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The Problem

The problem of discovering routines is
to find all frequently occurring
subsequences of variable lengths in
a smart meter time series.



The Problem Challenges

The problem of discovering routines is 1. We are interested in the shape and
to find all frequently occurring in the values of subsequences.
subsequences of variable lengths in

_ _ 2. There is no prior knowledge about
a smart meter time series.

the length of the subsequences.

3. The subsequences usually consist
of only a few elements.



The paper presents

1. Brute force algorithm to detect routines

2. Novel algorithm to efficiently discover all routines of variable length



Bl -2 -6 4 -

@‘“ e () () (=)-#)

= 4‘()+(.) +4+ 6
£ 7 04

1t 2



Definition 1. Smart Meter Time Series: A time series X =
(X1,X2,...,Xp) 1s a sequence of n real valued numbers ordered in
time.
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Definition 2. Subsequence: Given a time series X of length n, a sub-
sequence S is a subset of m consecutive observations from X, i.e.,
5P = (x_p, ...,xp+m_1)_, where 1 <p<n-m+1, and m < n.

p=5, m=7 p=21, m=11
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Definition 3. Magnitude: Given a subsequence S’ of length m, the
magnitude of S7' is the maximum of all the elements in the subse-

quence, i.e.,
Mag(Sy ) = max (x;),
1<t<m

Mag(S,") = 8
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Definition 3. Magnitude: Given a subsequence S’ of length m, the
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Definition 4. Match: Given two subsequences, SI" and S'Jﬂ, with the

same length of m from X, if the distance between the two sub-
sequences is no greater than a threshold R, i.e., Dist(S'.",ST) <R,

then the two subsequences are matched.

match?
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Definition 6. Distance: Given two subsequences, Si" and ST, of the
same length m, the distance between SI" and SS." is the maximum
element-wise difference between SI" and S'Jﬂ, i.e

Dist (ST s"’)_oglax (IXiee — Xjge )
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Definition 7. Motif: Given a time series X, a subsequence length m,
and a distance threshold R, the most significant motif is the subse-
quence of length m that has most number of matched occurrences
under the distance threshold, i.e., Vi, j: Dist(S;.",ST) <R.




Definition 7. Motif: Given a time series X, a subsequence length m,
and a distance threshold R, the most significant motif is the subse-
quence of length m that has most number of matched occurrences
under the distance threshold, i.e., Vi, j: Dist(S;.",ST) <R.

m=4, R=3
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Definition 7. Motif: Given a time series X, a subsequence length m,
and a distance threshold R, the most significant motif is the subse-
quence of length m that has most number of matched occurrences
under the distance threshold, i.e., Vi, j: Dist(S;.",ST) <R.
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Definition 8. Routine: Given a frequency threshold C and a magni-
tude threshold G, a routine is a motif that has at least C matched

occurrences in the time series, each of which has at least G mag-
nitude.




Definition 8. Routine: Given a frequency threshold C and a magni-
tude threshold G, a routine is a motif that has at least C matched

occurrences in the time series, each of which has at least G mag-
nitude.

Itis aroutinewithC=3and G=7
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Definition 8. Routine: Given a frequency threshold C and a magni-
tude threshold G, a routine is a motif that has at least C matched
occurrences in the time series, each of which has at least G mag-
nitude.

It is not a routinewithC=3and G =7
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The routine discovery problem is to find all routines with
lengths 1 to m that occur in a smart meter time series X given
a magnitude threshold G and frequency threshold C.
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Algorithm 1: Discovering Routine of Fixed Length (DRFL).

Input . a time series of length n

Parameters: routine length m, distance threshold R;
frequency threshold C, magnitude threshold G,
overlap parameter €

Output : m-length routines B™

1fori=1ton-m-1do
2 L extract subsequence ST,

3 B™ <« SubGroup(S™,R,C, G) ; // See Algorithm 2
4 fori=1to |[B"| -1 do

5 | for j=ito |B™| do

// See Algorithm 3

6 Ki, K; < OLTest (Inst (B;.n), Inst (BT), €) ;

7 fori=1 to |[B"| do
g8 | if Ki==FALSE then remove B}";
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1fori=1ton—m-—1do
2 L extract subsequence S;“;

m=3
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1fori=1ton—m-—1do
2 L extract subsequence S;“;
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1fori=1ton—m-—1do
2 L extract subsequence S;“;

m=3
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Algorithm 1: Discovering Routine of Fixed Length (DRFL).

Parameters:

Input . a time series of length n
routine length m, distance threshold R;

frequency threshold C, magnitude threshold G,

overlap parameter €

Output : m-length routines B™

1fori=1ton-m-1do
2 L extract subsequence ST,

3 B™ <« SubGroup(S™,R,C, G) ;

sfori=1to |B" —1do

5

6

for j=ito |[B™| do
// See Algorithm 3
IQ,B%-e—OLTest(Inst(BT),Inst(BT),G) Z

7 fori=1 to |[B"| do

8

if K;==FALSE then remove B[";

// See Algorithm 2

Overlapping
clusters




m=3,R=2,G=5,C=4




m=3,R=2,G=5,C=4




m=5R=2,G=5,C=3
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Experiments on synthetic database
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Experiments on real datasets

1. More than one dataset

2. A state of the art method is used to comparisons



This paper is interesting for us because...
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