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Abstract

The motif discovery approach is used to measure the correlation of the pair of consecutiveness in time series, which
also aims to find all subsequences which are similar to the given one. However, along with the arrival of Industry 4.0
era, massive numbers of detecting instruments in various fields are continuously producing a plenty number of time
series streaming data, the high dimensionality and continuousness of streaming time series give rise to the potential
threat for searchingeffectiveness. For these reasons, we come up with a novel motifs discovery approach for streaming
time series based on piecewise linear representation with turning points and skyline index. As the experimental results
suggest, our approach is more effective than some other traditional methods.
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1. INTRODUCTION instance, (SonNT,2015) propose a finding motifs method by
ODUCTIO using the Middle Points and Clipping (MP_C) and skyline
index. The MP_C method can represent the sequence by
some kinds of middle points, whichis inevitably reducing the

various industry fields, which are continuously producing a accuracy compared with the local extreme paints of the

: : . treaming time series. To solve this problem, (Hu,2016)
plenty number of time series data (e.g, the operational data ~ ° S . .
of the satellite on orbit, the real-imetestingdata from  ProPo€ @ motif discovery approach based on piecewise

P : . linear representation with important data points (PLR_IDP)
detecting instruments etc.). Accordingly, the underlyi - . e : -
value ing time series data are discove?e)é by data mi?lwi% which extracts the flrning points” of the given database and
techniques. Such as motifs discovery revealing the regularity (rjetal s all IOf th;dterfpa;al 1|‘eaturtes during the process of
and uncertainty of time series. Since the streaming time series |m|en5|ona Ity recuuction for large Imeselenr?'sbt' fs g
is continuously generated in a high speed and potentially N our paper, We propose a nov 115 discovery
forever (Luo2015), it is difficult to do in-depth motif approach for streaming time series. First of all, we use an
discovery for the streaming time series, online piecewise linear segmentation to extract the turning

: : ; : ints” of the streaming time series, which retains all these
Motifs can be defined as kinds of frequently occurring POt : g ume senes, alns
patterns in time series” and motifs discovery is a similarity important points for dimensionality reduction in large

searching approach for searching all of the subsequences :c:latabasel What's more, wnzdeﬁne tgfaltaNer boundi:dg region
which are similar to the given one in a time series object or similarity measure and prove our: proposed region

. . 2 . : does not introduce any false dismissals during the searching.
Z;%:é:s; (Ll:zsg)agczei motifs discovered in an astronomical Last but not least we utilize the skyline index (Li,2004) for

improving the efficiency of the motifs similarity searching.

Along with the coming of industry 4.0 era, the evalving
of loT (Internet of Things) has stimulated the deployment of
massive numbers of detecting instruments (sensors etc.) in

i f B D , Contribuﬁonsofo:lrpapefr aéelisted as foIIow?; -
M A iy A n Ne ) . We propose a novel motifs discovery approach with the
J\r \_q‘[\'\({f V\f’ % {L\ ‘' f \f\l‘\/w Vﬂ“\% ﬁf \“AI/JMJ: continuous segmentation algorithm (Hu,2016) and
i skyline index.
° 0 o0 190 70 700 2. Wemake use of skylineindex for indexingand searching
Figure 1. An astronomical time series contains 4 near time series data.
identical subsequences 3. The experimental results authenticate the effectiveness
of our approach.
While the discovery of the motifs for streaming time The rest of the paper is organized as follows. Section 2

series, several vital issues need to be addressedt high  introduces the related works. The motifs discovery approach
dimensionality, continuity of the data and the efficiency of ~ is described in section 3. The experiment results on a real
similarity calculating (Li,2013). Furthermore, we need to ~ world industry time series database are presented in section
consider the optimization of the spatial indexes. 4. Section 5 concludes this paper.

At present, most existing motifs discovery approaches do
not work well for our problems. Some methods processon 2. RELATED WORKS
static data sets, and may incur a high cost if applied directly Many approaches ((Mueen,2009), (Chiu, 2003)) for motif

to large time series data. There do exist works that address iderina the matif lenath n and the similari
the high-dimensional problem for time series data. For ﬂ:igs%/;rg r‘c?;ws;tismg € motit fength n 2 simiarity
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Figure2. The major steps of the continuous segmentation based on turning point

to say, given a time series D and a query time series Q, the
K-motif discovery algorithm is aim to retrieve those time
series S I D), whose similarity cal culation can be transform
into a distance measure of those sequences as follow:
dst(S,Q £ r

Since the serious dimensionality curse problem in high
dimensional space, it becomes infeasible to directly index
time series using traditional spatial indexes. Specifically,
when the dimensionality becomes higher, the performance of
the similarity searching with multidimensional index can be
even worse than that of a linear scan.

