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Abstract: In smart environments based on the Internet of Things (IoT), almost all of the object
information that is collected by various sensors is time series data, which records the behavior of the
objects. Analyzing the correlation between different time series data, other than those in the same
time series, is more helpful to discovering their behavioral relations. This has become one of the
important current issues in the 10T. To analyze the correlation, a clustering algorithm named the
CPCCM (clustering algorithm based on precise correlation coefficient matching) is presented. First,
each initial sequence is split into a set of subsequences by adopting a preset sliding window. Then,
the correlation coefficients between any pair of subsequence sets from two sequences are resolved.
Those pairs that pass some preset Pearson correlation coefficient threshold are clustered. In the
CPCCM, a cross-traversal strategy is introduced to improve the search efficiency. The cross-traversal
strategy alternatively searches the subsequences in two subsequence sets. To improve the clustering
efficiency, in each initial sequence, adjacent subsequences are merged into longer subsequences and
replaced by it if they appear in the same subsequence set. Finally, by analyzing practical electric
power consumption data, the CPCCM is shown to be promising and able to be applied in similar
scenarios. By comparison with the agglomerative hierarchical clustering algorithm, the major
contributions of this work is that the clustering quality is improved by using the strategy of precise
matching and cross-traversal, and complexity of the algorithm is reduced by merging adjacent
subsequences. Therefore, CPCCM can be applied to analyze behavior between different objects in
smart environments.
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1. Introduction

In recent years, the development of smart environments promises a revolution for most kinds of
human-related activities. The smart environment is a physical world that is richly and invisibly
interwoven with sensors, actuators, displays, and computational elements, embedded seamlessly in
the everyday objects of our lives, and connected through a continuous network [1]. Nowadays, the
practical realization of smart environments has only become possible due to the fast-developing of
the computer technology such as Internet of Things (loT) [2,3] and Cloud Computing(CC) [4,5].
Particularly, benefits of the lIoT and its relevant technologies can seamlessly integrate classical
networks with networked instruments and devices [6]. The 10T is therefore the most fundamental
enabler of smart environments, such as smart homes, smart buildings, smart cities and smart factories,
among others [7].

The Internet of Things can be realized in three aspects: Internet-oriented (middleware),
things-oriented (sensors) and semantic-oriented (knowledge) [8]. Among them, sensors are the basic
equipment in the 10T, and they are used increasingly more. Data mining is the key technology for
acquiring knowledge from the data that are collected by sensors, and it involves discovering novel,
interesting, and potentially useful patterns and applying algorithms to the extraction of hidden
information [9]. In the IoT, a large amount of data that are collected by the bottom sampling
equipment is in the form of time series—which is a collection of values that are obtained from
sequential measurements over time. Therefore, time series analysis is a hot research area in data
mining in the 1oT.

In the 10T, the correlation of time series can reflect the relationships of different objects, such as
the collaborative relationship between manufacturing equipment, the similarity of geographic
information between different environmental monitoring sites, and the correlation of electricity
consumption between different buildings. In the 10T, studying the problem of time series correlation
mining between different objects is of great significance for equipment anomaly detection, attribute
value prediction, resource optimization, etc. For example, the correlation information of the daily
electricity time series between different buildings from an area can provide a basis for optimizing the
electricity price setting and power facility configuration [10]. The existing body of research on the
correlation of time series suggests that correlation subsequences can be obtained based on similarity
measurements. However, some methods fail to obtain clusters of related subsequences, such as the
methods in [11,12]. In addition, the existing methods based on clustering algorithms may obtain
inaccurate results and long computation times when mining the time series correlations from
different objects, analyzing the correlation in the same time series, such as the method in [13].
Consequently, an effective clustering method is needed to analyze the correlation between different
time series, which is more helpful for discovering the hidden behavioral relations between different
objects in smart environments based on the 10T.

In this paper, a novel clustering algorithm named the CPCCM (clustering algorithm for
time-series data based on precise correlation coefficient matching in the 10T) is presented. In this
method, only the correlation between subsequences from different initial sequences should be
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computed in the density clustering process of subsequences while adjacent subsequences in the same

cluster should be connected. Through the method that is proposed by this paper, clusters of high

correlation subsequences from the time series of different objects in the 10T will be obtained, which
will provide a basis for mining the hidden behavioral relations between objects.

The contributions of the proposed in this paper are as follows.

