
DOI: 10.1111/cgf.70000 COMPUTER GRAPHICS forum
Volume 44 (2025), number 1, e70000

MANDALA—Visual Exploration of Anomalies in Industrial
Multivariate Time Series Data

J. Suschnigg,1,2 B. Mutlu,1 G. Koutroulis,3 H. Hussain4 and T. Schreck2

1Pro2Future GmbH, Graz, Austria
{josef.suschnigg, belgin.mutlu}@pro2future.at

2Institute of Visual Computing, Graz University of Technology, Austria
tobias.schreck@tugraz.at

3AVL List GmbH, Graz, Austria
georgios.koutroulis@avl.com

4Institute of Interactive Systems and Data Science, Graz University of Technology, Austria
hussain@tugraz.at

Abstract
The detection, description and understanding of anomalies in multivariate time series data is an important task in several in-
dustrial domains. Automated data analysis provides many tools and algorithms to detect anomalies, while visual interfaces
enable domain experts to explore and analyze data interactively to gain insights using their expertise. Anomalies in multivariate
time series can be diverse with respect to the dimensions, temporal occurrence and length within a dataset. Their detection and
description depend on the analyst’s domain, task and background knowledge. Therefore, anomaly analysis is often an underspec-
ified problem. We propose a visual analytics tool called MANDALA (Multivariate ANomaly Detection And expLorAtion), which
uses kernel density estimation to detect anomalies and provides users with visual means to explore and explain them. To assess
our algorithm’s effectiveness, we evaluate its ability to identify different types of anomalies using a synthetic dataset generated
with the GutenTAG anomaly and time series generator. Our approach allows users to define normal data interactively first. Next,
they can explore anomaly candidates, their related dimensions and their temporal scope. Our carefully designed visual analytics
components include a tailored scatterplot matrix with semantic zooming features that visualize normal data through hexagonal
binning plots and overlay candidate anomaly data as scatterplots. In addition, the system supports the analysis on a broader
scope involving all dimensions simultaneously or on a smaller scope involving dimension pairs only. We define a taxonomy of
important types of anomaly patterns, which can guide the interactive analysis process. The effectiveness of our system is demon-
strated through a use case scenario on industrial data conducted with domain experts from the automotive domain and a user
study utilizing a public dataset from the aviation domain.

Keywords: anomaly detection, interactive data exploration, kernel density estimation, multivariate time series analysis, visual
analytics

CCS Concepts: • Computing methodologies → Anomaly detection; Visual analytics; • Mathematics of computing → Time
series analysis

1. Introduction

The increasing amount of large and complex datasets in various in-
dustrial domains leads to a growing demand for advanced data ana-
lytics methods that provide actionable insights to support decision-
making. Data-driven technologies have the potential to optimize
processes, reduce costs and improve the quality of products. How-
ever, industrial data’s volume, variety and velocity pose significant

challenges in data management, processing, analysis and interpre-
tation [THS*19].

Yet, out-of-the-box approaches are typically insufficient to an-
alyze industrial data effectively. Instead, it is necessary to inte-
grate background knowledge from fields such as engineering, oper-
ations research and business. This is because industrial data is often
complex and specific to the particular domain and requires a deep
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understanding of the underlying processes and factors that influence
the data [SMS23]. Thus, visual analytics provides ways to visualize
and interact with data, allowing for a more intuitive understanding.
Visual analytics also facilitates collaboration and communication
among stakeholders [MHK*19] and supports informed decision-
making based on data-driven insights.

Anomaly detection in time series data has been widely used in
various industrial applications to identify unexpected or abnormal
events, for example, for predictive maintenance [GFS*19], cyber
security [FFV*12], condition monitoring [WZC*18] or quality con-
trol [SZB*20]. Moreover, visual analytics can be a powerful tool for
anomaly detection because it allows analysts to use their visual per-
ception to identify relevant patterns through interactive exploration
and their domain knowledge.

This research is challenging because visual analytics tools must
effectively bring together human intuition with automated data anal-
ysis to interpret complex industrial datasets, often dealing with un-
specified issues within several domains. Creating these tools neces-
sitates the integration of domain-specific knowledge with advanced
analytics to identify patterns and anomalies, particularly contextual
anomalies, which have not been extensively covered in previous re-
search. Additionally, the lack of ground truth data makes it difficult
to validate models and solutions in great depth. Due to these com-
plexities, exploration through visualizations and collaboration with
domain experts is essential for developing effective, interactive and
reliable analytics solutions that can tackle the unique challenges of
industrial time series data.

A broad spectrum of algorithms exists for detecting anomalies
within industrial processes. Our literature review shows that most
visual analytics approaches apply anomaly detection on multivari-
ate time series data by handling each data dimension individually
[SFS*22] and aggregating the results into an overall anomaly score
[SMK*21]. However, this methodology can overlook the complex
interdependence between variables that are relevant to industrial ap-
plications. On the other hand, approaches that involve all dimen-
sions simultaneously for anomaly calculation often rely on difficult-
to-interpret models, such as dimensionality reduction techniques
[FSS*21b, GD21]. Our first research challenge involves the cre-
ation of an interactive user interface that allows users to investigate
anomalies within multivariate datasets, including the associated di-
mensions. We aim to ensure that the automated data analysis un-
derpinning the user interface remains comprehensible to humans in
the loop. Further, domain experts should be able to identify and ac-
curately interpret anomalies, particularly ambiguous ones, via vi-
sualization. Users should be able to explore a variety of types of
anomalies that can occur in time series data [BGCML21], including
contextual anomalies that have received limited attention in previ-
ous research. The second research challenge we address is the visu-
alization of the kernel density estimation (KDE) anomaly detector
that we utilize in this research work. Researchers raised the issue of
exploring density estimates in multidimensional datasets [Che17]
and state that graphical illustration or interpretation for more than
two-variate data is at least difficult if not impossible [Weg18]. Mo-
tivated by these challenges, we make the following contributions:

The first contribution of this research work addresses these
challenges and proposes the visual interactive tool MANDALA

(MultivariateANomalyDetectionAnd expLorAtion). It is designed
for industrial applications that generate multivariate cyclic time se-
ries data. This data typically exhibits cyclic patterns due to the repet-
itive nature of industrial processes, such as a single cycle represent-
ing a production cycle in manufacturing or a test cycle in valida-
tion and verification [SMK*21]. In many industrial tasks, the pro-
cesses often work as expected and produce similar data. However,
even in static environments, occasional deviations or anomalies can
occur. These anomalies can be due to unexpected changes in pro-
cess conditions, equipment malfunction or degradation. Hence, the
exploration problem is twofold: (1) defining what is expected and
considered normal, (2) understanding factors contributing to differ-
ences in data and how to characterize them. This is typically an open
and underspecified problem, which requires the human expert in the
loop. We propose a visual analytics approach to achieve this. MAN-
DALA uses an approach that allows users to label normal data as
reference data. Anomalies can then be identified using KDE, and
the results can be examined using scatterplot matrices (SPLOMs).
Additionally, hexagonal binning plots are used to visualize the ref-
erence data that the user has selected. The SPLOM integrates se-
mantic zooming capabilities to enhance its scalability, while line
plots have been added to visualize the time dimension of the data,
which is not visible in 2D scatterplots. In addition, the system im-
plements colour-encoding strategies for scatterplots that support the
analysis of two analysis scopes: multivariate anomaly detection and
bivariate anomaly detection. Line plot views allow for exploration
of the temporal scope of time series and enable brushing and link-
ing techniques. In addition, the system calculates and ranks sugges-
tion views based on a user’s selection. As a second contribution, we
present the results of a use case scenario that analyses an industrial
dataset from the automotive domain with a subject matter expert
(SME). Based on the use case scenario, we summarize interesting
patterns in our prototype through a taxonomy.