For this reason, researchers have concentrated their focus
to data representation and indexing techniques toimprove the
efficiency of similarity searching.

Piecewise linear representation (PLR) (Keogh,2001) is
more consistent with human visual experience than other
time series data representation methods, which also has lower
index dimension, faster calculation speed for similarity
searching. However, just like a coin has two sides, the PLR
methods do exist some shortcomings, such as the fitting
errors of single point, local or whole error is too large
(Zhou,2008). To improve the accuracy of the representation,
(Ji, 2016) considered the global fitting error of thetime series,
as well as the fitting error of the single point in a certain
segment, which can produce more accurate segmentation and
representation, but the entire data set should be scanned first.
To solve this problem, our team proposed a novel online
continuous segmentation and representation algorithm based
on turning points (CS_TP) for streaming time series, which
can partition the time series into some continuous
subsequences and maintain a high similarity between the
processed subsequences and the raw streaming data.

Meanwhile, the researchers for indexing technology have
alsomade progress. (Li,2006) proposed the skylineindex and
(SonNT,2015) proposed an algorithm for discovering motifs
in time series data, which makes use of the MP_C
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dimensionality reduction method and skyline index.
(Hu,2016) proposed a novel k-motifs discovery approach
based on piecewise linear representation with important data
points (PLR_IDP), which can retain all of the temporal
features during the process of dimensionality reduction for
large time series data and speed up the process of k-motifs
retrieval.

3. METHODOLOGY

In this section, we make a detailed description on how to
discover k-motifs for streaming time series. Our approach can
be divided in the following three major parts: continuous
segmentation based on turning points (CS_TP), skylineindex
for CS_TP and k-motifs discovery algorithm

3.1 Continuous segmentation based on

turning points

CS_TP is an online time series data segmentation and
representation method, which considers not only the
continuously generated characteristics but also the accuracy
of the streaming time series.

the definition of TP (turning point) is given as follow:

1. ForatimeseriesT =(...,a ..., &,...) wherea; =
(,y:) is araw data point in time series. If & meets one of the
fdlowing two inequations, it can be defined as the L evel 1
TP:

HEK FX H
HEP B> B ‘

2. In order to eliminate noise mterference we will
continue to optimize the coarse selection of the Level 1 TPs
and to smooth the fitting curves with parameter |1 and p,

which can be speafled by users. For a time series T =
(..., . ...) Where a; = (x;,y;) and a; = (x;,y;) areTPsin
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the level 1. If &) meets the following condition, it can be
defined as the Level 2 TP:
Eagkil
= EHE I 3

s B w2 o

To ensure the effectiveness and the efficiency of the
segmentation algorithm, we introduce two segmentation
criteriafor a potential segment, which are the maximumerror
for single point (ME_SP) and the maximum error for entire
segment (ME_ES). TheCS TP algorithm can utilize the TPs
inlevel 1andME SP for initial segmentatlon (shown as from
Figure2(a) to Flgure2(b)) andthe TPsinlevel 2and ME_ES
to evaluation the segmentation error (shown as from
Figure2(b) to Figure2(c)). After the above two steps, CS_TP
can merge all of the subsequence by standing on the holistic
view (shown as from Figure?(c) to Figure2(d)).

=l
D

3.2 Continuous segmentation based on

turning points

After the Piecewise Linear Representation method
CS_TP for dimensionality reduction, a group of time series
data exist into a two-dimensional time-value space. The
minimum bounding rectangle (MBR) defined in this space,
which is used to bound a group of sequence data by the
traditional R-treeindex, whose overlaps are too large to affect
the search efficiency.

So as to minimize the overlaps between MBRs, we adopt
to use skylines to bound a group of time series data. However,
the straightforward adoption of the bounding regions defined
by raw data is impractical, due to its representation, which is
too costly for long time series searching.

