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Traditional Data

Rows are records
Columns are features

Can be visualized
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time X acc y acc Z acc

Tim e S eri es 227000 227838 0.829437 13.9132 -0.104062

227001 227839 0468504 14.0607 -0.730616
227002 227840 -0.172953 15.0715 -1.907150
Rows are records 227003 2273.41 -0.396788 16.7580 -3.194480

227004 2278.42 -0.708866 16.6444 -3.432090

Columns are features
232996 2338.34 -0.106280 13.1876 -2.054700
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time xacc y acc Z acc

. . 227000 2278.38 0.829437 13.9132 -0.104062
Tlme Serles 227001 227839 0.468504 14.0607 -0.730616
227002 2278.40 -0.172953 15.0715 -1.907150
Show change through time 227003 2278.41 -0.396788 16.7580 -3.194480

227004 2278.42 -0.702866 16.6444 -3.432090

Often periodic or repetitive
232996 2338.34 -0.106280 13.1876 -2.054700
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Time Series are everywhere




omnipresent
Time series are | new
valuable



Time series are
valuable
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Time series are
valuable



Insight mining
valuable





https://www.iconfinder.com/stefania.servidio
https://www.wpzoom.com/

Insight mining in time series data with
applications for anomaly detection



Value = anything useful

Visualizing content

PVC Beats

TypeB
Normal Beats
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https://en.wikipedia.org/wiki/Premature_ventricular_contraction#/media/File:PVC10.JPG
https://commons.wikimedia.org/wiki/User:Jmh649
https://creativecommons.org/licenses/by-sa/3.0

Value = anything useful

Summarizing content

0 60,000



Value = anything useful

Detecting evolving patterns

2014

0

250 weeks 500 weeks
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Thanksgiving

~ Xmas
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https://www.cs.ucr.edu/~eamonn/Matrix_Profile_Tutorial_Part1.pdf

Value = anything useful

Detecting changepoints

PulsusParadoxusECG1
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GreatBarbetl



Value = anything useful

Detecting anomalies
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Insight mining in time series data with
applications for anomaly detection



Anomaly detection

... for exploration
“We didn't expect that!”

... for prevention
“Check your engine

I"

... for reaction
“Call a doctor

I"




Anomalies are vague
Highly subjective
E.g. yearly fire drill

Context dependent
E.g. weekdays versus holidays

Instantaneous or long-term
E.g. noise versus different behavior



Insight mining in time series data
anomaly detection
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Matrix Profile

Contextual Matrix Profile
Noise Elimination

Radius Profile
SDM-Framework
Conclusion



Matrix Profile | Example

Signal
10 1




Matrix Profile | Example

Signal

Matrix Profile
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Matrix Profile | Example

Signal

Matrix Profile
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Matrix Profile | Example

Signal

Matrix Profile
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Matrix Profile | Example

window

>

Signal

Matrix Profile

window
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Matrix Profile | Similarities

Given two sequences, define a distance measure

Manhattan distance Dy(X.Y) = ) |x; — yil

Euclidean distance De(X. V)= [ Y (xi — 3)?

Z-normalized Euclidean distance D,:(X,Y) = Dy (X‘ =2 o e “”)

Cx Oy




Matrix Profile | Z-normalized Euclidean Distance

Most used because it compares shape

BIDMC Congestive Heart
1T Failure Database: chf1l

—J

BIDMC Congestive Heart
Failure Database: chf10
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Matrix Profile | Calculation

Signal

Matrix Profile

0 500 1000 1500 2000 2500



Matrix Profile | Calculation

Signal

Matrix Profile
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Matrix Profile | Calculation

Distance matrix visualizes all distances




Matrix Profile | Calculation

No clear pattern results in neutral distance

i




Matrix Profile | Calculation

No clear pattern results in neutral distance

Matching pattern gives low distance




Matrix Profile | Calculation

No clear pattern results in neutral distance
Matching pattern gives low distance

Lone pattern results in high distance




Matrix Profile | Insights ik

PVC Beats
TypeB
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Matrix Profile | Limitations

Periodicity
Discover & visualize

Anomalies




Matrix Profile | Limitations

Periodicity
Noise in signals

Affects perceived shape

Impedes insights
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Matrix Profile | Limitations

Periodicity
Noise in signals

Repetition

Integration
Shared functionality

Single workflow



Introduction

Matrix Profile

Contextual Matrix Profile
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SDM-Framework
Conclusion
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Passengers

Passengers

Contextual Matrix Profile | Example

Dataset of taxi passengers in New York

NY Taxi (complete)

25000
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Contextual MP | Calculation

Distance matrix visualizes all distances




Contextual MP | Calculation A\~

Distance matrix visualizes all distances

Find best match in region




Contextual MP | Calculation

Distance matrix visualizes all distances
Find best match in region

Calculate distances as usual




Contextual Matrix Profile
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Contextual Matrix Profile
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Contextual Matrix Profile
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Contextual Matrix Profile