As our third contribution, we recruited 15 researchers, predomi-
nantly postgraduates, and conducted a user studywith a dataset from
the aviation domain using NASA-TLX [HS88] to measure work-
load and the system usability scale (SUS) [SL09] for the assessment
of the usability of MANDALA. The fourth contribution is lessons
learned, design implications and research directions for future work.

The paper is organized as follows. In the next section, we review
related work that has influenced this research, followed by a detailed
discussion of the design requirements. The following Sections 4 and
5 describe MANDALA’s automated data analysis and visual ana-
lytics methodology. Then, we present the results of our evaluation
through a use case scenario and user studies and conclude the article
by discussing our findings and future research directions.

2. Related Work

In this section, we review the research most relevant to our work,
organized by the research subjects (i) anomaly detection in auto-
mated data analysis, (ii) anomaly detection in visual analytics and
(iii) information visualization.

2.1. Anomaly detection algorithms

The research topic of anomaly detection has gained significant at-
tention in recent decades, leading to a large body of literature on
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the subject. As a result, several comprehensive surveys have investi-
gated and reviewed this research area. In their survey, Chandola et al.
provide an overview of anomaly detection techniques and connect
them to multiple application domains [CBK09a]. Gupta et al.’s sur-
vey focuses on various methods proposed for detecting anomalies
in temporal data [GGAH14]. More recently, Blázquez-García et al.
reviewed anomaly detection in time series data based on a proposed
taxonomy of anomaly detection techniques [BGCML21]. Shaukat,
et al.’s survey reviews time series anomaly detection techniques and
highlights challenges in anomaly detection [SAL*21]. Cook et al.
conducted a comprehensive study specifically for IoT time series
data [CMF20], although most of the study results can be general-
ized to other application domains. The study by Schmidl et al. eval-
uates 71 state-of-the-art anomaly detection algorithms from differ-
ent domains and their effectiveness, efficiency and robustness in 976
time series datasets [SWP22]. The results provide an overview of the
techniques, their strengths and weaknesses, support the facilitation
of algorithm selection and open up new research directions.

The non-parametric statistical anomaly detection techniques ap-
plied in this research work are discussed in the literature [CBK09a,
LLP07]. These techniques are selected because they do not re-
quire data distribution assumptions, which makes them suitable for
a generic anomaly detection approach. Kernel-based techniques,
a type of non-parametric anomaly detection algorithm, have been
widely investigated in numerous studies on time series data. For ex-
ample, Das et al. applied kernel-based techniques to flight operation
quality assurance data in the context of aviation safety [DMSO10],
while Subramaniam et al. used a similar approach in a sensor net-
work dataset [SPP*06].

Only a few research papers address contextual anomalies. The
context of anomalies can be other dataset dimensions, including the
time dimension. Viewing data isolated from the context suggests
normal data while adding the context dimension to the anomaly re-
veals abnormal behaviour [CBK09a]. Stojanovic et al. provide an
example, proposing an algorithm that can detect anomaly contexts
by computing excessive correlations inmultidimensional space. The
approach focuses on scalability and has been applied to various in-
dustrial use cases and time series data [SDS17]. Hayes et al. have
developed an anomaly detection framework that separates contex-
tual anomaly detection into two stages (1) content detection and (2)
context detection using clustering techniques. The authors applied
their framework to sensor data and a publicly available UCI dataset
[HC14]. The paper by Golmohammadi et al. focuses on using con-
textual anomaly detection (CAD) to identify stock market manipu-
lation. The authors emphasize the importance of contextual infor-
mation and propose a novel prediction-based approach to analyze
complex time series data, such as financial market data.

2.2. Visual analytics for anomaly detection

Visual analytics systems are used to explore and analyze complex
datasets, including those for detecting anomalies. This section re-
views some of the most related work in this area.

Xu et al. recently published a comprehensive survey that exam-
ined visual analysis to detect anomalous user behaviour [SLT*22].
The survey discusses four distinct application fields: social interac-

tion, travel, network communication and financial transactions. Data
types, visualization techniques and interactive analysis methods are
reviewed for each field. The authors also identify trends and prefer-
ences and suggest potential research directions. Zhou et al.’s survey
reviews the literature on visualization technologies for smart man-
ufacturing in industrial applications [ZLL*19]. The authors exam-
ine examples throughout the entire life cycle of industrial products
[THS*19] and highlight the main challenges that require further in-
vestigation.

The MTSAD system proposed by Pham et al. visualizes anoma-
lies in multivariate time series data using radar charts and sev-
eral interaction techniques, including filtering, ranking, lensing and
brushing and linking [PNL*19]. Small-multiple radar charts are
used to bin and visualize multivariate time series, with anomalies
represented in red within the radar charts. The system’s effective-
ness is evaluated using data from a high-performance computing
monitoring use case. Another example within the domain of high-
performance computing has been investigated by Nyguen et al. with
CloudTraceViz to visualize multivariate time series [ND19]. The
authors distinguish between bivariate data visualized by SPLOMs
and multivariate data visualized by parallel coordinates and im-
plement a scagnotstics-based anomaly detection method [WAG05].
CloudDet by Xu et al. is an interactive visual analytics system to de-
tect, inspect and diagnose anomalies in multivariate time series data
[XWY*20]. The system has been developed for a cloud computing
use case and orchestrates multiple contextual views and rich inter-
action designs, which support the ranking and exploration of time
series anomalies.

The work by Suschnigg et al. on visual exploration of anoma-
lies in time series data contains a design study with experts from
the automotive domain [SMK*21]. On the basis of the results, they
propose a system allowing domain-expert users to self-label nor-
mal data for an anomaly detection task. They use a flexible glyph
design to visualize and investigate the results of several anomaly de-
tection methods. Liu et al. and their MTV system have proposed an-
other system to visually detect, investigate and annotate anomalies
in multivariate time series data [LAZV22]. In addition to efficient
and intelligent anomaly identification, the work also focuses on in
situ annotation and a workflow for collaboration.

Ko et al. proposed a comprehensive visual analytics system for
analysing high-dimensional multivariate network data that inte-
grates linked views such as heatmaps, calendar-based views, clock
views, line plots and map-based views [KAW*14]. The calendar-
based view in their system, which visualizes flight delay patterns, is
similar to the anomaly heatmap view in MANDALA.

2.3. Visualization techniques

This section reviews related work on visualization techniques that
inspired our proposed system. For example, CommAid by Fischer
et al. [FSS*21a] is a system to analyze communication networks.
The work drew our attention through its interactive multilevel
matrix-based visualization and semantic zooming capabilities. An-
other example of semantic zooming in matrix-based visualizations
is Timematrix by Yi et al. [EDG*08], which has been implemented
using temporal data from social networks. The work employs the
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scalability of matrix representations to visualize large-scale network
data. Another example of semantic zooming for scalable matrix
representations has been investigated by Behrisch et al. [BDF*14],
which focuses on comparative analysis of sets of matrices.

A hexagonal binning plot is a visualization technique to visualize
the distribution of bivariate data developed by Carr et al. [CLNL87].
Generally, they are visual representations of binned scatterplots
whose design space has been explored by Heimerl et al. [HCSG18].
We utilize them in our research work because of their ease of in-
terpretation, making them practical for exploratory data analysis.
Recent work on honeycomb plots by Trautner et al. highlights con-
fusers of the hexagonal binning plots and proposes a novel system
to improve the technique [TSSB22].

To conclude this section, while the related work outlined in this
paper has significantly influenced our approach, much of the exist-
ing research does not focus on detecting and exploring multivariate
anomalies comprehensively. Instead, it often analyses dimensions
of multivariate data individually. To address this gap, our research
focuses on identifying, analysing and visualizing multidimensional
and contextual anomalies within cyclic time series data. The meth-
ods we have developed to achieve this are detailed in the follow-
ing sections.

