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Abstract

Time series in domains such as climate, traffic, and energy often contain multiple, overlapping periodic
patterns. Spiral visualizations can support the exploration of such data, but their effectiveness is limited in
practice. Outliers and global trends skew the color mapping, dominant periodic components can hide weaker
patterns, selecting a meaningful period length is challenging, and comparing subsequences within large
datasets remains cumbersome. To address these challenges, we present a guided analytical workflow centered
on an enhanced time series spiral visualization. A regression model tailored to periodic data helps identify
suitable period lengths and exposes secondary patterns through its residuals. Visual guidance mitigates
issues caused by skewed color mappings and highlights relevant spiral sectors even when global trends or
outliers are present. Users can interactively select and compare sectors based on measures of average, trend,
and similarity, and examine them in linked views or a provenance dashboard, which maintains a record of all
user interactions and allows comparing multiple spirals with each other. Application examples demonstrate
use cases where the visual sector selection guidance together with the exploration of model residuals leads
to insights. In traffic data, for instance, removing the dominant day–night rhythm reveals rush-hour effects
that become visible through exploration of the residuals.

Keywords: Periodic Time Series, Time Series Analysis, Spiral Visualizations, Guidance, Regression,
Residual Analysis

1. Introduction

Periodic patterns are at the core of many time se-
ries. For example, when observing regional aver-
age daily temperature records, a seasonal effect is
apparent when comparing records acquired from
summer versus winter months. Time series spi-
rals [2] are a common visualization technique for
such data because they maintain continuity while
aligning recurring cycles, enabling direct compari-
son of periods such as winter months across years.
Despite their utility, spirals have two key limita-
tions: choosing a meaningful period length can be
difficult, and trends or outliers can dominate the
view and occlude seasonal behavior. Even with
clear seasonal patterns, secondary periodic struc-
tures may remain hidden under dominant cycles.
This raises an analytical question: Once the main
seasonal component is understood or removed, can
a spiral visualization reveal periodic occurrences of
second-level patterns? Existing spiral-based visu-
alizations have largely focused on depicting global

periodic structure and have not addressed the diffi-
culties of subsequence comparison or the analysis of
second-level patterns that emerge beyond dominant
seasonal trends.

This paper introduces an analytical workflow
(Figure 1) for exploring periodic time series using
the time series spiral as the central representation.
The workflow supports identifying and comparing
informative subsequences using an overview+detail
strategy [1] in which users locate interesting regions
in the spiral and then examine them through co-
ordinated detailed views. Relative to our earlier
work [3], this work provides three key extensions.
First, we refine the visual guidance mechanism for
subsequence recommendation by introducing the
guidance donut, a circular indicator placed at the
center of the spiral. In contrast to the previous
isolated guidance view, the guidance donut estab-
lishes a direct spatial correspondence between rec-
ommendation scores and spiral segments, enabling
guidance even when trends or outliers affect the
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Figure 1: The design of our analytical work
ow follows the overview+detail strategy [1]. In the overview, analysts select a
period length (step 1), optionally apply a regression model to remove the dominant periodic trend (step 2) and visualize the
data through a time series spiral (step 3). Users select periodic subsequences using visual guidance (step 4), which can be
inspected in the detail view. Analysts may switch between three visualizations to control the required visual aggregation.

appearance of the spiral. Second, we integrate a
regression model into the workflow to subtract the
dominant seasonal component. The resulting resid-
uals allow the analysis to focus on second-level pe-
riodic structures that may be obscured in the origi-
nal data. Third, the regression model also supports
period selection by providing cues for well-aligned
spirals, thereby improving the reliability of subse-
quence comparison.

We demonstrate the utility of our approach
through several application examples drawn from
diverse domains, including environmental sensing,
transportation, and energy consumption. These ex-
amples illustrate how the workflow supports three
central analysis tasks: selecting an appropriate pe-
riod length, identifying informative subsequences
through visual guidance, and revealing second-level
periodic patterns by analyzing regression residu-
als. Each case demonstrates situations in which
specific components of the workflow, such as the
guidance donut, the different interestingness mea-
sures, or the detrending step, provide insights that
are difficult to obtain with a standard spiral vi-

sualization alone. In addition to these examples,
we conducted an expert interview with two facility-
management experts who applied the workflow to
energy-consumption data from their domain. Their
insights and observations complement the applica-
tion examples and further demonstrate the practi-
cal value of the approach.

