarly, the support of the
pattern 𝑝[𝑚, 𝑖]𝑒 is counted by merging the lists of SID of corresponding
columns from m to i. However, if 𝑖th-column is found empty, the lists of
SID in the pattern 𝑝[𝑚, 𝑖 − 1]𝑒 and pattern 𝑝[𝑚, 𝑖]𝑒 will be same. So the
pattern 𝑝[𝑚, 𝑖]𝑒 will be a redundant pattern. Similarly, the pattern 𝑝[𝑖, 𝑛]𝑒
will be also a redundant pattern since the lists of SID of the pattern
𝑝[𝑖, 𝑛]𝑒 and the pattern 𝑝[𝑖 + 1, 𝑛]𝑒 will be same. So, if the 𝑖th-column
is removed (i.e. 𝐶𝑜𝑙𝑢𝑚𝑛-𝑝𝑟𝑢𝑛𝑖𝑛𝑔 method [Section 3.6] is utilized), then
redundant patterns 𝑝[𝑚, 𝑖]𝑒 and 𝑝[𝑖, 𝑛]𝑒 will not be generated but nonredundant patterns 𝑝[𝑚, 𝑖 − 1]𝑒 and 𝑝[𝑖 + 1, 𝑛]𝑒 will be generated. □

A pattern is created by combining a pattern p with a member 𝑒𝑖 of
the nominee set of pattern p. As a prior step, an index table is created
to give a gap specification [𝑥, 𝑦], for a given 𝜏 (user specified maximum
gap threshold) between a pattern p and an event 𝑒𝑖 , and calculate the
support of the newly mined pattern 𝑞 = {𝑝[𝑥, 𝑦]𝑒𝑖 }. In particular, index
table is a specialized data structure that contains 𝜏 +1 number of column
entry list holder. Here, an SID is inserted in 𝑛th list if the corresponding
sequence contains the event 𝑒𝑖 at 𝑛th position. The 𝑗th-column of the
index table records a list of SIDs in the p’s projected database so that
the number of gaps between p and 𝑒𝑖 is equal to j in these sequences,
0 ≤ 𝑗 ≤ 𝜏.
As an example, as shown in Table 8, assume that new patterns will
be created by combining a pattern {𝑐} with the member of nominee
set {𝑎, 𝑑} of pattern {𝑐} and 𝜏 = 2, minimum support threshold 3
i.e. 𝜎 = 75%. {𝑐}’s projected database (described in Section 2) is created
from time series sequence database. An index table is created which has
3 columns (column-0 to column-2). Then every occurrence of event ‘a’ in
every sequence in {𝑐}’s projected database is checked and the sequence
ID of sequence-2, sequence-3 and sequence-4 that is S2, S3 and S4 have
been added at Column-0 and the sequence 𝐼𝐷 of sequence-1, sequence-2
and sequence-3 that is S1, S2 and S3 have been added at Column-2 in the
index table.

As an example, illustrated in Table 9, an index table for pattern
𝑐[𝑥, 𝑦]𝑎 has been created in Table 8 which helps to provide a gap
specification [𝑥, 𝑦], for a given 𝜏 (user specified maximum gap threshold)
between a pattern {c} and an event a, and in calculating the support
of the newly mined pattern {𝑐[𝑥, 𝑦]𝑎}. In that index table, there are
three columns (column-0 to column-2). From Column-0 of the index table,
a pattern {𝑐[0, 0]𝑎} is found with support 3, from Column-1 pattern
{𝑐[1, 1]𝑎} is found with the support 0 and from Column-2, pattern
{𝑐[2, 2]𝑎} is found with the support 3. While counting the support of
the pattern 𝑐[0, 1]𝑎, the lists of SID of corresponding columns from 0 to
1 has been merged to count the support. Therefore the support of the
pattern 𝑐[0, 1]𝑎 is 3.
Similarly, 2 more patterns namely 𝑐[0, 2]𝑎∶4 and 𝑐[1, 2]𝑎∶3 are found.
Since Column-1 is empty in the index table, the lists of SID of the pattern
𝑐[0, 1]𝑎 is copied from the pattern 𝑐[0, 0]𝑎. Thus the pattern 𝑐[0, 1]𝑎 is said
to be a fictitious pattern. Likewise, another pattern 𝑐[1, 2]𝑎 is a fictitious
pattern since the lists of SID of the pattern 𝑐[1, 2]𝑎 is copied from the
pattern 𝑐[2, 2]𝑎. For this reason, if column pruning technique is applied,
then empty column is removed and fictitious patterns (𝑐[0, 1]𝑎, 𝑐[1, 2]𝑎)
are not generated.

3.6. Column-pruning method utilization
Huge fictitious patterns will be created if any attention does not paid
on the index table after creating it since patterns are created from an
index table. It is required to remove any column from the table if that
column remains empty. Then the support of the pattern {𝑝[𝑥, 𝑦]𝑒𝑖 } is
counted by merging the lists of SIDs of corresponding columns from
column-x to column-y.
It now has the following lemma.
7
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Fig. 2. Flow chart of NRCFP algorithm.

3.7. Our proposed algorithm: NRCFP

pattern and added to the sequence tree at first level as the child of the
root.

In this section, step by step description of proposed algorithm is
provided with proper illustrations. As shown in the flow chart of Fig. 2,
our proposed algorithm NRCFP consists of two steps—mining 1-length
periodic patterns and mining closed flexible periodic patterns.

Mining closed flexible periodic patterns. It is required to extend
the 1-length frequent periodic patterns to get longer closed flexible
periodic patterns. A projected database is created from the time series
sequence database for every 1-length periodic pattern. From the projected database, a nominee set is found for 1-length periodic pattern.
For example, assume that 1-length periodic patterns are {𝑐} and {𝑑}
with 𝜏 = 2. Here, a lexicographical ordering is followed among the set
of patterns (𝑐 ≤ 𝑑 i.e. event ‘‘𝑐’’ occurs before event ‘‘𝑑’’). So first pattern
{𝑐}’s projected database table is created from the sample database which
is illustrated in Table 11. Since 𝜏 = 2, from that projected database, it is
required to scan for subsequences up to length = 3 from left to right in
each sequence in the time series sequence database to find the unique
events. Here {𝑎∶4, 𝑏∶2, 𝑐∶1, 𝑑∶3} are unique events. Since 𝑚𝑖𝑛𝑆𝑢𝑝 = 3
i.e. 𝜎 = 75%, the nominee set of pattern {c} is {a,d}.
Now, a longer length periodic pattern 𝑝(∗ )𝑌 𝑒𝑖 , 𝑝 is a pattern of any
length and 𝑒𝑖 is any member of the pattern {𝑝}’s nominee set, is created
by appending 𝑒𝑖 with p. Before doing so, first occurrence of prefix
sequence for that pattern is found and RangeScan (described in Section
3.4) technique is applied in the pattern {𝑝}’s nominee set. After that if
there exists any member in the nominee set, 1-length periodic pattern
is combined with that member of the nominee set with all possible
combinations of gap intervals by creating an index table (described in
Section 3.5). Column-pruning (described in Section 3.6) technique is
applied in the constructed index table. Then the support of 2-length
flexible periodic pattern is calculated. The newly generated 2-length
flexible periodic patterns with support greater than or equal to minSup