3. Design Requirements

The design requirements of our proposed visual design lie in the
experiences we have gained in the past years in several research
projects carried out in close collaboration with several companies
in the industry. This research focuses on helping users detect and
explore anomalies in cyclic multivariate time series data, which
is likely to be acquired in industrial contexts. The dimensional-
ity of time series data originates from multiple sensors and other
data sources found in industrial applications. Going from anomaly
detection in univariate data to multivariate data introduces many
additional problems requiring interactive and user-in-the-loop ap-
proaches. Based on our past experience with the industry in previ-
ous research and the literature, we define five requirements to justify
the design choices for our proposed visual analytics design and au-
tomated data analysis.

R1 user-defined normal behaviour. The literature defines
anomalies in time series as points or sequences of points that deviate
from the normal behaviour of the data [SAL*21]. However, from a
data perspective, normal or expected behaviour can be ambiguous,
especially if the ground truth or labels are not available [SAL*21].
In that common case, supervised anomaly detection approaches do
not apply. Instead, unsupervised approaches make the implicit as-
sumption that normal instances are far more frequent anomalies
in the data [CBK09a]. In industrial contexts, this assumption may
not be applicable in cases where (1) abnormal behaviour slightly
evolves (i.e. wearing), or (2) abnormal behaviour stays undetected,
and therefore, normal data is not more frequent than anomalies in
the dataset. Therefore, the analysis process strongly relies on the
definition and interpretation through domain-specific knowledge of
domain experts. Accordingly, we require an approachwhere the user
selects/labels the normal behaviour as reference data. Domain ex-
perts are qualified to define and interpret normal behaviour due to

their extensive experience and the knowledge they acquire on-site.
However, the automated selection or recommendation of reference
cycles shows promise in uncovering insights that might otherwise
be missed. We plan to focus on this topic in future research.

R2 detection and exploration of different types of anomalies.
According to the literature, multivariate time series data can contain
different anomaly types. Blázquez-García et al. propose a taxonomy
of anomaly types which are characterized by the number of dimen-
sions involved (univariate or multivariate) and the temporal dura-
tion of anomalous data within the time series (point, subsequence or
whole time series) [BGCML21]. We define detecting and exploring
different types of time series anomalies as the second requirement.

R3 exploration of anomaly contexts. Another attribute of mul-
tidimensional time series anomalies on which we focus is anomaly
contexts. Contextual attributes are used to determine the context of
anomalies [CBK09a]. In industrial applications, exploring contexts
of multivariate anomalies can be significantly relevant; for exam-
ple, contextual anomalies can be related to a specific environment
temperature in testing facilities, engine speed in combustion engines
[SMK*21], or the operating altitude of an aircraft turbine. The third
requirement of our visual design is the possibility of detecting and
exploring contexts in multivariate time series anomalies.

R4 rank and suggest candidate views. Exploring multivariate
time series anomalies can be especially complex. In particular, if
the investigated dataset differs extensively from normal behaviour,
the amount of interesting or deviating data can overwhelm users.
Therefore, we rank and suggest candidate views for user inspection
to facilitate the exploration loop.

R5 visual scalability. Scalability in visual analytics is an ongoing
long-term challenge in visual analytics [REE*09, Cui19]. As far as
possible, our design should be scalable in terms of available screen
space and the number of dimensions in the multivariate time series
dataset. Therefore, the fifth requirement targets the visual scalability
of our visual design and highly interactive zoomability.

To conclude this section, we emphasize two limitations of the
requirements. First, we explicitly do not focus on the collective
anomaly type to reduce the complexity of our design. Those anoma-
lies capture the temporal dynamics of a time series, i.e. by utilizing
functional data analysis [SFS*22, DG18]. They are characterized by
a set of data points that can be observed individually as normal but
together represent an anomaly [SAL*21]. The second limitation that
we emphasize is the scalability limitation. R5 focuses on the scal-
ability of visual representations and should be distinguished from
more holistic approaches (e.g. progressive data analytics [HBS22]).
In the next section, we discuss the underlying automated data anal-
ysis algorithm that satisfies the requirements of the proposed visual
analytics system.

4. Methodology for Detecting Anomalies in Cyclic Data

This section describes the method we utilize to detect anomalies
on a cycle level (multivariate anomaly time series) and within a
cycle (bivariate anomaly time series). One cycle represents data
of recurring processes in industrial applications. We first explain
the preprocessing of the dataset and the application of a sliding
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windows approach. Then, we explain KDE, which is utilized to es-
timate the probability density function (PDF) for each time window.
Finally, we demonstrate the method for scoring each time window
within a given cycle and the process for aggregating these scores
to compute an overall anomaly score for the cycle. To assess the
algorithm’s effectiveness, we evaluate the types of anomalies that
our approach can detect using a synthetic dataset generated with the
TimeEval benchmarking toolkit [WSP22].

4.1. Kernel-density estimation

KDE [Par62] is a well-established approach for estimating densi-
ties. We chose KDE for MANDALA due to its intuitive under-
standability and close relation to histograms and hexagonal bin-
ning plots, which we employ in the main visual. Besides, KDE is a
non-parametric density estimator that does not require assumptions
about the underlying distribution of the input data [Che17, CBK09b,
Zha13]. Unlike deep learning methods, KDE does not require much
training data and is efficient for low-dimensional data. Note that
other density-based methods for anomaly detection can also work
within our framework, including more advanced but computation-
ally expensive approaches, such as the method proposed by Zhang
et al. [ZKH04].

Data preprocessing. First, we standardize the entire dataset to
get a mean of 0 and a standard deviation of 1 for the whole dataset.
This is necessary because different variables in the dataset may have
different measurement units and different value ranges. If the vari-
ables are not standardized, the ones with larger values and wider
ranges can dominate the analysis, and the ones with smaller values
can be overlooked, using a distance-based approach such as KDE.

Definition of sliding windows. By implementing a sliding win-
dow approach, the smoothness of the KDE models can be ensured
over time, and the influence of individual samples in the reference
cycles can be reduced. Partitioning cycles into windows ensures that
sequences within the same cycle are being compared to each other
rather than a more heterogeneous set of data. Based on our analysis
of multiple industrial datasets, we found that a window size of 30 s
and a stride distance of 10 s produce adequate outcomes. However,
these parameters can be modified to serve the requirements of the
specific use case.

Train KDE with reference cycles. Our approach requires the
user to specify one or several training cycles, which serve as
the reference to model the normal data behaviour. Note that we
show later in Section 5.1 how the anomaly heatmap view aids the
selection of reference cycles and how users can try and compare
different selections.

User-selected cycles are concatenated and used to determine the
PDF of each sliding window. Since the lengths of cycles are iden-
tical, we create one independent KDE model per sliding window.
For brevity, we present KDE with univariate random variables. Let
{x1, x2, . . . , xN} be n independent and identically distributed sam-
ples, the PDF is f , and the kernel density is estimated as follows:

f̂h(x) = 1

nh

n∑
i=1

K

(
x− xi
h

)
, (1)

where K(·) denotes the kernel function (e.g. Gaussian), and h is the
bandwidth that represents a smoothing parameter of the function.
With KDE, we construct PDFs that model the typical behaviour
of a reference cycle in a particular sliding window. Given a non-
reference cycle, we can measure its likelihood under KDE at a cer-
tain time step. The returned likelihood will denote how ‘similar’ the
given cycle is to typical reference cycles at that particular time point.