(1) To solve the problem of behavior analysis between different objects in smart environments,
based on the 10T, a novel clustering algorithm for time-series data based on precise correlation
coefficient matching is proposed. The proposed algorithm improves the cluster quality by
matching the correlation coefficients between any pair of subsequence sets from two different
time series.

(2) The proposed algorithm is independent of specific development tools and platforms, so it can be
flexibly applied to similar scenarios.

The remainder of the article is organized as follows. In Section Il, a survey of the related work
is presented, and the relative pros and cons of different related approaches are discussed. In Section
111, by analyzing the time series and its correlation coefficient, a mathematical description of the
problem is presented. In Section IV, density clustering modeling based on precise correlation
coefficient matching in the 10T is introduced. The evaluation criteria, the design of the experiments
and the results are presented in Section V. Finally, in Section VI, the work of this paper is
summarized.

2. Related work

The fast-developing and expanding area known as the Internet of Things (IoT) involves
expanding the Internet beyond the connection of various physical devices and objects [14]. The
existing research topics are wide, including security and privacy issues in the 10T [15-17], the
captured, stored, and managed big data in the loT [18-20], the efficient digital media
transmission [21,22], efficient energy and resource management [23-25], etc. To make the loT
smarter, lots of analysis technologies have been introduced into the 10T, and one of the most valuable
technologies is data mining [9].

In the smart environments based on the IoT, the data that are collected by 10T devices are in the
form of time series [26]. Therefore, time series analysis is an important task in 10T data mining. Time
series analysis in the 10T has been applied to smart cities [22,27], environmental monitoring [11-13,
28-30], industry and manufacturing [31-34], smart grids [35—41] and other research fields. In [27],
to handle the large amount of heterogeneous data and sensory information in smart cities, a time
series aggregation method is proposed to aggregate and represent the original data in an efficient and
higher-granularity form. In environmental monitoring, the sea surface temperature (SST) time series [28]
and air quality index time series [12,13] that are collected by 10T sensors are used for anomaly
detection and prediction analysis. In [31-33], the methods based on the time series of resource
services and their feature sequences are proposed to analyze the service selection and composition of
cloud manufacturing in collaborative tasks. With respect to smart grids, in [36,37], time series of
wind speeds and power outputs with respect to wind power generation are studied and analyzed. In
addition, in [39-41], time series of power prices and loads are studied and analyzed.

Correlation analysis is an important part of time series analysis [42]. In recent years,
increasingly more scholars have paid attention to this research direction. In [11], a method based on
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the traditional geophysical time series prediction model is proposed, which calculates the spatial
correlation across several sites and the time correlation within each site to improve the accuracy of
dynamic time series prediction. In [12,35], the proposed approaches studied the lag correlation
between time series. In [37], mutual information was proposed to quantitatively evaluate the
correlation and predictability of wind speed series and to improve the forecast accuracy. In [39], the
proposed method developed a novel cross-correlation coefficient to explore the existence of
asymmetric cross-correlation between two time series. In [43], a method based on the ARIMA model
is proposed, which calculates the correlation of multivariate QoS time series to improve the quality
of the QoS prediction in the service composition problem. In these methods, the time-series models
can be improved by incorporating various correlation coefficients into similarity measurements.
However, most of them focus only on resolving the correlation between two single sequences rather
than two sets of sequences. Consequently, the correlation cannot be completely mined. To overcome
the shortcoming, a method based on hierarchical clustering is proposed to analyze the time series that
are formed by air quality monitoring, which uses the Pearson correlation coefficient and Euclidean
distance as the distance metric for time series data [13]. In [41], a method based on the weighed
Pearson distance is proposed to divide the huge load curve time series into several clusters since the
load curves of the same cluster have similar power consumption patterns. In [44], a method based on
the Copula clustering model is proposed, which allows one to extend the usual clustering methods
for time series based on Pearson’s correlation coefficient. All the clustering algorithms can find
meaningful subsequence pattern. However, there are redundant scanning in their algorithms to reduce
the performance of the algorithms.

As described above, the current works on time series correlation analysis are mostly based on
time series similarity measures. However, some of these methods cannot obtain correlation clusters
from different time series subsequences, and some pay attention to the redundant correlation
information when using clustering algorithms.

3. Problem definition

A sequence is often the result of the observation of an underlying process in the IoT. In this
process, according to a given sampling rate, data are collected by sensors at uniformly spaced time
moments. Thus, a sequence can be defined as a set of contiguous time moments.

