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Abstract

Time series anomaly detection has received substantial atten-
tion over the past two decades, leading to the development
of hundreds of algorithms. However, comprehensively un-
derstanding this vast landscape remains challenging, partic-
ularly for non-experts and novices. In this demonstration pa-
per, we present INTIMEAD, an interactive web application
that provides access to more than 30 state-of-the-art time se-
ries anomaly detection algorithms. INTIMEAD is intended
to explore the performance of existing as well as custom
anomaly detection models in an interactive, hands-on man-
ner. By lowering the entry bar, we support practitioners over-
whelmed by the large number of existing techniques, while
providing a platform for researchers to rapidly analyze their
novel anomaly detection algorithms.

INTIMEAD - https://intimead.cs.kuleuven.be
Code - https://github.com/ML-KULeuven/InTimeAD

Introduction

Time series anomaly detection (TSAD) is the automatic de-
tection of unusual or anomalous sequences in time series
data (Liu and Paparrizos 2024) and plays a crucial role in
many domains, such as industry (Fingerhut et al. 2023),
healthcare (Samariya et al. 2023), finance (Ahmed, Choud-
hury, and Uddin 2017), social networks (Savage et al. 2014),
and environmental sciences (Russo et al. 2020). Due to
its importance, hundreds of TSAD algorithms have been
proposed over the past two decades (Schmidl, Wenig, and
Papenbrock 2022). However, comprehensively understand-
ing this vast landscape remains challenging, particularly for
non-experts and novices. This difficulty is further amplified
by the fact that algorithm performance heavily depends on
the time series characteristics (Lemmens et al. 2024).

In this demo paper, we present INTIMEAD, a web appli-
cation to facilitate the analysis of more than 30 state-of-the-
art anomaly detection algorithms in an interactive, hands-on
manner. Our goal is to improve the understanding of state-
of-the-art anomaly detection methods while minimizing the
effort required from users. To achieve this, we (1) build on
top of DTAIANOMALY (Carpentier et al. 2025) to provide
access to a large set of state-of-the-art models; (2) integrate
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dynamic visualizations that support an intuitive understand-
ing in the predictions beyond numerical scores; (3) allow
flexible configuration of hyperparameters to analyze their
impact; and (4) support multiple options for loading time
series data, including custom datasets. INTIMEAD is online
available at https://intimead.cs.kuleuven.be.

Impact on Practitioners As mentioned before, TSAD is
applicable in a wide range of real-world domains. How-
ever, the extensive number of available models can be over-
whelming for non-experts and novices. INTIMEAD pro-
vides access to a variety of state-of-the-art methods through
an interactive interface, enabling practitioners to gain hands-
on experience with minimal effort. Moreover, INTIMEAD
allows practitioners to evaluate models directly on their own
data, thereby bridging the gap between the algorithmic de-
sign and practical application.

Impact on Researchers TSAD remains an active research
area, with new methods continuously being proposed. Ac-
curately assessing the strengths and weaknesses of a novel
algorithm is essential for improving its design and perfor-
mance. INTIMEAD facilitates this process by allowing re-
searchers to integrate their implementations and visualize
the predictions across a large collection of time series with
minimal effort. This provides an intuitive understanding of
algorithmic performance, beyond mere numerical results.
INTIMEAD also supports exploration of hyperparameter
sensitivity through configurable parameters. Furthermore,
new algorithms can be directly compared against all state-
of-the-art detectors included in INTIMEAD, enabling rapid
benchmarking and analysis.

Positioning to Related Work

Several open-source toolboxes collecting a comprehensive
set of TSAD algorithms have been published recently (Car-
pentier et al. 2025; Middlehurst et al. 2024; Wenig, Schmidl,
and Papenbrock 2022; Liu and Paparrizos 2024). While
these toolboxes improve access to publicly available im-
plementations, users still need to set up environments and
write the code for using these models. INTIMEAD elimi-
nates these steps, enabling immediate analysis of algorithm
performance. Furthermore, INTIMEAD focuses on visual
exploration, which is essential for building intuition about
model behavior, but is often neglected in practice (Wu and
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Figure 1: Interface for key features of INTIMEAD

Keogh 2023). Code-based analysis often emphasizes numer-
ical results, thereby limiting visual exploration.

