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ABSTRACT
Preprocessing is a mandatory first step to make data usable for
analysis. While in time series analysis many established methods
require data that are sampled in regular time intervals, in practice
sensors may sample data at varying interval lengths. Time series
rastering is the process of aggregating unequally spaced time series into equal interval lengths. In this paper we discuss critical
aspects in the context of time series rastering, and we present a
visual design which supports the parametrization of the rastering
transformation, communicates the introduced uncertainties and
quality issues, and facilitates the comparison of alternative rastering
outcomes to achieve optimal results.
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INTRODUCTION

Preprocessing data, like cleansing and wrangling [7, 11], is the
task of preparing data and transforming it into a usable form for
subsequent analysis. Specifically with time series data, established
analysis methods require the data to be structured appropriately,
e.g., being equally spaced. By rastering a time series, unevenly
distributed time points and their corresponding values are being
aggregated and binned into evenly spaced time intervals, while still
retaining the original data’s structure. Rastering transforms the
original data for the sake of consistent value distribution, smoother
value curves, and reduced data size. However, to adequately transform a time series for subsequent analysis requires extensive knowledge about the data domain as well as temporal data characteristics.

A Motivating Example. For illustrating the challenges and critical aspects in time series rastering we give a particular example of
unequally spaced time series sensor measurements from the environmental domain. Such measurements contain various formats
and are used in many application domains. We illustrate our Visual
Analytics (VA) approach on a dataset of the Opensense Project in
Zurich [15], which measures different environmental variables, like
meteorological data, air pollutants such as O 3 , NO2 , NO, SO2 , VOC,
and fine particles. The interval length, with measurements varying
around 20 seconds (s), has the following properties: median of 20s,
interquartile range (IQR) of 15s, and median absolute deviation
(MAD) of 1.4826s.
Finding an adequate interval length for the rastering transformation is context specific and depends on domain properties. In this
illustration, choosing a too short interval length, e.g., less than 20s
in this example, would generate many raster intervals with no data,
and therefore introduce missing values. On the other hand, too long
intervals will mask interesting patterns in the time series. Immediate visual feedback on the new raster aggregation and important
quality information are required to find an optimal configuration.
This quality information includes introduced missing values, value
ambiguity, or reduced temporal granularity.
In this paper (1) we list critical aspects and considerations in
the context of time series rastering and suggest ways to handle
intricacies in the data. (2) We present the conceptual design of an
interactive visual framework for time series rastering, that streamlines the rastering process and communicates all the necessary
information to the user. To facilitate the selection of appropriate
parametrizations and and allow users to make an informed decision
on the rastering outcome, (3) we provide quality measures and uncertainty information in a visual representation. This information
is crucial for appropriately assessing the outcome of the time series
rastering. In the course of this paper we present a conceptual design
that is subject to be implemented and evaluated in more detail in
the future.

