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Figure 1: Vibration measurements from a hydro power plant with the corresponding time delay embeddings per segment. The time delay
embedding visualizations evolve over time and can be used as a fingerprint to highlight significant changes in the vibration data.

Abstract

Most machines generate vibrations during operation, but effectively visualizing these vibrations is often a challenge, due to large
and high-resolution data. Line charts suffer from overplotting, while frequency-domain analysis requires specialized knowledge
in signal processing. We introduce a method that bridges the gap between time-domain and frequency-domain analysis: a
visual fingerprint computed through the time delay embedding of the vibration data. This fingerprint helps identify segments
exhibiting periodic behavior and can be used to cluster similar segments within a vibration signal. Additionally, we demonstrate
its practical application in predictive maintenance, showcasing its potential for real-world industrial use.

CCS Concepts

* Human-centered computing — Visualization techniques;

1. Introduction

The study of vibrations is essential for any mechanical engineer-
ing problem, as they are omnipresent: from simple motors to air-
planes, any system with mass and elasticity has the potential to
experience vibrations. While many vibrations are unavoidable and
intrinsic properties of systems, they can be undesirable and may
damage the machine. Furthermore, they may serve as indicators
of whether a machine is functioning correctly. Therefore, conduct-
ing vibration analysis, typically performed in the frequency domain
due to the oscillatory nature of vibrations, is essential for effective
monitoring and maintenance strategies [GR21]. The spectrogram
is one of the most common visualization techniques for the fre-
quency domain, as it conveys changes in frequency over time and
thus offers a visual interpretation of the frequencies. While analyz-
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ing frequencies is a natural step, Sujatha [Suj10] points out that the
visual inspection of these signals in the time domain is still useful
for capturing instantaneous or transient events. Although a signif-
icant fraction of information is hidden within the spectral content
of the signal, the line chart can be used to quickly identify outliers
and is more accessible to users with little background in the signal
processing domain. Still, it is not possible to gauge from the line
chart alone whether the signal is noise or a vibration. We aim to
further enhance and complement the visual inspection in the time
domain, enabling users to quickly gain an overview of different
vibration profiles within the signal or to detect periodicity within
noise. This is achieved through the use of Time Delay Embeddings
(TDE), which provide an additional perspective by transforming
the time series into a point cloud that can subsequently be projected
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onto a 2D plane. The key feature of the TDE is that periodicity
within the signal results in elliptical structures and "round" point
cloud shapes [PH13]. This property makes them useful as finger-
prints for vibration signals such that groups of vibration patterns
can be intuitively identified. Figure 1 provides an example which
shows vibrations of a hydro power plant. Although these finger-
prints are not meant to provide precise insights, they are useful to
gain an overview, pointing users towards segments worth further
analyzing. To further highlight the plausibility of our approach, we
implement a clustering approach for TDEs to show that the signal
is indeed split into meaningful segments.

2. Related Work

Although traditional techniques from vibration analysis are well
established [GR21], Perea et al. [PH13] showed that methods from
Topological Data Analysis (TDA), in particular the TDE, can of-
fer deeper insights into signals and vibrations. The theoretical
foundation for the TDE originates from studies on dynamic sys-
tems [Tak81] and has since been subject to extensive research, re-
sulting in a rich theoretical basis [Per18, RC19, TH18, TAC*23,
San18,HIB*21]. In recent work, Casolo et al. [CSZRS24] explored
the use of TDEs for vibrations in wind turbine gearboxes and con-
firmed the useful property of circular patterns in the TDE that high-
light vibrations. In this work, we demonstrate that the visual explo-
ration of TDEs can provide meaningful insights.

The main issue with line charts for vibration signals is their lack
of clarity due to overplotting [Kin10], as they represent dense time
series with a vast number of data points. Ali et al. [AJXW18] pro-
posed dimensionality reduction for generic time series as an addi-
tional perspective to gain an overview of clusters within the time
series and to guide users toward points of interest in large time se-
ries. Ward and Guo [WG11] present an exploration approach for
TDEs in which the authors focus on financial data, traffic flow, and
ECG recordings. Each projected point is represented using a glyph
that resembles the pattern shape at a given point in time. Further-
more, patterns can be selected based on regions of the projection,
guiding users toward cyclic patterns, trends, and anomalies in the
time series. Bernard et al. [BWS*12] extend this idea to multivari-
ate time series, showing that paths in the projection correspond
to patterns in the time series. While these approaches are reason-
able exploration techniques for generic time series, vibration sig-
nals are not suitable since it is difficult to validate findings based
on the accompanying line chart. Kumar et al. [KLK*05] present
a method to construct bitmap thumbnails of time series using the
Symbolic Aggregate Approximation representation. Although the
fingerprints themselves are not meant to be interpreted, they pro-
vide an overview of patterns when viewed together. We also pro-
vide thumbnail visualizations (or fingerprints), in our case for vi-
bration data, and show how they can be applied meaningfully.

