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Introduction: Time series are Everywhere
Energy Production

Edf.fr: tinyurl.com/yc7x5xje

Astrophysics

Virgo: https://www.virgo-gw.eu/

Medicine

tinyurl.com/39dx2us4

Volcanology

tinyurl.com/ybcttmfz
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Secondary circuit sensor 
measurements

Fiber-acoustic sensors in the 
VIRGO north building

Sensor measurements of the Da-
Vinci surgery robot

Sensor measurements on le Piton 
de la Fournaise
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Introduction: with Important Challenges
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Secondary circuit sensor 
measurements

Fiber-acoustic sensors in the 
VIRGO north building

Sensor measurements of the Da-
Vinci surgery robot

Sensor measurements on le Piton 
de la Fournaise

Detection of 
abnormal events on 

the volcano for 
predicting eruptions

Identification of 
precursors of feed-

water pumps 
vibrations

Noise detection in 
VIRGO interferometer 

north building

Unusual surgeons 
gestures detection
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Introduction: 
Time Series Analytics

Example:
Identifying abnormal heartbeats 

in Electrocardiograms

12000 300 600 900

12000 300 600 900

Arrythmia 

Normal heartbeats

Anomaly Detection

Example:
Identifying recurring patterns 
in an electrical consumption 

of a house

12000 300 600 900

12000 300 600 900

Motif 1: Washing Machine

Motif 2: 
Dish Washer

Motif Discovery

Example:
Classification of surgeons' 

gestures from telemetry data

12000 600

Class A

Class B
A?

B?

12000 600

Classification

Gesture A
Gesture B

Example:
Human activity segmentation 

from accelerometer data

12000 300 600 900

12000 300 600 900

Segmentation

A            B                             C                     D              A

Example:
Forecasting electricity 

consumption at the scale of a 
house

12000 300 600 900

Forecasting

Training data 
(past)

Forecasted 
data (future)

12000 300 600 900

Example:
Discovering groups  and types 

of Precursors of vibrations 
happening on Feed-water 

pumps

12000 600

12000 600

12000 600

Cluster A

Cluster B

Precursor A Precursor B

Clustering

Time Series 
Analytics

Time series as 
an instance

Time series 
as a dataset

Mining 
tasks

Predicting 
tasks

Unsupervised

Supervised
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• Time series ! (example : number of taxi passengers in New York City)

• Subsequence !!,ℓ
with " = 4400, ℓ = 250

46004400 4450 4500 4550 4650

80000 2000 4000 6000

Introduction: Anomaly Detection in Time Series
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• Time series ! (example : number of taxi passengers in New York City)

• Anomaly: rare point or 
sequence (of a given length) 
potentially non-desired

80000 2000 4000 6000

Introduction: Anomaly Detection in Time Series

Erroneous Values
Daylight Saving Time (DST) 

causes one additional hour in 
the day, and thus a 

significantly larger number of 
taxi passengers

Unusual Event
Despite being a normal 

event, Christmas causes a 
drop in the number of 
passengers during the 

day.

Abnormal Event

Snowstorm in New 
York City

Point Sub-sequence
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• Time series ! (example : number of taxi passengers in New York City)

• Anomaly: rare point or 
sequence (of a given length) 
potentially non-desired

80000 2000 4000 6000

Introduction: Anomaly Detection in Time Series

Erroneous Values
Daylight Saving Time (DST) 

causes one additional hour in 
the day, and thus a 

significantly larger number of 
taxi passengers

Unusual Event
Despite being a normal 

event, Christmas causes a 
drop in the number of 
passengers during the 

day.

Abnormal Event

Snowstorm in New 
York City

Point Sub-sequence

Part I
General Overview of Time Series 

Anomaly Detection

What it is

Part III
Benchmark, Evaluation 

Measures, and Automatic 
Solutions 

Where we are

Part II
Time Series Anomaly Detection 

Methods

How it works
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Part I. 
Time Series Anomaly Detection

(a) Example of multivariate time series T from 
the vibration class !ℳ" .