Definition 1 Initial sequence. An initial sequence T is an ordered sequence of n real-valued
variables, which can be expressed as T = (ty, to, ..., t;), Where t;€R. The initial sequence can cover all
the observation data that are obtained and can be quite long. Therefore, it is meaningful to consider
the subsequences of a sequence.

Definition 2 Subsequence. The subsequence S of the initial sequence T = (t3, to, ..., t;) can be
defined as S(T)x = (tx, tk+1, ..., tkem-1), Where 1 <k <n—m + 1.The set of all subsequences of length
m from T can be denoted as S7*.

Definition 3 Adjacent subsequences. For subsequences S(T)i = (ti, ti+1, ..., tizm-1) and S(T); = (&,
tj+1, ..., ti+m1) from the same sequence T = (ty, to, ..., tn), if j-1 = 1, the subsequence S(T);and S(T);
are adjacent subsequences, and S(T); is S(T); subsequent subsequence, which is denoted as
S(Mi—S(M);.

Definition 4 Correlation p-neighborhood. For the subsequence S(X); from the sequence X, the
correlation p-neighborhood is a subsequence set whose correlation coefficient with S(X); is greater
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than p, and these subsequences do not from the sequence X. That is, N,(S(X);) = {Sj € SD —

U

1<1<|

N Sk |r(S:,8;) = p}, if a negative correlation is considered, then, N_,(S(X);) = {Sj € SD —

U i Sk |r(Sl-,Sj) < p}, where SD is a subsequence data set, r(S;, S;) is a function for calculating

1<1<|

the correlation between the subsequence S;and S;, and |X| is the length of the sequence X.

Definition 5 Subsequence correlation clustering. For a given multiple initial sequence and
correlation function r(S;, S;), find the set of clusters C={c;} where ci= { Sk| Sc€SD } is a set of
subsequences from different initial sequences within the same cluster that are more correlated than
the subsequences of different clusters.

The problem that we want to solve in this paper is to obtain the correlation clusters of
subsequences C. By our method, the quality of the clusters can be improved.

4. Clustering algorithm for time series data based on precise correlation coefficient matching
4.1. Sliding window split subsequence and correlation coefficient calculation

For the initial sequence data T = (i, tp, ..., ty), which are collected from the sensors of the
sampling site, first, the sliding window is adopted. Using a given time window length I, one unit
length is sequentially slid from the first recording point until all points of the initial sequence are
traversed, as shown in Figure 1.

Long time series T
00000000O06OCGDOGOGIOS
- L SN € -7

N —_——— e — ]

-~ -~

\
N ——————-= - ~
N P\,’ -
NN
NN
N

Windows
Figure 1. Sliding window split subsequence.

The subsequence of the initial sequence T that is split by the sliding window is S(T); = (t;,
tis1, ..., tis1), Where i =1,2,...,n— | + 1. There are n — | + 1 subsequences in total, and the set of
these subsequences is Sk.

For two given initial sequences X and Y and a time window length |, after the subsequence sets
Sk and S! are obtained by dividing the subsequences using the sliding window described above,
the correlation coefficient between subsequences S(X); and S(Y); is calculated by the correlation
function r(S(X);, S(Y);), where L<I<n-I+1and1<j<n-I+ 1 Inthis paper, we use Pearson’s
correlation coefficient as the measure of the correlation between subsequences. Therefore, r(S(X);,
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S(Y);) can be calculated by Eq 1.

r(S(X0D.LS();) = 1)

IS(X);5(Y)

where Cov(S(X);, S(Y);) is the covariance of subsequences S(X); and S(Y);, and o is their standard
deviation. Pearson’s correlation coefficient is a popular method to investigate the cross-correlation
between sequences because it can be computed with just a linear scan and it is scale and offset
invariant. Pearson’s correlation coefficient reflects the trend of the sequence with respect to the
similarity. Pearson’s correlation coefficient’s range is [-1, 1]. When the two subsequences are
positively correlated, the Pearson correlation coefficient will be positive, and negatively correlated
subsequences have a negative Pearson correlation coefficient. Furthermore, the larger that the
absolute value of Pearson’s correlation coefficient is, the greater the correlation between the
subsequences.

4.2. Clustering algorithm based on precise matching

For the subsequence sets that are obtained by the above method and the correlation coefficient
calculation function given by Eq 1, clustering is performed using a method that precisely matches the
correlation coefficients between subsequences from different initial sequences. And adjacent
subsequences are combined during the clustering process to obtain longer subsequences.