Mining 1-length periodic patterns. As an initialization step, a time
series database is transformed into a time series sequence database by
using discretization technique (Section 3.1). Here each of the transactions of the time series database is represented by a sequence of symbol,
where each event is represented by a unique symbol. A nominee set is
generated from the time series sequence database. Then each sequence
is scanned from left to right to find the unique events in the time series
sequence database and count the number of sequences containing the
event in the database which is called support. Our strategy works based
on vertical data format (Event × SID List) which is particularly better
than horizontal based strategies because of single scanning of database
is required for such format. If support of any event is greater than minSup
then the event is called a member of the nominee set.
Table 10 illustrates an example, where vertical data format (Event
× SID List) of the time series sequence database is provided. From that
sample database, 5 unique events a:4, b:2, c:4, d:4, e:2 and f:2 are found.
Consider 𝑚𝑖𝑛𝑆𝑢𝑝 = 3 i.e. 𝜎 = 75%, then {𝑎, 𝑐, 𝑑} is the nominee set of
the time series sequence database.
Now first occurrence of prefix sequence for any member of the
nominee set is found and BackScan technique is applied. If that member
exists in the nominee set, the member is called as a 1-length periodic
8
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Table 10
Generation of nominee from Table 3.
Horizontal representation of a time series sequence database

Vertical representation of a time series sequence database

Sequence ID

Sequence

Event

SID list

Count occurrence

Support

S1
S2
S3
S4

𝑑𝑐𝑐𝑏𝑎𝑒
𝑐𝑎𝑑𝑎𝑓 𝑓
𝑑𝑐𝑎𝑑𝑎𝑓
𝑐𝑎𝑏𝑑𝑐𝑒

𝑎
𝑏
𝑐
𝑑
𝑒
𝑓

S1, S2, S3, S4
S1, S4
S1, S2, S3, S4
S1, S2, S3, S4
S1, S4
S2, S3

4
2
4
4
2
2

100%
50%
100%
100%
50%
50%

Table 11
Projected database.
Time series sequence database

of the events in that database and the maximum gap between two events
in a sequence. At line number 2, the function find_nominee() is called,
which returns a set of nominees for the given time series sequence
database (SDB). The function find_nominee() of Fig. 3 finds unique
events for the database, calculates the support count for each unique
event and adds the events in the nominee set if the support count is
greater than or equal to 𝑚𝑖𝑛𝑆𝑢𝑝 in each iteration of the loop, defined in
lines 17 to 22.
The ‘‘foreach’’ loop, defined in lines 3 to 12 of the algorithm
𝑁𝑅𝐶𝐹 𝑃 in Fig. 3, recurrently generates 1-length periodic patterns.
For any nominee 𝑒𝑖 , the function 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛() is called, which returns
zero or non-zero value for the given sample database (SDB), at line
number 4. The function 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛() of Fig. 3 constructs the set of
first occurrence sequences for that nominee 𝑒𝑖 . At line number 27 in
the function 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛(), the function 𝑓 𝑖𝑟𝑠𝑡_𝑜𝑐𝑐_𝑒𝑣𝑒𝑛𝑡() is called, which
scans every sequence of the database (SDB) from left to right to find the
first occurrence of a prefix sequence of the nominee 𝑒𝑖 . This helps the
function 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛() to find the super sequence of that nominee 𝑒𝑖 . The
support of the nominee 𝑒𝑖 and the super sequence 𝑠𝑗 is checked at lines
29 to 34. Then, either there will occur option (1) if the support of the
super sequence 𝑠𝑗 is equal to the support of the nominee 𝑒𝑖 , then set the
cardinality of the variable BS𝑒𝑖 to non-zero and return that value to the
𝑁𝑅𝐶𝐹 𝑃 algorithm at line number 4, or there will occur option (2) if
the support of the super sequence 𝑠𝑗 is not equal to the support of the
nominee 𝑒𝑖 , then set the cardinality of the variable BS𝑒𝑖 to zero and then
checks the next super sequence support count until no more sequences
can be found in FOE set. Then some 1-length periodic patterns are
found if 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛() function returns zero at line numbers 4 to 6 of the
algorithm 𝑁𝑅𝐶𝐹 𝑃 in Fig. 3. It implies that the function 𝐵𝑎𝑐𝑘𝑆𝑐𝑎𝑛()
eliminates the nominee which has super sequence with same support
count to avoid the generation of non-closed patterns.
At line number 7, the function 𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 () is called, which
efficiently generates the non-redundant closed flexible periodic patterns.
The function 𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 () of Fig. 4 takes a pattern 𝑝𝑛 , two databases(1) sample time series sequence database (SDB) and (2) any temporary
database (DB), 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 threshold (𝜎), and 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝐺𝑎𝑝 threshold (𝜏) as input. At lines 3 of the function 𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 () of Fig. 4,
the algorithm constructs a projected database (PDB) from the database
(SDB) for the pattern 𝑝𝑛 where a PDB consists of some sequences.
The function find_nominee() is called again at line number 4 of
the function 𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 in Fig. 4, which returns a set of nominees
from that projected database (PDB). If any nominee is found then it
adds that nominee with the pattern 𝑝𝑛 to create (𝑛 + 1)-length flexible
pattern (𝑝𝑛 (∗)𝑌 𝑒𝑖 ). Prior to this, the function 𝑅𝑎𝑛𝑔𝑒𝑆𝑐𝑎𝑛() is called at
line number 7 to avoid the generation of redundant flexible patterns.
The function 𝑅𝑎𝑛𝑔𝑒𝑆𝑐𝑎𝑛() of Fig. 3 builds the set of first occurrence
sequences for the pattern (𝑝𝑛 (∗ )𝑌 𝑒𝑖 ). At line number 40 in Fig. 3, the
function 𝑓 𝑖𝑟𝑠𝑡_𝑜𝑐𝑐_𝑝𝑎𝑡𝑡𝑒𝑟𝑛() is called, which scans every sequence of the
database (SDB) from left to right to find the first occurrence of a prefix
sequence of the pattern (𝑝𝑛 (∗ )𝑌 𝑒𝑖 ). This helps the function 𝑅𝑎𝑛𝑔𝑒𝑆𝑐𝑎𝑛()
to find the super sequence of that pattern (𝑝𝑛 (∗ )𝑌 𝑒𝑖 ). The support of the
pattern (𝑝𝑛 (∗ )𝑌 𝑒𝑖 ) and the super sequence 𝑠𝑗 is checked at lines 42 to
47. Then, either there will occur option (1) if the support of the super
sequence 𝑠𝑗 is equal to the support of the pattern (𝑝𝑛 (∗)𝑌 𝑒𝑖 ), then set the
cardinality of the variable RS𝑒𝑖 to non-zero and return that value to the
function 𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 () of Fig. 4 at line number 7, or there will occur