2

RELATED WORK

Rastering unequally spaced time series tackles the areas of statistical time series analysis, data wrangling and cleansing, and data
uncertainty.
Data wrangling is concerned with transforming and reformatting data into a different structural representation, Kandel et al. [11]
characterize it as “a process of iterative data exploration and transformation that enables analysis”. Data cleansing describes the task
of validating data and dealing with erroneous entries, existing approaches allow users to investigate possible error sources and their
causes in different domains, e.g., time oriented data [7], heterogeneous, multivariate, tabular data [12, 17]. Kandel et al. [12, 13]
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present sophisticated probing and overview features paired with
transformations, Heer et al. [9] provide users with predictions for
data transformations. Gschwandtner et al. [7] put particular focus
on cleansing and profiling time-oriented data, signaling the importance to handle time’s intricacies. In wrangling and cleansing applications, time-oriented data is represented differently, depending
on the goals for cleansing/wrangling: heatmaps for observing the
time distribution, line charts for detecting anomalies [7]; Bernard
et al. [4] employ line charts to assess the impact of sampling on
time-series data.
Numerous taxonomies characterize data quality and systematic
classifications of error types [2, 3, 14, 18], Gschwandtner et al. [8]
derived a specific error characterization for time-oriented data.
In data quality assessment quality metrics are utilized to retain
consistent and reusable quality measures [3]. Sacha et al. [21]
examined the role of uncertainty for generating awareness and
building trust in the analysis process. MacEachran [16] debated the
challenge of enabling reasoning under uncertainty and coping with
uncertainty during decision-making. With our proposed workflow
we aim to externalize and communicate to the user the risks and
caveats that arise when analyzing data without adequate knowledge
about the data’s quality and possible inherent uncertainties.
In statistics the majority of methods focus on equally spaced
time series analysis [6], while for unequally spaced time series,
there are only few specialized methods, e.g., [10]. Thus, unequally
spaced time series are rastered into equally spaced intervals before
applying these well-established statistical methods. There are several disadvantages that come with the process of rastering, that
require consideration, e.g., data loss, dilution, and loss of time information (cf. [6]). Some of these cannot be avoided, but others just
need special consideration. With our visual rastering framework
enriched by quality and uncertainties information, we try to compensate these disadvantages. For instance, transforming unequally
to equally spaced time series relates to interpolation problems in
many domains, like signal processing and geostatistics [5]. With
our approach we allow the integration of these interpolation techniques into the aggregation step.

3

systems merely store this information indirectly (i.e., provenance
aware systems) if at all. By externalizing this uncertainty information, users are made aware of the impact of different rastering
operations.
Data quality information can also be helpful to assess effects
of rastering operations on datasets. Data quality metrics [19]—
proportional measures of data quality dimensions [20]—quantify
quality aspects to give expressive assertions to certain data properties. We aim at introducing quality metrics that are specific to
time-series data to allow informed rastering. Iterating upon these
different aspects we present a list of contingencies that need to be
considered when rastering different types of time-oriented data.
Types of Time-oriented Data. Time series data can reflect either
state or interval recordings (cf. [1]). State changes occur either at
the exact time an entry was recorded, or have changed at any time
since the last measurement. This implies an inherent uncertainty
within the value domain. Inappropriate aggregation further increases error margins. When rastering a time series, the user needs
to be aware of varying uncertainties with respect to different input
time series and different rastering parametrizations. Consequently,
the time series visualization requires appropriate representation
considering these influential factors and results. When considering aggregation on time series data containing intervals, original
intervals are potentially split up due to incompatible raster lengths.
The time series visualization should represent the time intervals
appropriately, and the rastering algorithm should feature options
to allow retaining the original intervals’ sizes or proportionately
creating new rasters from multiple intervals.
Temporal Granularity. If time series need to be rastered with
finer granularity than provided by the original data, data values of
one interval need to be divided into smaller intervals – this division
must be done based on assumptions, e.g., by computing a time
series model based on the input data and super-sampling entries.
Analogously, if the time series is rastered into a coarser granularity,
details can get obfuscated, e.g., masking outliers by smoothing the
time series through aggregation, and classical error margins may
get broader. Depending on the goal of the user this is undesirable
and should be indicated accordingly.

RASTERING TIME SERIES DATA

We propose a VA approach for time series rastering that integrates
data quality and uncertainty measures to provide essential information for the rastering process, and to produce output metadata that
give comprehensive information on the preprocessing itself. These
measures increase the awareness of the introduced uncertainties
and quality issues for further analysis. For discussing the critical
rastering aspects below, we consider relevant characteristics of time
and time series data from the work by Aigner et al. [1].

Ambiguity. It is implied that ambiguities might be introduced
into the data during rastering, specifically when dealing with qualitative or discrete data values. Aggregating or sampling values
during rastering often requires imputation from time series, or reducing raster granularity. Introduced ambiguity should be marked
as such and explicitly communicated in further analysis steps. This
information potentially influences analysis, specifically if users are
unaware of inherent ambiguities and assume the data as explicitly
correct.