For this reason, only the TPs selected by CS_TP should
be stored in anindex structure for each MBR and the regions
defined by the TPs should entirely enclose the original raw
data bounding regions. To meet this goal, we utilize the
skyline to bound a group of time series data, which can be
called CS_TP Bounding Region (CS_TP_BR), is defined as
follows:

There is a group T of time series n of length m T= (t;,
..., ), the CS_TP_BR of T specifies a region surrounded
by top and bottom skylines. The CS TP BR R of T is
described as follow:

R = (#m, #1m (4)
where
= { i S - Berm -
Ten= { S S - B
and for 1<i <m
tEmm= B2 B .

(6)
trEmE= 3 . B

We use the CS TP BR to lower bound the distance
between a query object and a group of time series data.
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Formally, given a query g and an CS_TP_BR R, the lower
bounding distance function Dcs p gr () is defined as follows:
23 = S g 2ad” (7)
The DCS_TP_BR() distance function can satisfy the lower
bound property of the whole time series. The convergence
relation between the query qand the PLR_IDP_BR R which
contains a group of time series data x can be described as
follow:
T 2|, vX € R ®
For any xR, the value of x[i] is between T[] and
minli]. That s to say,
Dist(H% #rml¥ B3 < 155 2 ©)

According to the above deduction, not only can we
determine the lower bound property of the Dcs e gr ()
distance function, but we can also use the CS TP BR
representation in a multidimensional index to improve the
efficiency of the similarity searching.

< 18-

T

3.3 Indexingand Retrieval

In previous section of the paper, we have proved that the
lower bound property of Dcs 1p gr() can guarantee no-false-
dismissals for similarity searching and the feasibility of
indexing. The main steps of indexing building are presented
as follow:

Step1.Find a proper leaf node for inserting the new
CS_TP sequence.

Step2.When the leaf node is full, we should split the leaf
node and transmit the change upward

Step3.According to these changes, we should adjust
CS TP bound regions and propagate the transformation
upward again as necessary.

Stepd.If the continued upward propagation causes the
root to split, we should create a new root containing the two
resulting nodes.

After the accomplishment of indexing building, we
propose our motifs discovery algorithm First of all,
streaming time series will be segmented and transformed into
lower dimensionality by CS_TP method. Then for each
segment s;, the algorithm finds all its non-trivial matches
within a range R and inserts these matches into the skyline
index.

The algorithmis described as follows:

Input: time series data T= (ty, ..., t), tis a subsequence
of T

Output: Kml is a list of k-motifs

Variables:

M List thelist of non-trivial matching subsequence.
€ threshold for matching
CS TP _BR: Theregion of the lower bound



Proceedings of S2 International Conference on Internet of Things

Algorithm: K -Mctifs retrieving based on Skylinel ndex
Begin
//t should be transformed into tp, by using CS_TP
CS_TP_BR «— Calc_BR(tp:, tpy);
Whlle(SkyIme index '=null)
M _List=Find Similar_Neighbors(tp, CS_TP_BR, €)
|f(M List == null) break;
else
for(i=1;i<=M_Listlengthyi++)
checkForNon trival(M_List,Kml);
End for
if(Kml.length <k)
Insert M_Listinto Kml in decreasing order
elseif(Kml. length > M _Listlength)
Remove the kth value of Kml and Insert M_List
endwhile
Update Skyindex();
//propagate the change upward
End Function

4. EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of our
approach: CS_TP&Skyline based on CS_TP and Skyline
index. The assessment can be divided into two steps:

1. We compare CS_ TP method with PLR _IDP to
determine effect of data representation.

2. We compare our approach with two popul ar algorithms:
Random Prqectlon(RP) and PLR IDP with r-tree index
(PLR_IDP&R), which is nearly the latest time series motif
discovery proposal up to date. We are concerned not only the
accuracy of these techniques, but also the efficiency by using
different datasets, which contain different sizes and different
lengths of motifs.

4.1 Dataset and Evaluation Metric
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We select some kinds of typical industry time series
datasets, which include Electrocardiograph dataset (ECG)
provided by the UCR homepage (Keogh2006), the
monitoring data of Jinan municipal steam heating
system(JMSHSD), the monitoring data of Dong Fang Hong
satellite (DFHD).