Dissimilar
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Contextual Matrix Profile

Dissimilar
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CMP (clipped values)
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Matrix Profile versus Contextual MP

Matrix Profile finds distinct patterns

E.g. blizzard, holidays, transition wintertime

Blizzard

Matrix Profile Davliaht
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Matrix Profile versus Contextual MP

Matrix Profile finds distinct patterns

E.g. blizzard, holidays, transition wintertime

Contextual MP additionally finds:
periodicity: weekday/weekend, school period

deviating patterns: Christmas period, additional holidays
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Noise | Z-normalized Euclidean Distance

Most used because it compares shape

BIDMC Congestive Heart
1T Failure Database: chf1l
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BIDMC Congestive Heart
Failure Database: chf10
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Noise | Z-normalized Euclidean Distance

In rare cases, noise defines shape of the data

Original sequences
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Noise is pretty common

Most sensors experience noise

Lying Sitting Standing

—— Accelerometer 1
—— Accelerometer 2

—— Accelerometer 3

T T T T T T T T
10000 20000 30000 40000 50000 60000 70000 80000
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Noise | Examples with noise elimination

Visualization on activity dataset

CMP (without noise elimination): Channe| 2
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Noise | Approach

Analytically estimate the effect of noise & deduct this estimate




Noise | Examples with noise elimination

Visualization on activity dataset

CMP (without noise elim natnon] (,h.anl 2 CMP (using noise elimination): Channe| 2
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Noise | Examples with noise elimination

Anomaly detection on system monitoring

Dataset 1
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Noise | Examples with noise elimination

Anomaly detection on system monitoring

Dataset 1
Anomalies found (total) Wrong guesses (total)
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Noise | Examples with noise elimination

Segmentation on activity dataset

Error (combined sensors) for transition from lying to sitting

35 4 Classic MP
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Radius Profile | Use Case

Signal




Radius Profile | Use Case

Signal




Radius Profile | Use Case

Signal
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Radius Profile | Example

Y Acceleration for Subject 1
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Radius Profile | Calculation

Distance matrix visualizes all distances




Radius Profile | Example

Y Acceleration for Subject 1

40 -
Walking Nordic Walking Cycling
20 -
- D e IR
o4 T
0 20000 40000 60000 80000 100000 120000
Walking - 5 Sec Closeup Nordic Walking - 5 Sec Closeup Cycling - 5 Sec Closeup Running - 5 Sec Closeup
40 1 40 - 40 1 40 -
20 1 20 1

o-

AAAAAAAAA 7]

0

Radius Profile

AAAARARAAN

0.6

0.4 -

0.2 4

Norm. Z-Eucl Distance

*4»"“ ¥

sl

0 20000

60000 80000

100000 120000



Radius Profile | Example

Y Acceleration for Subject 1
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Radius Profile | Example
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Radius Profile | Calculation

Distance matrix visualizes all distances
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Norm Z-Eucl

Radius Profile | Example
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Distance matrix as a foundation

Matrix Profile

Contextual Matrix Profile
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Matrix Profile | Similarities

Given two sequences, define a distance measure

Manhattan distance Dy(X.Y) = ) |x; — yil

Euclidean distance De(X. V)= [ Y (xi — 3)?

Z-normalized Euclidean distance D,:(X,Y) = Dy (X‘ =2 o e “”)

Cx Oy




Series Distance Matrix framework

[—\—/— Time Series

SDM-framework

Distance measure Processor

7

@Segmentation @ Visualization

@ TS-chains @ Segmentation




Series Distance Matrix framework

Dy (X.Y)

Dl'.'(X. Y)

Dx,{(x. Y)

[—\—/— Time Series

Distance measure

SDM-framework

Processor
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@ Visualization
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@ Segmentation




Series Distance Matrix framework

Dy (X.Y)

Di(X.Y)

[\—/— Time Series

Distance measure

SDM-framework

Processor

{} |

@ Segmentation

@ Visualization

@ TS-chains

@ Segmentation

Matrix Profile

Contextual MP

Radius Profile



Available online
https://github.com/predict-idlab/seriesdistancematrix
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Contextual Matrix Profile

2015-01-
2015-01-04
2014-1221
2014-12-07
2014-1123
2014-11-09
2014-1026
2014-10-12
2014-09-28
2014-09-14
2014-08-31
2014-08-17
2014-08-03
2014-07-20
2014-07-06

© .29 B A1 A oAb 9% A 96 @ > Sl o
090 020 (@0 @ (@B 9 (92 (V10 (P (AP o8t o

2 N N N A T N e e N e

b A®
»“Yos»“\lx
e



Periodicity
Noise

Contextual Matrix Profile
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Contextual Matrix Profile 10 CMP (using noise elimination): Channe| 2
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