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Abstract
Time series datasets often contain numerous time series or segments that cannot be effectively displayed on a single
screen, leading to information overload. This work addresses this challenge by integrating hierarchical navigation and
semantic zooming techniques to enhance dataset exploration without overwhelming users. Our approach emphasizes
scalability through hierarchical clustering, which allows efficient navigation of pattern groups. To inspect a specific
pattern group, we employ a semantic zooming technique that combines three complementary visualizations: line
charts, horizon graphs, and heatmaps. While our approach is generic, we also tailor it to support visual analysis of
anomalies in time series, an important domain benefiting in particular from semantic zoom. We provide a visual anomaly
score indicator that summarizes anomaly locations within clusters of time series. Additionally, a glyph visualizes each
algorithm’s sensitivity for each cluster and time series. The practical value of our unique approach is validated through
an ICE-T user study and several case studies, demonstrating its effectiveness for time series data exploration and
analysis.
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Introduction

Datasets in the form of time series are ubiquitous and arise
in many research domains and industrial settings, with line
charts being the most common and traditional visualization
technique since the dawn of information visualization.2

Although in simple cases, users tend to be satisfied with
a single line chart generated through spreadsheet tools,
the visualization task becomes increasingly difficult as the
dataset size increases.25 Large datasets are prevalent across
various domains, including finance, sensor measurements,
manufacturing, and health monitoring. It can be cumbersome
for data science practitioners to explore each dataset
manually in order to gain an overview of the patterns
within the archive, especially since visualizing over one
thousand time series is infeasible on a single screen without
compromising a significant amount of detail. The well-
known University of California Riverside (UCR) archive9

is an example of a dataset particularly concerned with the
task of anomaly detection in time series, where each time
series contains exactly one non-trivial anomaly, which is
a necessary design criterion.31 It is of particular interest
for users to explore not only the time series themselves
but also the results of anomaly detection algorithms. This
necessitates a visual exploration workflow to assist not
only data scientists but also domain experts in gaining an
overview of patterns in time series datasets, together with the
corresponding algorithm performance.

To address this challenge, we propose a visualization
tool that provides a comprehensive overview of a large
time series dataset by arranging groups of similar time
series in a grid pattern. In large grids, we offer users
a semantic zooming feature, such that more details are

revealed as users zoom in on clusters and individual time
series. Users may switch between different visualization
techniques (introduced in Section Proposed Visualization
Design) at any point, enabling the consideration of multiple
perspectives. Finally, each cluster and time series includes an
aggregated anomaly score to highlight the results of anomaly
detection algorithms. The resulting visualization tool follows
several requirements defined as follows:

R1: Time series visualization: Given a large number of
time series, the tool should visualize all of them and
ensure they are easily perceivable by the user. It should
be possible to view all time series simultaneously at a
low level of detail, and to examine individual time series
at a high level of detail.

R2: Multiple perspectives: Given the adaptive level of
detail from the previous requirement, users should
have the option to switch between visualization types,
thereby providing alternatives to line charts.

R3: Clustering similar time series: To save valuable screen
space, the tool should group similar time series together,
allowing users to inspect individual clusters on demand.

R4: Anomaly detection: The tool should indicate where
anomalies occur and provide the user with an indicator
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summarizing the contribution of each algorithm to the
anomaly scoring.

These requirements are derived and extended from the work
of Louis et al.12Additionally, R3 is inspired by the VisInfo
system,7 while R4 draws from the work of Suschnigg et
al.,24 where the authors introduce a glyph-based approach
to visualize algorithm contributions within an ensemble
score. Each requirement is addressed by tailored visual
components presented in Section Proposed Visualization
Design. Applications of the resulting workflow are discussed
further in Section Applications and evaluated by users in
Section User Study. Finally, the Conclusion discusses the
hypothesis mentioned above in a concise manner, thereby
concluding our study.

Background and Related Work
This section provides an overview of related work, including
time series clustering and adaptive level of detail techniques.
In the concluding subsection, we highlight our work’s
novelties by comparing it to prior studies.

Visual Clustering and Anomaly Detection
The survey by Warren Liao29 provides a comprehensive
overview of time series clustering methods, categorizing
them into raw-data-based, feature-based, and model-based
approaches. While the focus is on automated analysis, the
survey highlights clustering as a fundamental technique for
uncovering structure in temporal data. Its comprehensive
scope remains relevant for our work, offering valuable
context for developing visual analytics approaches to time
series clustering. A decade later, Aghabozorgi et al.1 provide
a review of time-series clustering methods, formalizing
whole time-series clustering as a core approach, where
each time series is treated as a single instance. The
authors emphasize that visualizing cluster structures as
images significantly aids in identifying patterns, outliers, and
regularities within large time-series datasets. This reinforces
the importance of integrating visual representations into
clustering workflows, particularly when users must interpret
structure and behavior at scale.