Besides these open-source code bases, several user inter-
faces have been developed (Boniol et al. 2022, 2024; Liu,
Lee, and Paparrizos 2025). These interfaces primarily fo-
cus on the global, average performance of a method based
on benchmarking results. This approach restricts insights to
what is available within the benchmarking results and pre-
vents an in-depth analysis of individual anomaly detectors.
INTIMEAD addresses this limitation by analyzing the mod-
els on a per-time series basis, enabling more detailed assess-
ment of algorithm performance, including the performance
of custom models and on user-provided time series. More-
over, configurable hyperparameters allow researchers and
practitioners to explore sensitivity in INTIMEAD and un-
derstand how parameter choices affect performance.

INTIMEAD

We first describe the main flow of INTIMEAD, followed by
a summary of additional features.

Users begin by loading a time series, which can be in-
spected immediately. Next, one or more anomaly detectors
are selected for analysis (see Figure 1a). Hyperparameters
are initialized with default values but can also be manu-
ally configured. The initial analysis visualizes the predicted
anomaly scores (see Figure 1b) and indicates which meth-
ods accurately detect anomalies in the time series. In addi-
tion to this visual analysis, INTIMEAD provides a numeric
comparison of detectors to support objective selection of the
best-performing method (see Figure 1c). For this, users can
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choose from a variety of evaluation metrics, which are fully
configurable (e.g., B in Fj3-based metrics or thresholds on
anomaly scores).

Code Snippets After performing an initial analysis with
INTIMEAD, a more in-depth investigation is often needed.
The interface provides code snippets that can be directly
copied and executed, facilitating the transition from IN-
TIMEAD to a code-based analysis in DTAIANOMALY.

Model-Specific Visualizations Certain models provide
additional insights beyond the raw anomaly scores. For in-
stance, KSHAPEAD (Paparrizos and Gravano 2017) clusters
subsequences using centroids and computes anomaly scores
based on the distance to the nearest centroid. Visualizing
these centroids reveals the expected normal behavior, offer-
ing an intuitive explanation of the resulting anomaly scores.
INTIMEAD supports such model-specific visualizations, as
illustrated in Figure 1a.

Extensibility INTIMEAD can be extended with new
anomaly detectors when run locally. To do so, users im-
plement a class MyDetector with .fit (X, y) and
.decision_function (X) methods, and simply tell IN-
TIMEAD to include the custom class:

1 import InTimeAD

2 InTimeAD.run (custom_anomaly_detectors=MyDetector)

Custom data loaders and evaluation metrics can also be in-
tegrated in a similar manner.

Analyzing Anomaly Detectors in INTIMEAD

INTIMEAD enables simple analysis of anomaly detectors
without the need to write any code and provides insights
within only a few minutes. Figures 1b and ¢ compare four
anomaly detectors on a time series from the UCR Anomaly
Archive (ID 4): DWT-MLEAD (Thill, Konen, and Back
2017), IForest (Liu, Ting, and Zhou 2008), KShapeAD (Pa-
parrizos and Gravano 2017), and Matrix Profile (Zhu et al.
2016). DWT-MLEAD, KShapeAD, and Matrix Profile ac-
curately detect the anomaly, whereas [Forest fails to do so.
The event-wise F}-score confirms this. Interestingly, raising
the threshold from 0.9 to 0.95 increases IForest’s F-score
from 0.5 to 1, illustrating the sensitivity of the threshold.
Threshold-independent metrics AUC-PR and VUS-PR (Pa-
parrizos et al. 2022) further reveal that DWT-MLEAD per-
forms better than the other two methods on this time series.
The ability to perform such rapid analyses is particularly
important in real-world applications, facilitating the devel-
opment of proof-of-concept solutions with minimal effort.

INTIMEAD: TSAD Made Simple

We have shown how state-of-the-art research in time series
anomaly detection can be made accessible through an in-
teractive web application. INTIMEAD provides a low-effort
platform for hands-on exploration of a comprehensive col-
lection of methods and supports the development and eval-
uation of new algorithms. In future work, we plan to link
algorithm performance to time series characteristics, to ex-
plain the algorithms with reference to their invariances.
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