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L 1. Background

1.1 Anomaly detection

m Various sensor networks.
m Monitoring data are collected automatically.

m Anomalies should be predicted.
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L 1. Background

1.2 Multivariate time series
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L 1. Background

1.3 Multivariate time series information system

Time series | Production H»S Pressure
20/4/2016 L H N
21/4/2016 L N L
22/4/2016 N L L
23/4/2016 N L N
24/4/2016 H N H
25/4/2016 H N H
26/4/2016 L L N
27/4/2016 N H L
28/4/2016 H L N
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LQ. Pattern matching and discovery

2. Pattern matching and discovery

2.1 Problem statement
m Assumption: The time series data is synchronous.
mInput: (1) S=(T,A V =UVaea,f: TxA—= V) (2)
Pattern p; (3) Similarity threshold 7; (4) Size of time window
L.

m Output: (1) The counting of p occurring; (2) All occurrence
position of p in S.
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LQ. Pattern matching and discovery

2.1 Pattern matching

‘—~ Specify a pattern

Find similar pattern
from the time
window

Output the
O information of
position and

counting

Record the
matching position
and update the
matching counting
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LQ. Pattern matching and discovery

2.1 Pattern matching

Time series | Production HsS Pressure
20/4/2016 L H N
21/4/2016 L N L
22/4/2016 N L | ps L
23/4/2016 N L | ps N
24/4/2016 H N H p2
25/4/2016 H N H p2
26,/4,/2016 L L N |
27/4/2016 N P1 H L
28/4/2016 H L N
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LQ. Pattern matching and discovery

2.1 Pattern matching
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LQ. Pattern matching and discovery

2.1 Pattern matching

m Question:
What can we do when we cannot specify a pattern?

m Answer:
Pattern discovery.
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LQ. Pattern matching and discovery

2.2 Pattern discovery

m Assumption: The time series data is synchronous.

mInput: (1) S=(T,A V=UVaea, f: T xA—= V) (2)
Support threshold §.

m Output: Temporal associations.

m Constraint: The supports of temporal associations are not less

than ¢.
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‘—2. Pattern matching and discovery

2.2 Pattern discovery

'Transfo'rm' SAX
each time series into a
symbol sequence

L

Extract frequent
patterns from each
time series

L

Hierarchical clustering

Group similar patterns algorithm
in the same sequence Maximum common
into a cluster subsequence similarity

Remove the

Temporal associations over-counted
among clusters occurrences
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LQ. Pattern matching and discovery

2.2 Pattern discovery

SAX Discretization
DEBEDCEADBEBDADCECCDAEA
— | EDDACCEDEDAABCDCEAECCEB

ey

Muttivariate Tme’.:,«m-, Muitiple Symbol Sequences.
Pattern Extraction and
Redundancy Removal
LADEE IREO L (COEA) {ADCE,ADC),{BED,BE},{CDA,DA)

—ipl |§D|,(AC(EDI’.D),{DACCE)- > {ED},{ACCEDED, CCDED},{DACCE}

)B),{AE

Pattern Clustering

Non-Redundant Patterns Patinm Chutars

Temporal Association
Discovery

1. (ADCE,ADC} - {AEEDE, EE Vi b
3! 2. {ACCEDED, CCDED} - {BED,BE —_—
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[Zhuang et al.(2014)Zhuang, Li, and Wong]
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L_3. State transition pattern(STAP)

3.1 Problem statement

m Assumption: The time series data is synchronous.

mInput: (1) S=(T,A V =UVaea,f: TxA—= V) (2)
Itemset support threshold d,,; (3) Sequence support threshold
0d.

m Output: Frequent STAPs.

m Constraint: (1) The supports of itemsets are not less than d;
(2) The supports of sequences are not less than d4.
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3.2 Framework of STAP

Transform / SAX Transform

each time series into a each time series into a
symbol sequence —~ symbol sequence

~ R L

Extract frequent Suffix tree

Horizontal

patterns from each FfeC!UEﬂt C!OSEd or and vertical
time series / maximum itemsets algorithms
i mining
{} . T Cross association
Hierarchical clustering

Group similar patterns
in the same sequence
into a cluster

algorithm
Maximum common
. subsequence similarity Freqllie"t closed or
— maximum STAPs
@ mining
Remove the Temporal association

Temporal associations over-counted
among clusters occurrences

.

Cross and temporal association

Horizontal
and vertical
algorithms
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Type of STAP

Existing works

tq ta

Our works

[G,G] [G,G]
Itemset 1 Itemset 2 Itemset m
(X I ]
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Example of STAP

(Pressure, N (Production, H)

(H,S,L),
(Pressure, H)

(Production, L)

(Pruduction, N),
(Pressure, L)

(Pruduction, L)
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L4. Discussions

Discussions

m Semantics explanation of patterns

m Feature extracting, Occurrence counting
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4. Discussions

Any question?
Welcome to www.fansmale.com!



[ D.E.H. Zhuang, G. C. L. Li, A. K. C. Wong, Discovery of
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