2. Related Work

We first provide background on time series visu-
alization with emphasis on periodic data. After-
wards, we discuss existing approaches for extend-
ing the time series spiral visualization, specifically
regarding guidance.

2.1. Visualization of Periodic Time Series

Our work builds on previous research in time se-
ries visualization, which has been subject to exten-
sive research [6]. Several glyph-based approaches
have been proposed to compare periods [7, 8, 9],
especially to detect anomalous periods. Period-
icity is also visualized through matrix-based or
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Figure 2: The enhanced interactive spiral visualization for
time series data proposed by Tominski et al. [4] and later
extended by Ceneda et al. [5] utilizes two-tone coloring to
represent data values and provides visual guidance indicators
to users to acquire well-suited period lengths. The intensity
of the red glow surrounding the spiral indicates the �tness of
a selected period length. The �gure has been kindly provided
by Davide Ceneda.

cycle-based layouts. Similar to our approach, cy-
cle plots [10, 11] have been used to identify trends
across periods through an element-wise comparison
between periods. Time series are also frequently
visualized through pixel-based techniques [12, 13],
which encode data values similar to heatmaps. Cir-
cular layouts [14] arrange pixel-based visualizations
in circular arrangements. Examples include Solar
Plots [15], Kaleidomaps [16] and Ring Maps [17],
which leverage repeated intervals for comparison
and often incorporate additional context in the cen-
ter region, which is a technique we also employ for
our guidance donut approach that we place in the
center of the spiral.

In the technique introduced by Weber et al. [2],
the time series is mapped onto an Archimedean spi-
ral in which each period corresponds to one turn.
Each value of the time series is represented through
a colored annular segment within the spiral. Tomin-
ski et al. later proposed to replace the coloring by
a two-tone pseudo coloring [4] as seen in Figure 2.
The resulting spiral is at the core of this work and
is explained in Section 3. Time series spirals have
further been explored in the 3D space [18, 19, 20]
and in spatiotemporal context [21, 22]. Visualizing
spirals in 3D comes with the drawback of occlusion,
which requires additional interaction techniques as

mitigation strategies. Such interaction techniques
are often more complicated than the 2D version,
which is why we opted for a 2D visualization in our
approach.

The majority of the mentioned techniques can be
explored in the TimeViz browser, an interactive col-
lection of time series visualization techniques [23].

2.2. Exploration of Periodic Time Series

The interactive visual exploration of time series
datasets is an integral part of many analysis tasks,
such as discovering similar time series [24], con-
structing preprocessing pipelines [25], selecting fea-
tures [26], detecting anomalies [27] or analyzing
clusters [28]. In this broad context, our ap-
proach situates itself as a method to explore and
discover groups of periodic subsequences follow-
ing certain interestingness measures. Many of
the mentioned related approaches follow the well-
established overview+detail strategy or the related
focus+context paradigm [29]. A well-known best
practice approach in this regard is the cluster and
calendar visualization [30].

When exploring spiral-based visualizations of
time series data, a focus+context approach [31] is
e�ective, as shown in the TimeSpiral system [32],
which adaptively increases the width of rings in
the user's focus while narrowing those farther from
attention. This is similar to the SignalLens ap-
proach [33] and the ChronoLens technique [34],
which display a dense time series through a line
chart and provides the focus+context strategy in
the form of a magnifying glass. The Lin-spiration
system [35] employs two spirals for the context
while showing the selected part as a line chart, fol-
lowing the analogy of an audio cassette.