3.1

Quality and Uncertainty Measures. Statistical measures, like data
spread, temporal deviation, or data point density per interval provide important domain independent quality information for finding
adequate rasterings. The amount of uncertainty that is introduced
by different configurations needs to be considered when trying to
identify a suitable rastering of the time series at hand. To construct
more expressive measures, quality metrics should be calculated
on different granularity levels to give both local information and

Critical Rastering Aspects

In many cases, automatic methods for rastering time series data are
not effective due to mutually exclusive dependencies, e.g., reducing
the amount of empty rasters and minimizing loss of accuracy. During data transformation and aggregation uncertainty information
is likely to be introduced, as the data’s structure is altered and sampling operations are applied. By sampling or aggregating values,
the original measurement accuracy is lost. Current data processing
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Figure 1: An overview of our interactive time series rastering approach. (a) The interactive rastering preview allows defining
the raster window size through drag&drop interaction as well as comparing the current raster configuration to the original
data. Alternating consecutive raster backgrounds and original value point colors per raster facilitates distinction. Empty
raster intervals are highlighted by red segments. (b) In the result history view users can compare previous rastering results
represented by small multiple line charts. Selecting a quality indicator (in c) overlays the small multiples with a heatmap of
individual quality measures per raster. This view can be switched to the quality overview which gives multivariate quality and
uncertainty information on recent raster configurations (cf. Fig. 2). (c) The aggregated quality and uncertainty indicator view
features a sortable and customizable heatmap view representing the aggregated quality and uncertainty measures for each
raster configuration in the history view. Color intensity corresponds to higher values (cf. Fig. 2). (d) Overview information of
rastering results, including meta information, general uncertainty measures, and introduced quality issues based on calculated
quality metrics. (e) Drag&Drop interactive selection of rastering window length.
allow comparisons to overall granularity measures. This allows the
user to find local anomalies which could result in reconsidering the
current rastering configuration.

well as rasters which contain outliers and saving this meta information for subsequent analysis is advisable and allows more informed
decisions.

Missing Values. Empty intervals can signal quality issues or inappropriate raster window size. The distribution and amount of empty
rasters offers valuable clues for finding a suitable rastering. Direct
comparison to the original data allows users to assess if empty
values are caused by missing values or inappropriate rastering
settings.

3.2

Visual Analytics Approach

In this section we conceptualize a workflow for rastering unevenly
spaced time series data and illustrate the application of these principles in our VA approach. In Figure 1 we show a mockup with a
design that supports the workflow discussed below. A description
of the composed multiple-coordinated views and their use can be
found in the respective caption.
For the rastering transformation, an interval length needs to be
determined that is appropriate for the original dataset and the usage
of the transformed data. The optimal raster window size depends
on the data domain, different data characteristics, the further usage
of the data, quality information, and introduced uncertainties. In
the current state, the user can interactively choose a raster window
size (cf. Fig. 1e). For future work an algorithm could suggest several

Temporal and Data Anomalies. With robust outlier detection
measures, outliers can be automatically identified and highlighted.
However, judging if these outliers – either in the temporal domain
or in the data domain – represent anomalies requires additional
contextual information. Thus, it takes the user’s domain knowledge
to reason about the identified outliers. As such, marking outliers as
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adequate raster window sizes, depending on specific properties
and/or data quality metrics specified by the user. Subsequently,
the provided quality and uncertainty measures need to be interpreted in the light of the users’ domain knowledge in order to draw
correct conclusions from the rastering result. To assist the user in
supervising the rastering process and determining optimal rastering results, our approach considers the special characteristics of
time-oriented data to provide important contextual information.
Moreover, time’s inherent structure is used for calculating statistical
measures (cf. Fig. 1c,d).
The time series rastering preview (cf. Fig. 1a) is interactively
browsable, showing a superimposition of both the original time
series and a preview of the results of the current rastering configuration. This view also serves as input interface for defining the
raster length and initial raster anchor point. These parameters are
selected via drag&drop (cf. Fig. 1e) in the rastering preview. During
dragging, the raster values are calculated and interactively updated
based on the current configuration (grey dotted line in Fig. 1a). The
multiple-coordinated views are dynamically updated during the
dragging interaction to show the impact of the chosen configuration on the rastering outcome, like raster length, distribution, and
possible empty rasters.
Raster overview