Multivariate anomaly score time series. To assign an anomaly
score for each time step from a given non-reference cycle, we com-
pute the likelihood of the sample at that time step under the KDE
model obtained from the corresponding window in the reference cy-
cles. We invert this score to obtain the anomaly score in the [0,1]
range. A higher anomaly score indicates a higher likelihood that the
given cycle does not follow the estimated distribution f̂h(.) at that
time step. This time-wise scoring helps the user understand when a
certain cycle deviates from the typical behaviour observed in refer-
ence cycles. Visual inspection and assessment of deviations are the
main issues we address with MANDALA.

Cycle-wise anomaly score. A cycle’s anomaly score is computed
by averaging the multivariate anomaly score time series. Cycle-wise
scoring makes it possible to visualize and compare different cycle
anomaly scores.

Bivariate anomaly time series. Above, we explain how we cal-
culate the multivariate anomaly score involving all dimensions. The
method is applied to each pair of dimensions individually to calcu-
late the bivariate anomaly score time series.

4.2. Anomaly type evaluation

As a preliminary step, we evaluate our algorithm’s effectiveness
by assessing the types of anomalies it can accurately identify. To
achieve this, we generate a synthetic dataset using the GutenTAG
anomaly and time series generator, a component of the TimeEval
benchmarking toolkit [WSP22]. In a semi-supervised setting, we
create 10 time series with the GutenTAG generator, each containing
a normal time series for training our model and a time series with
an injected anomaly of a specific type. This systematic approach
enables us to evaluate our algorithm’s performance across both in-
dividual and contextual dimensions within each time series.

The results, detailed in Table 1, outline the types of anomalies
that have been successfully detected, indicating whether they were
identified in a univariate or multivariate setting. Additionally, some
anomalies could only be conditionally detected. For instance, the ex-
tremum anomaly type in a univariate setting can only be detected if it
represents a global extremum. Note that the results are not definitive
and are highly dependent on the specific time series and anomaly
configuration. For comprehensive results and visualizations of the
experiments conducted, refer to the supplementary material.

5. MANDALA Visualization and Interaction Design

In this section, we introduce and describe our proposed visualiza-
tion, interaction design and analysis approach based on the design
requirements and automated data analysis. Key interactions are de-
tailed in the text and labelled as I1-7, with an overview provided in
Table 2.
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Table 1: Evaluation of anomaly types shows that the KDE-based approach
can detect anomalies either by analyzing dimensions individually (univari-
ate) or in the context of other dimensions (multivariate).

Anomaly type Univariate detection Multivariate detection

Amplitude Cond. Yes
Extremum No Yes
Frequency No Yes
Mean Yes Yes
Pattern No Yes
Pattern-shift No Yes
Platform Cond. Yes
Trend Cond. Yes
Variance Cond. Yes
Mode-correlation No No

Note: Some anomaly types can be detected under specific conditions (cond.).
Further details are available in the supplementary material.

Table 2: Summary of interactions of the proposed design.

Label Type Purpose

I1 Selecting Select reference data for modelling the KDE
I2 Filtering Filter heatmap view by anomaly score
I3 Selecting Select cycle to explore in the SPLOM with

selected reference data
I4 Semantic

Zooming
Semantic zooming to explore SPLOM in
greater detail

I5 Brushing and
linking

Select data in lineplot views to filter points in
SPLOM to investigate data within a
temporal scope

I6 Annotating Preliminary work on interactive labelling of
anomalies

I7 Filtering Hovering over suggestions highlight the
corresponding data in the SPLOM

I8 Encoding Change scope of color-encoding of SPLOM
points

I9 Visualize Switch to forward-looking upper triangle
design of SPLOM

5.1. Anomaly heatmap view

As the starting point for the analysis, R1 will be met by selecting
the reference cycles through the anomaly heatmap view Figure 1(a).
It offers a drop-down list that allows users to select one or multi-
ple cycles as reference data (I1). After selection, a KDE model is
trained with the reference data using the method explained in Sec-
tion 4. The model is then applied to all other cycles, resulting in an
anomaly score between 0 and 1 for all cycles. These values are fur-
ther mapped to the anomaly heat map visualization, which shows
all cycles in temporal order (from left top to right bottom), whereas
their colour-encoding visualizes their anomaly score between 0 (no
anomaly—white) and 1 (maximum anomaly score—red) through
a gradient colour map. A from-to-ruler can filter the heat map to
visualize cycles within an anomaly score range to facilitate the ex-
ploration of cycles for further investigation (I2). Anomaly candi-
date cycles in the heat map can be clicked to be investigated in the
SPLOM in the centre view (I3).

5.2. KDE—Analysis matrix view

The main view in the centre enables the exploration of anomaly
candidate cycles detected by the KDE-based approach. Practically,
these cycles show high anomaly scores compared to the reference
data. Considering multivariate data, we use an SPLOM as the main
visual to show all pairwise data distributions of the reference and a
candidate cycle for comparison Figure 1(b). The goal of users is to
assess and possibly confirm the existence of anomalies, the dimen-
sions and the data intervals in which they occur.

Points in scatterplots show the candidate cycle’s data and visu-
alize an anomaly score between 0 and 1 for each point using the
same colour-encoded gradient colourmap used in the cycle anomaly
heatmap view. Each scatterplot is placed in the superposition of
a hexagonal binning plot, visualizing the reference data for quick
comparison of a cycle’s data with the user-selected reference data.
In each cell on the diagonal, two histograms show the distribution
of the according dimension (1) of the reference data in green and
(2) of the candidate cycles data in blue.

Generally, our design requires the comparison of two two-
dimensional datasets with each other. On the contrary, the main fo-
cus is to detect data points of a candidate cycle that do not lie within
the distribution of the reference dataset. The design decision of us-
ing hexagonal binning plots to visualize reference data for each scat-
terplot within the matrix lies in the following considerations.

5.2.1. Design considerations

One design alternative is using scatterplots to visualize reference
data (Figure 2a). Visualizing two scatterplots in superpositionwould
be an alternative if the number of data points in the scatterplots were
not variable and relatively small. However, users can select as many
reference cycles as required; therefore, a more scalable visualization
is needed. Another alternative we discussed is contour plots, which
aim to visualize bivariate distributions. They work well to detect
data points in a superpositioned scatterplot that are not within the
visualized distribution (Figure 2b). However, finding the right pa-
rameter set for this visualization technique was difficult, especially
in defining the number of contours.We also considered Splatterplots
[MG13] as an alternative due to its high scalability and intuitive de-
sign (Figure 2c). Like the contour plot, finding a set of generic pa-
rameters (bandwidth and threshold) for various reference data and
several zoom levels was difficult. Therefore, we use hexagonal bin-
ning plots due to their simple design and advantages using a seman-
tic zooming approach for the SPLOM (Figure 3).When zoomed out,
the distributions are easy to perceive through the coloured areas of
the hexagons, whereas when zoomed in, the size of hexbins can be
decreased to show more details of the distribution on demand.

5.2.2. Semantic zooming features

We added semantic zooming features to improve a simple geometric
zooming approach and to add scalability to the SPLOM (I4). Gener-
ally, they provide more details when zooming in, whereas visualiz-
ing a fair amount of details on a lower zooming level (see Figure 3).

Hexagon size. The size of hexagons in the hexagonal binning
plot changes depending on the zoom level. A low zoom visualizes
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Figure 1: The user interface of MANDALA: (a) The tool requires users to select reference data. After the selection, the red colour-encoding
highlights anomaly candidate cycles that differ from reference data. (b) The scatterplot matrix features semantic zooming and visualizes
bivariate data of investigated anomaly candidate cycles as scatterplots and the distribution of bivariates of reference data as hexagonal
binning plots. The diagonal shows the univariate distribution for each dimension of the reference data and the anomaly candidate cycle as
two histograms in superposition. (c) The colour of scatterplot points can be changed to multivariate or bivariate colour-encoding, changing
the scope of the analysis. (d) The temporal scope of anomalies can be explored through line plot views. These views can filter the scatterplot
matrix by brushing and linking. (e) Bivariate anomalies are ranked by their anomaly score in the ranked channel pair suggestion view.

fewer hexagons, whereas a high zoom level allows the visualization
of more details and, therefore, more hexagons.