{𝑐}’s projected database

Sequence ID

Sequence

S1
S2
S3
S4

𝑑𝑐𝑐𝑏𝑎𝑒
𝑐𝑎𝑑𝑎𝑓 𝑓
𝑑𝑐𝑎𝑑𝑎𝑓
𝑐𝑎𝑏𝑑𝑐𝑒

𝑐𝑏𝑎𝑒
𝑎𝑑𝑎𝑓 𝑓
𝑎𝑑𝑎𝑓
𝑎𝑏𝑑𝑐𝑒

are added in the second level of the sequence tree. At this point, closure
checking scheme is applied between super-patten and sub-pattern to
find closed flexible periodic patterns. Similarly, the step 2 is applied
recursively to generate larger length closed flexible periodic patterns
until no more frequent pattern can be mined.
It now has the following theorems and lemma.
Theorem 1. Every pattern generated by the NRCFP algorithm is nonredundant.
Proof. By Lemma 2, an event 𝑒𝑖 (𝑖 ≤ 𝑛) is removed from the nominee
set {𝑒1 , 𝑒2 , 𝑒3 , … , 𝑒𝑛 } of pattern p if there exists either an event 𝑒𝑗 (𝑗 ≤ 𝑛)
between the pattern p and event 𝑒𝑖 with same support count of p and
𝑒𝑖 or if there exist an event 𝑒𝑘 (𝑘 ≤ 𝑛) before the pattern p and event 𝑒𝑖
with same support count of p and 𝑒𝑖 to avoid the mining of redundant
closed or non-closed patterns. Moreover, by Lemma 3, the column-i is
removed if any 𝑖th-column remain empty of the index table to prevent the
generation of redundant patterns. Therefore, every pattern generated by
the NRCFP algorithm is non-redundant. □
Lemma 4. Every closed flexible periodic pattern can be found by the NRCFP
algorithm.
Proof. In proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm, BackScan pruning technique
is applied before finding 1-length periodic patterns to avoid the mining
of non-closed periodic patterns. Then at each level of extension, each
frequent k-pattern p is combined with every nominee found in p’s
projected database and uses index table to enumerate all frequent (𝑘+1)pattern of p, 𝑘 ≥ 1. Thus, every frequent (𝑘 + 1)-pattern in the database
can be found by the NRCFP algorithm. Once a frequent (𝑘 + 1)-pattern
is found, the closure property scheme is adopted to check the closeness
of flexible periodic patterns. Hence, all closed flexible periodic patterns
will be generated by 𝑁𝑅𝐶𝐹 𝑃 . □
Theorem 2. The NRCFP algorithm enumerates all non-redundant closed
flexible periodic patterns from the database.
Proof. By Theorem 1, every pattern found by the NRCFP algorithm
is non-redundant. According to Lemma 4, every closed flexible pattern
can be found by the NRCFP algorithm. Therefore, it can be concluded
that the NRCFP algorithm enumerates all non-redundant closed flexible
periodic patterns in the database. □
3.8. Algorithm description and analysis
Fig. 3 contains the pseudo code of the proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm.
As input, the algorithm takes time series sequence database, frequency
9
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Fig. 3. NRCFP algorithm.

option (2) if the support of the super sequence 𝑠𝑗 is not equal to the
support of the pattern (𝑝𝑛 (∗)𝑌 𝑒𝑖 ), then set the cardinality of the variable
RS𝑒𝑖 to zero and then checks the next super sequence support count until
no more sequences can be found in FOP set.
Then a nominee is found if 𝑅𝑎𝑛𝑔𝑒𝑆𝑐𝑎𝑛() function in Fig. 4 returns
zero at line numbers 7 and it is added with the 𝑛-length pattern to
form (𝑛 + 1)-length pattern (𝑝𝑛 (∗ )𝑌 𝑒𝑖 ) recursively in each iteration of the
‘‘foreach’’ loop, defined in lines 6 to 18. At line number 9 of Fig. 4, the
function 𝑖𝑛𝑑𝑒𝑥_𝑡𝑎𝑏𝑙𝑒() is called, which helps to give a gap specification
between 𝑛-length pattern 𝑝𝑛 and the nominee 𝑒𝑖 .
The function 𝑖𝑛𝑑𝑒𝑥_𝑡𝑎𝑏𝑙𝑒() of Fig. 4 takes an 𝑛-length pattern 𝑝𝑛 ,
the nominee 𝑒𝑖 , the pattern 𝑝𝑛 ’s projected database, 𝑚𝑖𝑛𝑆𝑢𝑝(𝜎), and

𝑚𝑎𝑥𝐺𝑎𝑝(𝜏) as input. At line 26, the function 𝑖𝑛𝑑𝑒𝑥_𝑡𝑎𝑏𝑙𝑒() finds the
position 𝑃 𝑜𝑠𝑒𝑖 in each sequence (𝑆𝑖 ) for the nominee 𝑒𝑖 and adds the corresponding sequence ID (𝑆𝑒𝑞𝐼𝐷𝑆𝑖 ) in the (𝑃 𝑜𝑠𝑒𝑖 )𝑡ℎ column of the index
table (𝐼𝐷𝑇 ) at line 28. In lines 30 and 31 of the function 𝑖𝑛𝑑𝑒𝑥_𝑡𝑎𝑏𝑙𝑒(),
the two ‘‘for’’ loops are responsible for give a gap specification [𝐼, 𝐽 ]
between the pattern 𝑝𝑛 and the nominee 𝑒𝑖 .
The list of sequence IDs are merged from column-I to column-J and
cannot consider the empty column to apply 𝑐𝑜𝑙𝑢𝑚𝑛 − 𝑝𝑟𝑢𝑛𝑖𝑛𝑔 technique,
at line number 32. The newly mined pattern is found at line number 33
and the support of the pattern is the cardinality of the set LSID. Finally,
all patterns and their corresponding support are returned to the function
𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 () of Fig. 4 at line number 9. Then a 𝑐𝑙𝑜𝑠𝑢𝑟𝑒_𝑐ℎ𝑒𝑐𝑘𝑖𝑛𝑔()
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Fig. 4. NRCFP algorithm cont.

Property 1. 𝑁𝑅𝐶𝐹 𝑃 is a lossless and complete closed flexible pattern
mining technique

scheme is applied between 𝑛-length pattern and (𝑛 + 1)-length pattern to
find closed flexible pattern, at line number 11. At line number 12, again
the function 𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 () is called recursively to generate the new
flexible periodic pattern.
Finally, the function 𝑚𝑖𝑛𝑒_𝑁𝑅𝐶𝐹 𝑃 () returns the set of closed flexible
periodic patterns to 𝑁𝑅𝐶𝐹 𝑃 algorithm at line number 7 of Fig. 3.
At the end of computation of the algorithm 𝑁𝑅𝐶𝐹 𝑃 in Fig. 3, that
is, after the ‘‘foreach’’ loop in lines 3 to 12, line 13 displays the complete
set of resultant non-redundant closed flexible periodic patterns.
In this section, our proposed algorithm NRCFP has been presented
for mining closed flexible periodic patterns. A brief description of the
algorithm with some lemmas and theorems, and the description of the
pseudo code have been provided.

Proof. Let C = {𝐶1 , 𝐶2 , … , 𝐶𝑚 } be a set of all closed flexible periodic
patterns (CF-Patterns) those can be mined from a time series sequence
database with respect to a minSup threshold. A CF-Pattern 𝐶𝑖 (𝑖 ≤ 𝑚) may
not have been included into C for two reasons- (i) 𝐶𝑖 has been pruned
or (ii) the algorithm has terminated before 𝐶𝑖 has been included into C.
The algorithm derives CF-Patterns of different length incrementally
until all the branches of the constructed 𝑆𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑇 𝑟𝑒𝑒 are explored
and no more patterns can be generated in Depth First Search (DFS)
manner. A branch terminates computing CF-Patterns in DFS manner by
emptying the corresponding nominee set. At first, it mines frequent 1length periodic patterns for every branch from the nominee set of time
series sequence database (Lemma 1). Then it mines the representative
CF-Patterns for every branch by initial pruning of each frequent 1-length
periodic pattern using closer checking scheme. According to Lemma 3,
𝑁𝑅𝐶𝐹 𝑃 initiates the recursive derivation of CF-Patterns of that branch
by extending the representative CF-Patterns where any member of the
nominee set is appended with representative CF-Pattern. Moreover,
Lemma 2 ensures the non-redundancy of the appending process.

