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Introduction

Background
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Time-series data2t £S127f?
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Time-series data L§ =Xlj5}= EM
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Time-series data L§ =Xlj5}= EM
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I Introduction

Time-series data L} ZXlj5}= EM
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Time-series data L§ =Xlj5}= EM
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I Introduction

Data Augmentation
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I Introduction

Data Augmentation
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Horizontal Vertically

Original Image
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Data Augmentation
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I Introduction

Data Augmentation
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Data Augmentation
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I Introduction

* Difficulty in applying augmentation to Time-series data
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I Introduction

* Difficulty in applying augmentation to Time-series data
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I Data Augmentation for Time-series Data

Time Series
Data Augmentation

T

Basic Advanced
Approaches Approaches
Time Frequency Time-Freq Decomposition Statistical Learning
Domain Domain Domain Methods Generative Models Methods
C ine Flioping. Jitteri Embedding Deep Automated
ropping, FiPPINg, JILLENING, .. Space Generative Models | | Data Augmentation

Taxonomy of Time-series Data Augmentation

Daota Mining
o.:.o Quality Analytics https://arxiv.org/pdf/2002.12478 pdf



I Data Augmentation for Time-series Data

Cropping, Flipping, Jitteri Embedding Deep ||  Automate d
PRINg, Flipping, Jittering, ... Space Generative Models | | Data Augmentation

% Basic Approaches — Time domain

* O ARl augmentation SE 2= BO| MEE

Window cropping
Window warping
Flipping
Perturbation
Noise injection
Label Expansion

oS vk W~
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I Data Augmentation for Time-series Data
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I Data Augmentation for Time-series Data

Embedding Deep
Space Generative Models

Automated |

Cropping, Flipping, Jittering, ... | | Data Augmentation

% Basic Approaches — Time domain

* O ARl augmentation SE 2= BO| MEE

Window warping
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I Data Augmentation for Time-series Data

% Basic Approaches — Time domain | comnsns s | ||| ot o
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I Data Augmentation for Time-series Data

¢ ing, Flioping, Jitteri Embedding Deep ||  Automate d
ropping, Flipping, Jittering, ... Space Generative Models | | Data Augmentation

% Basic Approaches — Time domain

o DR ZI2XQ1 gugmentation O E LO| AIZE
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I Data Augmentation for Time-series Data

¢ ing, Flioping, Jitteri Embedding Deep ||  Automate d
ropping, Flipping, Jittering, ... Space Generative Models | | Data Augmentation

% Basic Approaches — Time domain

* O ARl augmentation SE 2= BO| MEE

Perturbation (& Ensemble)
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I Data Augmentation for Time-series Data

% Basic Approaches — Time domain
o DOH EXOI gugmentation BIHHO Z TIO| AR E
Noise injection
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I Data Augmentation for Time-series Data

% Basic Approaches — Time domain

* O ARl augmentation SE 2= BO| MEE

Label Expansion
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I Data Augmentation for Time-series Data
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I Data Augmentation for Time-series Data

Learning |
, l
++ Domain in Time-series data e I e | P | e
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Data Augmentation for Time-series Data

Automated
Data Augmentation

Embedding Deep
Space G

** Domain in Time-series data
« T "Y(Frequency domain)S 7o k= £/ 1K ABIEE
> 1. Amplitude Spectrum : ZRIt= FHO| LR 415 21| M7 |ZEIZ)S LIEH = AHEH

> 2. Phase Spectrum : ZI1 S0| O X0 AIRISHEX| CHEEARZHS X HES STQM= AHE

Dive into Audio Transformer ntroduction to Analysis for Sound data

2020 . 01.08
Rt |
Lotk Wiriony 3 Tudlly eyl Lely Data Mining & Quality Analytics Lab.
ER R = | YHI Y AH
[ ERER EU P TR AlaBE1T@lknras ar ke
Dive into audio transformer Introduction to Analysis for Sound data
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<
£ 2022448 12 B9 2021 18 8y
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I Data Augmentation for Time-series Data

% Basic Approaches —Frequency domain

Cropping, Flipping, Jittering, ...