Axes. To save screen space, the SPLOM visualizes global axes
for each dimension on the top and left. No axes or scales are shown
for the possibly small scatterplots on the lowest zoom level. When
zooming in, the axes become visible, whereas more and more ticks
for a refined scale are displayed the closer the user zooms in to a cell.

Scatterplot points. Points in scatterplots can become too small,
especially if the SPLOM consists of many dimensions. Therefore,
we increase the size of the scatterplot points at the lowest zoom level
and decrease the size when zooming in.

5.2.3. Scatterplot colour-encoding

MANDALA requires detecting and exploring different anomaly
types (R2, R3). To facilitate the exploration of anomalies, con-
textual anomalies and non-anomalous data, we use the results of
the KDE-based automatic anomaly detection and colour-encode
scatterplot data points in three ways: (1) Anomalous data points
are visualized in a red colour-encoding, which is a complement to
the green colour-encoding of the reference data visualized through
hexagonal binning plots, (2) contextual anomalies are visualized

in orange and (3) non-anomalous data points are visualized in
blue colour (see Figure 4). Nevertheless, those colour choices
are not definitive and can be programmatically changed in the
prototype if required. Furthermore, MANDALA distinguishes two
different colour-encoding strategies for points in the SPLOM:
(1) the multivariate colour-encoding and (2) the bivariate colour-
encoding (Figure 1c, I8). Generally, multivariate anomaly detection
techniques detect anomalies that involve all dimensions simulta-
neously, whereas detected anomalies lie in this multidimensional
space. Using the multivariate colour-encoding strategy, all data
points throughout the SPLOM are linked together using the same
colour-encoding. This enables the exploration of 2D scatterplots
and the anomaly score at a broader scope involving all dimensions.
On the other hand, the bivariate colour-encoding strategy uses an
anomaly score for each dimension pair individually, which omits
the linking among scatterplots through colour-encoding. This
implies that a KDE model needs to be trained individually for each
bivariate through the reference data and applied for each point in
each scatterplot.

To demonstrate the exploration of contextual anomalies, an ex-
ample is given in Figure 4 visualizing histograms and scatterplots
with hexagonal binning plots of two dimensions, Mach and W32.
Anomalous data points in red are data points that have lower values
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Figure 2: Design alternatives, which we considered for compar-
ing reference data and anomaly candidate data. The reference data
is visualized with a green colour-encoding and anomaly candidate
data is blue (close to reference) or orange and red (anomaly). Our
goal is to visually indicate the different characteristics: Reference
data visualizes many cycles. Hence, an aggregate view like dense
point plots or hexbin plots is appropriate. Anomaly candidate data
is more sparse, hence shown as points. The designs should allow for
the contrast of both distributions for comparison.

Figure 3: Semantic zooming of SPLOM cells shows details on
demand. The hexagonal binning plot is refined through smaller
hexagon sizes, axes visualize a refined scale and the size of scatter-
plot points is smaller compared to a geometric zooming approach.

than in the reference data regarding the Mach dimension. On the
other hand, histograms show that the contextual anomaly data points
in orange lie within the distribution of both dimensions. This means
data points do not appear anomalous when looking at both dimen-
sions individually. Nevertheless, scatterplots reveal that data points
are anomalous in each other’s contexts. Note that MANDALA sup-
ports the assessment of anomalies on three scopes: univariate (us-
ing histograms on the diagonal), bivariate (in the SPLOM cells) and

Figure 4: Example of the SPLOM visualizing histogram and scat-
terplots of two dimensions. It shows normal scatterplot data in blue,
anomalous data in red and contextual anomalies in orange. Addi-
tional examples of anomalies can be found in the supplementary
material.

multivariate (by multivariate colour-coding of points in all SPLOM
cells).

The time dimension of the time series data is not visible when
using a scatterplot representation. Nevertheless, the time dimension
can be relevant in time series anomaly detection, for example, to
understand an anomaly’s temporal scope, duration, or correlation
pattern. We added the multivariate anomaly time series view to the
user interface (see Figure 1d). The view visualizes the time series
of the anomaly score of a cycle, which has been calculated by the
KDE anomaly detector (Section 4). It allows visually inspecting an
anomaly’s temporal occurrence and progress within a cycle. Fur-
thermore, through this view, users can distinguish among 3 time
series anomaly types (R2): point anomalies, subsequence anoma-
lies and whole time series anomalies ([BGCML21]), which are cal-
culated by the system and are listed below the time series view
(Figure 6). Complementary to the multivariate and bivariate colour-
encoding strategies, we added a second anomaly score time series
line plot to the view. It visualizes the bivariate anomaly score time
series to investigate the anomalous behaviour of a dimension pair
over time. The juxtaposition to the multivariate anomaly score time
series allows for a quick comparison between those two line plots,
that is, to detect correlations. A positive correlation indicates a con-
tribution of the channel pair to the multivariate anomaly score.

Furthermore, both line plots are interactive and implement a link-
ing and brushing technique ([Kei02]). Anomalous sequences of in-
terest can be selected in line plots to filter data points in the SPLOM
(I5). This helps the user to quickly understand the relationships be-
tween anomalies and their temporal scope.
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Figure 5: Forward-looking design visualizing time series of single
dimensions and the mean time series of reference data in the upper
triangle of the SPLOM.

5.3. Upper triangle of the scatterplot

Related work shows that the upper triangle of a scatterplot matrix
can display additional information, such as correlation coefficients,
to enhance the interpretation of variable relationships and to avoid
redundancy. However, maintaining symmetry between the upper
and lower triangles ensures visual consistency, making the matrix
more intuitive for users. This is particularly advantageous in inter-
active settings, as it allows users to explore pairwise relationships
without the cognitive burden of adapting to different visualizations.
However, we created a forward-looking design where the upper tri-
angle optionally displays the underlying time series data to utilize
the space and avoid redundancy. In this design, each cell is split into
two halves: the upper half shows the time series of the current cycle
for the dimension represented on the y-axis, while the lower half
displays the time series for the dimension corresponding to the x-
axis of the cell in blue colour-encoded line plots. Additionally, we
calculated the average time series of all reference cycles and over-
laid them using green color-encoding for quick comparison. While
this approach may not be ideal for detailed analysis, it gives users
an overview of where and how the time series of individual dimen-
sions deviate from the selected reference data. An example of this
forward-looking design is shown in Figure 5.

5.4. Interactive labelling

Bivariate anomalies are calculated and listed in the bivariate
anomaly time series view (Figure 6). As preliminary work on in-
teractive labelling, we allow users to assign anomalies (I6) to four
classes through the user interface (shift x-axis, shift y-axis, shift x-
axis, shift y-axis, in between cycles, see Section 6.4). The system
uses the classification system of Suschnigg et al. [SMK*21] to clas-
sify anomalies automatically. Labels are stored in a knowledge base
and could serve (1) as training data for the classifier to classify fu-

Figure 6: Interactive labelling: Anomalies are detected and as-
signed a type based on their duration. Additionally, users can label
anomalies through the drop-down menu.

ture occurrences of similar patterns and (2) as the basis for collabo-
rative analysis.

