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ABSTRACT

The analysis of industrial processes allows quality assessment and
production monitoring. Usually these operations are carried out
exploiting time-series data. In this work, we analyze a concrete
design study of space efficient and time-aggregating visualizations
for the analysis of high-frequency time-series. We derive recom-
mendations to enhance the design process and demonstrate their
applicability to our case study.

1 INTRODUCTION

Many industrial processes, like oil extraction, require constant as-
sessment and quality checks of the whole production phase, to
avoid unnecessary and costly maintenance operations subsequent
to machine failures. This kind of assessment is useful also to main-
tain adequate production levels, and optimize the process.

A common way to inspect the production of industrial goods is
to analyze the data measured by numerous sensors placed on the
physical items. Such sensors produce a huge amount of data by
logging measurements at fixed time intervals. The visualization and
the analysis of this high-frequency quality data add challenges that
have been studied in numerous works (for a comprehensive view,
refer to [1]). However, many constraints depend also on the partic-
ular context in which the analysis takes place. Aside the challenges
imposed by the data itself, further constraints derive directly from
the users of the visualization: their inclusion in the exploration cy-
cle contributes to the subjectivity of the analysis [10], and requires
additional effort in the design phase. For these reasons, adapting
or creating new visualizations to analyze long time-series is highly
context-sensitive, and usually requires many design loops to reach
satisfying results. In the following, we 1) describe a concrete case
study project of space efficient and time-aggregation designs for
high-frequency sensor data using data sketching. By analyzing the
issues in the case study, we 2) propose the introduction of guidance
techniques to enhance, lean and, simplify the design.

2 VISUAL ANALYSIS OF DRILLING MEASUREMENTS

Time-series visualization comprises a lot of interesting problems
that have been studied for long, like data-aggregation [3], or space-
efficient approaches [5]. Despite the great number of studies [1],
usually the results strictly rely on the application context. For
this reason, we derive recommendations for the design of space-
efficient and data-aggregating time-series visualizations. Our work
draws on a paper by Alsallakh et al. [2], who presented an approach
for segmenting and labeling multivariate time-series, to reconstruct
drilling processes. The resulting process is then analyzed by experts
for optimization purposes. Starting from this scenario, we designed
a visualization specifically tailored to highlight critical events oc-
curring during the excavation. We describe the problem context in
terms of data, users, and tasks [9].
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(a) Critical measurements are represented with a centered shape filled with red pro-
portionally to the number of critical events. Data is aggregated in periods of fixed

length i.e. 4 days.
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(b) The color and the saturation are proportional to the percentage of critical events

in a variable time period. Events falling within a fixed time span (e.g., 1 hour) are

grouped together.
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(c) The bar visualization is enriched with aggregated data, shown on an additional

y-axis above and below the main view. Vertical space is used to include details about
the time period, like the average events’ length, etc., to support the evaluation.

Figure 1: Visual sketches of critical events in a drilling process.

Data: The dataset comprises quantitative measurements col-
lected (one each second) by tens of sensors mounted on the drilling
rig. Critical events are related to values passing a certain thresh-
old and are symptoms of problems. The dataset comprises multiple
time-series, one for each sensor. In a first phase we were asked to
support just the visualization of single time-series. However, the
huge number of collected data makes the problem challenging, in
terms of space-efficiency, also if considering single sensors. Users:
The visualization should address the needs of three kinds of users:
managers, engineers, and the drilling crew. Tasks: According to the
roles, three tasks are identified: the managers have the responsibil-
ity to supervise the overall trend of the excavation. If a problem is
noticed, the engineers should trace the causes of the fault compar-
ing the measurements with the raw data. The drilling crew needs a
real time indicator of the mining process to prevent the interruption
of work and the disruption of machines. The opposite necessities of
the users add complexity to the design. This stimulated us to think
whether it is possible to limit the design cycles, by integrating such
knowledge (data, users, tasks) into assistive methods to lean the de-
sign. This consideration is exposed, together to the issues that lead
to it, in the next section.

3 VISUAL DESIGN

For sake of brevity, we describe just the sketches designed to sup-
port the managers. Managers need a high-level overview of the
drilling process. They need to understand in a glimpse and with
minimum interaction effort the overall process quality. Besides the
large number of samples in the dataset, the available screen space
for visual elements is very limited and space efficient solutions are
needed. For this reason, although the position is a better visual
variable to encode quantitative data [8], we chose color, saturation,
(Figures 1b, 1c) and length (Figures la, 1c), to encode the val-
ues. The large number of samples, as well as the task itself (super-
vise/overview), imposed an aggregation of the data.