When calculating the correlation coefficient of the merged subsequences, the length of the
subsequences may be unequal. At this time, the shorter sequence can be used as a sliding window for
correlation matching, and the correlation coefficient between them can be calculated by Eq 2.

[Spl=ISul+1
2i=q 7'(S‘”Sui)

|Sv|_|5u|+1

' (Su Sp) = )
where Syand S, are two subsequences from different initial sequence and their lengths are not equal.
We assume that |S,| > Sy, that is, the length of the subsequence S, is greater than S,. Then, the

subsequence Sy is split into the subsequence S, where i =1, 2, ..., |Sy| — |Su| + 1, with a window

length [Sy|.

The strategy of precise matching is to match any pair of subsequences from different initial
sequences completely with the giving threshold during the clustering process. The main idea of the
CPCCM is that in each round of precise matching, the efficient clustering of all subsequences is
accomplished using a cross-traversal strategy. For the subsequence S(X);, first by traversing, the
subsequences in the e-neighborhood are clustered into positive correlation clusters and the
subsequences in the—e-neighborhood are clustered into negative correlation clusters. Then, by
traversing, the intersections of the e-neighborhoods of the subsequences in the positive correlation
cluster are found, and we merge them into the positive correlation cluster. In addition, the
intersections of the—e-neighborhoods of the subsequences in the negative correlation cluster are
found, and we merge them into the negative correlation cluster.

Take Figure 2 as an example. One cross-traversal round starting with S(X); is as follows. Find
the subsequences in the e-neighborhood of S(X);, which are S(Y)3; and S(Y)s, and classify them into
the positive correlation cluster of S(X);. Then, find the subsequences in the—e-neighborhood of S(X)1,
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which are S(Y)2, S(Y)s4, and S(Y)s, and classify them into the negative correlation cluster of S(X);.
S(Y)4 and S(Y)s are adjacent subsequences, and so they are combined. Then, find the intersection of
the e-neighborhoods of S(Y); and S(Y)s, which is S(X)s, and classify it into the positive correlation
cluster of S(X);. Next, find the intersections of the—e-neighborhoods of S(Y), and S(Y)4, which are
S(X)s and S(X)s, and classify them into the negative correlation cluster of S(X);. At this point, the
positive correlation cluster in this round is { S(X)1, S(Y)s, S(Y)s, S(X)s}, and the negative correlation
cluster is { S(X)1, S(Y)2, S(Y)a, S(X)3, S(X)s}.

S S22 S S(X)a S(X)s S(X)e SX1 S S(X)s S(X)a S(X)s  S(X)e
— ) [ ) [ ) [ ) ) \ ] [ : \ %4 \—H_,'_l \_v_l

Find negativeli clusters

—— 14—\ \ ]| H ]| { ] ]
S(Y) S(Y)2 S(Y)s S(Y)a S(Y)s S(Y)s S(Y) S(Y)2 S(Y)s S(Y)a S(Y)s

@:ind positively clusters
S(Xn 5(X)2 S(X)s SX)s S(X)s S(Xs

\ il I \ N
—  two subsequences are positively correlated
""""""" > two subsequences are negatively correlated

S(Y): 82  S(V)s SMas  S(Y)s S(Y)e

Figure 2. Cross traversal during a round of clustering.

For a given correlation threshold ¢ and subsequence sets Sy and Sy, the specific steps of the
CPCCM algorithm’s iterative execution are as follows.

Step 1: Initialize the final cluster sets C* =& and C~ = <.

Step 2: Extract a subsequence S(X); from subsequence set S%. By traversing S¢, we get the
e-neighborhood of S(X)ias N, (S(X);) and the -¢-neighborhood of S(X); as N_. ( S(X);) through
Eq 1, Eq 2 and Definitions 4. Then, N, (S(X);) is clustered into positive correlation clusterc;;
N_g (S(X);) is clustered into the negative correlation cluster cg, and the adjacent subsequences are
merged in the clustering process.

Step 3: Delete subsequence S(X); from set S¢.

Step 4: By traversing S}, for each subsequence of N, (S(X);), get their e-neighborhoods using
Eq 1, Eq 2 and Definitions 4, find their intersection, and add the intersection to the positive
correlation cluster ¢;'. Next, for each subsequence of N_, ( S(X);), get their -e-neighborhoods using
Eq 1, Eq 2 and Definitions 4, find their intersection, and add the intersection to the negative
correlation cluster c; .

Step 5: Positive correlation cluster ¢ is merged into C*, and negative correlation cluster ¢
is merged into C~.

