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sophisticated nature of spatio-temporal data analysis, current
visualization techniques and analytical tools [2] are not fully
effective and need to be improved.

Abstract—Having particular aspects diverging from other
kinds of data, spatio-temporal data may require conventional
visualization techniques and tools to be modified and tailored for
analysis purposes. However, there could be a number of pitfalls
for the design of such analysis tools that completely relies on the
well-known techniques with well-known limitations possibly due
to the intrinsic characteristics of the data at hand. In this paper,
we present an experimental study to empirically testify whether
advantages and limitations of 2D and 3D representations are valid
for the spatio-temporal data visualization. To form the basis for
our experimental design, we interviewed domain experts from a
location-based services company and identified different cases of
spatio-temporal data analysis. Furthermore, we implemented two
simple representations, namely density map and density cube, and
conducted a laboratory experiment to compare aforementioned
techniques from time and correctness perspectives.

In this work we are not proposing novel visualization
techniques for spatio-temporal data. Instead, we propose that
whether well-known aspects of 2D and 3D representations are
also valid in spatio-temporal visualization. To support our findings we conducted an experiment with highly representative
scenarios and tasks that could be used in spatio-temporal data
analysis.
The main contribution of this work is a novel empirical
study leading to the conclusion that 3D visualizations should
be considered as a valid option in spatio-temporal data visualizations. To our knowledge this is the first work providing
evidence opposing the findings of the previous research against
3D techniques on this domain. A particular kind of visualization technique is not completely advantageous compared to
others as suggested by previous work [3], [1], [4], [5], [6]. On
the contrary, 2D and 3D visualizations seem to be counterparts
completing each other. The advantages of 2D representations
over 3D for various kinds of data seems to be well-understood
which might mislead to the understanding that 3D has more
drawbacks than 2D in spatio-temporal visualization. Based on
our study and [6], it appears to be the fact that there is enough
evidence to reject the idea that 3D visualization should only be
considered as secondary option in the visualization of spatiotemporal data.

Results of our experiment revealed that care must be taken
while applying highly accepted well-understood properties of 2D
and 3D visualizations to the spatio-temporal data. On one hand,
none of the techniques was superior to the other in terms of
task completion time except for some particular cases. On the
other hand, our 2D density map implementation led to more
accurate inferences for tasks related to trend detection and
making comparisons, as vastly suggested by the previous work. As
suggested by these examples, the validity of the generally accepted
aspects of 2D and 3D visualization needs to be reconsidered for
the analysis of spatio-temporal data, hence the purpose of our
study.

I.

I NTRODUCTION

We have analyzed 2D and 3D density visualization techniques, namely density map (Figure 1a and 1b), and density
cube (Figure 1c). Before designing our evaluation methodology, we have interviewed system administrators from a
location based services (LBS) company and identified most
likely scenarios based on which we performed a laboratory experiment to compare density map and density cube techniques
from time (to complete the tasks) and correctness perspectives.

Over the past few years, visualization community have
worked on problems closely related to the cartographic and
geographic information system (GIS) communities. The cross
disciplinary connection between these fields facilitates the
visual display and interactive exploration of geospatial data
and the information derived from it. Analysis of geographic
information in time and space is becoming an important subject
with the increasing use of location data in everyday life. Some
key challenges are understanding dynamics of data in time
and space, identifying spatial and temporal data patterns, and
correlating spatio-temporal data to other data such as sales.