5.5. Channel pair suggestions view

The SPLOM visualization of multivariate data becomes more over-
whelming to the user as more dimensions are shown simultaneously.
We implemented the channel pair suggestion view to offer starting
points to explore the SPLOM (R4). Based on their bivariate anomaly
score, it ranks and suggests candidate cells within the scatterplot in
tabular form (Figure 1e). This view is connected to the anomaly time
series view and is updated after a linking and brushing interaction.
It can be effectively used by hovering over a suggestion to highlight
the cell’s row and column in the SPLOM (I7).

5.6. Implementation

MANDALA is a web application built on a Django web server using
the Python programming language. The backend uses the Pandas
and Scikit-learn libraries to calculate anomaly scores using KDE.
The client communicates with the server via anAPI handled through
the AngularJS front-end library. Most visual components and inter-
actions are written in JavaScript through the D3.js framework. Line
plots are renderedwith the Plotly.js library. In addition, we use Boot-
strap for the appearance of the HTML controls and the grid system.

6. Use Case Scenario

MANDALA has been designed for multivariate time series datasets,
which display cyclic behaviour. We tackled such datasets in var-
ious research projects, e.g. automotive testing and production
[SMF*20, GFS*19], manufacturing [SZB*20], or aluminium pro-
duction [JSN*21]. This use case describes how MANDALA can
assist in analyzing field data from electric vehicles (EVs) collected
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Figure 7: Reference cycle selection: This figure shows how reference selection changes the anomaly heatmap view during the use case
scenario. The initial selection shows many cycles with an anomaly score close to one (a and b), whereas extending the reference selection
adds diversity to the reference data and, therefore, lowers the anomaly score throughout the whole dataset (c and d).

from real-world applications. The primary objective of our analy-
sis is to identify intriguing patterns that can provide insights into
the technology of EVs, especially in understanding battery thermal
ageing phenomena. The use case scenario has been conducted with
data and a data scientist from a global company specializing in de-
veloping and engineering powertrain systems. The company plays
an important role in helping automotive manufacturers develop and
optimize their vehicles for better performance, efficiency and envi-
ronmental impact.

6.1. Electric vehicle dataset

This dataset comprises real-world field data collected from a large
fleet of EVs (>1,000), featuring various sensor measurements, in-
cluding battery temperature, battery voltage and state of charge,
recorded at 30-s intervals. In particular, all trips have been recorded
over a 2-year time span, extend beyond 4 h and represented jour-
neys with charging events that are less prone to noise due to various
driving scenarios and environmental conditions. For this use case
scenario, we analyze data from 94 trips of a single EV, fulfilling the
criteria. The dataset provides information to explore the behaviour
and performance of EVs over extended periods of operation.

6.2. Reference cycle selection

First, we discuss the selection of the reference cycle and pick the
first two cycles as references. From a domain perspective, selecting
data early in the product lifetime and detecting deviations later on
in the data is a common approach but not necessarily the only way
to analyze industrial data. Discussions with the domain expert high-
light that the problem of anomaly detection is difficult because it is
not specified for many cases since the normal state of a machine is
often unknown. After selection, many cycles appeared to be anoma-
lous, and we selected the third cycle for analysis. The exploration
of the third cycle showed that the detected anomalies are irrelevant
from a domain perspective and, therefore, can be added to the selec-
tion of reference cycles. This process has been repeated with cycles
6, 7 and 8, whereas every time the reference cycle view is updated,
fewer anomalies are shown because the diversity of non-anomalous
data increases (see Figure 7). At first sight, the domain expert was

Figure 8: Two examples of anomalies explored with MANDALA in
the use case scenario: (a) MANDALA has detected an ambiguous
anomaly, which suggests a slight shift in the time series’s y-axis di-
mension within a subsequence. (b) The strong anomaly suggests that
the data lie within two references on the x-axis dimension with an
upshift of the y-axis dimension.

sceptical because of the amount of anomalous data points with only
two cycles selected as reference, but afterwards appreciated the pro-
gressive approach of analysis and exploration and the possibility of
adding domain expertise at each iteration. As follows, we discuss
two cases of anomalies that have been investigated.

6.2.1. Exploration of anomalies

One feature of MANDALA is the exploration of ambiguous mul-
tivariate anomalies through the small multiple view by comparing
selected reference data with candidate anomalies across all dimen-
sions. These anomalies are difficult to interpret by automated data
analysis and, therefore, require SMEs. In Figure 8, two examples
show the relationship between the most critical measuring param-
eters of the battery, such as state-of-charge, voltage and C-rate.
In contrast to ambiguous anomalies that are depicted in panel (a),
MANDALA can detect and highlight strong anomalies (see panel
(b)) from the corresponding charging cycles. From a data perspec-
tive, those anomalies are clearly anomalous but still require domain
experts to confirm or disprove these findings. For that purpose, users
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Figure 9: Taxonomy: Exploring differences between reference data visualized as hexagonal binning plots and inspected data visualized as
scatterplots show different patterns. In this taxonomy, we list and interpret the patterns that occurred during our experiments on different
datasets. The figure uses the same colour-encoding as explained in Section 5.2.3, distinguishing between normal data, anomalies and contex-
tual anomalies.

can explore the temporal scope of anomalies through the time series
views and the dimensions involved in the scatterplot view. Such in-
depth investigation is critical for timely identifying joint deviations
from their nominal range that might signify the upcoming thermal
failure of EV batteries [LLAJ21].

6.3. Domain expert remarks

The use case scenario has been conducted with a SME who has ex-
tensive experience in data science and mechanical engineering yet
has limited exposure to visual analytics. After the collaborative data
pre-processing and exploration in MANDALA, follow-up discus-
sions explore specific challenges analysts face, providing insights
into potential improvements. Generally, the tool was determined to
bewell designed by the SME, demonstrating proficiency in handling
complex time series data. The SME noted the intuitive interface,
which facilitates seamless navigation, and highlighted the added
value of heatmap filtering, which guides users through the explo-
ration process. The histograms in the SPLOMwas recognized for its
effectiveness in rapidly displaying dimensional differences from the
selected reference data. Additionally, scatterplots were identified as
a valuable component, allowing a more detailed examination of spe-
cific data points and improving the understanding of anomalies by
exploring bivariate subsets of the data. The SME concluded that the
thoughtful integration of these features positions the tool as a valu-
able resource for deriving insights from the explored dataset. How-
ever, the domain expert prefers automatic reference selection and
states that ‘this feature would reduce cognitive load, enhance effi-
ciency and allow amore targeted exploration of the time series data’.

6.4. Taxonomy hexagonal binning plot and scatterplot

During our work on MANDALA, we observed various hexago-
nal binning plots and scatterplots in superposition, showing unique
shapes and patterns. We created a taxonomy as shown in Figure 9
to classify those patterns. The taxonomy illustrates reference data
distributions and their position to scatterplots. Note that the dis-
tribution of reference data and scatterplots depicted in the taxon-
omy are simplified illustrations and can become more complex
and/or mixed with actual application data. Additionally, the tax-
onomy highlights examples of contextual anomalies using orange
colour-encoded points. As follows, we give short descriptions and
interpretations of the patterns:

(a) Full match: Data fully lies within the reference data and does
not visualize anomalous data.

(b) Partial anomalous: Data lies partially outside of the reference
data.

(c) Shift x-axis: Values of the x-axis dimension are shifted to
higher or lower values.

(d) Shift y-axis: Values of the y-axis dimension are shifted to
higher or lower values.

(e) Contextual: Univariate data of both dimensions lie within the
reference but do not lie within the bivariate distribution.

(f) Different cycle: Data distribution differs from the reference
data and is probably created by a different underlying process.

(g) In between cycles: Data distribution lies between values of two
reference cycles. Anomalies appear as contextual anomalies.

(h) Diverse references: Data distribution frommany reference cy-
cles covers a larger range in both dimensions than single cycles.