rasters are minimized without losing too much detail information
due to value aggregation. The view can be interactively browsed to
facilitate the exploration and validation of large time series.
To compare quality and uncertainty information, the quality
overview (cf. Fig. 2) allows to analyze quality information for individual rasters. E.g., if quality metrics indicate that ambiguities
or missing values are less frequent in a particular raster configuration, it could pose significant benefits over small decreases of
accuracy. With these analysis options at the user’s disposal, the
awareness about the influence of rastering transformations on the
quality and uncertainty measures is increased. The approach allows to compare alternative rastering configurations with respect
to the critical aspects outlined above and to the desired properties
of the data for subsequent analysis tasks. Figure 1d gives a comprehensive overview of different properties from the current raster
parametrization.

4

This paper conceptualizes a VA approach for rastering unequally
spaced time series. We discussed critical aspects of time and time
series data and suggested to use uncertainty and data quality information to support an informed rastering process, and thus, improve
rastering results. Our solution provides immediate visual feedback
to facilitate the complex task of adjusting rastering parameters and
assessing the quality and suitability of the rastered output time
series for further use.
13:10
13:20
What we have not yet considered in our visualization design is
the proper handling of interval type time series. We plan to address
13:10
13:20
this issue in future work by adapting our visualization design to
appropriately represent this type of time series data. We will im13:10
13:20
plement the presented
prototype and extend its means to support
the rastering of different types of time series. Moreover, we plan
to add more sophisticated uncertainty and quality measures and
plan to extend its functionality in order to provide a comprehensive
tool-set for this kind of task. For instance, implementing automatic suggestions for optimal raster configurations that take the
respective uncertainty and quality indicators into account would
be a substantial addition. However, this is contemplated as a semiautomatic approach. In order to determine optimal results for the
time series at hand, users still need to leverage their contextual
domain knowledge and fine-tune the parameters and constraints
of the rastering transformation via dynamic querying. Thus, we
consider a VA approach with immediate visual feedback to user
actions as key to support this complex task.
With the work presented in this paper we (1) outline important
considerations and critical aspects in the context of time series
rastering and (2) we propose a visual design that communicates
these aspects to the user to better support the complex task of
identifying optimal results.
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CONCLUSION AND FUTURE WORK

Figure 2: Result quality overview (truncated): In this view
the user can directly compare quantified quality and uncertainty information of the raster result history for individual
rasters encoded in a colored heatmap. The context of the coloring corresponds to the aggregated indicators in Figure 1c
and helps to identify conspicuous entries.
We argue that knowledge about data quality and uncertainty facilitates the rastering and assessment process for users. Contextual
information on time-oriented data in the form of quality metrics and
uncertainty information allow the user to appropriately prioritize
certain characteristics and assess rastering results, e.g., minimizing
the median spread but consecutively disregarding the actual raster
window size. These measures are shown in an aggregated overview
to allow comparison with previous configurations (cf. Fig. 1c).
Besides showing the global quality and uncertainty information,
the result history view (cf. Fig. 1b) shows a juxtaposition of previous
rastering results as either small multiple time series line charts
(raster overview) detailing single quality measures, or as heat bands
for multiple quality and uncertainty measures (quality overview,
cf. Fig. 2). The view is interactively browsable and helps users to visually assess different rastering parametrizations. The result history
view furthermore allows for comparison between the latest rastering results to determine an optimal configuration where e.g., empty
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