(b) "#$%#ℳ" ! : Dimension-wise Class Activation 
Map of T for the vibration class !ℳ" .
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Anomaly Detection methods: A taxonomy

0 2000 4000

80000 2000 4000 6000

Anomaly Detection 
Model

Time Series

Anomaly score

Pre-Processing

Post-Processing

Scoring

Anomalies
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Anomaly Detection methods: A taxonomy

0 2000 4000

80000 2000 4000 6000

Anomaly Detection 
Model

Time Series

Anomaly score

Pre-Processing

Post-Processing

Scoring

Anomalies

0 2000 6000

Time series of interest

Missing Values 
imputation:

Simple Imputation
Mean fill, Forward/Backward fill

Interpolation
Linear, Polynomial, etc

…

Normalization: Denoising DetrendingZ-normalization Min-max 
normalization

Time Series Anomaly Detection Approaches

…

Estimating 
Subsequence length:

Fourier-based Lag-correlation-
based …

SPACERAISE 2026 | 29



Anomaly Detection methods: A taxonomy

0 2000 4000

80000 2000 4000 6000

Anomaly Detection 
Model

Time Series

Anomaly score

Pre-Processing

Post-Processing

Scoring

Anomalies

0 2000 6000

Time series of interest

Missing Values 
imputation:

Simple Imputation
Mean fill, Forward/Backward fill

Interpolation
Linear, Polynomial, etc

…

Estimating 
Subsequence length:

Fourier-based Lag-correlation-
based

Normalization: Denoising DetrendingZ-normalization Min-max 
normalization

Feature Extraction:

HCTSA
7730 features

TSFresh
1558 features

TSFEL
390 features

KATS
65 features

Feasts
42 features

Catch22
22 features

Traditional Outlier Detection Approaches Time Series Anomaly Detection Approaches

…

…

Online notebook for 
code example for 
feature extraction 
and subsequence 
length estimation
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Anomaly Detection methods: A taxonomy
By domains [5] …

[5] Sebastian Schmidl, Phillip Wenig, and Thorsten Papenbrock. 2022. Anomaly detection in time series: a comprehensive evaluation. Proc. 
VLDB Endow. 15, 9 (May 2022), 1779–1797. SPACERAISE 2026 | 32



Anomaly Detection methods: A taxonomy
By inputs…

Supervised
Semi-supervised

Examples of normal dataUnsupervised

Application-based input

- Subsequence length of interest
- Number of anomalies of interest
- etc

Examples of abnormal data

TSAD method

0 2000 4000 6000 8000 10,000

Time series of interest
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Anomaly Detection methods: A taxonomy
By methods…

Time series anomaly detection methods

Distance-based Density-based Prediction-based

Tree-
based

Distribution-
based

Graph-
based

Clustering-
based

ℬ

Discord-
based

Proximity-
based

Reconstruction
-based

Forecasting-
based

Encoding-
based

A  BC  A B C  A   D     E   A  BC

A →  BC
A →  DE

…

E.g.,
MP

DAMP

E.g.,
NormA
SAND

E.g.,
Isolation-

Forest

E.g.,
Series2Graph

E.g.,
HOBS

OCSVM

E.g.,
LSTM,CNN

POLY

E.g.,
PCA

AutoEncoder

E.g.,
LOF

E.g.,
GrammarViz
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Anomaly Detection 
methods: 
A taxonomy
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Anomaly Detection 
methods: 
A taxonomy

https://boniolp.github.io/
TSADtaxonomy/

Online interactive 
Taxonomy

https://github.com/boniolp/
TSADtaxonomy
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Part II. 
Time Series Anomaly Detection Methods

(a) Example of multivariate time series T from 
the vibration class !ℳ" .

(b) "#$%#ℳ" ! : Dimension-wise Class Activation 
Map of T for the vibration class !ℳ" .
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50000 1250 3750

…
"$,ℓ "&,ℓ "',ℓ "(,ℓ "),ℓ "*,ℓ

Density of the local 
neighborhood !

Time series !

…
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Nearest Cluster ""

…
"$,ℓ "&,ℓ "',ℓ "(,ℓ "),ℓ "*,ℓ

Nearest neighbor

"""""""" "#"#
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1
|1)|

2
$∈*!

+(-#,ℓ, -$,ℓ)

&!,# = +(-#,ℓ, -(,ℓ)

Anomaly Score S%!!,#

Proximity
based

Clustering
based

Discord
based

Distance-based

Clustering-
based

Discord-
based

Proximity-
based

Anomaly Detection 
methods: 
Distance-based
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Anomaly Score S%!!,#
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based

Clustering
based

Discord
based

Distance-based

Clustering-
based

Discord-
based

Proximity-
based

Anomaly Detection 
methods: 
Distance-based

Online notebook for 
code example for a 

Discord-based 
method
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Anomaly Detection 
methods: 
Distance-based

Distance-based

Clustering-
based

Discord-
based

Proximity-
based

Which distance?

3+(-, 4)

3,+(-, 4)

4

-

54

5-

Euclidean Distance

Z-norm Euclidean Distance

#$

"#

"# − #$
+

#$

Admissible 
Warping path 

6

# "

Dynamic Time Warping (DTW)
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Anomaly Detection 
methods: 
Distance-based

Distance-based

Clustering-
based

Discord-
based

Proximity-
based

Which distance?