Based on the scenario-wise analysis of our collected data,
we found out that participants were able to analyze the data
faster with density cube technique in the cases where they
need to view a given data window as a whole (e.g. trend
detection). However, they were able to answer the questions
more accurately in overall when they viewed the data with
density map technique. Particularly, density map technique

In their extensive work, Andrienko and Andrienko emphasize the need of visualization techniques and analytical tools
that will support spatio-temporal thinking and contribute to
solving a large range of problems [1]. Nevertheless, due to the
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Fig. 1: Views from our experimental tool showing the 2D and 3D visualization of the spatio-temporal data from a commercial friend finder application. (a) 2D
Density Map, (b) Zoomed Density Map, and (c) 3D Density Cube. Note that the third dimension for the Density Cube is time.

was significantly better than the density cube technique in
the case of cluttered data. Density map technique assisted
participants better in terms of accuracy in minimum-maximum,
and comparison questions, while no significant difference
was observed for trend questions. Our scenario-wise analysis
revealed that density cube and density map techniques were
superior to each other depending on the scenario. These results
suggest the reconsideration of well-known properties of 2D
and 3D representations particularly when the data to analyze
is spatio-temporal.

temporal data. They reported that 3D representations poorly
performed in terms of task completion time whereas the very
same representation aided their participants in answering the
comparison questions more accurately where the participants
had to view the whole data. Their findings differ from ours
possibly due to the natural differences between temporal and
spatio-temporal data, which we discuss in Section 5.
Another property of the 2D visualizations is related to spatial memory as suggested by previous work. In their study [8],
Cockburn et al. suggest that their subjects’ ability to quickly
locate web page images deteriorated as their freedom to use the
third dimension increased. Case studies and formal user studies
demonstrated that 2D data encodings and representations are
generally more effective than 3D for tasks involving spatial
memory, spatial identification, and precision.

The paper is organized as follows. Previous work (Section
2) gives a brief background about the 2D and 3D representations along with spatio-temporal data and its visualization.
After the specification of the data and the techniques (Section
3), the experiment methodology is reported (Section 4). And
finally, after a discussion on the results of our experiment
(Section 5), we conclude (Section 6).
II.

The advantage of the 3D representations becomes clear
with the tasks requiring the holistic view of the data [9],
[3], [5]. As Hicks et al. state, cognitive error degrades when
the users are to view the data as a whole. The experimental
findings of Kjellin et al. also supports this idea as their
participants were able to better track multiple vehicles when
they were equipped with 3D visualization techniques [6].
Nevertheless, the holistic view might bring its own issues such
as occlusion, one of the common problems associated with
3D representations [3]. Perspective foreshortening is another
problem with the 3D representations. Users might suffer from
justifying the measures of the objects in the 3D visualizations
due to the perspective projection while performing trend comparison tasks.

P REVIOUS W ORK

A. Properties of 2D and 3D Representations
The choice of 2D or 3D representations in information
visualization seems to be a highly debatable and complex
task. Furthermore, previous body of work suggests that wellunderstood commonly accepted advantages and drawbacks of
one representation over the other may depend on the context
and data analysis objectives. For example, as Munzner states
[4], selecting 3D becomes meaningful when the 3D representation is implicit in the dataset and when that representation
fits to the mental model of the user about the phenomenon.
It would be a subject of a different work to enumerate
all the studies comparing the 2D and 3D representations.
Common known properties of these representations will briefly
be explained with a few example studies.

B. Spatio-temporal Data
In their extensive work [10], [11], [12], MacEachren and
Kraak explore different techniques and the research challenges in geovisualization field. They address the important
points of geovisualization such as representation of geospatial
information, integration of visualisation with computational
methods, interface design for geovisualization environments
and cognitive/usability aspects of geovisualization. Different
cartographic techniques have been used to represent geospatial information. Among many other visualizations that use
geographic maps, thematic mapping [13] techniques are designed to show a particular theme connected with a specific

The effectiveness of 2D representations in terms of both
effectiveness (e.g. time to complete task) and accuracy (e.g.
error rate) have also been reported in a number of studies. For
example, users were able to locate regions of interest more effectively and accurately when they view the blood flow visualization with 2D representations [7]. In their experimental study,
Hicks et al. [3] compared various performance levels of 2D and
3D visualizations of e-mail usage log, which they consider as
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spatio-temporal context. In their analytic review, Andrienko
et al. [20] discuss various visualization techniques for spatiotemporal data, with a focus on exploration. They categorize
the techniques by what kind of data they can be used for and
the kinds of exploration questions can be asked.

geographic area. Density map [14] technique is also adopted
for geographic data visualization and data analysis in several
important examples. Fisher proposes an interactive heat map
system [15] that visualizes the geographic areas with high user
attention in order to understand the use of online maps. Mehler
et. al also use a geographic visualization technique similar to
heat map [16] in which they geographically analyze the news
sources. Another interactive framework taking advantage of
heat maps is introduced by Scheepens et al.[17] in which they
aim to visualize the trajectory data of vessels. The density map
implementation employed in our experimental study is heavily
influenced by heat map visualization technique.