4. Properties of 𝑵𝑹𝑪𝑭 𝑷
In this section, three most important properties namely lossless
pattern mining, completeness and soundness of our proposed algorithm
𝑁𝑅𝐶𝐹 𝑃 are described.
11

S. Akther et al.

Engineering Applications of Artificial Intelligence 69 (2018) 1–23
Table 12
Real-life database characteristics.
Database

Short name

Number of
transactions

Number of
attributes

Attribute
characteristic

Diabetes patients records
Brent oil history of price
Bike sharing records

Diabetes
Oil price
Bike sharing

1 327
2 045
17 368

20
7
16

Categorical, Integer
Real
Integer and real

However, in 𝑁𝑅𝐶𝐹 𝑃 , 𝐶𝑖 ∈ C is pruned only if (i) it has insufficient
support, or (ii) it is a generator of non-closed flexible periodic patterns
(Lemma 1), or (iii) it is a generator of redundant flexible periodic
patterns (Lemma 2), or (iv) it is a generator of fictitious flexible periodic
patterns (Lemma 3). Therefore 𝑁𝑅𝐶𝐹 𝑃 never misses any closed flexible
periodic patterns. □

The performance of our proposed algorithm is compared with existing 𝐶𝐹 𝑃 algorithm. First the 𝐶𝐹 𝑃 (Wu and Lee, 2010) algorithm
is adopted to mine closed flexible periodic from time series database.
Then transform time series database into a sample database using
discretization technique and discover nominees from sample database.
Apply BackScan technique to eradicate nominee if there is any nominee
found and there exists any super-sequence with same support count.
Store each event in the nominee set as frequent 1-periodic patterns and
build a projected database for a pattern p. Apply RangeScan technique
to eradicate nominee of pattern 𝑝 if there is any nominee found in
𝑝′ 𝑠 projected database and there exists any super sequence with same
support count. Then repeatedly extend 𝑘-pattern 𝑝 to find its frequent
super-pattern according to the above algorithm in Fig. 4.
Before using the database, it is modified to control few parameters
such as the length of the time series database and the number of
unique symbols. Based on the properties of time series databases, the
discretization range and threshold values are changed. To prove the
scalability and efficiency of 𝑁𝑅𝐶𝐹 𝑃 databases length (100 to 10 000)
are varied for a fixed value of period (𝑝 = 8), maximum gap threshold
(𝜏 = 3) and support threshold (𝜎 = 30%) with respect to number of
patterns and required running time. Then period values are varied from
5 to 15, where time series length = 1000, 𝜎 = 30% and 𝜏 = 3 were
kept fixed. Also minimum support threshold is varied from 10% to 100%
where, time series database length = 1000, period = 8 and maximum gap
threshold value = 3 are kept constant. Again maximum gap threshold
values are varied from 0 to 9 for a fixed dataset length = 1005, period
value 𝑝 = 5, and minimum support threshold 𝜎 = 60% with respect to
𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets.
After that the performance of 𝐶𝐹 𝑃 algorithm and our 𝑁𝑅𝐶𝐹 𝑃
algorithm are compared, both algorithms are run by varying different
parameters such as minimum support threshold value, period value and
maximum gap threshold value. The default values for these parameters
are chosen depending on the characteristics of the dataset under consideration. The performances are compared by varying minimum support
threshold where dataset size = 12 000, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 8 and 𝜏 = 3 for
𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 datset size = 1008, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 9 and 𝜏 = 3 for 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 ; and
dataset size = 1001, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 7 and 𝜏 = 5 for 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 , are kept
constant. Then the performances are compared by varying period value
where dataset size = 12 000, 𝜏 = 3 and 𝜎 = 30% for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 dataset
size = 1000, 𝜏 = 3 and 𝜎 = 30% for 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 ; and dataset size = 1000,
𝜏 = 3 and 𝜎 = 20% for 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 , are kept fixed. Finally, period value
are varied where dataset size = 12 000, 𝜏 = 3 and 𝜎 = 30% for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1
dataset size = 1000, 𝜏 = 3 and 𝜎 = 30% for 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 ; and dataset size =
1000, 𝜏 = 3 and 𝜎 = 20% for 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 , are kept as a default value.
The existing 𝐶𝐹 𝑃 algorithm and proposed algorithm 𝑁𝑅𝐶𝐹 𝑃 are
implemented in C++ programming language. The experiments were
conducted on Linux platform with 3 GB of RAM and 1.8 GHz Intel(R)
Core(TM) i3-3217U processor.

Property 2. 𝑁𝑅𝐶𝐹 𝑃 is a correct and sound technique
Proof (By Contradiction:). Suppose, neither 𝑁𝑅𝐶𝐹 𝑃 is a sound technique nor any closed flexible periodic patterns (CF-Patterns) C =
{𝐶1 , 𝐶2 , … , 𝐶𝑚 } mined from a time series sequence database with respect
to a minSup threshold are correct. A CF-Pattern 𝐶𝑖 (𝑖 ≤ 𝑚) may not
provide correct output for two reasons, either (1) 𝐶𝑖 is a redundant
pattern or (2) 𝐶𝑖 is a fictitious pattern.
Assume that N = {𝑒1 , 𝑒2 , … , 𝑒𝑛 } is the nominee set of the pattern
𝐶𝑖−1 . Pattern 𝐶𝑖 is created by appending any member 𝑒𝑖 with 𝐶𝑖−1 where
𝑖 ≤ 𝑛. Lemma 2 ensures that any member 𝑒𝑖 is safely eliminated from the
nominee set of pattern 𝐶𝑖−1 to avoid the mining of redundant flexible
pattern if 𝑠𝑢𝑝𝑝𝑜𝑟𝑡(𝐶𝑖−1 , 𝑒𝑖 ) = 𝑠𝑢𝑝𝑝𝑜𝑟𝑡(𝑠𝑢𝑝𝑒𝑟-𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒(𝐶𝑖−1 , 𝑒𝑗 , 𝑒𝑖 )) where
(𝑗 ≤ 𝑛).
Furthermore, pattern 𝐶𝑖 is created by a gap specification [𝑥, 𝑦], for
a given 𝜏 (user specified maximum gap threshold) between/before the
pattern 𝐶𝑖−1 and nominee 𝑒𝑖 , and 𝑁𝑅𝐶𝐹 𝑃 calculates the support of the
newly mined pattern 𝑞 = {𝑝[𝑥, 𝑦]𝑒𝑖 }. An index table is created to give
that gap specification [𝑥, 𝑦] effectively (Lemma 3). However, Lemma 3
ensures that any 𝑖th-column (𝑖 ≤ 𝜏) is removed from the index table if
found empty to prevent the generating of fictitious patterns. Hence, it
can be concluded that 𝑁𝑅𝐶𝐹 𝑃 neither generates any false pattern nor
any redundant pattern, which contradicts the assumption. □