(i) Point anomaly: Only single points appear anomalous in the
plot.

This taxonomy is based on our observation of many cycles and
data subsets and is proposed as a reference for analysts on what to
look for when starting an exploration. While we have preliminarily
implemented and investigated the automatic recognition of taxon-
omy patterns through interactive labelling and time series views,
the patterns should be useful for ranking and suggesting candidate
views to the user and filtering large view spaces. They might also
be the basis for computing features analogous to the Scagnostics
approach [WAG05]. These, in turn, could be useful for ranking and
grouping data and providing user guidance in the exploration pro-
cess. We leave this to future work.

7. User Study

We conducted a user study to investigate how readily the user can
identify and explore anomalies in multivariate times series using
MANDALA. To do that, we defined 3 qualitative research questions
(RQ)

RQ1 How effective is MANDALA in assisting users to identify
and explore anomalies in multivariate time series data?

RQ2 How effectively does MANDALA support users in de-
tecting anomalies within a temporal range in multivariate time se-
ries data?

RQ3 Does the visualization provided by MANDALA enable
users to identify the dimensions that contribute to the anomaly score
in multivariate time series data?
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The user study results should also help us identify usability gaps
and assess the user experience when working with MANDALA.
This section describes the methods utilized during the study and
their qualitative and quantitative results.

7.1. Aircraft turbine dataset

The synthetic dataset used for the user study represents sensor data
from an aircraft engine generated by a simulation that runs the air-
craft to failure for diagnostic and prognostic purposes using real
flight condition data as input [CKGF21]. Given the run-to-failure
setup, this dataset is suitable for our research on anomaly detection.
Specifically, we selected a simulation of 75 flight cycles and focused
on the first 5 min of the climb phase after the liftoff. We align each
flight cycle with the altitude dimension to facilitate better compa-
rability of cycles. We select seven dimensions that do not require
extensive domain knowledge in flight mechanics, such as theMach
number and Altitude. In addition, we select correlating and non-
correlating dimensions to obtain a variety of patterns through vi-
sualization.

7.2. Procedure

The study included 15 participants, mainly post-graduate, 2 females
and 13 males, between 18 and 37 years old. All participants had
prior experience with visual and data analytics tools, and most were
from the field of Computer Science. Furthermore, the collective
experience of the participants included a wide range of industry-
related projects. These projects ranged from predictive maintenance
to condition monitoring. This means that the participants were in-
volved in activities that included using analytical techniques to pre-
dict and monitor the condition of machines and systems in various
industries. Their hands-on involvement in such projects contributed
to their understanding and proficiency in the use of visual and data
analytics tools. However, none of the participants had used MAN-
DALA before. This ensured that their interactions and responses
with the MANDALA tool during the study were unbiased and un-
influenced by familiarity with the tool.

The study began by showing participants a 9 min instruction
video, including a video demonstration of the user interface features
of MANDALA. After the demonstration, participants were given a
subset of the dataset that is used in the study and had the opportu-
nity to explore and use the tool on their own for 5 min. The example
dataset is a smaller variant of the dataset used for the tasks, consist-
ing of only four dimensions and twenty cycles. After 5 min had ex-
pired, the study officially began. During the study, participants were
given four tasks to complete: Task 1 (T1), Task 2 (T2) and Task 3
(T3), comprising two subtasks. These tasks were carefully struc-
tured to increase in difficulty and complexity incrementally. This
sequence served primarily to enable a step-by-step learning process
for users whowere not yet familiar with the tool. Furthermore, draw-
ing on our previous experience working with professionals in vari-
ous industries, we have deep insight into how professionals identify
anomalies. This knowledge has guided us in the careful design of
these tasks.

T1was designed to addressRQ1 and required the detection of cy-
cles with two specific anomaly score thresholds using the anomaly

heatmap view. T2 aimed to answer RQ2 and asked to investigate
the temporal scope of the anomalies and required participants to de-
tect the anomalous subsequence within two cycles. T3 was geared
toward RQ3, whereas its goal was to detect univariate dimensions
that deviate from reference data within a specific cycle by investi-
gating the SPLOM. Additionally, the task aimed to detect the di-
mension that exhibits values higher than those in the reference data.
Task 4 (T4) also aimed to answer RQ3 and asked participants to
detect bivariates within a cycle that differs from the reference data.
Participants were given 3 min to complete the first two tasks T1
and T2, and 5 min to complete the tasks T3 and T4. Once a task
was completed or the allotted time was consumed, participants had
to submit their responses digitally. After each task, subjective feed-
back was collected through a post-task questionnaire consisting of a
7-point Likert NASA-TLX scale covering six dimensions of work-
load (mental demand, physical demand, temporal demand, effort,
frustration and perceived performance) [HS88]. In addition, users
had the opportunity to give feedback on each task. At the end of the
study, participants were asked to complete a positive SUS [B*96,
SL09] using a 7-point Likert scale [JKCP15] to measure the overall
usability of the proposed tool. In the context of our user study, we
deliberately chose not to employ a baseline method for compara-
tive analysis. Since this was an exploratory study, our goal was to
examine the tool’s functionality, user engagement, and overall user
experience in depth. Including a baseline could have limited this
qualitative investigation, as the focus could have changed from un-
derstanding the inherent qualities of the tool to simply comparing it
to an external benchmark.

7.3. Pilot study

Before conducting the user study, we conducted a pilot study with
two participants. Both were familiar withMANDALA, but were not
directly involved in its development. Themain goal of the pilot study
was to refine the user study procedure, ensure its practicability, and
eliminate potential problems. The results of the pilot study led to
slight adaptations to the prototype, such as changing the appearance
of the histograms in the scatterplots’ diagonal cells. In addition, a
significant modification on T4 has been performed. Initially, an ad-
ditional task was intended to assess how MANDALA can help de-
tect contextual anomalies. However, during the pilot study, we found
that explaining contextual anomalies in the instructional video was
too difficult for participants to comprehend. As a result, the task was
substituted with the second subtask in T2.

7.4. Quantitative results

Thirteen participants successfully completed both T1a and T2a.
Similarly, 12 participants successfully completed T1b and T4.
However, while fourteen participants were able to complete T2a,
only six participants were able to complete T4 successfully. The
average time for T1 was 1 min and 24 s, for T2 2 min and 16 s,
for T3 3 min and 48 s and for T4 4 min and 3 s. The workload was
estimated using the results of the NASA-TLX questionnaire. The
results displayed in Figure 10 have revealed a low overall workload
in all tasks (mean below 50): (T1) μ = 25, σ = 7.6, (T2) μ = 42.7,
σ = 16.3, (T3) μ = 36.6, σ = 14.4 and (T4) μ = 33.5, σ = 13.4. In
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Figure 10: Overall workload per task calculated based on NASA-
TLX results: all dimensions have a low overall workload on all tasks
(mean below 50).

Figure 11: The participants’responses to the system usability scale
(SUS) questionnaire: MANDALA obtaining a B score for overall
usability.

summary, T2 caused a higher workload than the other tasks, while
T4 was the most challenging task in terms of completion rate.

We averaged all the questions and participants to determine the
average usability score based on the SUS questionnaire and obtained
a mean raw score of 75.6 (σ = 11.2). Our design falls in the 70–79
percentile range in the curved grading scale interpretation of SUS
scores, thus obtaining a B score [SL09]. Note that we used a 7-point
Likert scale instead of a 5-point one (1 = strongly disagree, 7 =
strongly agree). Thus, user responses were multiplied by 1.66 in-
stead of 2.5 to obtain overall SUS scores in a range between 0 and
100. These scores are subdivided into the Usable subscale (ques-
tions 1, 2, 3, 5, 6, 7, 8 and 9) and the Learnable subscale (questions 4
and 10) following the approach presented in [LS09]. After themulti-
pliers are adjusted on the 7-point Likert scale (2.08 and 8.33),MAN-
DALA scored a B for Usable (μ = 77.7, σ = 11.1) and Learnable
(μ = 70, 8, σ = 16.8). The questions and results of the SUS ques-
tionnaire are visualized in Figure 11 by the diverging stacked bar
graph. It represents the Likert scale of survey responses. The Likert
bar chart shows the responses collected from the Likert scale survey,
showing the percentage of responses for each of the seven options.