Automated
Data Augmentation

Embedding Deep
Space G

»  Time-domain= L} SXH7IX[C] 718 4= MX|Th 22 A1/ 2dio| TItE

1. Amplitude & Phase Perturbations (APP)

Amplitude & Phase Perturbations (APP)

Amplitude spectrum — 25 Amplitude 2401| CHol Z&|| H|O[E{2] BHREM U= 2=
Gaussian NoiseS £
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Daota Mining
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I Data Augmentation for Time-series Data

N

% Basic Approaches —Frequency domain

*  Time-domain= Lt SIXW7EX|C] 7| =X

X|gt %

|_’_I—

[2 o1t s | TRl

2. Amplitude adjusted Fourier transform (AAFT)

Amplitude adjusted Fourier transform (AAFT)

@ 7 Signal datadi| Fourier transform &g
(2 Phase spectrum L 722 Phase shuffle XE
rank-orderingS 74X augmented data A4Ad

3 Inverse Fourier transform
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7

Fourier transform

Daota Mining
Quality Analytics https:/ / arxiv.org/ abs/ 2002.09545

30 40 50

Original

XN S

1O T

104
0.8
0.6 1
044
0.2 1

0.0 1

200

400

AAFT

1.0+
0.8 1
0.6

m—

Random 0.2 -
Shuffing -

Inverse Fourier transform




I Data Augmentation for Time-series Data

Basic Approaches — Time & Frequency domain

Advanced
Approaches

ive Models

Decomposition I

Statistical |

Embedding | | De |
G

s Basic Approaches — Time & Frequency domain coming o i | | 5 || o i
o EIAJZHEE2|0]| BH&t (Short Term Fourier Transform; STFT)

Automated
Data Augmentation

Short Term Fourier Transform(STFT) ]

AR SEY| ME amplitude_9-| MEE &1 Q1= 71Z9] signal H|O|E{S H&i6H= 7|9
APHO| HOJGHA[ZHER]Z windowing 0] FFT =3t
AR SE0| [ME Fhjr FHO| EM HolE miRfet 4~ Q= 2N

Signal

Windowing

FFT : II “ |

Spectrogram
SpecAugment Masking
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I Data Augmentation for Time-series Data

Cropping, Flipping, Jittering, ...

Embedding Deep ||  Automate d
Space Generative Models | | Data Augmentation

 Advanced Approaches — Decomposition Methods

«  Seasonal and Trend decompositionusing Loess (STL)

Seasonal and Trend decomposition using Loess(STL)

ol

AMAIE HI|0|EE Trend, Season, RemainderZ Esliok= STL 7 | &85t s 7|9

oo

.

1) Deterministic Method

Original | |-
gina M Trend(z,), Season(s;), Remainder(r;)2]

7ISAIE 20l HI0[HE ddol=SL 7 |8

fed |
. . 2) Stochastic Method

>-xt= ‘L't-I-St-l-Tt

ZRIOH| 7 415101 T SHE X! B
HIEIO 2 B0 |EIS MASGH e

Remainder | WMW”W\/\AM j 3) Bootstrapped-based Method

STLS HAIBM 21 TX10f| Bootstrap=
XZol0] HIO|EE STA = U

[0

Daota Mining . . . . .
o‘:‘- Quality Analytics  https://machineleamingmastery.com/decompose-time-series-data-trend-seasonality/




I Data Augmentation for Time-series Data

¢ ing, Flioping, Jitteri Embedding Deep ||  Automate d
ropping, Flipping, Jittering, ... Space Generative Models | | Data Augmentation

% Advanced Approaches — Statistical Generative Model

Statistical Generative Model
AAIE H|0|E{2] conditional distributions H1ESHHIO|E S 7|
tA 0| B 7 HS Sofl A= HI0|E{= O pointe| ks B=Ctt 7P
1) Parsimonious statistical model

Mixture of Gaussian trees(MoG)

Multi-modality SF4S 7 Pd6td,
Minor classOi| CHSt oversampling X&

7|2 oversampling BiHik= Ci2A| Q1 X719
AAIE MRS T2{ok= oversampling B
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I Data Augmentation for Time-series Data

% Advanced Approaches — Statistical Generative Model

Statistical Generative Model
A& G|0|E{9] conditional distributionS H1E3HH|0|E 52 7|H