Being a very brief summary of existing literature, these
works include evaluations of the visualizations to some particular extend; however, when and if their findings for the
spatio-temporal data apply also to other types of data seems
to be rather unheeded. Effects of the representation type
may be different than expected when the data to explore is
spatio-temporal, where the dimensionality inherently increases.
Kjellin et al. [6] reports different cases how 2D and 3D representations outperform each other. Their 2D representations
of movement plots assisted the participants to perform better
while they were trying to estimate the intersection of two
vehicles. Contrarily, 3D representation helped the users better
when they had to estimate a similar measure for more vehicles,
supporting our idea that the nature of the spatio-temporal
data might effect the generally accepted drawbacks of the 3D
representations.

Perhaps one of the most important and ubiquitous data
types is the one with references to both time and space,
usually referred to as spatio-temporal data. The concept of
spatio-temporal data is defined in both geographic information
systems (GIS) [18], data mining [19], and visualization [20].
Visualization of spatio-temporal data involves the direct depiction of each record in a data set so as to allow the analyst
to extract noteworthy patterns by viewing the representations
on the displays and interacting with those representations.
Increasing number of studies on management [21] and analysis
[1], [22] of spatio-temporal data in the last decade indicate
the importance of the analysis of this data type. The analysis
of such data with references both in space and in time is a
challenging research topic. Major research challenges include
[23] scale, as it is often necessary to consider spatio-temporal
data at different spatio-temporal scales; the uncertainty of
the data as data are often incomplete, interpolated, collected
at different times, or based upon different assumptions; the
complexity of geographical space and time, since in addition
to metric properties of space and time and topological/temporal
relations between objects, it is necessary to take into account
the heterogeneity of the space and structure of time; and finally
the complexity of spatial decision making processes, since
a decision process may involve actors with different roles,
interests, levels of knowledge of the problem domain and the
territory.

III.

D OMAIN P ROBLEM S PECIFICATION

Many spatio-temporal visualization techniques and tools
have been designed for the analysis of trajectory data. However, the geographic data employed in our visualizations are
spatial events with GPS-accuracy geographic coordinates and
a seconds-precision timestamp. In other words, we do not
have any trajectories and our analysis of spatio-temporal data
solely depends on the spatial correlation between regions of
consecutive density representations. Our methods are designed
considering these characteristics of the data.
A. Data Description
1) Real Data: The geographic data employed in our study
comprises spatial event records with geographic coordinates
with GPS-accuracy as well as a seconds-precision timestamp.
Approximately 2.5 millions of such records have been collected by a LBS company. Each data record corresponds to
when and where a mobile phone application was invoked.
Dataset involves records saved between February 2nd, 2011
and April 1st, 2012 from almost all provinces of Turkey. Even
though the density of the data adequately enabled us to infer
possible interesting trends, we opted to use fictious data so that
we could generate a number of patterns that were not existent
in our real data.