5. Experimental results
The performance of our proposed algorithm is evaluated using real life time series datasets namely 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑟𝑒𝑐𝑜𝑟𝑑𝑠,1
𝑏𝑟𝑒𝑛𝑡 𝑜𝑖𝑙 ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙 𝑝𝑟𝑖𝑐𝑒 𝑑𝑎𝑡𝑎2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔 𝑟𝑒𝑐𝑜𝑟𝑑𝑠.3
Diabetes1 dataset is a collection of diabetes patient records. The
records are gathered either with respect to an internal clock to timestamp events in an automated system or with respect to ‘‘logical time’’
slots (breakfast-08:00, lunch-12:00, dinner-18:00, bedtime-22:00). This
dataset is a great resource for conducting research of time series to
predict the trend of events with respect to time. The Oil Price2 dataset
contains historical oil price record of Brent Oil company. The trend of oil
price with respect to time is recorded here which can be used to predict
the oil price in near future. The Bike Sharing3 dataset is the collection of
bike rental information systems. In the new generation of bike sharing
system, whole process from membership, rental and return back has
become automatic. Currently, there are about over 500 bike-sharing
programs around the world which is composed of over 500 thousand
bicycles. The characteristics of data being generated by the system make
them attractive for various research. The database characteristics are
illustrated in Table 12. The interested readers can be referred to the web
address of the datasets indicated in the footnotes1,2,3 for more details.
1
2
3

5.1. Performance evaluation
The evaluation of proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm with respect to
various parameters such as data size, minimum support threshold, maximum gap threshold and number of period value is shown in this section.
While evaluating our proposed algorithm, 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒firepolabel
and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔Bikelabel datasets are used, and the performance of the
proposed 𝑁𝑅𝐶𝐹 𝑃 proved its scalability and efficiency with respect to
number of patterns and required running time.

http://archive.ics.uci.edu/ml/datasets/Diabetes.
http://www.investing.com/commodities/brent-oil-historical-data.
http://archive.ics.uci.edu/ml/datasets/BikeSharing.
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Table 13
Performance analysis based on database length.
DB Size

100
200
300
400
500
600
700
800
900
1000

Running time (in ms)

Number of patterns

Diabetes

Oil price

Bike sharing

Diabetes

Oil price

Bike sharing

20
40
30
70
60
100
80
130
100
140

50
110
180
110
160
170
210
260
240
280

20
30
60
50
80
100
160
140
150
190

87
80
81
69
90
73
87
81
76
78

396
384
452
282
331
314
334
323
306
279

193
146
148
155
154
185
204
194
182
206

Table 14
Performance analysis based on minimum support threshold.
Minimum support threshold (in %)

10%
20%
30%
40%
50%
60%
70%
80%
90%
100%

Running time (in ms)

Number of patterns

Diabetes

Oil price

Bike sharing

Diabetes

Oil price

Bike sharing

410
200
140
100
80
60
50
40
30
20

1790
520
290
120
70
60
40
30
20
10

1490
500
240
140
60
50
40
30
20
10

587
187
78
33
19
13
9
7
7
3

4698
757
279
79
40
15
7
3
2
1

3855
714
206
71
29
13
5
4
1
0

with the three sub-columns of the second column and third column are
organized with the values for the three different datasets. As period
value changes, total number of generated patterns also changed and the
running time increases as well. Since, the period value corresponds to
the change in the interval of event cycle. The fact has greater impact on
periodicity and mined periodic patterns. This implies a change in closed
periodic pattern type, length and the time required to mine. This type
of analysis indicates that proposed algorithm is efficient enough to deal
with varying period values. For running time computation the actions
taken into considerations include (i) input taking, (ii) tree construction
and other processing and (iii) output pattern generation. Consequently,
the number of containing nodes of a tree (constructed during mining) is
considered as memory consumption of the algorithms.

5.1.1. Time estimation by varying data size
This section deals with running time and number of mined patterns
with respect to varying database length for a fixed value of period
(𝑝 = 8), maximum gap threshold (𝜏 = 3) and support threshold (𝜎 =
30%). Table 13 is intended to show the characteristics of 𝑁𝑅𝐶𝐹 𝑃 ,
based on the results obtained from 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒firepolabel and 𝑏𝑖𝑘𝑒
𝑠ℎ𝑎𝑟𝑖𝑛𝑔Bikelabel datasets. The second column of Table 13 represents the
running time needed to run the proposed algorithm and third column
is for depicting total number of mined flexible patterns. The three subcolumns of the second column and third column are dedicated for the
three different datasets. It can be observed from the table that the
running time increases with respect to the database lengths. However,
the increment is not beyond tolerance which implies that the proposed
approach is scalable.

5.1.4. Time estimation by varying maximum gap threshold
The performance of proposed 𝑁𝑅𝐶𝐹 𝑃 is analyzed with respect to
the running time of the algorithm, by changing maximum gap threshold
values with respect to a fixed dataset length = 1005, period value
𝑝 = 5, and minimum support threshold 𝜎 = 60% in this section.
Table 16 depicts the relation of total number of generated flexible
patterns (2nd column) and required running time (3rd 𝑐𝑜𝑙𝑢𝑚𝑛) with
changing maximum gap threshold values. In the table, the three subcolumns of the second column and third column are dedicated for the
three different datasets. It is observed that as maximum gap threshold
value is increased, total number of patterns is increased as well as the
required running time. Because there is an opportunity to create more
patterns by inserting do not care characters as ∗. From Table 16, it can be
stated that the proposed algorithm follows the property of maximum gap
threshold value and ensures accuracy. This illustrates that our proposed
algorithm is effective.

5.1.2. Time estimation by varying minimum support threshold
This section depicts the performance evaluation of proposed
𝑁𝑅𝐶𝐹 𝑃 with respect to the execution time and number of total mined
flexible patterns for varying minimum support threshold. Here, time
series database length = 1000, period = 8 and maximum gap threshold
value = 3 are kept constant. As support threshold value increases,
the number of total generated flexible patterns decreases that can be
observed in Table 14. The table is organized as 2nd column contains
running time and 3rd column holds number of patterns with the three
sub-columns of the second column and third column are dedicated for
the three different datasets. Increasing of support threshold value means
finding some patterns which are not more frequently appeared within
a fixed time interval in the given datasets. As the number of this type
of patterns is poor, the proposed algorithm needs less calculation to
generate patterns. Thus, running time decreases when threshold value
is increased. This analysis proved that our algorithm is efficient enough
in generating non-redundant closed flexible patterns.

5.2. Performance comparison with existing algorithm
The performance comparison of 𝑁𝑅𝐶𝐹 𝑃 algorithm with the existing
𝐶𝐹 𝑃 algorithm is described in this section. To compare the performance
of the existing algorithm and proposed algorithm, both algorithms
are run on the same machine in the same environment by changing
different parameters such as minimum support threshold value, period
value and maximum gap threshold value. The total time and memory

5.1.3. Time estimation by varying period value
This section provides a view of performance of the proposed
𝑁𝑅𝐶𝐹 𝑃 with respect to the running time and total number of mining
flexible patterns with different period values, where time series length =
1000, 𝜎 = 30% and 𝜏 = 3 were kept fixed. In Table 15, where 2nd
column depicts running time and 3rd column shows number of patterns
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Table 15
Performance analysis based on period value.
Period value

5
6
7
8
9
10
11
12
13
14
15

Running time (in ms)

Number of patterns

Diabetes

Oil price

Bike sharing

Diabetes

Oil price

Bike sharing

30
40
50
80
90
180
250
290
380
540
710

60
100
120
300
380
590
940
1 230
1 690
1 810
2 390

40
116
250
200
300
440
660
830
1 480
2 080
1 830

10
23
24
33
29
167
224
250
432
581
803

28
83
105
279
410
661
1 212
1 704
2 333
2 622
3 798

27
58
274
206
320
559
903
1 265
1 881
3 256
2 814

Table 16
Performance analysis based on maximum gap threshold.
Maximum gap threshold

0
1
2
3
4
5
6
7
8
9

Running time (in ms)

Number of patterns

Diabetes

Oil price

Bike sharing

Diabetes

Oil price

Bike sharing

10
20
40
60
340
1 330
3 830
8700
10680
13780

10
20
60
130
180
340
460
550
670
760

10
20
40
70
330
890
2 000
3 000
4 280
5 790

4
6
13
48
267
1 113
3 299
7 696
9 501
12 270

9
18
37
75
101
177
262
290
387
429

5
7
13
54
261
767
1 652
2 475
3 514
4 781

Fig. 5. Running time vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (diabetic dataset).