Aside these visual constraints, we had to handle the haziness of



the *bad events’ concept. Although, the concept of single bad mea-
surements is easy to understand, it was not clear how a series of bad
events should be visually aggregated. Moreover, we had to identify
suited time spans for data aggregation, and suited thresholds for
distinguishing critical intervals from the non-critical ones (i.e., re-
flecting the amount of bad events within an interval). To meet the
constraints we aggregated the data in several ways, and proposed
the resulting visualizations to our partners.

Because of these uncertainties, we chose an approach based on
sketches, to sustain a frequent feedback loop between us and our
partners. Some sketches represented in Figure 1: these are just
a subset of the produced ones. From a visualization perspective,
our partners chose the more simple visualizations out of a range of
possibilities, because of their effectiveness with respect to the task.
The sketch in Figure 1a was chosen because of its familiarity: it is
in fact, one of the most common ways to encode time-series data.
Figures 1b and 1c were chosen because they effectively give a rapid
overview of the process. Figure lc stands out because it consents
to encode additional information on the vertical space, providing
additional values for the analysis.

When analyzing the benefits and shortcomings of these visu-
alizations, we derived some general rules for designing effective
and expressive visualizations by taking (1) task specifications, (2)
dataset properties, and (3) user abilities into account. Considering
these types of information, these rules act as guidance [11] for the
selection of suited visualization techniques. The idea of guidance
is not new, however a formalization is not yet available for visual-
ization. These thoughts are resumed in the next paragraph, in the
form of recommendations for the future work.

Towards Task-Oriented Guidance During the case study, we
faced different uncertainties which lead to a number of trial-and-
error iterations. While a user evaluation is essential, it is possible
to design better suited visualizations right from the start and thus,
limit the number of design cycles by asking the right questions and
considering the right information. We formalize our thoughts as
recommendations, and demonstrate their applicability to the case
study.

Apply Guidance to the InfoVis Pipeline. In order to support or
even automate the design we need to tackle each step of the infor-
mation visualization pipeline [4]. Thus, we identify information
that has to be considered in visualization design for each step of
the pipeline. This information can be derived from a detailed task
specification, describing which data subset is needed, in which way
the data needs to be manipulated as well as the workflow of com-
posed tasks. In the data transformations step interaction techniques
provided by the visualization need to support the specified tasks. In
the visual mapping and view transformation steps these tasks may
impose particular visual cues, and a proper arrangement in respect
to the whole workflow of composed tasks. Furthermore, the percep-
tual abilities of the user, and domain specific constraints need to be
considered. We identify task-taxonomies and user-categorizations
as a good input to effectively support these steps.

Exploit Taxonomies and Use Degree of Interest Functions. One
of the main issues raised during the design, regarded the identi-
fication of interesting data cases. In particular, it was not clear
whether the properties of the time domain should be taken into
account to extract interesting insights. The importance of a data
case depends on the tasks. A way to formalize tasks is using tax-
onomies. Because of their generality, they may be exploited to gen-
eralize approaches aimed at solving specific problems for a com-
plete range of tasks. Currently, just a few of them exist for time-
oriented data [7, 1], however it is not straightforward to apply such
knowledge to specific contexts. However, it is not always possi-
ble to define tasks in a definite way. Approximate interestingness
indicators, like Degree of Interest (DOI) [6] functions may lead to
better results, by taking into account the characteristics of the time

domain. We think that the use of taxonomies and DOI functions
may be generalizable to various domains. DOI functions may con-
tribute where a formalization of tasks is not possible.

Application to the case study. In our use case, the data transfor-
mation can be supported by the definition of a DOI function: in the
field of oil extraction, as in other fields, it is possible to find correla-
tions between parameters and sensors. This cause-effect relation is
useful for the discovery of non-trivial problems. It may be mapped
to numerical values in order to assign to each data case a score,
related to its importance. Timings among measurements are cru-
cial, as time implies a relationship. Consequently, the assignment
of different scores varies, depending on the temporal distance. For
instance, this score may be directly mapped to the opacity of the
color (Figure 1b, 1c). The monitoring task implies an aggregation
of the data at different time scales in combination with interactive
exploration (zoom-in on the time-line) of interesting areas follow-
ing the importance score of the data. This is useful for engineers.
Although quite simple, these observations, derived from the knowl-
edge of tasks, domain, users, and time characteristics, would have
decreased the number of produced sketches, thus demonstrating the
need to incorporate such knowledge into assistive methods.

4 CONCLUSION AND FUTURE WORK

In this work, we described a case study project of space efficient and
time-aggregation designs for high-frequency sensor data using data
sketching. We locate different issues affecting the design phase,
and propose different solutions, in form of recommendations. We
discuss the introduction of guidance approaches to enhance the de-
sign phase. To this aim, task taxonomies and DOI functions may
help. However, further work is required to structure this knowledge
for time-oriented data. Guidance itself is not yet a defined field.
Many facets of guidance approaches require further investigations.
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