3+(-, 4)

3,+(-, 4)

4

-

54

5-

Euclidean Distance

Z-norm Euclidean Distance

#$

"#

"# − #$
+

#$

Admissible 
Warping path 

6

# "

Dynamic Time Warping (DTW)

Which distance is the most 
appropriate for time series 

anomaly detection?

Premature 
heartbeat

Unusual disk 
revolution

Anomalous 
energizing 

phase

(a)  Data series example: Snippet of an electrocardiogram (in 
blue: normal heartbeats, in red: premature heartbeat)

(b)  Data series example: Snippet of simulated engine disks data 
(in blue: usual disk revolution, in red: failed disk revolution)

(c)  Data series example: Snippet of space shuttle marotta valve
(in blue: normal cycle, in red: anomalous cycle)
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Anomaly Detection 
methods: 
Density-based

50000 1250 3750

Time series "

50000 1250 2500 3750
Anomaly Score S!&!,(

-#,ℓ -(,ℓ --,ℓ -.,ℓ

-/,ℓ
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-(,ℓ -$,ℓ-#,ℓ
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&!,(

-(,ℓ

#$,&

-#,ℓ-(,ℓ

-$,ℓ--,ℓ -.,ℓ

80

81 82

-#,ℓ

Tree
based

&!,# = :(-#,ℓ, 7(8, ℰ))

7(8, ℰ)

Graph
based

Encoding
based

-$,ℓ-#,ℓ

A  BC  A B C D     E   A  BC

A →  BC
A →  BC
C →  A

A →  BC
D →  E
E →  A

Distribution
based

&!,#

Density-based

Tree-
based

Distribution-
based

Graph-
based

Encoding-
based

A →  BC
A →  DE

…

SPACERAISE 2026 | 80



Anomaly Detection 
methods: 
Density-based
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…

Online notebook for 
code example for a 

Encoding-based 
method
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Anomaly Detection 
methods: 
Prediction-based

50000
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Anomaly Detection 
methods: 
Prediction-based
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Anomaly Detection 
methods: 
Prediction-based
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Online notebook for 
code example for a 

Reconstruction-
based method
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Part III. 
Benchmark, Evaluation Measures, 

and Automatic Solutions 

(a) Example of multivariate time series T from 
the vibration class !ℳ" .

(b) "#$%#ℳ" ! : Dimension-wise Class Activation 
Map of T for the vibration class !ℳ" .
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Anomaly Detection methods: Existing 
benchmark

Numenta (NAB)
2015 (ICML)

Server

Exathlon
2021 (VLDB)
Server data

HEX/UCR
2021 (KDD)

Heterogeneous

TODS
2021 (NeurIPS)

Synthetic

YAHOO
2015

Server data

SVDB
1990

Medical

MITDB
1992

Medical

SensorScope
2010

Sensor systems

GHL
2016

Industrial plants

1990s 2010s 2020s

R. Wu et al. TKDE (2021)
[18]

First proposal of a 
heterogeneous benchmark, 

and discussion of the 
limitations of current 

benchmarks
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Anomaly Detection methods: Existing 
benchmark

Numenta (NAB)
2015 (ICML)

Server

Exathlon
2021 (VLDB)
Server data

TSB-UAD
2022 (VLDB)

Heterogeneous

TimeEval
2022 (VLDB)

Heterogeneous

HEX/UCR
2021 (KDD)

Heterogeneous

TODS
2021 (NeurIPS)

Synthetic

YAHOO
2015

Server data

SVDB
1990

Medical

MITDB
1992

Medical

SensorScope
2010

Sensor systems

GHL
2016

Industrial plants

1990s 2010s 2020s

S. Schmidl et al. PVLDB (2022)
[5]

J. Paparrizos et al. PVLDB (2022)
[19]

First introduction of large 
heterogeneous benchmarks 
and experimental evaluation
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Anomaly Detection methods: Existing 
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FNFP TN

How should we evaluate the 
accuracy of time series anomaly 

detection?