Fig. 6. Running time vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (oil price dataset).

required by proposed 𝑁𝑅𝐶𝐹 𝑃 and existing 𝐶𝐹 𝑃 were plotted for
comparison. Also the number of total patterns, closed patterns and
non-closed patterns generated by 𝑁𝑅𝐶𝐹 𝑃 and 𝐶𝐹 𝑃 were plotted for
contrasting the performance. The comparison is performed using three
dense datasets, 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒firepolabel and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔Bikelabel.
The range of minimum support threshold values, maximum gap threshold values and the number of period values were chosen depending on
the characteristics of the dataset under consideration.
5.2.1. Performance comparison wrt. varying minimum support threshold
This section illustrates the performance comparison with respect
to varying minimum support threshold where datasets length, period
value and maximum gap threshold are kept constant. Here, for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠1
dataset, size = 12 000, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 8 and 𝜏 = 3, for 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 datset,
size = 1008, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 9 and 𝜏 = 3; for and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 dataset,
size = 1001, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 7 and 𝜏 = 5, are kept fixed until stated
otherwise.
The running time required for both algorithms (proposed 𝑁𝑅𝐶𝐹 𝑃
and existing 𝐶𝐹 𝑃 ) with respect to varying minimum support threshold,
where datasets length, period value, maximum gap threshold are kept

Fig. 7. Running Time vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (bike sharing dataset).

constant, are plotted in Fig. 5, Fig. 6 and Fig. 7 for the three real life
datasets namely 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒firepolabel and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔Bikelabel
datasets, respectively. It is observed that with the increase on the
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Fig. 8. Total patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (diabetic dataset).

Fig. 11. Total closed patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (diabetic dataset).

Fig. 9. Total patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (oil price dataset).

Fig. 12. Total closed patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (oil price dataset).

Fig. 10. Total patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (bike sharing dataset).

Fig. 13. Total closed patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (bike sharing dataset).

threshold values, the mining time decreases for all datasets in both
𝑁𝑅𝐶𝐹 𝑃 and 𝐶𝐹 𝑃 . From the analyses, it can be stated that the proposed
algorithm takes fewer time than the existing algorithm and works
properly even for the large datasets, which is an indicator of the
efficiency of the proposed algorithm.
Comparison views of the two algorithms (proposed 𝑁𝑅𝐶𝐹 𝑃 and
existing 𝐶𝐹 𝑃 ), when dataset length, maximum gap threshold and period
values are kept fixed and minimum support threshold values are varied,
are provided in Fig. 8, Fig. 9 and Fig. 10 for the three real life
datasets namely 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔Bikelabel datasets,
respectively. The total number of generated patterns are found smaller
in our proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm than the existing 𝐶𝐹 𝑃 algorithm
for all three datasets.

Figs. 11–13 are plotted with the comparison of 𝑁𝑅𝐶𝐹 𝑃 and existing algorithm 𝐶𝐹 𝑃 by changing minimum support threshold value
with period value and keeping the database length constant. When
minimum support threshold value increases, total number of closed
patterns decreases for both algorithms while analyzing for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1
𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒firepolabel and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔Bikelabel datasets, respectively. The
proposed algorithm generates smaller number of closed patterns than
existing algorithm since the proposed algorithm never generates any
redundant closed pattern.
Some other comparison views were found by changing minimum
support threshold values and keeping the database length and other
parameters fixed and plotted the total number of generated non-closed
patterns in Fig. 14, Fig. 15 and Fig. 16 using 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2
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Fig. 17. Memory size vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (diabetic dataset).

Fig. 14. Total non-closed patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (diabetic dataset).

Fig. 18. Memory size vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (oil price dataset).
Fig. 15. Total non-closed patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (oil price dataset).

Fig. 19. Memory size vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (bike sharing dataset).
Fig. 16. Total non-closed patterns vs. 𝑚𝑖𝑛𝑆𝑢𝑝 (bike sharing dataset).

between two algorithms is very high. Therefore, it can be claimed
that our algorithm 𝑁𝑅𝐶𝐹 𝑃 is more efficient than existing algorithm
𝐶𝐹 𝑃 .

and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets, respectively. As support threshold value
goes higher, both algorithms (proposed 𝑁𝑅𝐶𝐹 𝑃 and existing 𝐶𝐹 𝑃 )
generates fewer non-closed patterns. However, our proposed algorithm
beats the existing approach in generating fewer number of non-closed
patterns.
The memory usage comparisons of the proposed approach and the
existing algorithm are shown in Figs. 17–19. Memory consumption is
meant by the number of nodes of the tree is contained at any time stamp.
For all the cases (𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 ), 𝐶𝐹 𝑃 is consuming more memory space than 𝑁𝑅𝐶𝐹 𝑃 . As 𝐶𝐹 𝑃 algorithm creates more
non-closed patterns, redundant closed patterns and fictitious patterns, it
creates more patterns than 𝑁𝑅𝐶𝐹 𝑃 and consumes more memory. For
a very low minimum support, the difference of memory consumption

5.2.2. Performance comparison by varying maximum gap threshold
This section illustrates the performance comparison with respect to
varying maximum gap threshold where datasets length, period value
and minimum support threshold are kept constant. Here, for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠1
dataset, size = 12 000, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 15 and 𝜎 = 60%, for 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2
dataset, size = 1008, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 9 and 𝜎 = 60%; and for 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3
dataset, size = 1005, 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 = 15 and 𝜎 = 60% are considered for
the following empirical study.
The maximum gap threshold is varied and the running time is plotted
in Fig. 20, Fig. 21 and Fig. 22 for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3
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Fig. 20. Running time vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (diabetic dataset).

Fig. 23. Total patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (diabetic dataset).

Fig. 21. Running time vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (oil price dataset).
Fig. 24. Total patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (oil price dataset).

Fig. 22. Running time vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (bike sharing dataset).
Fig. 25. Total patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (bike sharing dataset).

datasets, respectively, where period value, minimum support threshold
and database length are kept fixed. The maximum gap threshold value
is increased with the running time in both 𝑁𝑅𝐶𝐹 𝑃 and 𝐶𝐹 𝑃 . It can be
noticed that the proposed algorithm takes shorter time than the existing
algorithm and the tasks is done accurately.
Comparison of the two algorithms with respect to total number
of generated patterns when maximum gap threshold value is varied
with dataset length, minimum support threshold and period values are
kept constant is figured in Fig. 23, Fig. 24 and Fig. 25 for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1
𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 dataset, respectively. The total number of
generated patterns are plotted in the figures. The proposed 𝑁𝑅𝐶𝐹 𝑃
algorithm generates fewer patterns than the existing 𝐶𝐹 𝑃 algorithm,
which implies that the proposed algorithm is efficient enough.