2.3. Guidance in Time Series Applications

Although interactive visual exploration of datasets
can provide valuable insights, a limitation is en-
countered with large datasets. The �eld of guidance
seeks to provide visual cues to users to explore po-
tentially interesting parts in a dataset [36, 37, 38].
Interestingness measures have been proposed to
highlight and rank interesting patterns through vi-
sual cues [39, 40, 41, 42]. Our approach further
builds on this idea by introducing the guidance
donut, which visualizes several interestingness mea-
sures to guide users towards interesting spiral sec-
tor selections. The previous version of this work [3]
introduced several interestingness measures, which
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we re�ne and revise in this work. Interestingness
measures are not only used to highlight relevant
sectors, but also to assist users in the con�gura-
tion of the spiral by recommending suitable period
lengths [5, 43, 44]. By contrast to previous work,
our tool utilizes the regression model employed in
our residual analysis work
ow to recommend suit-
able period lengths. Finally, provenance is another
key aspect in guidance, as it provides a history of
previous analysis steps, which can be used as a ref-
erence to novice users [45]. Our tool also provides a
provenance overview through which users can com-
pare previous selections, which may act as guidance
to novice users.

2.4. Residual Analysis of Regression Models

Analyzing residuals of a �tted regression model is
an established practice in model diagnostics [46] to
analyze secondary patterns [47]. The concept ofIn-
teractive Model Prototyping [48] combines residual
analysis with interaction techniques. Users sketch
the distribution, subtract the resulting estimates
and subsequently explore the residuals, which can
reveal secondary data features obfuscated by the
dominant distribution. This concept has been fur-
ther explored in the time series domain, in which
the concept is especially useful to detect anoma-
lies [49]. Our work utilizes the concept of Inter-
active Model Prototyping by providing the users
a second level in the exploration of periodic time
series data such that model residuals can be an-
alyzed instead of the original time series to reveal
secondary patterns. Regression-based modeling has
been applied in further areas of Visual Analytics,
such as simulation re�nement using surrogate mod-
els [50], optimization of cooling systems [51] and
understanding prediction biases of regression mod-
els [52]. Our approach uses a generic regression
model, which is not bound to a speci�c use case and
which can reveal secondary patterns in the data.

3. Design of the Analytical Work
ow

In this section, we describe the technical details of
the proposed analytical work
ow. The following
requirements were derived from a task analysis of
analytical activities identi�ed in the literature on
periodic time series visualization. The resulting re-
quirements align with the analytical work
ow illus-
trated in Figure 1.

R1: Segmentation of Periodic Data: The sys-
tem should support dividing a time series into
equally sized intervals of lengthp, where p is a
user-de�ned period length, to enable the align-
ment and analysis of the periods [2, 4].

R2: Removal of Dominant Periodic Compo-
nent: The system should allow users to sub-
tract the dominant periodic pattern from the
data to reveal residual variations, anomalies,
or secondary structures [48].

R3: Visual Comparison of Periods: The sys-
tem should facilitate the side-by-side or over-
laid comparison of the periods to support the
identi�cation of similarities, di�erences, and
temporal shifts [11, 3].

R4: E�cient Subsequence Selection: The sys-
tem should allow users to interactively select
relevant sectors of interest in an e�cient man-
ner [3].

R5: Con�gurable Detail View: The system
should o�er three detail view modes that dif-
fer in aggregation level: an overview mode
that aggregates all selected subsequences, a
mid-level mode that displays each subsequence
as one aligned spiral row, and a detail mode
showing each subsequence as an individual line
chart for �ne-grained inspection [3].

R6: Provenance and Analytical Traceability:
The system should track user interactions and
selections to maintain a history of �ndings, en-
abling users to revisit, compare, and synthesize
analytical outcomes [53].

3.1. Overall Work
ow Design

The resulting work
ow based on the described re-
quirements can be seen in Figure 1. In the following
we provide a high level overview before discussing
the underlying technical details. This section intro-
duces the overall conceptual work
ow design.

In the �rst step, users select a suitable period
length assisted through visual guidance clues (R1 ),
which are based on the �tness of a regression model.
The period length is required to properly align the
spiral visualization such that each turn in the spi-
ral corresponds to one period. This allows users to
compare periods and detect patterns in the subse-
quences (R3 ), which corresponds to the overview
component of the information seeking mantra [1].
In cases where the spiral does not provide su�-
cient indicators to discern patterns, the guidance
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Figure 3: The visual guidance for the period length selection
utilized model �tting to determine the �tness of each period.
The result is a heatmap stripe seen in the middle, which indi-
cates appropriate period selections to the user. Users select
a period length by clicking on the heatmap, a hover e�ect
provides an additional numeric indicator of the hovering pe-
riod.

donut in the center of the spiral can assist users
by providing interestingness measures, for exam-
ple the average value per sector. Once the overall
dominant periodic behavior of the time series has
been understood, it can be subtracted through a �t-
ted regression model to explore secondary patterns
(R2 ). Users can switch anytime between analyzing
the original time series (primary patterns) and the
model residuals (secondary patterns).