When the spatio-temporal data sets are very large and
complex, existing techniques may not be effective to allow
the analyst to extract important patterns. Users may also have
difficulty in perceiving, tracking and comprehending numerous
visual elements that change simultaneously. One way to deal
with this problem would be the aggregation or summarization
of data prior to graphical representation and visualization [24],
[25], [26].
Infinitely many visualization studies have been conducted
regarding spatio-temporal data visualizations. For visualizing
the spatial change over time in data, Scheepens et al. propose
an interactive visualization framework, which analyzes the
trajectory data of vessels to understand their behavior and risks
[26]. After the space-time cube method has been revisited for
the analysis of geographic data in many works [12], [15], it
has been used frequently in visualizing spatio-temporal data
[27], [28]. The space-time cube approach bore the idea of
using the third axis for representing time. 3D visualization
techniques have been used on visualizing hierarchies that
change over time in a geo-spatial context [29]. Several timeoriented visualization methods are also presented [30], [31]
to analyze and support effective allocation of resources in a

2) Artificially Generated Data: For our experimental study,
we decided employing artificial data merely to generate a wider
spectrum of different scenarios that were not available in the
real data.
A data generator has been designed to reflect the nature of
spatio-temporal data. For a given region centered at LC and
a specific time interval T , the generator creates data records
each of which corresponds to a point L in the data space
with latitude (LC,Lat ), longitude (LC,Long ), and time (LC,T )
dimensions.
For a given time period T , i sub-intervals with even
durations are created such that the duration of each sub interval
3

t = T /i. Based on the requirements of a predefined scenario, a
distribution function f [t] is defined as the planned total number
of data points per sub interval t. The actual total number of
data points per sub interval is calculated as

areas as in Figure 2b, and each area is assigned a number of
tickets ωj , in other words, scatter parameters, associated with
area cj . The number of tickets, ωj , defines the probability of
a data point to be generated in area cj . For a group of subintervals [ta , ..., tb ], the scatter of the data can be arranged
by simply modifying ωj scatter parameters. The number of
scatter parameters (and also the number of nested areas), j, is
specified manually depending on the requirements of the task
scenario. The selected area cj is defined by two radii, Ra and
Rb , which is calculated as Ra = D(j−1)
and Rb = Dj
C
C , where
D is the diameter of the circular area for which the data will
be generated.

Nt = R(f [t](1 − α), f [t](1 + α))
where α (0 6 α 6 0.5) is the noise parameter controlling the
distortion of the number of the data points to be generated,
and the function R(a,b) selects a random value between a and
b.
Point Generation—The following equations are employed
to generate data points LG (LG,Lat , LG,Long , LG,T ) each of
which are comprised of tuples of latitude, longitude, and
timestamp.
LG,Lat = rcosθ + L0,Lat

Scatter Noise—To generate data looking more real, we
considered another noise factor β, namely scatter noise.
Scatter noise parameter creates distortions on the scatter of
the data by randomizing the latitude and longitude values
of the origin point L0 within a predefined limited area.
L0 (L0,Lat , L0,Long , L0,T ) is calculated before the generation
of each data point with following formulae,

LG,Long = rsinθ + L0,Long
LG,T = R(tm , tn )
where r = R(Ra , Rb ), θ = R(0, 2π), L0 is the origin point
on which the data generation calculation based on (Please see
Figure 2a). In principle, the data generator is provided with
the region center LC before the data generation process. The
region center LC is slightly shifted to a randomly created point
(L0 ) to add noise to the data generation. The calculation of
L0 will be explained in the next subsection. tm and tn are
the beginning and the ending times, respectively, of a given
sub interval t. Being the inner and outer radii of the selected
annular subarea, Ra and Rb , will be explained further in the
next section.

L0,Lat = rr cosθ + LC,Lat
L0,Long = rr sinθ + LC,Long
L0,T = 0
where rr = R(0, D/β), θ = R(0, 2π), LC is the central
point of region with a radius D selected by the experimenters
according to the requirements of the scenarios.
B. Spatio-temporal Data Analysis Needs

Scatter of the Generated Points—The geographical scatter of the generated data points was based on the “Lottery
Scheduling Algorithm” developed by Waldsburger et al. [32]
In the lottery scheduling algorithm, each process to be run on
a CPU is assigned a number of tickets. At the beginning of
each run period, scheduler picks a ticket randomly and selects
the process holding this ticket. Apparently, the process holding
more tickets than the other rivaling processes will have more
chance to be scheduled on the CPU. Our data generator tool
benefited from this algorithm for the scatter of data. Such that,
the area of interest is divided into C concentric annular nested