More recently, two extensive surveys for interactive
clustering and visual analytics have been published: (1) Ali
et al.4 provide a structured study that specifically addresses
the integration of clustering and classification methods
within visual analytics systems. Unlike earlier surveys
focusing primarily on algorithms, this work emphasizes the
importance of interactive exploration, parameter tuning, and
visualization techniques for understanding cluster structures.
It highlights the growing need to combine machine learning
with interactive visual interfaces to support user-centered
analysis. (2) The interactive clustering survey by Bae et al.6

comprehensively reviews interactive clustering, analyzing
105 papers based on different aspects, such as user feedback,
visual representations, user interactions, or hyperparameter
selection. This work is relevant to our work since it highlights
how visual analytics enables an effective exploration and
understanding of datasets through clustering.

Focusing on time-dependent data, Wijk et al.26 introduced
one of the pioneering visual analytics approaches to visualize

time series clustering with a calendar-based view, enabling
intuitive analysis of temporal patterns. Their method utilizes
clustering to group daily time series based on similarity and
maps them onto a calendar, visually revealing reoccurring
patterns and daily deviations within different periods. The
system allows for selecting days, showing its raw time series,
and allowing users to instantly highlight all similar days
via clustering with a single click. This approach laid the
groundwork for visual time series cluster exploration. More
recently, the TimeCluster system5 is an interactive visual
analytics system that combines dimensionality reduction
with sliding window techniques to support clustering and
anomaly detection in time series data. Their method projects
time series into a 2D space using dimensionality reduction,
allowing users to explore patterns and outliers visually via
scatter plots. Clusters corresponding to reoccurring temporal
patterns appear as dense regions, whereas anomalies appear
as isolated regions. The linking of the system between time
series plots and scatter visualizations facilitates intuitive
exploration of temporal structure and transitions. The SAX
Navigator15 is another example, a visual analytics system
for large-scale time series exploration using hierarchical
clustering and symbolic aggregate approximation (SAX).
The tool enables users to navigate global time-series
structures via a dendrogram, supported by cluster heat
maps and an interactive sketch-based query interface. Local
exploration is enhanced through linked views, allowing users
to inspect and compare raw time series within and across
clusters using 1:1, 1:n, or n:m comparisons. SAX Navigator
is a system that effectively bridges global clustering structure
and local anomaly inspection while remaining visually
interpretable.

Adaptive Level of Detail Visualization
The simultaneous visualization of multiple time series in
a grid can make the exploration challenging, as individual
line plots can be difficult to perceive. Simple geometric
zooming often fails to resolve this issue, as it only
scales visual elements without adjusting the level of
abstraction. Therefore, adaptive level of detail techniques19

can dynamically change the visual representation based on
zoom level or the number of displayed elements, which
enables a detailed exploration across different scales. Several
research papers have explored the concept of adaptive level
of detail in time series visualization, aiming to improve
scalability. For example, Yoon et al.33 introduce an adaptive
level of detail via semantic zooming to visualize code
change histories, where edits are collapsed into higher-level
abstractions depending on zoom level. This approach shows
how adaptive levels of detail can support a more interpretable
exploration. Another example of implementing an adaptive
level of detail for time series data is the work by Aigner et
al.,3 which introduces an interactive visualization technique
that uses an integrated semantic zoom along the value axis
to adapt visual detail based on display space. Their study
demonstrates that such adaptive representations can facilitate
comparison tasks by reducing the cognitive load. More
recently, Suschnigg et al.23 present a system for the detection
and exploration of anomalies in multivariate time series data.
The system integrates an adaptive level of detail of time
series data within a scatterplot matrix, dynamically adjusting
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Figure 1. The resulting tree structure after applying hierarchical clustering to the dataset enables the user to explore the dataset
through layers of clusters. The �gure illustrates this concept in a schematic manner: The initial layer is depicted in the middle
consisting of 16 clusters. Users then select clusters to traverse to the next layer, schematically shown through the ”magnifying
glasses”.

hexagonal binning granularity, axis detail, and point size
based on zoom level for enhanced scalability.