The detail component is implemented by provid-
ing users an interaction technique to select inter-
esting sectors. Users can hover the guidance donut
to select segments within the spiral, which re
ect a
certain interestingness measure (R4 ). The selection
is visualized in a linked view side-by-side with the
spiral, called detail view. The segment is visualized
in three visualization aggregation modes (R5 ) such
that overall trends can be inspected (high aggrega-
tion) and individual elements (low aggregation).

Finally, each interaction with the spiral is logged
and can be reviewed in a provenance view, which
further allows users to compare previously made
selections with each other (R6 ).

The next sections present technical details of the
conceptual work
ow starting with the period length
selection guidance.

3.2. Selecting an Appropriate Period Length
As a �rst step, a period length p must be de�ned
to segment the time series into equal intervals of

length p. Choosing the period length manually can
be challenging if the time series does not come with
a natural or otherwise known periodicity. To assist
users in the selection process, we provide a guidance
approach by recommending suitable period lengths,
which result in a well-aligned spiral. The basic idea
is to �t a periodic model to the time series with a
�xed frequency component given through a selected
period and to use the resulting residual error as a
guidance measure to recommend suitable periods.
A basic model of periodicity is given as follows:

m(t) =
�

o0 + o1
t
p

�

| {z }
Linear trend

+
�

a0 + a1
t
p

�

| {z }
Amplitude
modulation

� cos
�

2�
t
p

+ �
�

| {z }
Oscillation

The model consists of 3 components with 5 param-
eters in total. First, an overall linear trend of the
time series is described through a basic linear func-
tion o0 + o1

t
p with parameters o0 and o1. Next, the

dominant periodic pattern is captured by a sim-
ple cosine function with parameter � as the phase
shift. The third component modulates the ampli-
tude of the periodic pattern, also modeled as a lin-
ear function a0 + a1

t
p with parameters a0 and a1.

In our implementation, we �t this model with the
Levenberg-Marquardt algorithm [54].

We evaluate the quality of the �t by comput-
ing the root-mean-squared error between the �t-
ted model and the time series. We conducted ex-
periments with other evaluation metrics as well,
for example the R2 score, which all yielded simi-
lar results. The result is a �tness score for each
considered period lengthp, which we then visual-
ize as a heatmap stripe as seen in Figure 3, also
closely related to previous work by Ceneda et al. [5].
Users select a period by hovering and clicking on
the heatmap stripe. Since computing the �tness
scores can be expensive for large time series with
over 10; 000 data points, the �tness scores are com-
puted incrementally, starting with the smallest pos-
sible period and incrementing the period over time.
As a result, users are not forced to wait until all
possible periods have been examined, usually the
�rst suitable period length is already su�cient.

This visual guidance method for period selection
assistance demonstrates that data modeling in this
scenario is a valid alternative to the Discrete Fourier
Transform and the Chi-Square Periodogram seen
in previous work by Ceneda et al. [5]. As an al-
ternative, users are also able to select the period
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Figure 4: This example illustrates the model prototyping ap-
proach for a synthetic time series, which is a noisy sine wave
with a secondary sawtooth pattern. To reveal the sawtooth
pattern, model m(t) seen in Section 3.2 can be �tted to the
data and subsequently the residuals are visualized, which re-
veal another periodic pattern within the time series.

manually by de�ning a custom period length. This
is bene�cial in cases when the period length is al-
ready known, for example when the periodic time
series exhibits a calendar-centric seasonality. In
both cases, guided and manual,R1 is ful�lled su�-
ciently. The resulting model m(t) can be further
used in a model prototyping scenario as will be
shown in the next subsection.