Step 6: For each subsequence Sj in positive correlation cluster c¢; or negative correlation
cluster cg, it is judged whether it is contained in both set C* and set C~. If so, subsequence S; is
deleted from S} or St.

Step 7: Go back to step 2 and repeat while S} or S} is null.

The pseudocode of CPCCM is shown in Algorithm 1.
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Algorithm 1.

Input:  The two initial sequences and the correlation threshold (e > 0);

Output: The positive correlation cluster set C* = {c{, ..., ¢;},},and the negative correlation cluster set
C™={cy,,cn}

© o

10:

11:
12:

13:

14:
15:
16:
17:
18:
19:
20:

21:
22:

23:

24:
25:
26:

27:
28:
29:
30:

Ct=0,C" =30
while (S} #0)
while (S} #Q) I 'if the set S} is not null, traversing S}
if (S(Y); € N. (S(X);)) then //if S(X);is positively correlated with S(Y);
k¢ { S(X)i}

cr—cxU{S(Y);}  //subsequences are clustered into positive correlation cluster c;

End if
Else if(S(Y); € N_, (S(X);)) then //else if S(X);is negatively correlated with S(Y);

cs «—cs V{ S(X)i}

cs «—c5 W{ S(Y);} // subsequences are clustered into negative correlation cluster cg
End else if
if ({S(Y);}<C*and{S(Y);} < C™) then //if the subsequence S(Y); has been in

positive correlation cluster and negative correlation cluster

Sy—Sy-{S(Y);} IIS(Y); is removed from the set S}
End if

End while

Sk<SL -{S(X);} 1S(X); is removed from the set S

while (S} #9)
if (S(X), € N, (c) ) then// if S(X),is positively correlated with any sequence of ¢;
¢t —ctUf %}
¢y «JoinOn(c) // Merge two adjacent subsequences which from the same initial
sequence into a new long subsequence
End if
Else if(S(X), € N_¢ (c)) then// if S(X),, is negatively correlated with any subsequence

of cg
Cs_‘_cs_U{S(X)p}:

cs «JoinOn(Ry)
End else if

if {S(X),} € Crand {S(X),} € C7) then SfSk -{ S(X) } // if subsequence S(X), is in

positive correlation cluster and negative correlation cluster, S(X), is removed from the set S%
End while
Ct—Ctuct, CTCucy, k++, s++

End while

return Cc*, C~
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If n is the number of records in the sequence and | is the given time window length, the time
complexity of the algorithm is O(n—1) in the best case and the O((n—1)?) in the worst case. In the best
case, the first subsequence from one initial sequence is positively or negatively correlated with all the
adjacent subsequences from the other initial sequence. Due to merging all the adjacent subsequences
after the first traversal, only n—I matches are needed. So the time complexity is O(n—I). In the worst
case, adjacent subsequences cannot be merged during the clustering process, so that the time
complexity is O((n-1)?).

5. Experiment and evaluation
5.1. The data set of the experiment

The data set of the experiment is collected from a college in China. To achieve energy savings
and emission reductions, in this college, more than 2,000 sensors were installed on the electricity
meters in more than 20 buildings. The data is collected at 30 min intervals from March 1, 2016 to
June 27, 2016. From the entire electricity consumption dataset, we choose one sensor, and there are

5680 electricity consumption data points for this sensor. The data format is shown in Table 1.

Table 1. Data format of electricity consumption.

time(Y-M-D H:M:S) digits of electricity meter
2016-03-01 11:10:07.0 157212.0
2016-03-01 11:40:08.0 157218.0
2016-03-01 12:10:09.0 157225.2
2016-03-01 12:40:10.0 157234.8
2016-03-01 13:10:11.0 157240.2
2016-03-01 13:40:12.0 157244 .4

To analyze the correlation of the electricity consumption between different buildings, all the
data should be preprocessed and converted to electricity consumption sequences. In Table 1, the
times represent the ordered relationship among the digits of the electricity meter, and so the
electricity consumption sequence can be represented by the difference in the sequence of the digits of
the electricity meter. After preprocessing the data in Table 1, the electricity consumption sequence
should be (6, 7.2, 9.6, 5.4, 4.2).

5.2. Experimental results

The simulation experiment has two steps: 1) splitting subsequence by sliding window; and 2)
running CPCCM algorithm and verifying the validity of the clustering results.

Step 1) Splitting subsequence by sliding window.

In this paper, the time window length is set to 24. The electricity consumption sequence is split
into 5557 subsequences by the sliding window method described in Sec 4.1. Only the first five
subsequences are displayed, as shown in Table 2.