Traditional point-wise and 
threshold-dependent measures 

are over-penalizing

Can we rely on one unique method?
Observations from recent heterogeneous benchmarks (i.e., 

TSB-UAD, TSB-AD, TimeEval, and TAB) confirm that there are 
significant differences in performance across datasets 

(a.1) Example from ECG dataset (b.1) Example from MGAB dataset (c.1) Example from Daphnet dataset (d.1) Example from YAHOO dataset

(a.2) ECG best detector: NormA

(b.2) MGAB best detector: LOF

(c.2) Daphnet best detector: HBOS

(d.2) YAHOO best detector: CNN

(a.1) Example from ECG dataset

(b.1) Example from MGAB dataset

(c.1) Example from Daphnet dataset

(d.1) Example from YAHOO dataset
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(a.1) Example from ECG dataset (b.1) Example from MGAB dataset (c.1) Example from Daphnet dataset (d.1) Example from YAHOO dataset

(a.2) ECG best detector: NormA

(b.2) MGAB best detector: LOF

(c.2) Daphnet best detector: HBOS

(d.2) YAHOO best detector: CNN

(a.1) Example from ECG dataset

(b.1) Example from MGAB dataset

(c.1) Example from Daphnet dataset

(d.1) Example from YAHOO dataset
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Anomaly Detection methods: Existing 
benchmark

Numenta (NAB)
2015 (ICML)

Server

Exathlon
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Server data
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Medical
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How should we evaluate the 
accuracy of time series anomaly 

detection?

Recent time series specific 
measures (such as VUS) have been 

introduced

Can we rely on one unique method?
Model Selection and ensembling significantly outperform 

each individual detectors
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2022 (VLDB)

Heterogeneous

TimeEval
2022 (VLDB)

Heterogeneous

HEX/UCR
2021 (KDD)

Heterogeneous

TODS
2021 (NeurIPS)

Synthetic

TimeseAD
2023 (TMLR)

Heterogeneous

TimeSeriesBench
2024 (Arxiv)

Heterogeneous

ADB
2024 (CIKM)

Servers
MTAD

2024 (Arxiv)
Heterogeneous

OrionBench
2023 (Arxiv)

Heterogeneous

ExpEval
2024 (VLDB)

Heterogeneous

TAB
2025 (VLDB)

Heterogeneous

TSB-AD
2024 (NeurIPS)
Heterogeneous

YAHOO
2015

Server data

SVDB
1990

Medical

MITDB
1992

Medical

SensorScope
2010

Sensor systems

GHL
2016

Industrial plants

1990s 2010s 2020s

How should we evaluate the 
accuracy of time series anomaly 

detection?

Recent time series specific 
measures (such as VUS) have been 

introduced

Can we rely on one unique method?
Model Selection and ensembling significantly outperform 

each individual detectors
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More info on previous 
lectures:

https://boniolp.github.io/
TwinODIS
(Part III)

More info on previous 
lectures:

https://boniolp.github.io/
TwinODIS
(Part III)



Conclusion
If you are interested in anomaly detection in time series… 

S. Schmidl et al. PVLDB (2022)
[5]

J. Paparrizos et al. PVLDB (2022)
[19]

R. Wu et al. TKDE (2021)
[18]

A. Blazquez-Garcia et al. ACM 
Computing Survey (2021) [24]

https://github.com/TheDatumOrg/
TSB-UAD

https://github.com/HPI-
Information-Systems/TimeEval

https://wu.renjie.im/research/ano
maly-benchmarks-are-flawed/
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[19]

R. Wu et al. TKDE (2021)
[18]
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Computing Survey (2021) [24]

https://github.com/TheDatumOrg/
TSB-UAD

https://github.com/HPI-
Information-Systems/TimeEval

https://wu.renjie.im/research/ano
maly-benchmarks-are-flawed/

Video (EDBT 2023 Tutorial)

Time Series Anomaly Detection 
Paul Boniol, Qinghua Liu, John Paparrizos, and Themis Palpanas.

Slides (VLDB 2024 Tutorial)

https://www.youtube.com/w
atch?v=96869qimXAA&t=1s

https://drive.google.com/file/d/1Vyz6
H0E16IpbVZXgtiZVnU9Ie8zAJaog/view

Survey (2025 preprint)

https://arxiv.org/pdf/241
2.20512

Short Survey (KDD 2025)

https://dl.acm.org/doi/10.1
145/3711896.3736565
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Conclusion

https://boniolp.github.io/
TSADtaxonomy/

Online interactive 
Taxonomy

https://github.com/boniolp/
TSADtaxonomy
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Conclusion

PyPI v1.1.4, Python 3.7 – 3.9

Pip install TimeEval

PyPI v0.0.3, Python 3.8 – 3.12

Pip install tsb-uad Pip install TSB-AD

No PyPI, Python 3.9

TSB-AD

github.com/TheDatumOrg/TSB-UADgithub.com/TimeEval/TimeEval github.com/TheDatumOrg/TSB-AD
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Thanks for attending!
paul.boniol@inria.fr

https://boniolp.github.io/ 
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