3. Time Delay Embeddings as Fingerprints

Given a time series as a list of values, the Time Delay Embedding
(TDE) is a sliding window view of the signal with window size
w. Each window is subsequently interpreted as a point in high di-
mensional space R", which effectively transforms the time series

into a point cloud, hence the keyword Embedding. Due to space
constraints, the precise mathematical definition is provided in the
supplementary material. Since a TDE with w > 3 is difficult to vi-
sualize, we apply Principal Component Analysis (PCA) [Pea0l] on
the z-normalized TDE and retain the first two components. Thus,
the TDE is projected onto a 2D plane, making it easier to visual-
ize and explore. The PCA method was chosen due to its benefi-
cial properties, such as linearity and the reasonable computational
resources it requires compared to non-linear techniques. Further-
more, existing literature demonstrates that PCA is commonly used
to visualize TDEs [CSZRS24,BJ19,WG11,BWS™12].
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Figure 2: Examples illustrating the time delay embedding concept.
The coloring corresponds to the radius within the point cloud. The
Turbo colormap is used to map the points from the cloud to the sig-
nal. The examples further highlight the effect of the window size,
demonstrating the phenomenon of resulting circles when the win-
dow size aligns with the frequency.

The resulting plot is the core concept of this work, as it is par-
ticularly well suited for vibration signals. Perea and Harer [PH13]
showed in previous work that periodic structures within a signal
lead to elliptic behavior in the point cloud. As discussed in sec-
tion 1, vibrations inherently contain oscillations and thus quasi-
periodic behavior, which is the reason for "round" projections.
However, this does not apply to non-deterministic vibrations, as
this type of vibration is inherently random. Figure 2 illustrates this
idea with three examples: the first is a harmonic oscillation (a sim-
ple sine wave), resulting in a clear circle. The other two examples
demonstrate the TDE on pure Gaussian noise and on noise with a
"hidden" signal. In the latter two examples, the effect of the win-
dow size becomes evident: the elliptic behavior in the TDE emerges
when the signal’s frequency aligns with the window size. By as-
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Figure 3: Comparison between TDE and spectrogram for both
clean and noisy engine signals. The noisy signal was created by
adding Gaussian noise with a standard deviation of 2 to the origi-
nal signal, demonstrating the TDE’s applicability to noisy signals.
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Figure 4: The cluster view groups the TDEs based on the radius
distribution within the point cloud. The clustering shows the sepa-
ration of states within the hydro power plant, including the misfor-
tune in the middle, which can be seen through the horizontal heat
map that visualizes the cluster labels over time.

signing colors to both the signal and the point cloud, a mapping
from the periodic behavior in the signal to the structures in the pro-
jection can be observed. The circular patterns in the TDE necessi-
tate coloring by radius (meaning the distance of each point to the
center of the point cloud), as it enables the user to map annuli in
the projection to segments in the vibration signal. In the following,
we apply the Turbo rainbow coloring [Mik19] to color the TDE by
radius. Although rainbow colormaps are often criticized for their
poor characteristics, if well designed, they can be a valuable ad-
dition [WSSR23]. The Turbo rainbow coloring was chosen since
it has the desired property of being perceptually uniform [Mik19].
Furthermore, the coloring is able to highlight the contrast between
points close to the epicenter of the projection and points located
on the border since blue and red are neighbors in the triadic color
scheme. This is desirable since noise accumulates near the cen-
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ter while vibrations cause the circular patterns with a larger radius
than noise. Figure 2 presents an example to illustrate this property
and further justifies the desired contrast between center and border
coloring. Finally, the Turbo coloring assigns green tones to points
between center and border, thus completing the triadic scheme and
enforcing a stark contrast between the three main segments.

However, in real data, vibrations may be occluded by noise, as
seen in Figure 3. In the case of a clean vibration signal, the spec-
trogram clearly indicates the frequencies and the outer annuli in the
TDE highlight high amplitudes. However, as noise is introduced to
the original signal, the spectrogram and line chart lose their clar-
ity and become less interpretable, whereas the circular patterns in
the TDE persist even at high noise levels. The circular structures
in the TDE therefore provide an indication to users of a hidden
vibration within a noisy signal. Furthermore, the outer annuli still
refer to the same locations in the signal as the noise level increases,
demonstrating that the TDE is indeed referring to the same vibra-
tion patterns even in noisy environments.