Mathematical Biosciences and Engineering \Volume 16, Issue 6, 6654-6671.
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Table 2. Subsequence format of electricity consumption.

subsequence number subsequences from initial sequence X
1 (6,7.2,9.6,5.4,4.2,42,48,7.8,7.8,7.8,9,11.4,11.4,13.8, 14.4, 15.6,
16.2,17.4,13.2,14.4,14.4,13.8, 12, 4.2)
2 (7.2,9.6,5.4,4.2,42,48,7.8,7.8,7.8,9,11.4,11.4,13.8, 14.4, 15.6,
16.2,17.4,13.2,14.4,14.4,13.8, 12, 4.2, 2.4)
3 (9.6,5.4,4.2,4.2,48,7.8,7.8,7.8,9,11.4,11.4,13.8,14.4,15.6, 16.2,
17.4,13.2,14.4,14.4,13.8,12,4.2,2.4,1.8)
4 (5.4,4.2,42,48,7.8,7.8,7.8,9,11.4,11.4,13.8,14.4,15.6, 16.2, 17.4,
13.2,14.4,14.4,13.8,12,4.2,2.4,1.8,1.2)
5 (42,42,48,7.8,7.8,7.8,9,11.4,11.4,13.8,14.4,15.6,16.2,17.4,13.2,

14.4,14.4,138,12,4.2,2.4,1.8,1.2,1.2)

Step 2) Running CPCCM algorithm and verifying the validity of the clustering results.

Using the two subsequence sets from different buildings, the CPCCM-based experiment was
done three times. We set the time window to 24, and set different correlation thresholds to 0.75, 0.8,
and 0.9, respectively. To analyze the frequent correlation between subsequences, we use the positive
correlation cluster and the negative correlation cluster in each clustering result to select the ten
clusters with the largest number of elements in each cluster as the final result.

To verify the validity of the clustering results, the correlation coefficient of the intra-cluster
subsequences (corrinyra) and the correlation coefficient of the inter-cluster subsequences (COrTintr) are
calculated for each of the major clusters. corrin is the average of the correlation coefficients
between the subsequences in a cluster, and corriyr is the average of the correlation coefficients
between the cluster subsequence and other cluster subsequences. For cluster c, itS COIfina and
COITinter Can be calculated by equations 3 and 4, respectively.

2:1:1){ 2731/ r(S(X)ci'S(Y)cj)

NexXNcy

®3)

COTTintra (C) =

where n.yx is the number of subsequences from sequence X in cluster ¢, and S(X).; is the i-th
subsequence from sequence X in cluster c.

SrX Y (S0 S (1 V4T K SN T(S() 1S )ey)

Nex XN 1yt 1y XNy

(4)

1
Corrinter(c) = m—1 ZC’EC—C

where c'is a cluster that is different from cluster ¢ in the final clustering result set, and m is the
number of clusters in the final clustering result.

The positive correlation cluster and the negative correlation cluster are calculated separately,
and the results(to 4 decimal places) are shown in Tables 3 and 4.
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Table 3. The corrinra and corriner OF the positive correlation clusters with each threshold.

Top 10 positive correlation with  positive correlation with  positive correlation with

largest e=0.75 £=0.8 e=0.9

clusters COITintra COlTinter COfTintra COlTinter COITintra COITinter
C1 0.8017 0.1850 0.8347 0.2362 0.9123 0.2895
C2 0.7886 0.1568 0.8217 0.1995 0.9095 0.2505
Cs 0.7924 0.1876 0.8254 0.2324 0.9102 0.3088
Cq 0.7760 0.1390 0.8315 0.2608 0.9134 0.2628
Cs 0.7853 0.1585 0.8207 0.1977 0.9090 0.2294
Cs 0.7729 0.1820 0.8259 0.1483 0.9123 0.3049
C7 0.7825 0.1697 0.8218 0.2168 0.9163 0.3127
Cs 0.7737 0.1117 0.8325 0.1885 0.9150 0.1978
Co 0.7796 0.1665 0.8472 0.1400 0.9138 0.3006
C10 0.7749 0.1614 0.8159 0.1393 0.9161 0.1764

Table 4. The corriyra and corriner Of the negative correlation clusters with each threshold.

