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Harbinger: A Unified Framework for Event Detection in Time Series
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Harbinger iz a framework for event detection in time series. It provides an integrated environment for anomaly detection, change point
detection, and motif discovery. Harbinger offers a broad range of methods and functions for plotiing and evaluating detected events.

For anomaly detection, methods are based on: - Machine learning model deviation: Conv1D, ELM, MLP. LSTM, Random Regression
Forest, and SVM - Classification models: Decision Tree, KNN, MLP, Naive Bayes, Random Forest, and SVM - Clustering: k-means and
DTW - Statistical techniques: ARIMA . FBIAD, GARCH

For change point detection, Harbinger includes: - Linear regression, ARTMA, ETS, and GARCH-based approaches - Classic methods such
as AMOC, ChowTest, Binary Segmentation (BinSeg), GFT, and PELT

For motif discovery, 1t provides: - Methods based on Hashing and Matrix Profile
Harbinger also supports multivariate time series analysis and event evaluation using both traditional and soft computing metrics.

The architecture of Harbinger 1s based on Experiment Lines and 1s built on top of the DAL Toolbox This design makes it easy to extend
and integrate new methods into the framework.

https://cran.r-project.org/web/packages/harbinger 5



Why a unified framework?

= Various methods exist, but they are focused on
specific types

= The appropriate choice depends on the nature of the
time series

= Real-world applications require systematic
comparison, combination of detectors, and rigorous

evaluation
Anomalies Change point Motifs
Methods 50 10 9
Features
Metrics Hard (traditional) and Fuzzy
Models Ensemble and Ensemble Fuzzy
Thresholds customization Deviation, Filters, and Candidate selection
Visualization Time Series, Comparison, Residuals, and thresholds

R. Salles, L. Escobar, L. Baroni, R. Zorrilla, A. Ziviani, V. Kreischer, F. Delicato, P. F. Pires, L. Maia, R. Coutinho, L. Assis, e E. Ogasawara, “Harbinger: Um
framework para integracao e andlise de métodos de deteccdo de eventos em séries temporais”, em Anais do Simpédsio Brasileiro de Banco de
Dados (SBBD), SBC, set. 2020, p. 73-84. doi: 10.5753/sbbd.2020.13626. 3
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Modular architecture
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Detection, Evaluation, Combination, Comparison sl
Each module can be used alone or integrated

Rigid interface (based on workflow algebra and
experiment lines)
Built on top of DAL Toolbox

= https://cran.r-project.org/web/packages/daltoolbox
= [nspired by Scikit-learn: fit() and detect() functions
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A. Marinho, D. de Oliveira, E. Ogasawara, V. Silva, K. Ocafia, L. Murta, V. Braganholo, e M. Mattoso, “Deriving scientific workflows from algebraic 4
experiment lines: A practical approach”, Future Generation Computer Systems, vol. 68. p. 111-127, 2017. doi: 10.1016/j.future.2016.08.016.
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Harbinger allows the evaluation and benchmark of detectors

REMD: A Novel Hybrid Anomaly Detection
Method Based on EMD and ARIMA
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J. Souza, E. Paixao, F. Fre:jga, L. Baroni, R. F. S. Alves, K. Belloze, J. Dos Santos, E. Bezerra, F. Porto, e E. Ogasawara, “"REMD: A Novel Hybrid Anomaly
Detection Method Based on EMD and ARIMA", Proceedings of the International Joint Conference on Neural Networks. 2024. doi: 5
10.1109/1JCNN60899.2024.10651192.
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Combined visualization of detectors in a time series
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E. Ogasawara et al., "harbinger: A Unified Time Series Event Detection Framework”.
Disponivel em: https://cran.r-project.org/web/packages/harbinger/index.html
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Simple anomaly detection example

The Harbinger comes with a
few example series

Labeled time series
Plotting functions
Many detectors, such as ARIMA

library(daltoolbox)
library(harbinger)

data(examples anomalies)

dataset <- examples anomalies$simple
model <- hanr_arima()

# fitting the model

model <- fit(model, dataset$serie)

# making detections

detection <- detect(model, dataset$s
# plotting the results
har_plot(model(), dataset$serie, det
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Understanding the detection

= Exploring detections
= Visualizing the residuals

= Evaluating the results
# filtering detected events

print(detection |>
dplyr::filter(event==TRUE))

##  1dx event type
## 1 50 TRUE anomaly

# understating detected events
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har_plot(model, attr(detection, "res"), detection,
dataset$event, yline = attr(detection, "threshold"))

# evaluating detected events

evaluation <- evaluate(model, detection$event, dataset$event)

print(evaluation$confMatrix)

H#HH event
## detection TRUE FALSE
#t# TRUE 1 0

## FALSE %) 100

100




Ensemble Models

model <- har_ensemble(hanr_fbiad(), hanr_arima(), hanr_emd())
model <- fit(model, dataset$serie)
detection <- detect(model, dataset$serie)
—eohar_plot(model, dataset$serie, detection, dataset$event)
ehar_plot(model, attr(detection, "res"), detection,
{ dataset$event, yline = attr(detection, "threshold"))
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Harbinger also allows combining multiple detectors in ensemble models, extending detection robustness



Fuzzyfing events
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R. Salles, J. Lima, M. Reis, R. Coutinho, E. Pacitti, F. Masseglia, R. Akbarinia, C. Chen, J. Garibaldi, F. Porto, e E. Ogasawara, “SoftED: Metrics for soft
evaluation of time series event detection”, Computers and Industrial Engineering, vol. 198. 2024. doi: 10.1016/j.cie.2024.110728.

Unlike traditional metrics, SoftED tolerates minor
temporal misalignments but imposes stronger
penalties on fragmented or inconsistent detection

patterns
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Taxonomy of Event Detection in Time Series

Anomaly

Type Change point
Motif

Granularity
O——__  Dimensionality

Regression

Data structure

Classification

Detection method Clustering

Statistical

Domain

Offline
Detection scenario Online

Prediction

, , Accuracy
Detection evaluation _< .
Computational resources

https://eic.cefet-rj.br/~eogasawara/en/event-detection-in-time-series
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