A0 SZ 7|EE Soli YE HlI0|E = 0P pointe] Sgks Eh=ril 7+

2) LGT-based statistical model
Local and Global Trend(LGT)
Non-linearst 22 X! Student T—distributionS &2
LGT statistical model2 Salj AL =

parameters?} forecast paths2| ME=
AtEol0] H[O|E{E S&ot= U
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I Data Augmentation for Time-series Data

N

“ Advanced Approaches — Statistical Generative Model

Daota Mining
Quallity Analytics

Statistical Generative Model

2) LGT-based statistical model
Local and Global Trend(LGT)

Non-linearst 22! 2! Student T-distributionS &2

LGT statistical model2 Sol| Al HE
parameters?} forecast paths2| ME=
AtEol0] H[O|E{E S&ot= U

Cropping, Flipping, Jittering, ... | |

Space

Embedding | | Deep
G

AAIE H|0|E{2] conditional distributions H1ESHHIO|E S 7|

tAIE B2 7|82 Soll e Hl0|Ef= OFH pointe] E&ts Bhe=

Ll 7+

sHhe

P

[ LGTbased model eample]
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Embedding

Cropping, Flipping, Jittering, ... Space

% Advanced Approaches — Statistical Generative Model

Statistical Generative Model
AAIE H|0|E{2] conditional distributions H1ESHHIO|E S 7|
tAPE0 B2 7 |2 Sdl| 2= HIO|Ef= 0™ pointe| FekS Bh=C}11 71
3) MAR-based statistical model

Mixture of Auto-regressive model(VMAR)

MAR 22S HIEFOR A2 BIO|E] ZI3i0l THS!
simulation 2! statisticalSt &M mtot

offd MHE HIEO= MMEI 0| S
noise’ | 04! augmented dataS 28 7ts

Q.. Daota Mining
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I Data Augmentation for Time-series Data

% Advanced Approaches — Leaming Methods

Raw input0i| CHet augmentation=Ct embedded inputdi| CHet augmentation0| &
Embedded input0i| LSt interpolation & extrapolation 22

---

0512

0282 0528
029 0551

0488 0339 05%
0391 0412 0587

0128 1339

1363
0128

0128 1283

[ Original Time—series Data]

Q.. Daota Mining
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Learning Methods — Embedding Space

Autoencoder

Cropping, Flipping, Jittering, ...

2IPHR

012 71

Automated
Data Augmentation

---

0217 0618 0169

025 0625 0474 0163 11719

0918 0247 0681 0164 136

0410 030 061 0170 128

0331 0406 0603 0174 1217
[ Reconstructed Time-series Data]
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% Advanced Approaches — Leaming Methods

---

0282
1211
0488
039N

Q.. Daota Mining
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Learning Methods — Embedding Space

Cropping, Flipping, Jittering, ...

Raw input0i| CHet augmentation=Ct embedded inputdi| LSt augmentation0| 2 PSS 7

0512
0661 058 0128
024 0551 012
039 05% 0128
0412 0587 0128

[ Original Time—series Data]

Embedded inputdi| Cifet interpolation & extrapolation &

1339
1363
1291
1283

0919

Autoencoder

4

[ Embedding Space]

0288 0581

Automated
Data Augmentation

0279 0653 0531 0140 1337

0277 0647 0517 0142 1319

1190 0266 0583 0142 130

0471 0330 046 0141 1278

0330 0406 0593 012 1260
[ Reconstructed Time—series Data ]
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“ Advanced Approaches — Deep Generative Models

Deep Generative Models

O|0JX| AAM0f| =2 AtEEl= Deep Generative ModelsODGM)2 A A E HI0|E 44401 M5t AR
Recurrent GAN(RGAN), TimeGAN & ¢172|F0| CHEA

Recurrent GAN RGAN)

real or
fake?