The size of each bar corresponds to the proportion of respondents
for that specific option.

RegardingRQ1, MANDALA demonstrated high effectiveness in
assisting users in identifying and exploring anomalies in multivari-
ate time series data, as indicated by the high competition rate and
lower workload for T1. However, the higher workload for T2 sug-
gests that some users may struggle to identify anomalies within a
temporal range in a multidimensional space. Furthermore, the ef-
fectiveness of MANDALA in allowing users to identify the dimen-
sions that contribute to the anomaly score in multivariate time series
data remains unclear, as evidenced by the higher workload for T3
and by the lower competition rate for T4. Therefore, more research
is needed to address the research questions RQ2 and RQ3.

Overall, looking at the usability score of MANDALA (B), we can
conclude that it is an effective and useful approach for detecting
and exploring anomalies in multivariate time series data. Although
a significant number of participants were successful in completing
T1, T2 and T3, the higher workload for T2 and the lower competi-
tion rate for T4 suggest some areas for improvement in the design
of MANDALA. Participants provided feedback and suggestions for
improvement, which we discuss in the next sections to identify spe-
cific areas that require further attention.

7.5. Qualitative results: User feedback

After completing the NASA-TLX questionnaire for each task, the
participants were asked to give feedback, which we summarize
as follows.

Feedback on T1 suggests that the filtering feature was effective.
Participants found the filter to be intuitive, smooth and helpful in
completing the task. The use of a slider filter was especially appre-
ciated by one participant who had initially gone through the cycles
one by one. However, one participant felt that it would be beneficial
to know more about the metrics used to determine anomaly scor-
ing. Providing additional information regarding the automated data
analysis could improve the overall understanding and appreciation
of the work. The user feedback on T2 suggests that there are several
areas where improvements could bemade in the anomaly time series
view. Participants commented that it would be helpful to have the
option to textually enter time ranges, making the task easier to com-
plete. They also reported that a larger line plot view could be benefi-
cial. Addressing these issues would help improve the research tool’s
overall usability and user experience. The participant feedback on
T3 highlights both positive aspects of solving T3 and some areas
where improvements could be made. Overall, participants found
the tool to be helpful and effective in solving T3. However, sev-
eral participants mentioned that the opacity of the histogram bars
could occasionally make it difficult to distinguish between the test
data and reference data. Participants suggested that making the bars
more transparent or showing them as separate bars would help to
address this issue. One participant also noted that the video instruc-
tions were unclear and that better instruction could be provided to
clarify the intended task, e.g. by providing examples. RegardingT4,
several participants reported that they found the MANDALA visu-
alization helpful, which suggests that the tool effectively presents
data in an understandable and interpretable way. However, some
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participants also commented that improvements concerning the user
study could be made. E.g. one participant was unsure about how
to classify a particular data point, highlighting the need for clearer
guidance or instructions. The following section will discuss limi-
tations and potential future work identified during the development
of MANDALA and through the results obtained from the user study
and the use case scenario.

8. Limitations and Future Work

While the system was designed with scalability in mind, the lack
of emphasis on this aspect resulted in certain limitations. This sug-
gests a design implication that future systems should prioritize scal-
ability as a core design principle to ensure robust performance, es-
pecially when dealing with large or complex datasets. Addition-
ally, the system’s current limitation in detecting and visualizing
only a single context of contextual anomalies indicates the need
for more advanced visualization techniques that can handle mul-
tidimensional contexts. The challenge of handling high frequency
time series data reveals another design implication: the necessity
of developing adaptive visualization and automated data analysis
techniques that can dynamically adjust to different data frequencies.
This adaptability is crucial for making the systemmore versatile and
effective across varying types of time series data.

Overall, we achieved good results, especially considering the
time of 8 min participants had to be introduced to the system and the
complexity of the multivariate time series anomaly detection prob-
lem. Generally, users understood the system, as it is easy to use, and
mostly felt confident using the tool without much training.

The results of our studies demonstrate the potential for visual
exploration of anomalies in multivariate time series through our
system. However, we identified several directions for future re-
search. Furthermore, the reliance on specifying normal behaviour
through reference cycles highlights the need for more automated
approaches. The SPLOM was selected as the primary visual com-
ponent due to its scalability and clear visual structure, whereas a
semantic zooming technique was also implemented. Focusing on
those twomethods in future research can significantly improve scal-
ability for datasets with higher dimensions.

A limitation of this work is its dependence on cyclic multivari-
ate time-series data. This limitation can potentially be addressed
through data preprocessing techniques that segment the data into
equal time intervals (such as hours or days) to account for seasonal-
ity. However, the effectiveness of this approach is contingent upon
the characteristics of the dataset and the specific use case. For non-
time-series data, utilizing a scatterplot matrix with hexagonal bin-
ning plots may be applicable, but this approach lacks interactive ca-
pabilities, particularly with line plot views visualizing the temporal
context of data.

In our current approach, we emphasize the expertise of domain
experts in defining and interpreting normal behaviour, as their con-
textual knowledge ensures the relevance of selected reference cy-
cles. This method aligns with the real-world complexities of many
domains where human understanding is indispensable. However, we
acknowledge that automated techniques for selecting or suggesting
reference cycles can guide users to uncover patterns or potential in-

sights. Future work could explore unsupervised techniques, such as
clustering algorithms, to group similar cycles and suggest candi-
date references for identifying subsets of data that best represent
typical behaviour.

The preliminary work conducted in this research on the auto-
matic detection of taxonomy-based patterns Figure 9 to guide users
in exploration needs further investigation. For example, by drawing
attention to interesting classes and their relevant dimensions by
highlighting remaining cells in the SPLOM [SVLB10], or by
investigating other industrial datasets for taxonomy-based error
classes. To provide a more comprehensive understanding of the
effectiveness of the techniques used in MANDALA, future research
could systematically compare design alternatives (Figure 2) and
conduct a more comprehensive user study. To date, MANDALA
has been comprehensively applied to the aircraft turbine dataset
from the user study and the EV dataset featured in the use case
scenario. To further assess the generalizability of our findings,
we are conducting experiments with additional industrial datasets
and collaborating with experts who have in-depth knowledge of
the application’s specific requirements. Extending the evaluation
to include other use cases and industrial domains may provide
valuable insights and inform further improvements to MANDALA.

9. Conclusion

We introduced and implemented MANDALA, a visual interactive
approach for detecting anomalies in multivariate time series data,
mainly in industrial settings. The tool uses a learning approach us-
ingKDE for anomaly calculation and proposes SPLOMs, hexagonal
binning plots and line plots for visualization and exploration. It pro-
vides effective techniques to compare data along all dimensions of
the dataset and along the timeline. The exploration allows us to vali-
date, explain and improve anomaly detection provided by automatic
KDE-based anomaly detection.

We demonstrated the effectiveness of MANDALA and presented
patterns that emerged during our work using the taxonomy. A user
study involving 15 participants confirmed its usability. The results
suggest possible future directions, such as reference cycle recom-
mendation and user guidance, advanced visualization techniques
for exploring contextual anomalies with more than two contexts,
and improved scalability throughmatrix representations and seman-
tic zooming.
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