Few comparisons of 𝑁𝑅𝐶𝐹 𝑃 algorithm and existing 𝐶𝐹 𝑃 algorithm
are plotted in Fig. 26, Fig. 27 and Fig. 28 where period value with
database length are kept fixed and maximum gap threshold value is
varied using 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets, respectively.
Total number of generated closed patterns increases for both algorithms
in all three datasets when maximum gap threshold value increases.
This analysis indicates that the proposed algorithm is complete and
efficient.
An observation is performed based on generated non-closed patterns
by varying maximum gap threshold value is viewed in Fig. 29 using
𝐷𝑖𝑎𝑏𝑒𝑡𝑒𝑠Diablabel dataset, Fig. 30 using 𝑂𝑖𝑙 𝑃 𝑟𝑖𝑐𝑒firepolabel dataset
and Fig. 31 using 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 dataset. Both algorithms generates more
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Fig. 26. Total closed patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (diabetic dataset).

Fig. 29. Total non-closed patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (diabetic dataset).

Fig. 27. Total closed patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (oil price dataset).

Fig. 30. Total non-closed patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (oil price dataset).

Fig. 28. Total closed patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (bike sharing dataset).

Fig. 31. Total non-closed patterns vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (bike sharing dataset).

non-closed patterns when maximum gap threshold value goes higher.
Nevertheless, our proposed algorithm generates a very few non-closed
patterns than the previous algorithm 𝐶𝐹 𝑃 .
Fig. 32, Fig. 33 and Fig. 34 illustrate the comparison of memory consumption for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets, respectively.
From the mentioned figures, it can be seen that 𝐶𝐹 𝑃 algorithm creates
more patterns since it creates large number of non-closed, extra closed
and fictitious patterns. Therefore, 𝐶𝐹 𝑃 consumes more memory space
than 𝑁𝑅𝐶𝐹 𝑃 for all the cases. The difference of memory consumption
between two algorithms is very high for a very high maximum gap
thresholds. Thus, 𝑁𝑅𝐶𝐹 𝑃 algorithm can be said more efficient than
𝐶𝐹 𝑃 algorithm.

5.2.3. Performance comparison by varying period value
This section illustrates the performance comparison with respect to
varying period value where dataset length, maximum gap threshold
and minimum support threshold are kept constant. Here, for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠1
dataset, size = 12 000, 𝜏 = 3 and 𝜎 = 30%, for 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 dataset,
size = 1000, 𝜏 = 3 and 𝜎 = 30%; and for 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 dataset size = 1000,
𝜏 = 3 and 𝜎 = 20%, are chosen for empirical study.
The performance of running time with respect to the variation of
period value for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets are plotted
in Figs. 35–37, respectively. It is noticed that with the increase on the
threshold values, the mining time is increased as well for all the real-life
datasets in both 𝑁𝑅𝐶𝐹 𝑃 (proposed) and 𝐶𝐹 𝑃 (existing) algorithms.
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Fig. 32. Memory size vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (diabetic dataset).

Fig. 35. Running time vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (diabetic dataset).

Fig. 33. Memory size vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (oil price dataset).

Fig. 36. Running time vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (oil price dataset).

Fig. 34. Memory size vs. 𝑚𝑎𝑥𝐺𝑎𝑝 (bike sharing dataset).

Fig. 37. Running time vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (bike sharing dataset).

From Figs. 35–37, it can be claimed that the 𝑁𝑅𝐶𝐹 𝑃 algorithm takes
shorter time than the 𝐶𝐹 𝑃 algorithm and works properly.
The impact of the variation of period value with the fixed value of
dataset length, minimum support threshold and maximum gap threshold
is shown in Fig. 38, Fig. 39 and Fig. 40 (for all three real-life datasets)
where a comparison of two algorithms is performed. From those figures,
it can be stated that the total number of generated patterns are fewer for
our proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm with compared to the existing 𝐶𝐹 𝑃
algorithm for 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets, respectively.
Fig. 41, Fig. 42 and Fig. 43 demonstrate the comparison of the
performance of the proposed algorithm 𝑁𝑅𝐶𝐹 𝑃 and existing algorithm
𝐶𝐹 𝑃 with respect to total number of generated closed patterns by
changing period value and keeping constant the value of maximum
gap threshold with database length using the three real-life datasets for

𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 dataset, respectively. The analyses
show that as the period value is increased, total number of generated
closed patterns are increased for both of the algorithms. However,
the number is smaller for proposed algorithm. Because, the existing
algorithm produces large number of redundant patterns which never
occurred in case of the proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm.
Another type of comparison is done by changing period value in
Fig. 44, Fig. 45 and Fig. 46 with the other parameters keeping constant
for the 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets, respectively. From
those figures, it is transparent that both algorithms generates more
non-closed patterns when period value goes higher. Nevertheless, our
proposed algorithm generates a very few non-closed patterns than the
previous algorithm, which is an indicator of the efficiency of proposed
𝑁𝑅𝐶𝐹 𝑃 algorithm.
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Fig. 38. Total patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (diabetic dataset).

Fig. 41. Total closed patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (diabetic dataset).

Fig. 39. Total patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (oil price dataset).

Fig. 42. Total closed patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (oil price dataset).

Fig. 43. Total closed patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (bike sharing dataset).

Fig. 40. Total patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (bike sharing dataset).

5.2.4. Behavior of the 𝑁𝑅𝐶𝐹 𝑃 approach
It can be observed from the experimental result that the running time
increases with respect to the database lengths, maximum gap threshold
and period value but running time decreases when support threshold
value is increased. Three considerations like input, tree construction and
pattern generation are taken actions for running time computation and
memory consumption. From the comparison views of both 𝑁𝑅𝐶𝐹 𝑃 and
𝐶𝐹 𝑃 algorithms it can be stated that with the increase on the threshold
values, the mining time decreases but 𝑁𝑅𝐶𝐹 𝑃 takes fewer time and less
memory than 𝐶𝐹 𝑃 , and the total number of generated patterns, closed
patterns, non-closed patterns are found smaller in 𝑁𝑅𝐶𝐹 𝑃 . Similar
results are come with respect to the variation of maximum gap threshold

Fig. 47, Fig. 48 and Fig. 49 illustrate the memory usage comparisons
of the proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm with the existing 𝐶𝐹 𝑃 algorithm
using the 𝑑𝑖𝑎𝑏𝑒𝑡𝑒𝑠,1 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒2 and 𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔3 datasets, respectively.
The number of containing nodes of a tree (constructed during mining)
is considered as memory consumption of the algorithms. As existing
𝐶𝐹 𝑃 algorithm creates large number of non-closed, fictitious and extra
closed patterns, it consumes more memory than our proposed 𝑁𝑅𝐶𝐹 𝑃
algorithm. For all three datasets, 𝐶𝐹 𝑃 is consuming more memory space
than 𝑁𝑅𝐶𝐹 𝑃 . Hence, for a very large period value, the difference of
memory consumption of 𝐶𝐹 𝑃 algorithm is very high. In conclusion, it
can be claimed that proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm is better than existing
𝐶𝐹 𝑃 algorithm with respect to memory usage.
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Fig. 47. Memory size vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (diabetic dataset).

