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TIME SERIES ANOMALY DETECTION

= Time Series

What it is, how it works, where we are, and where we are heading

Anomaly detection is an important problem in data analytics with applications in
many domains. In recent years, there has been an increasing interest in anomaly
detection tasks applied to time series. In this post, we take a holistic view on anomaly
detection in time series, starting from the core definitions and taxonomies related to
time series and anomaly types, to a brief description of the anomaly detection
methods proposed by different communities in the literature. We conclude with the
recent benchmark and evaluation effort proposed recently in the data management
community, and new perspectives and research direction.
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Introduction: Time series are Everywhere

Energy Production

see, O
.......

\ : .r. A B ;
Edf.fr: tinyurl.com/yc7x5xje Virgo: https://www.virgo-gw.eu/ tinyurl.com/39dx2us4 tinyurl.com/ybcttmfz

SPACERAISE 2026 | 4



Introduction: Iime series are Everywhere
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Energy Production Astrophysics
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Introduction: with Important Challenges

Energy Production Astrophysics Volcanology
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Introduction
Time Series Analytics
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Introduction: Anomaly Detection in Time Series

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

* Time series T (example : number of taxi passengers in New York City)
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the day, and thus a
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Abnormal Event
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York City
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Introduction: Anomaly Detection in Time Series

Part | Part [l Part Il
General Overview of Time Series Time Series Anomaly Detection Benchmark, Evaluation
Anomaly Detection Methods Measures, and Automatic

Solutions
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Anomaly Detection methods: A taxonomy

------------------------------------- Anomalies
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Anomaly Detection methods: A taxonomy
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Anomaly Detection methods: A taxonomy
By methods...

[ Time series anomaly detection methods ]
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Anomaly Detection
methods:
A taxonomy
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Part Il.
Time Series Anomaly Detection Methods
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Anomaly Detection

methods:
Distance-based
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Distance Formula Time Complexity

A | D . Euclidean Distance Linear and Superlinear methods
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Distance Formula Time Complexity

Euclidean Distance Linear and Superlinear methods
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Anomaly Detection
methods:
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Time series T T,
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Anomaly Detection
methods:
Density-based
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Anomaly Detection
methods:
Prediction-based
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Anomaly Detection
methods:

Time series
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Server Synthetic benchmarks e S
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How should we evaluate the

accuracy of time series anomaly

detection?

Traditional point-wise and
threshold-dependent measures
are over-penalizing
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Conclusion

If you are interested in anomaly detection in time series...

A review on outlier/anomaly detection in time series data

Current Time Series Anomaly Detection
Benchmarks are Flawed and are Creating the

Anomaly Detection in Time Series: A Comprehensive Evaluation

TSB-UAD: An End-to-End Benchmark Suite for Univariate
Time-Series Anomaly Detection
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INTRODUCTION
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1 INTRODUCTION
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Conclusion

.

TimeEval

PyPlv1.1.4, Python 3.7 — 3.9

Pip install TimeEval

github.com/TimeEval/TimeEval

)

PyPI v0.0.3, Python 3.8 —3.12

Pip install tsb-uad

github.com/TheDatumOrg/TSB-UAD

.

No PyPI, Python 3.9

Pip install TSB-AD

github.com/TheDatumOrg/TSB-AD
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import os
import numpy as np
import pandas as pd
o from TSB_UAD.models.iforest import IForest
CO n C ‘ u S I O n from TSB_UAD.models.feature import Window
from TSB_UAD.utils.slidingWindows import find_length
from TSB_UAD.vus.metrics import get_metrics

df = pd.read_csv('data/benchmark/ECG/MBA_ECG805_data.out', header=None).to_numpy()
/" ‘\ data = df[:, @].astype(float)
label = df[:, 1]

slidingWindow = find_length(data)

X_data = Window(window = slidingWindow).convert(data).to_numpy()

c1lf = IForest(n_jobs=1)
clf.fit(X _data)
score = clf.decision_scores_

score = MinMaxScaler(feature_range=(0,1)).fit_transform(score.reshape(-1,1)).ravel()
score = np.array([score[@]]l*math.ceil((slidingWindow-1)/2) + list(score) + [score[-1]11*((s

PyPIv0.0.3, Python 3.8 — 3.12 results = get_metrics(score, label, metric="all", slidingWindow=slidingWindow)
for metric in results.keys():

print(metric, ':', results[metric])

Pip install tsb-uad

github.com/TheDatumOrg/TSB-UAD
\ %
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PyPI v0.0.3, Python 3.8 —3.12

Pip install tsb-uad

github.com/TheDatumOrg/TSB-UAD

import os

import numpy as np

import pandas as pd

from TSB_UAD.models.iforest import IForest

from TSB_UAD.models.feature import Window

from TSB_UAD.utils.slidingWindows import find_length
from TSB_UAD.vus.metrics import get_metrics

df = pd.read_csv('data/benchmark/ECG/MBA_ECG805_data.out', header=None).to_numpy()
data = df[:, @].astype(float)
label = df[:, 1]

slidingWindow = find_length(data)
X_data = Window(window = slidingWindow).convert(data).to_numpy()

c1lf = IForest(n_jobs=1)
clf.fit(X _data)
score = clf.decision_scores_

score = MinMaxScaler(feature_range=(0,1)).fit_transform(score.reshape(-1,1)).ravel()
score = np.array([score[0]]xmath.ceil((slidingWindow-1)/2) + list(score) + [scorel[-1]1]x((s’

AUC_ROC : 0.9216216369841076
results = get_m AUC_PR : 0.6608577550833885
for metric in r| Precision : ©.7342093339374717
print(metri Recall : 0.4010891089108911
F : 0.5187770129662238
Precision_at_k : 0.4010891089108911
Rprecision : ©0.7486112853253205
Rrecall : 0.3097733542316151
RF : 0.438214653167952
R_AUC_ROC : ©.989123018780308
R_AUC_PR : 0.94352384015827@3
VUS_ROC : 0.9734357459251715
VUS_PR : 0.8858037295594041
Affiliation_Precision : 0.9630674176380548
Affiliation_Recall : ©.9809813654809071

SPACERAISE 2026 | 112



modelName='IForest’

clf = IForest(n_jobs=1)
x = X_data

clf.fit(x)

° score = clf.decision_scores_
score = MinMaxScaler(feature_range=(8,1)).fit_transform(score.reshape(-1,1}}).ravell)
score = np.array([score[@]]+math.ceil((slidingWindow-1)/2) + list(score) + [score[-1]]*((slidingWindow-1)//2)}

plotFig(data, label, score, slidingWindow, fileName=name, modelName=modelName)

MBA ECGB05 data.out window=99 |Forest
AUC=0.98 R _AUC=1.0 Precision=0.74 Recall=0.76 F=0.75 ExistenceReward=1.00 OverlapReward=0.76
AP=0.62 R_AP=0.97 Precision@k=0.76 Rprecision=0.74 Rrecall=0.81 Rf=0.77
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hanks for attending!

paul.boniol@inria.fr

| @ | https://boniolp.github.io/
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