We conducted interviews with system operators at a LBS
company in order to form a practical basis for our experimental
study. We found out that two spatial analysis cases were of
their firm’s critical importance: (a) Measuring the effectiveness
of a service promotion (e.g. analyzing the effects of a promotion for a particular period of time after the advertisement)
and (b) identification of local service disruptions (e.g. being
able to find of 30-minute-long disruption in a week-long
worth of data). It was important for them to quantify the
effective breadth and duration of a promotion to understand the
market dynamics. Fast and correct spatial analysis of service
disruption cases was found out to be crucial. For example, a
local service drop could trigger a false alarm which may lead
to a legal dispute in particular cases. Even though tracing back
from the usage logs of the service might be considered as a
reasonable approach, the process had usually been evaluated
as exhaustive and unfruitful.
It was also important to locate and identify the general
usage patterns, customer behavior patterns, and user profiles
for the service providers, since the data specifically tailored
for some special user groups might bring potential benefits.

(a)

Yet another important aspect of the data at hand was that
correlating the data with spatial (e.g. business district, tourist
site, shopping area) and temporal landmarks (e.g. days of
week, holidays, tax time). Such information would require
spatio-temporal data to be correlated with other data and would
add further challenges. Despite these challenges, such correlations would significantly improve customer segmentation and
would lead to improved effectiveness of services.

(b)

Fig. 2: Given an origin point L0 , (a) a data point is generated with randomized
θ angle and a radius selected from the interval [Ra , Rb ], (b) which specifies
the inner and outer radii of the selected annular area cj .
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been created for density map animation technique, density
cube required less computation load. As for interaction, the
participant was able to change the orientation of the cube to
better analyze the desired portions of the data. The participant
could also change the time scale which would either compress
or extend the visualization along the time axis (axis-y in Figure
3).
IV.

E XPERIMENT

The methodology to analyze the effectiveness of visualization techniques has benefited much from Munzner’s Nested
Model for visualization design and validation[34]. While many
studies on information visualization demonstrates how they
measure potential usability of their techniques, we considered
it useful to specify which evaluation method should be employed based on the contribution category of our findings.
As Munzner states, the contribution of an information visualization study should be well defined since each contribution
venue requires a different evaluation technique. According to
her evaluation model, possible contributions of information
visualization studies can be classified as (a) domain problem
characterization, (b) operation and data type abstraction, (c)
visual encoding and interaction design, and (d) algorithm
design. In order to assist readers to comprehend how our
study fits in the existing literature, we defined the level of
the possible contributions of our study. The density map and
density cube techniques have been implemented to aid the
users to notice the possible trends and outliers in spatiotemporal data. On the one hand, the change in the data is
abstracted to particular visual formations, which could be
visually analyzed by the users. On the other hand, users are
provided a number of interactions with the assistance of which
they can rotate, manipulate, and scale the visualization to make
more sense of the data.

t0

Fig. 3: Generation of 3D texture by stacking density maps: Density maps
are generated for each time interval with the data lying in the corresponding
interval. Then, these density maps are stacked according to the order of the
time intervals to generate the 3D texture.

C. Visualization Techniques
In order to represent 2D and 3D techniques in our experimental study, density map and density cube representations
were implemented.
Density Map Animation—Density map animation has been
implemented as the sequential animation of raster images.
Firstly, the density map of the artificial data has been created by making use of kernel density estimation. Calculated
intensity values of pixels were scaled into the range of 0255 to produce a gray-scale intensity map image. Upon the
calculation, we modeled each geographic location as a radial
gradient, a filled circle having a gradually descending intensity
as the distance from the center increases. To calculate the
intensity of each pixel with this method, additive blending
technique has been utilized where the intensity values of geographical points occupying the same pixel have been summed
up. Consequently, at the beginning of the colorization process,
gray-scale maps have been created by scaling the intensity
values of each pixel between 0-255. Finally, appropriate color
schemes have been chosen to be applied on the gray-scale
intensity maps [17]. The still images generated with this
method are used as the frames for the animation.