Delineation and Our Contribution

In the reviewed literature, anomaly detection and time series
clustering are often combined, as clustering reveals typical
patterns while anomaly detection supports �nding deviating
instances. Many existing approaches utilize dimensionality
reduction techniques, such as symbolic encodings or
principal component analysis, to make time series clustering
and visualization scalable, often at the cost of interpretability.
In contrast, our approach deliberately avoids reducing the
data to lower-dimensional representations. Instead, we aim to
preserve the raw time series data during automated analysis
and visualization, ensuring interpretability throughout the
analysis. While dendrograms are commonly used for
visualizing hierarchical clustering, we emphasize comparing
clusters directly through their raw time series, supported with
overview dendrogram visualizations. This enables users to
understand clusters and anomalies visually and contextually.
Additionally, we utilize alternative visualization types, such
as horizon graphs and heatmaps, combined with adaptive
levels of detail, depending on the zoom level or user-selected
grid sizes, providing a novel way to explore multiple time
series clusters simultaneously. In comparison to the related
work by Ruta et al.,15 we address some scalability issues
with our design and its user-selected grid size: (1) Our
system is not limited to a minimum cluster size, whereas
our drill-down capabilities allow the exploration down to
individual time series. (2) Our design does not rely on
panning and zooming, which might introduce scalability

issues when many clusters are formed. Instead, our proposed
design utilizes dendrograms as a contextual overview.

Proposed Visualization Design

In this section, we derive our proposed interactive
visualization design, aiming at effective exploration of large
time series data. It will be based on the key principles
of (1) hierarchical data aggregation and (2) adaptive time
series visualization, in combination supporting the visual
analysis. We �rst describe the hierarchical navigation
through the dataset (R3), followed by the visualization
types in combination with semantic zooming (R1, R2), and
conclude with an application to anomaly detection (R4).

Creating Overview Visualizations and
Navigation Structure

As mentioned in the Introduction, visualizing a large
volume of time series is infeasible on a single screen.
This necessitates an overview visualization, presenting
the user with the most common pattern groups in the
dataset, following the information visualization mantra.20

Computing such an overview is commonly realized by
�nding clusters within the time series, which represent
common patterns, as, for example, seen in the VisInfo
system.7 We further not only implement clustering as
an overview technique, but also to allow for hierarchical
navigation, that is, users explore sub-clusters upon selecting
a cluster from the overview. Figure 1 illustrates this concept.
Users therefore navigate through a tree structure of patterns,
with the difference in patterns gradually decreasing as users
approach lower levels. As we will show, this concept avoids
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Figure 2. The interface is divided into three areas: (1) The settings column enables the user to adjust the grid size and the
visualization type, which can be changed on any zooming level. The majority of the available space (2) is devoted to the clustering
visualization, which arranges groups of time series in a grid pattern and allows semantic zooming on the current level. Finally, the
zooming path (3) shows the level on the hierarchical navigation utilizing a card stack for navigation and a dendrogram as the bird's
eye perspective.

overwhelming users with the entire dataset by summarizing
core patterns and providing detail on demand. The choice of
the clustering method, together with an appropriate distance
method, is critical and will be explained in the subsequent
paragraphs.

Although a wide variety of clustering algorithms exist,4

every method is dependent on the comparison between
time series, which is commonly implemented using either
the Euclidean distance (ED) or Dynamic Time Warping
(DTW).8 The ED between two time series is generally fast
to compute, since an element-wise difference is considered,
which can be achieved inO(n). However, the ED does
not account for phase shifts within the time series and
expects patterns to align. DTW overcomes this issue by
computing an alignment path between two time series,
which optimally assigns patterns between them. Although
the resulting distance is more accurate, the computation time
increases drastically with anO(nm) time complexity.

This background information is necessary to comprehend
the following design decision regarding the chosen clustering
method for our tool. The ultimate goal of the tool is
to facilitate a �uent exploration experience for the user
without interruptions lasting several minutes. Stolper et
al.21 demonstrate the importance of �uent visual analytics
work�ows in an extensive study, coining the �eld of
Progressive Visual Analytics. As a �rst experiment, a Self-
Organizing Map (SOM),11 inspired by the VisInfo system,
was implemented, which arranges the time series in a grid,
where neighboring cells share similar elements to facilitate a
gradual change across the grid.

However, in our use case, the SOM method is not an
appropriate choice due to several limiting factors. First,
computing the SOM with the ED does not yield accurate
results in many cases; therefore, employing the DTW
similarity measure is essential. However, it is not possible
to supply the SOM algorithm with a precomputed DTW
similarity matrix due to each grid cell having a prototype
time series. Further, it is infeasible to compute the SOM for

every layer in advance since users should be able to change
the number of clusters per layer. Since DTW has a time
complexity ofO(nm), it would take several minutes for a
larger dataset to compute the next layer clustering as users
explore the tree, which is unacceptable for an exploration
work�ow and would not scale well. The �nal disadvantage
is the numerous parameters the SOM exposes, making it
dif�cult to �nd suitable hyperparameters without a rigorous
grid search procedure.