Top 10 negative correlation with  negative correlation with  negative correlation with

largest e=0.75 =038 e=0.9

clusters COITintra COlTinter COfTintra COlTinter COITintra COITinter
C1 -0.7913 -0.2474 -0.8227 -0.2161 -0.9130 -0.3112
C2 —0.7846 -0.1923 -0.8334 -0.3034 -0.9108 -0.3785
C3 -0.7840 -0.2498 -0.8224 —0.2446 -0.9150 -0.2679
Cq -0.7941 -0.2165 -0.8289 -0.2778 -0.9088 -0.4079
Cs —0.7746 -0.1162 -0.8197 -0.2664 -0.9141 -0.2806
Cs —0.7754 -0.2317 -0.8240 -0.1630 -0.9151 -0.2674
C7 -0.7772 -0.2362 -0.8164 -0.2917 -0.9184 -0.2492
Cs -0.7815 -0.2217 -0.8208 -0.2214 -0.9115 -0.3874
Co —0.7806 -0.1533 -0.8289 -0.1634 -0.9144 -0.3806
C10 -0.7672 -0.2442 -0.8314 -0.2099 -0.9092 -0.2487

As shown in Tables 3 and 4, for each run’s result, the number of elements is ranked in the top
ten clusters, and each cluster has | corringa | > || and | corriner | < |e|. This indicates that the clustering
results have high correlation between the subsequences within the cluster, and the correlation
between the subsequences of different clusters is low, thus indicating that the clustering algorithm is
effective. In addition, the electricity consumption-time sequence diagrams of the clusters with the
most subsequences under each threshold operation result in Tables 3 and 4 are drawn, as shown in
Figure 3. 3a, 3b and 3c are the positive correlation clusters, and 3d, 3e, and 3f are the negative
correlation clusters. 3a and 3d are the results with the threshold of ¢ = 0.75, 3b and 3e are the results

with the threshold of ¢ = 0.8, and 3c and 3f are the results with the threshold of ¢ = 0.9.
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Figure 3. The electricity-time diagram of the cluster with the most subsequences in the
CPCCM clustering result with different thresholds.

From Figure 3, we can find that the CPCCM algorithm can classify subsequences with similar
electricity consumption into one class, and the trend of the correlation relationship that is presented
in the clustering results is more practical-even if some subsequences do not overlap on the
coordinate axes but they have similar (e.g., 3a—c) or opposite (e.g., 3d—f) trends. Moreover, in Figure
3, the lower the threshold is, the greater the number of subsequences, and the longer the length of the
merged subsequences. Conversely, the higher the threshold is, the less the number of subsequences,
and the trend between the subsequences from the different initial sequences is more similar (such as
3c) or the opposite (such as 3f), which means that the positive or negative correlation between
subsequences is more obvious.

5.3. Comparison of experiment

The agglomerative hierarchical clustering (AHC) algorithm is a popular solution for
subsequence correlation clustering. For example, in [13], the temporal sequence correlation of air
quality testing sites using AHC algorithm is analyzed to evaluate the similarity of these testing sites.
And in [41], several user consumption models is found for load curve time series data using the AHC
algorithm based on Pearson similarity.

AHC is a bottom-up clustering method. The main steps can be demonstrated as follows: 1)
assign N subsequences to N clusters where each cluster only contains one subsequence; 2) find the
closest pair of clusters and merge them into a cluster; 3) compute distances between the clusters; and
4) repeat step 2) and step 3) until all items are clustered into a cluster or reach the specified
termination condition.

The comparison is designed as follows. First, using the same data set, the AHC-based
experiment was done three times. We set the time window as 24, and set different correlation
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thresholds of 0.75, 0.8, and 0.9, respectively. The electricity consumption-time diagrams of the
clusters with the most elements under each threshold based on the subsequences are shown in Figure
4. 4a, 4b and 4c are the positive correlation clusters, and 4d, 4e, and 4f are the negative correlation
clusters. 4a and 4d are the results with the threshold of ¢ = 0.75, 4b and 4e are the results with the
threshold of ¢ = 0.8, and 4c and 4f are the results with the threshold of ¢ = 0.9.
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Figure 4. The electricity-time diagram of the cluster with the most subsequences in the
AHC clustering result with different thresholds.

Comparing the running results of the hierarchical clustering algorithm in Figure 4 and the
CPCCM running results in Figure 3, we can intuitively find that under the same threshold, the
CPCCM method mines more long subsequences than the hierarchical clustering algorithm.
Furthermore, in the high correlation threshold mining, the CPCCM method mines more subsequence
pairs than the hierarchical clustering algorithm, as shown by 3c, 4c, 3f, and 4f.