A. Methodology
Much research has been done to investigate how effective
different venues of visualization techniques are to aid the analysis. While many researchers suggested that 2D representations
should not be the only technique of choice [5], [35], there are
considerable number of studies suspecting potential benefits
of 3D representations. We believe that the reconsideration
of well-known characteristics of 2D (e.g. reasonable level
of detail) and 3D (e.g. occlusion) representations when the
spatio-temporal data visualization is considered might yield
unexpected results. That is in other words, we aim to empirically evidence whether the commonly accepted characteristics
of this two classes of representations are also valid in the
spatio-temporal data visualization. The typical metrics for the
performance of a visualization technique could be the time
spent by a user on a given task and could be the correctness rate
of the inferences made based on the observed data. From this
vantage point, a study aiming to explore possible advantages of
one technique over another might benefit from these metrics.

Density Cube—As a time-space cube variant for spatiotemporal data visualization, density cube represents the data
of interest as a whole on the display so that the cognitive load
on analysts is reduced by obviating the need for remembering
the previous frames for tracking the changes. Density cube
technique overcomes this limitation by utilizing a 3D texture,
which actually is a stacked version of consecutive density maps
(Figure 3). The 3D texture is then rendered by employing a
GPU ray-caster to visualize all time slices in a single frame.
Similar visualization techniques have been used in medical
imaging field in recent years [33]. Imitation of the 3D texture
conveys the continuity of the data. Since the frames has readily

1) Experimental Design: To explore the advantages of
the visualization techniques, we designed a within-subject
experiment with a single independent factor (Type of the
visualization technique: Density map vs. Density cube). As
implied by the design of the experiment, each participant
viewed the same scenario twice with different visualization
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Density Map Visualization

Density Cube Visualization

Fig. 4: Scenarios, tasks, and datasets: Task sequence for experiment Group 1. Sequences for other groups can be derived from Figure 6.

technique. The performance of the participants was measured
in terms of time and correctness rate.

enough to aid us in investigating how and in which ways a
visualization technique would outperform the other.

We have conducted interviews with three data analyst in a
location-based services company in order to formulate our experimental scenarios and tasks. To better simulate the cases that
might exist in real data, five scenarios were created. As can be
seen in Figure 4, the experiment comprised two sections, each
of which included five tasks and was dedicated to one of the
two visualization techniques, namely density map or density
cube. According to our experimental design, participants were
expected to finish both sections which include tasks generated
based on the same scenarios, which could have caused learning
effect1 . To prevent possible learning effects, each scenario was
realized with two datasets sharing the same data formation
but generated for different location and sampling frequency.
For example, if scenario 1 emphasizes an increasing trend in
the data, two datasets (dataset 1A and 1B) generated for this
scenario must have the same trend, but the datasets should
be generated for different locations, and should span across
different periods of time.

Five scenarios employed in the experiments are demonstrated in Figure 5. In the first scenario, the usage of the
application in a city has been demonstrated. By employing
this scenario we aimed to facilitate an evaluation setting where
users were expected to locate different levels of increase in
the usage of the LBS service. The first scenario dictated data
generation process with a moderate increase followed by an
exponential one.
A typical workday in a city’s downtown and suburban areas
has been simulated in the second scenario. Moreover, a service
failure in the downtown area between 12-3pm has been added
to the scenario design. As can be seen in the Figure 5, a steep
increase in the usage rate between 3-9pm implies a common
case where the application is used more frequently at the end
of a work day. In the suburban area, a sudden increase in the
usage rate at around 3pm is shown.
The third scenario, similar to the second scenario, demonstrates a usage rate pattern in a city’s downtown and suburban
areas. However, in this scenario a weekend day has been simulated where the usage rate in downtown increased consistently
during the day. A slight increase followed by a decrease in the
suburban area has also been added to the design.