generated
sample

Synthetic medical dataZ generations}? | 2{oH
[Esteban et al, 2017]0flA] 17Qt=l &

OB®® O Q=0
T

discriminator
LSTh
>
-
-
=

Discriminator _
LSTM 2= Sol| =APO £ time-stepO Tt conditional

inputs

offd HOE{2] TP OIS Tt
Generator /\/\f

Latent/noise space=5E] K| HIO[E{2]
Distribution= 1246104 A{=2 H|0|ES THe= 47 |

BRI

gEI"IE'I'EI.tOF
S
=
.
-
e

real or
generated
sample

[ Discriminator] [ Generator]

Daota Mining
o‘:‘- Quality Analytics  https://arxiv.org/pdf/1706.02633 pdf



I Data Augmentation for Time-series Data

earnin|

Embedding

Cropping, Flipping, Jittering, ... Space

“ Advanced Approaches — Deep Generative Models

Deep Generative Models

O|0JX| MM =2 A El= Deep Generative Models(DGM)S A H|0|E{ A4A0f] H2SHAR|
Recurrent GAN(RGAN), TimeGAN & ¢172|F0| CHEA

TimeGAN

7 =] Discriminator/Generator JE 74|

o)
Reminslruclio.ns Classifications Unsupervised s o BN et Us Y11 - ,L_J
eSx[[, X €0,1] x... Loss : OCr ALy
O I.cun)\(dnlnhuliun 0. 90 ;
R % § p(S. X,.p) directly s 4 %
Supervised-loss § |
x =S —_ . oy ) —— §
7 1= H|0|EE &251H time-conditional o wenisd .. =
M . M o =|L— M x Sl 2l 3 T > 31T ; Eip s p
distribution= 112{ok= loss function =7t i Lo || B dLs . ILs oL
& i i 06, 9. 09, 96,
Reconstruction
Em dlng net\Nork =" t s X 11y 21t Prov 1::)'51‘:“:"! ‘
MO oks S AIES E0|= A2 Embedding Space
- -1 TH OoOL- iy — ] — A= :

— = — (a) Block Diagram (b) Training Scheme
B2 5i= HEYT} IR0 Z 9

Daota Mini
o‘:‘- Q?J;Hy l/r\vmr:;‘glyncs Synthetic Time-Series Data: A GAN approach | by Fabiana Clemente | Towards Data Science



https://towardsdatascience.com/synthetic-time-series-data-a-gan-approach-869a984f2239

Time Series
Data Augmentation

I Data Augmentation for Time-series Data

Advanced
Approaches

Basic
Approaches

Time Frequency Time-Freq Statistical
Domain Domain Domain ive Models

L[] . l
% Advanced Approaches — Deep Generative Models [ comi oo . .._| [

Decomposition

Learning |

Deep

Automated
Generative Models

Data Augmentation

ACGAN : Auxiliary Classifier GANs Score-based Generative Models and Diffu
H ‘ Q Al A S Rt a =35t

= HA}: o =T X} N -

£ 20221428 18Y £ 2022428 112

CEESVE 3 ez 1A~

© oo yzEH218F

D =221 H|C2 AlH (YouTube)

@ =212 H|C|2 AlH (YouTube)

HojLt EE 87| — MojLt R 7] —

Q.. Daota Mining
ob Quallity Analytics




Conclusion

Q.. Daota Mining
ob Quallity Analytics




B Conclusions

< Time-series datatS [t H0|E ST 7|E2 22
© FoJdo Pd= 72 O|0[X| H{0|E]| Kkt 2 7 &= LiS2| Olr= AMAIE L0 [HM| Mol | Oz
> AAIZ ClI0|E] Liof| ZXHok= ARHEZEZ(Time dependency)2! E4S oHZoHK| 2t
> olIXloh= Task0l| et S 7 18 Mekde| (57 ER A= =Xl

+ Basic Approaches for Time-series Data Augmentation
*  Timedomain - Cropping, Warping, Flipping, Perturbation(w/ Ensemble), Noise injection, Label expansion
Frequency domain - Amplitude & Phase Perturbations (APP), Amplitude adjusted Fourier Transform (AAFT)
«  Time &Frequency domain - Short-Term Fourier Transform (STFT)

*s Advanced Approaches for Time-series Data Augmentation
*  Decoposition Methods, Statistical Generative Models
Leaming Methods - Embedding Space, Deep Generative Models (RGAN, TimeGAN)
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