To quantitatively verify our algorithm, we consider the MHI-Modified Hubert's I" Statistic [45]
and the DVI-Dunn s Validity Index [46] to assess the quality of the resulting clusters. Both of these
assessment methods are classical methods for judging clustering quality by comparing the resulting
cluster structure with other clustering results for the same data set. The modified Hubert’s T" index is
given by the following:

MHI = 25257 S, S(Y))) - QS(H), S(Y))) ©

where M = n x m; n and m respectively represent the number of subsequences from the initial
sequence X and Y in the clustering result, assuming that n << m; P is the proximity matrix; and Q is
a n < m matrix, where each Q(S(X);,S(Y);) is the distance between the clusters to which S(X); and
S(Y); belong. The distance between two clusters c; and ¢, can be calculated by Eq 6.
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(6)

dist(cy,cy) =

where n. x is the number of subsequences from sequence X in cluster ¢, n.,y is the number of
subsequences from sequence Y in cluster c;, S(X),,; is the i-th subsequence from sequence X in
cluster ¢;, 1 <i <ng x, r(S(X)i ,S(Y);) is the Pearson correlation coefficient between S(X).,; and
S(Y).,; that can be calculated through Eq 1 or 2.

High values of the MHI" index represent compact and well-separated clustering result, That is,
there are more correlated between the subsequences within same cluster than the subsequences from
different clusters. It is especially well suited for detecting compact and well-separated clusters, but it
has the drawback of being dependent on the number of clusters. The DVI criterion does not depend
on the number of clusters but it is more unstable than the MHI" since it is based on single linkage
distances. Therefore, we choose the average linkage distances to calculate the distance between two
clusters, as shown in Eq 6. Dunn’s Validity Index is given as follows:

dist(cj,c;) }

maxg{diam(cy)}

DVI = mini,j{ (6)
where diam(cy) is the diameter of cluster c, i.e., the maximum distance of the subsequences in
cluster cx. High values of this index also represent compact and well-separated clusters.

Using Eq 5 and 7, the CPCCM algorithm and the AHC algorithm are used to calculate the MHI”
and DVI indicators in the positive correlation and the negative correlation top ten clusters,
respectively, under the respective thresholds, and then the index values of the positive correlation
clusters under the same operation of the same algorithm are obtained. Next, we add the index values
that are obtained by the negative correlation cluster, and the results that are obtained are shown in
Figures 5 and 6.
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Figures 5. A comparison of the MHI's of the AHC and CPCCM.
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Figures 6. A comparison of the DVIs of the AHC and CPCCM.

It can be seen from Figures 5 and 6 that the MHI" and DVI index values of the CPCCM
algorithm under the various thresholds are greater than or similar to the AHC algorithm results.
Moreover, it can be found that under a high correlation threshold (such as 0.9), the difference
between the evaluation index values of the CPCCM algorithm and the AHC algorithm is the largest,
which indicates that the clustering quality of the CPCCM algorithm is more advantageous than the
AHC algorithm when assessing the high correlation subsequence cluster set. Therefore, through the
comparison experiments, it can be found that the CPCCM algorithm is efficient and accurate for
solving the problem of time series subsequence correlation clustering.

6. Conclusion

To analyze the time series correlation of different objects in smart environments based on the
Internet of Things, a time series clustering algorithm based on precise correlation coefficient
matching (CPCCM) is proposed. After splitting the initial sequence that is acquired from the sensor
using a sliding window, the algorithm performs precise correlation coefficient matching on the
subsequences from different objects, clusters the subsequences that meet some preset threshold for
the Pearson correlation coefficients, and merges the adjacent subsequences in the clustering process
to obtain longer subsequences. Finally, the effectiveness of the method is verified using practical
smart grid use cases and comparative experiments.

The merits of the proposed approach are as follows: 1) by using the strategy of precise matching
and cross-traversal, the proposed algorithm improves the clustering quality, by merging adjacent
subsequences, the complexity of the algorithm is reduced; and 2) the proposed algorithm is
independent of specific development tools and platforms, so it can be flexibly applied to similar
scenarios. However, the complexity of the algorithm will be increased in a higher dimension time
series than in 1-dimension. In addition, in our method, time series should be kept continuous. If some
segments are missing, they must be filled through some methods. The future work will focus on
algorithm for high-dimensional time series data and reducing its complexity. We will apply the
algorithm for high-dimensional time series data to intelligent manufacturing as sequence of resource
service has varying number of dimensions.
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