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Time series classification
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Takens embedding

Definition
Given a time series X(t), the Takens embedding is

by st (X(2), X(t+7), -+, X(t + (m —1)n)).
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Classification based on attractor
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Main question

Question:

How do we measure invariants of the
resulting embedding?
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Classification based on persistent homology
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Overview
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Q Persistent Homology for Time Series Analysis
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Homology
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Persistent homology in one slide
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Persistence diagram
x-axis — Birth of feature
y-axis — Death of feature

point — feature
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Examples of point clouds and persistence diagrams
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Bottleneck Distance on D
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Bottleneck Distance on D
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Bottleneck distance for diagrams

Given diagrams X and Y, the distance between them is

HOG V)= i, sl =l
xeX
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Bottleneck Distance on D
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Noise resilience

Original Signals
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Noise resilience

Original Signals

Persistence Diagrams
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Noise resilience

Theorem (Cor of Cohen-Steiner et al., 2007)

Given two time series f,g : R — R.

Let dgm(Takens(f)) be the persistence diagram of the
Takens embedding of f, likewise for g, embedded with
same n, m. Then

dp(dgm(Takens(f)), dgm(Takens(g))) < ||f — &|oo-

Original Signals

Persistence Diagrams
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c Persistent Homology for Time Series Analysis

e Classification and Machining Dynamics
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0 Classification and Machining Dynamics
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Machining Dynamics

Unstable

Images courtesy Firas Khasawneh, SUNYIT; and Boeing.
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Deterministic model: o Left side: standard linear

oscillator
y+2y+y @ Right side: input based
= Kp* Y14 y(t —7) — y(t))* on cutting forces
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Khasawneh, F.A. & Mann, B. P. A spectral element approach for the stability of delay systems,
International Journal for Numerical Methods in Engineering, 2011, 87, 566-592
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Comparing signals using persistence
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Comparing signals using persistence
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Overview
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Differentiation by Max Persistence
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Differentiation by Max Persistence
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Turning Model
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Machine Learning

Adcock et al. 2016 — Coordinates

Diagrams 0 and 1-dimensional of the form X = {(x;, yi)}.
Features:

o > xi(yi — xi)

0 > (Ymax — ¥i)(yi — xi)
o Y xP(yi—xi)*

° Z(ymax - YI)2(yi - Xi)
o max{(y; — xi)}

4
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Machine Learning
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Accuracy - Turning, no Moise, Normalized
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Results (Khasawneh, M, Perea 2017)

@ Theoretical stability boundary for training

@ Standard logistic classifier

@ 97% accuracy
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Additive Noise Model

Average of Maximum Persistence
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Transfer learning

Average of Maximum Persistence
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Future work

Chaos Characterization
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