In our experiment, we use the pruning power p
(Keogh,2001) to determine the effectiveness of the
dimensionality reduction. The pruning power p can be
defined as fdlow

I_Léil:l: l-ﬂ
p =

==

(10)

Where sum_tp denotes the number of subsequence which
should be used, sum all is the number of subsequence in
dataset. Therange of pis from 0 to 1, that is, when the value
of pis lower, the pruning power is better.

The running times and the efficiency-ratio (Li,2012) are
also used to eval uate the efficiency of the k-motifs discovery
algorithm The Efficiency- rato is defined as follow:

efficiency — ratio = o (11)

Where T, denotes the time consumed by the E uclidean
distance function which is called by the proposed algorithm
Tpis the time consumed by the Euclidean distance function
by the brute-force algorithm Similar to the above analysis,
the range of the efficiency ratio is from 0 to 1, the k-motifs
discovery algorithm with lower efficiency ratiois better.

4.2 Performance of the Experiment

E valuating the pruning power in similarity search

In these experiments, the number of the data items is no
less than 3000. When the fitting error threshold is set from 20
to 200, the average representation error and the average
number of segments have been shown as follow in Table1

Table 1. Average Representation Error of Different Methods

threshold CS TP PLR I1DP
res global error number of segments global error number of segments
20 270.51 1351 199.83 1436
50 440.86 1257 380.76 1287
100 1093.79 1138 896.17 1215
150 2305.07 906 2089.64 1102
200 3927.19 789 3578.01 993

According to the experiment results, the CS_TP has better
pruning power (less number of segments) than the PLR_IDP
which has higher accuracy in segmenting time series.
However, when evaluating the different segmenting
algorithms for streaming time series, we focus more
on the efficiency of segmentation rather than the accuracy of
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the segments. In other words, the real-time capability is more
important in streaming time series segmentation and
representation.

In Figure 3, we present the pruning powers comparison
between CS_TP and PLR_IDP with different datasets.
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Figure3. The pruning powers of CS_TP and PLR_IDP based on different datasets

E valuating the efficiency in K -motifs discovery

We compare our approach: CS_TP&Skyline with RP and
PLR_IDP&R, from the running times and Efficiency-ratioin
Figure 4 and Figure 5. All of the experiments compare the
three algorithm with ECG, JMSHSD and DFHD which
contains no less than 50,000 data records.

150 Run. OPLR-IDPER IRP MW CS_TP &Skyline
Time
(s)

1001

JMSHSD

(a)

EGG

Datasets

Figured(a) presents the running times of the three
algorithms. Figured(b) highlights the performance results of
the CS_TP&Skyline and the PLR_IDP&R.

Figure5(a) shows the efficiency-ratio of the three
algorithms. Figure5(b) highlights the efficiency results of the
two approaches: CS_TP&Skyline andthe PLR_IDP&R.
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Figured. The running times of these algorithms on different datasets
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Figureb. The Efficiency-ratio of these algorithrms on different datasets

Through the analysis and experiment results, we can see
that CS_TP&Skyline and PLR_IDP&R are more efficient
than RP. However, CS_TP&Skyline is more efficient than
PLR_IDP&R.

The high performance of our approach can be
summarized as two critical factors as follow:

1.the online continuous segmentation strategy

The CS_TP algorithm can partition and represent the
streaming time series synchronously with the receiving data,
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in other words, this kind of online segmentation algorithm is
no need for waiting the completion of the scanning of the
entire data set compared with the PLR_IDP algorithm

2. the index optimization by skyline

the similarity search for matching motifs using skyline
index, which is more effective than R-tree index by its less
overlaps between MBRs. The overhead of the computation
cost in our method is cheaper than that in random projection
algorithm, which has to repeat the random projection so many
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times before obtaining convergent results that computational
costis increased.

5. CONCLUSIONS

Inthis paper, we propose a motifs discovery approach for
streaming time series, which improves the efficiency for
similarity searching by considering the dimensionality
reduction, continuous segmentation and the optimized index
for streaming time series. Experimental results show the
effectiveness of our approach.

Finally, due to the high data volume of streaming time
series, the maximum capacity of dataset processed in our
approach is no more than 100GB. we will attempt to address
this big data problem with map-reduce in the future.
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