3.3. Modeling the Dominant Periodic Trend
With a suitable period length selected, the domi-
nant periodic trend is easily understood and mod-
eled. However, the periodic trend may obstruct
secondary patterns within the time series. Lampe
and Hauser illustrated this scenario with a Gaus-
sian point distribution [48]. The authors demon-
strate that secondary features can be made visi-
ble by �tting a model and subsequently subtract-
ing the model estimates. The remaining residuals
reveal data features that were not captured by the
dominant model, which can result in originally ob-
structed patterns becoming visible. This approach
is called Interactive Model Prototyping and can be
applied to time series as well { an illustrative exam-
ple is shown in Figure 4. Our analytical work
ow
provides analysts the option to remove the domi-
nant trend from the time series and use the result
in all further exploration steps, which ful�lls R2 .
The �tted model is additionally externalized by dis-
playing the �tted model parameters.

Figure 5: This didactic example illustrates our de�nition of
a sector and their indexing. Each revolution in the spiral
contains p data points, where p is the selected period length
(in this example p = 12). Each element in one revolution
is indexed clockwise, shown through the circular arranged
integers. A sector is then the collection of elements having
the same index within one revolution. Therefore, sectors are
indexed clockwise, which enables a simple sector selection.

3.4. Construction of the Time Series Spiral
The original time series or the model residuals
from the previous step can be visualized appropri-
ately through a time series spiral [2] to ful�ll R3 .
As seen in Figure 6, the spiral is mapped on an
Archimedean spiral with one revolution in the spi-
ral corresponding to one period in the time series.
Our implementation closely follows the design ex-
tensions to the original spiral proposed by Tomin-
ski et al. [4] using two-tone coloring [55] instead of
a continuous color scale. The two-tone method col-
ors each data point with a smooth split between two
adjacent interval colors, where the boundary height
within the slice precisely encodes the data value.
A comparison between a continuous and a two-
tone coloring is provided in Figure 6. According
to Tominski et al. the two-tone coloring fosters an
overview+detail inspection of the data within the
spiral making it ideal for data exploration. How-
ever, the detail inspection can be hindered by large
amounts of data, therefore we implement a sector
selection to compare details within a periodic subset
in a linked view seen in Figure 1. Additionally, the
spiral does not start in the center, instead, it starts
at a certain distance from the center. This has two
advantages: First, the distortion close to the center
is reduced and second, the resulting empty area can
be elegantly utilized to provide visual guidance for
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Figure 6: The spiral is constructed by �rst converting the time series into a heatmap stripe utilizing two-tone coloring [55]
and afterwards bending the heatmap stripe into an Archimedean spiral. The number of data points within one revolution
corresponds to the user-de�ned period length, such that periodic subsequences are aligned and can be easily compared.

the sector selection, which will be elaborated in the
subsequent section.

3.5. Interactive Sector Selection with Visual Guid-
ance

Selecting subsets within the data is a key require-
ment (R4 ). Since each turn in the spiral corre-
sponds to one period, we can select subsets through
a sector selection as seen in Figure 5. In the follow-
ing, we introduce our design for a visual guidance
element to assist users in the selection of sectors.
The visual guidance is heatmap-based where each
cell coloring corresponds to the interestingness of
each possible sector selection. Each interestingness
measure is a real-valued function of two variables:
the sector's start index and end index, representing
the sector's interestingness. Several examples are
explained in Section 3.6. The following steps (also
seen in Figure 7) elucidate our design process in
constructing the guidance component to visualize
the interestingness measures and provide reasoning
for our design decisions. Users only see the �nal
step of this process in the system.

Each data point within one period is assigned a
sector index, allowing subsets to be selected via sec-
tor index ranges instead of radiant measurements.
While selections can be characterized by a start in-
dex and end index, the large number of possibilities
necessitates visual guidance. We designed this guid-
ance by visualizing the selection space through a
heatmap. Initially, using sector index ranges (Step
1, Figure 7) resulted in a discontinuous visualiza-
tion due to the sharp break along the diagonal. Re-
placing the sector end index with sector width (Step
2) improved this, but traversing the start index still

required users to manually account for the spiral's
circular nature (modular arithmetic). Since the
visualization should behave like a cylinder with a
cyclic sector start index and bounded sector width,
we transformed the heatmap into a toroidal (donut-
shaped) visualization (Step 3).

The result is a direct mapping of each sector se-
lection to the spiral, which we call the guidance
donut. Each cell in the heatmap represents a pos-
sible sector selection and may indicate the inter-
estingness of the sector through coloring. Possi-
ble choices for interestingness measures will be ex-
plained in the next subsection.