Based on these considerations, we chose to use
hierarchical clustering instead, which recursively merges
similar time series or clusters to form a tree-like structure
(dendrogram) that reveals nested relationships at multiple
scales without requiring a prede�ned number of clusters.
Due to the recursive nature and direct comparison of
merged clusters, no prototypes of clusters are computed.
Consequently, a precomputed similarity matrix can be
supplied to the algorithm, which means that the matrix can
be cached and no computationally expensive DTW calls
are necessary during clustering. Furthermore, extracting a
given number of clusters is an ef�cient operation, since only
a distance value needs to be speci�ed such that all sub-
dendrograms below a given distance value are retrieved. The
distance value is chosen based on the distances at which two
clusters merge. Unlike in the case of the SOM, no cluster
needs to be computed again when selecting a subgroup, since
users effectively select a branch of the dendrogram when
inspecting a cluster. Therefore, computing the dendrogram
for the entire dataset once is suf�cient and can be ef�ciently
cached. We emphasize that reasonable performance is
critical to ensure a �uent work�ow experience for users.
The dendrogram consequently enables an instantaneous
switching between layers with the cluster representations,
discussed in the following subsection, being computed
asynchronously afterwards.

The extracted clusters can still be arranged in a
grid pattern, following a row-major ordering. In our
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implementation, the dendrogram is traversed in post-
order (comparable to depth-�rst search in graphs); as a
consequence, horizontal neighbors in the grid are similar
to each other. Finally, the only parameter required for
hierarchical clustering is the choice of the linkage method,
which determines how merged clusters are compared
regarding their distance. In our use case, we chose Ward's
linkage method,28 since it produces clusters similar in size
and variance. This is bene�cial for the aim of providing an
overview, since the clusters tend to be balanced. However, no
linkage method can prevent imbalance when outliers heavily
deviate from the distribution.

Figure 2 presents the proposed interface for the
visualization tool. Users may adjust the grid size and explore
the result in the clustering view, which arranges the clusters
in a grid pattern with row-major order, as discussed before.
Each cell contains a cluster card, whose design is depicted
in Figure 9. If the card represents a cluster with more than
one element, users may click on it and thus explore the sub-
cluster in the next layer. Each layer in the current hierarchical
navigation is depicted in a card stack on the right-hand side
of the interface. Since selecting a sub-cluster is equivalent
to selecting a branch in the dendrogram, we provide a
dendrogram visualization with an indication of which part
of the dendrogram is visualized on the current layer.

However, while the line chart shown in Figure 2 is
reasonable for a small grid size, it may become impractical
for larger grids. In the next section, we propose semantic
zooming with several visualization types as a solution.

Cluster Representatives
Depending on the dataset, clusters may contain hundreds
of elements. Therefore, it is crucial to convey a reasonable
cluster representation to users such that an estimation of the
underlying pattern throughout a given cluster is achieved.
The line chart is the most well-known visual representation
of time series as it clearly conveys the shape of the data.
It is common practice to plot all elements in a cluster
in the same line chart4 and thus the overplotting effect
is bene�cial when inspecting matching patterns. However,
patterns may not properly align and therefore create a plot
with much noise. Figure 3 demonstrates that the point-
wise average representative of such a cluster may not
properly summarize the grouped patterns. As an alternative,
Dynamic Barycentric Averaging(DBA) 14 accounts for phase
shifts when computing the average of several time series.
Despite the results being more accurate, the computation
time increases drastically due to theO(nm) time complexity
of DTW, which poses a hindrance for exploring datasets. We
propose to use an approximation instead to combine the best
of both worlds: fast computation time and accounting for
phase shifts. The approximation is achieved by resampling
all elements to a smaller size prior to applying DBA.

As we show in Figure 3, the approximation still conveys
an idea of the underlying pattern, yet is orders of magnitude
faster to compute, which makes it an appropriate cluster
representative for an exploration work�ow. Figure 4 shows
an experiment to justify the approximation. For a small time
series length, the computation of a cluster representative
does not exceed 5 seconds and is still suitable to gauge
the summarizing pattern of a cluster during exploration,

Figure 3. Demonstration of different time series averaging
methods using the ”Internal Bleeding” time series from the UCR
archive. The experiment shows that an approximated version of
dynamic barycentric averaging yields a reasonable trade-off
between accuracy and computation time.

Figure 4. The computation time for the approximated DBA
increases polynomially as the time series size increases in
length, however, the DBA representation with 100 samples is
already suf�cient for the exploration work�ow with only 1.25
seconds computation time. The experiment was conducted on
an Intel i5-12600K processor with the ”Internal Bleeding” time
series from the UCR archive, which amount to 28 time series.

however, the computation with original length requires
several minutes, which is inappropriate for a visual analytics
exploration work�ow. Finally, the representation of the
cluster by summarizing a large number of time series through
a single time series is essential for heatmaps and horizon
graphs, which we offer as an alternative perspective to the
line chart. These visualization types are not capable of
rendering multiple time series at once; therefore DBA is
essential.
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