The order of the visualization techniques viewed by the
participants was of importance to prevent bias on the collected
data. Furthermore, the dataset-visualization technique combination had to be counter-balanced such that each combination
had to be viewed by the participants with the same frequency.
To address these problems, we generated four participant
groups. As shown in Figure 6, dataset-visualization technique
combination and the ordering has been fully stratified. For
example, participants in Group 1 viewed the scenarios realized
with Datasets A and visualized with density map technique in
the first half of the experiment, while they viewed the same
scenarios realized with Datasets B and visualized with density
cube technique. Similarly, participants in Group 2 viewed the
same sequence except for the order of the datasets.

Commute of farmers from their villages to farm fields
in rural areas was simulated in the fourth scenario. In this
scenario, the usage rate decrease in all villages earlier in the
day followed by an increase in the afternoon was demonstrated.
The usage rate peak around 1pm in the farm field has been
generated to give the insight that farmers could use the
application more often while they work in the field.
Finally in the last scenario, participants were expected to
infer a periodical trend of the usage rate in a city of moderate
size. A typical work day usage rate trend has been repeated
three times with random noise added to the slope of the trend.

Scenarios—We believed that evaluation of visualization
techniques should benefit from the formations (e.g. trends)
that could exist in a real-world data. Such formations could
inform the generation of scenarios that would be used during
the experiments. After examination of the real data and the
results derived from interview, we established five scenarios
whose characteristics were, we believe, capable and diverse

Datasets—To demonstrate the scenarios in the experimental
tool, we generated datasets with our data generator explained
in Section 3. Our design dictates that participants will view
each scenario twice; however, with different visualization
techniques and datasets combinations (Figure 4). To prevent
possible learning effects, two separate datasets, hereinafter
twin datasets, for each scenario has been generated. The twin
datasets share the same data formation specified according

1 Learning effect is a case where the participants gain ability to accomplish
tasks with better performance metrics as a result of repeatedly working on
similar tasks.
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Q) Which of the following is correct about the usage rate
variances around city shown to you?
a) The usage rate moderately increases during the first
half of the period. During the second half of the period,
usage rate increases much more faster than it does in the
first half of the period.
b) The usage rate moderately decreases during the first
half of the period. During the second half of the period,
usage rate increases saliently.
c) The usage rate moderately decreases during the first
half of the period. During the second half of the period,
usage rate remains at an almost constant level.
d) The usage rate moderately increases with a constant
acceleration during the whole period.
e) This tool is not informative enough to answer this
question.

to the corresponding scenarios. However, they differ in the
noise they include, the location and time information where
and when the scenario takes place, and finally the length of
the time period along which the scenario spans. For example,
twin datasets 1A and 1B have the same trends as specified
by Scenario 1. However, the scenario takes place in the cities
Gonen and Tomarza in October 2011 and November 2012 in
datasets 1A and 1B, respectively.
Tasks and Groups—As illustrated in Figure 4, each run
of the experiment was comprised of 10 tasks, each of which
is a combination of a scenario, an accompanying dataset,
and the technique to visualize the dataset. The order of the
scenarios was specified as shown in the Figure 4, and this order
was never modified throughout the experiments. However, the
dataset and the accompanying visualization technique that will
be used for a given task was determined according to the
experiment groups (Figure 6), which were created to prevent
learning effect. For example, participants in Group 1 viewed
tasks 1 through 5 which were created with datasets 1A through
5A visualized with density map technique while they viewed
tasks 6 through 10 generated with datasets 1B through 5B
visualized with density cube technique. All possible dataset
and technique orderings were stratified among these four
experiment groups.

In total, the participants answered 46 multiple-choice questions (23 for both density map and density cube techniques)
during the experiment.
2) Procedure: Experimental procedure is shown in Figure
6. At the beginning of the experiment, participants were shortly
briefed about the experiment followed by a visual capability
test. Upon the completion of the test, participants were randomly assigned to one of the experiment groups. Depending
on the experiment group, the first section of the experiment
started with an instruction part for either density map or density
cube technique. In instruction part, each participant received
about 10 minute of training with our tool so that they had
adequate amount of time to explore a small example dataset.
Every question asked by the participants were answered by the
experimenter to ensure that they understood the functioning of
the tool and gained sense of how the data should be interpreted.
Following the instruction part, participants were shown the
first five tasks with the sequence explained in the previous
subsection. For example (Figure 6), a participant in Group 2
took a training about the density map technique and completed
five tasks generated with datasets B and visualized with density
map technique. The second section of the experiment has been
completed with the same sequence of processes.