While Perea and Harer [PH13] assert that circular structures
manifest when the frequency aligns with the window size, we il-
lustrate in Figure 5 that a sufficiently large window generally cap-
tures the signal’s periodicity. Thus, we advise initiating analysis of
a generic vibration signal with a large window size, as shown in
Figure 5. The resulting TDE is a generic indicator for periodicity
if round or circular structures are observed, however, for precise
frequency analysis, a spectrogram remains the more suitable tool.

The insights presented in this section show that TDEs are valid
visual fingerprints of vibration signals since they capture periodic-
ity within the signal. Next, we further explore this idea by applying
clustering to TDEs, which will highlight that TDEs are not only
useful to detect periodicity, but also to emphasize change points
within the signal.

4. Clustering TDEs of Vibration Signals

When searching for patterns or groups within a time series, clus-
tering is a natural step, in particular to support many segments and
long data. Figure 1 demonstrated that TDEs intuitively emphasize
change points and result in diverse structures depending on the vi-
bration profile. Since we assume that our data contains vibrations,
we may conclude that the resulting TDE point clouds form a round
structure; hence, we focus on radial properties of the point clouds
to obtain features for clustering. Our resulting feature descriptor is
the radius distribution in the form of a histogram, and to compute
the similarities among them, any divergence measure for proba-
bility distributions can be used, for example the Jensen—Shannon
divergence measure. Finally, we implement a hierarchical cluster-
ing method with complete linkage through an interactive prototype.
In this case, the selection of the linkage method is not critical, as
alternative methods such as average, group, or Ward’s linkage pro-
duce results that are not significantly different. Therefore, a detailed
discussion of the linkage method is excluded to maintain concise-
ness. The benefit of this agglomerative clustering is the resulting
tree structure, which is only computed once. Whenever the user
changes the number of clusters, they can be recursively retrieved
from the tree, which is a computationally inexpensive operation;
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Figure 5: We demonstrate the TDE on four datasets with different window sizes, which are doubled in each step. It can be observed that the
TDE remains constant for the harmonic oscillation and converges in the case of noisy vibrations.
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Figure 6: The TDEs correspond to vibration segments in a run-to-failure scenario of an engine. It can be observed that the TDE stays
constant in the beginning, but starts to attain a different shape as soon as engine wear becomes noticeable.

hence, the user does not experience delay. Figure 4 demonstrates
the proposed user interface to inspect the clusters. For chronolog-
ically ordered datasets, we offer a heat map in the form of a time-
line, such that clusters can be mapped to specific time segments in
the dataset. For instance, in Figure 4 one may observe the different
states of the hydro power plant, which become apparent through
the timeline.

5. Application to Predictive Maintenance

We applied the new TDE method to a real-world industry use case
to demonstrate the technique’s applicability for a predictive main-
tenance task. As shown in Figure 1, the TDE can highlight changes
over time. Therefore, experts may use our technique to detect and
inspect temporal data changes, like gradual or subtle anomalies.
TDE conveys information about significant change points in the
series. We applied TDE to a dataset of sensor recordings from ma-
chine operation. Domain experts needed to explore the data to see
if it reflects certain machine states or changes over time. Figure 6
demonstrates this use case based on vibrations collected from an
engine in which the engine runs until failure. At first, the TDE re-
mains a stable circle with only minor noise artifacts. As soon as
the engine experiences damage caused by wear, the vibration of the
engine becomes noisy, which is reflected in the TDE. Again, this
subtle noise addition is not visible through a line chart , but our
TDE-based visual fingerprint helps to pinpoint the pattern.

6. Conclusion and Future Work

We presented TDE visualizations, as concise visual fingerprints
of vibration signals for studying changes in high-frequency signal
data. We demonstrated that TDEs can be used as a fingerprinting
technique for vibration signals to effectively convey changes in the
vibration profile and to detect periodicity. Based on our initial find-
ings, we identified challenges which we need to address further.

Scalability issues need to be solved for making TDEs useable
for large datasets. This refers to Algorithm Scalability according
to the scalability in visualization model [RPA*24]. The computa-
tional expense, primarily due to the projection via PCA, presents a
challenge. Another key finding highlights the importance of the
window size used to compute TDEs. As demonstrated in Figure 2,
the chosen window size significantly impacts the resulting TDE. In
this work, the window size was manually selected for all datasets,
which limits the exploration of diverse TDE representations. To ad-
dress this, future research could introduce a parameter space explo-
ration interface, enabling users to systematically compare different
window sizes and identify the optimal configuration. While the fin-
gerprinting technique for vibration signal seems plausible in our
experiments, a rigorous user study is yet to be performed. The user
study should be performed using the ICE-T procedure [WAM*19]
such that the value of the visualization is appropriately evaluated.
Further, we would be interested to acquire a taxonomy of finger-
prints for a diverse set of vibration profiles.
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