Fig. 44. Total non-closed patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (diabetic dataset).

Fig. 48. Memory size vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (oil price dataset).

Fig. 45. Total non-closed patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (oil price dataset).

Fig. 49. Memory size vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (bike sharing dataset).
Fig. 46. Total non-closed patterns vs. 𝑝𝑒𝑟𝑖𝑜𝑑 𝑣𝑎𝑙𝑢𝑒 (bike sharing dataset).

such as bio-informatics, traffic pattern analysis, machine learning,
medical diagnosis, web mining, scientific data analysis and various
other real life domains where data can be represented by time series
and flexible patterns. In this section, some applications are discussed
where unnecessary and redundant patterns need to be avoided and
unimportant intermediate events should be skipped as well.
In human behavior analysis, each new generation learns behaviors
from their parents. Some behavioral patterns repeat generation by generation. Being aware of the knowledge and characteristics that members
of generation share with their peers, they would also participate in a
sense of common perceived membership of that generation. Suppose,
a researcher is interested to make a report based on human behavior
to predict next behavior with respect to time. However, when people
become matured, different set of mannerisms require on every situation

and period values for all three datasets. Because the proposed 𝑁𝑅𝐶𝐹 𝑃
algorithm never generates any redundant patterns.
In concluding remarks of the empirical analyses, the extensive experimentation and exhaustive performance analyses prove the supremacy
of the proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm over the existing 𝐶𝐹 𝑃 algorithm.
From the discussion so far it is clear that 𝑁𝑅𝐶𝐹 𝑃 beats 𝐶𝐹 𝑃 by all
means and found efficient, scalable, sound and correct algorithm.
6. Real life applications of mining non-redundant closed flexible
periodic patterns
The proposed Non-redundant closed flexible pattern mining algorithm can be applied in both traditional and non-traditional domains
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irregular item selling events as do not care events and find the most
selling closed flexible pattern accurately.
Furthermore, our proposed approach can be used in many more
complex real-life applications. Only some of them have been discussed
for better realization of the applicability of the proposed approach.

and settings are adapted from their surroundings, trying new things,
which have a positive or negative impact. The researcher may need to
skip these types of data from query results. Our proposed algorithm
helps him/her in such issues by assuming these events as do not care
events and provides more accurate result to continue his/her research
work. Moreover, the researcher may require to avoid redundant patterns to save the valuable research time. Our algorithm helps him/her
out of the situation by finding non-redundant closed flexible patterns
efficiently.
Our proposed algorithm is also applicable in analysis of traffic
patterns. Traffic jam is an economic development issue because it
thwarts business attraction and expansion, and reduces the quality
of life for residents which is recognized by planners and economic
development experts. They want to find out the busiest road in the city
on a certain month. However, congestion can occur as the result of an
accident, construction, long holiday weekends, inclement weather, or
various special events such as sports, games, festivals, religious services.
These need not to be considered while analyzing the reasons behind the
economic development. The experts can use our proposed algorithm
𝑁𝑅𝐶𝐹 𝑃 to avoid generating redundant patterns and can generate
lossless non-redundant closed flexible patterns efficiently to analyze the
traffic patterns effectively.
Fashion designers work in a number of ways in designing cloths
and accessories. The main activity is to think about how the customers
choice of designing dresses changes during every season. The designers
often wait around a season to make sure a style is going to catch on
before producing their own versions of the original look. Some dress
in nature have a repeating pattern based on four seasons (summer,
autumn, winter, spring). Repeated use of a shape, color, or other art
element or design in a work can help unify different parts into a whole.
There could be some exceptional cases at some time interval during
any occasions like as weddings, Christmas and cruises. There could be
some exceptional dresses and can be neglected within that time period.
Suppose, designers want to find out the most repeated patterns on a
certain time period. Redundant patterns bother them by confusing to
do their work of choosing appropriate design pattern properly. The
proposed algorithm 𝑁𝑅𝐶𝐹 𝑃 can help to find out exact and expected
patterns efficiently and effectively.
Suppose, a secretary of a hospital wants to check the periodicity of
injured patients in emergency department which helps to take necessary
decisions for the hospital. There may be natural disaster or political
violence. At this point, the query for the secretary should neglect these
data. These negligible intermediate events can be considered as do not
care events and our proposed algorithm can be used to get proper result
in a more efficient way. Even if the secretary has not enough time, can
avoid unnecessary redundant events and get rid of difficulties.
Proposed algorithm can be applied in Hotel and Tourism management systems. Popular tourist spots get crowded in a specific time period
over the year. Except those events, the spots become less crowded. If
any travel agency likes to provide travel and tourism related services,
then they can offer different vacation packages for busy time and
special packages for less crowded time for the attraction of tourist.
However, tourists spots may also be crowded due to other reasons like
cultural, business and commercial purposes. In such scenarios, travel
agencies can avoid accidental times from their events while planning
and or offering packages to avoid facing losses or less profit. Our
proposed 𝑁𝑅𝐶𝐹 𝑃 algorithm can help them a lot by extracting valuable
knowledge from provided time series dataset.
In business transactions where customers buy different items, transactional databases contain all buying items of a customer along with
time stamp. While analyzing transactions, our proposed algorithm can
be useful to skip unimportant events. Suppose, a manager is interested
to find the most selling items with respect to an equal time interval.
However, there may have some festivals when some items may sell in
a huge amount. The manager may like to skip these events and avoid
unnecessary events and proposed algorithm helps to easily ignore the

7. Conclusions
In this paper, an approach NRCFP is proposed to mine non-redundant
closed flexible periodic patterns. It is designed for mining efficiently
the complete set of closed flexible periodic patterns which are nonredundant. Three effective pruning strategies—BackScan, RangeScan
and Column-pruning have been applied where later two scanning techniques are newly proposed in our manuscript. BackScan technique has
been applied to remove non-closed flexible periodic patterns. A novel
approach RangeScan technique has been applied in gap range between
two events to remove generation of non-closed and redundant flexible
periodic patterns. A new Column-pruning technique has been applied
to optimize the index table which may generate fictitious patterns.
Our algorithm efficiently creates non redundant closed flexible periodic
patterns and generates negligible amount of non-closed periodic patterns. The extensive performance evaluation and comparison with the
existing algorithm CFP have been done using real life datasets to prove
the supremacy of our proposed algorithm, NRCFP. Our overall time
requirement and memory consumption of mining closed flexible pattern
mining significantly outperforms the existing CFP without missing any
kind of closed flexible patterns. The performance of our algorithm
has been extensively analyzed using several real-life databases based
on runtime and memory consumption and compared with existing
algorithm which proved that NRCFP is sound, complete, scalable and
efficient.
Several real-life applications of our approach are identified such
as market basket data analysis; human activity recognition; traffic,
telecommunication and scientific data analysis; knowledge discovery
from biological and medical data; and web data mining. Most of
these real-life applications generate a large volume of data nowadays.
Therefore, it is necessary to produce the mining results in real-time.
The capability of generating non-redundant closed patterns makes our
approach suitable for handling big data. Moreover, analyzing the resultant periodic patterns of our approach can make intelligent predictions
for future useful patterns. Hence, our method also leads to an intelligent
system. In future work, a plan has to be extended our approach for
periodic sub-structure or graph mining.
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