The guidance donut is placed in the center of the
spiral as seen in Figure 8. Hovering the guidance
donut highlights the corresponding selection in the
time series spiral. Users control the sector width
selection by moving along the radius (larger sectors
close to the center and smaller sectors close to the
border) and control the sector location in the spi-
ral by moving along the arc of the guidance donut.
The selection is further una�ected by the aggrega-
tion in the guidance donut such that every possible
sector selection can be made. We provide a short
demo video clip of this interaction technique in the
supplemental material. Since the spiral is in the pe-
ripheral �eld of vision of the user when inspecting
the guidance donut, changes in the sector selection
due to hovering can be traced without needing to
change context. This e�ectively removes the need
of superpositioning another coloring layer on top
of the spiral visualization. Overall, the proposed
guidance donut provides a mapping of interesting-
ness measures for sector selections to the spiral.
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Figure 7: Construction of the guidance donut: sector se-
lections are transformed from index-based coordinates (Step
1) to width-based (Step 2), and �nally to a toroidal layout
(Step 3) to establish a direct mapping to the spiral. The
guidance donut is aggregated in Step 4 to increase rendering
e�ciency for large periods. The cells in this �gure are col-
ored by sector width, which serves as didactical placeholder
for the interestingness measures shown in the remaining �g-
ures.

3.6. Interestingness Measures for Sector Selections

For each possible sector selection, we can compute
several data characteristics, which can be visualized
within the guidance donut and help provide cues
on the interestingness of di�erent sectors. Our ap-
proach is compatible with any interestingness mea-
sure following the de�nition introduced in the pre-
vious section. In the following, we describe three
suitable interestingness measures we found useful
for the data exploration task: average, trend and
similarity. The interestingness measures are not
only computed for the original time series, but also
for model residuals. They are based on common
analysis tasks faced by data analysts.

Sector Mean: As the name suggests, this in-
terestingness measure is computed by computing
the mean of all data points within the selected sec-
tor. The main usage of showing the average is to
depict di�erences in sectors when the color distri-
bution of the spiral is skewed through outliers or a
global trend. Examples can be seen in Figure 11.
The average can also be replaced by any other stan-

dard statistical measurements, for example median,
variance or entropy.

Trend : The trend interestingness measure is
computed by �tting a linear model on the data con-
tained within a sector selection. We �t a regression
model on the time series under a masking scheme
that excludes observations outside the periodic seg-
ments. This can be viewed as regression with miss-
ing or masked data, where the mask corresponds to
the selected periodic subsequences. The resulting
gradient of the �tted model is used as the interest-
ingness measure.

Similarity: Determining whether a sector in a
time series is unique or recurring is a common time
series analysis problem and is frequently solved us-
ing similarity search. In the case of a selected sec-
tor, the similarity interestingness measure indicates
whether at least one of the subsequences is a recur-
ring pattern. The interestingness measure is com-
puted by using each subsequence as a query for a
similarity search across the full time series, which is
accomplished through Mueen's algorithm for sim-
ilarity search (MASS) [56]. MASS uses the Eu-
clidean distance and outputs a distance pro�le, in-
dicating the distance to the query for each index.
The distance pro�le is computed for each subse-
quence in the sector selection, i.e. the subset within
each ring, and z-normalized for comparability rea-
sons. The similarity interestingness measure is the
minimum distance value of all distance pro�les. Al-
though the resulting interestingness measure is tai-
lored towards recurring patterns, it can be adapted
to anomalies as well by using the maximum instead
of the minimum.

The three proposed interestingness measures are
visualized through the guidance donut introduced
in the previous subsection and provide visual cues
for analysts during the exploration process. We
demonstrate several use cases with each interest-
ingness measure in Section 4.

3.7. Scalable Visual Guidance with Incremental
Computation and Aggregation

Computing the interestingness measures within the
guidance donut for a large number of period lengths
can quickly result in infeasible running times since
the number of possible sector selections grows
quadratically with p2. However, sector selections
close to each other in the guidance donut often do
not rapidly change and thus not every sector selec-
tion needs to be computed immediately. Therefore,
the guidance donut can be quickly approximated
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