Questions—In each task, users were expected to answer
four or five multiple-choice questions. Please see Figure 7 for
the number of questions asked in each task. We asked three
types of questions to our participants during the experiment:
• MinMax, finding the minimum or maximum usage rate
in the data set,
Q) In which of the following time periods was the service used
most?
a) May 10th, 2011 – May 14th, 2011
b) May 22nd, 2011 – May 26th, 2011
c) June 4th, 2011 – June 8th, 2011
d) June 8th, 2011 – June 12th, 2011
e) This tool is not informative enough to answer this
question.

3) Measures: Our measures included both objective and
subjective data. We defined the descriptiveness capability of
each technique in terms of time to solve the questions and the
correctness value indicating how accurately the participants
answered the questions. The time measure was collected for
each task separately. The correctness value, collected both as
task-based and as total, has been normalized so that it was
ranged between 0 and 100.

• Comparison, comparing the usage rates at two different
time stamps,

4) Participants: 14 participants (4 female), graduate and
undergraduate students in a university in Turkey, volunteered
for the experiment. Nevertheless, one of the cases was discarded due to the color vision deficiency (CVD) [36] of one
of the participants.

Q) Which of the following is true?
a) The usage rate on July 13th, 2011 is higher than the
one on July 18th, 2011.
b) The usage rate on July 18th, 2011 is higher than the
one on July 13th, 2011.
c) The usage rates on July 18th, 2011 and July 13th,
2011 are almost at the same level.
d) This tool is not informative enough to answer this
question.

B. Results
Analysis of the collected data was conducted in three steps;
(1) effects of 3D visual capability baseline, (2) analysis of task
completion time, and finally (3) analysis of correctness rate. To
comply with the question types discussed in the previous subsection, analysis of task completion time and correctness rate

• Trend, detecting trends in the data,
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was evaluated separately for minimum-maximum, comparison,
and trend questions.

Table 10. However, there was no significant difference between
the correctness measures of the two visualization techniques
(t(12) = 1.443, p > .1) for minimum-maximum question type.

1) Effects of 3D Visual Capability Baseline: We performed
general linear model (GLM) repeated measures in order to
analyze the variance of the correctness and time along with
the 3D visual capability as the covariate. As the result of our
analysis, we found out that visual capability did not have an
effect on time measure, F (1, 6) = 1.82, p < .23, while it
was marginally effective2 on correctness measure, F (1, 6) =
4.652, p < .1, implying an opportunity for further investigation
with visual capability as a factor of interest.

V.

D ISCUSSION

Listing the benefits and drawbacks of 2D and 3D representations for each kind of data and task is out of scope of
this work. We believe that there exists enough evidence in
order to argue that 3D representations in the visualization of
spatio-temporal data should remain as a valid option as 2D
representations are accepted to be by the existing literature.
This is to say that, some common and well-known drawbacks
of 3D visualizations seems not to be significantly present when
the spatial and temporal data is to be analyzed. Even more, 3D
representations of spatial and temporal activities can aid the
users perform significantly better in particular tasks where 2D
representations accepted as the de facto leading option [6].

2) Analysis of Task Completion Time: Task completion
time performance of our participants was evaluated separately
for minimum-maximum, comparison and trend questions. For
each question type, analysis of each sceanario (3 x 5 paired
t-tests) and total time spent across all scenarios (3 x 1 paired
t-tests) was conducted.

The analytical use cases that can occur in spatio-temporal
data are inexhaustible in terms of the possible formations
(i.e. patterns), and tasks to be performed. The setup for the
visualization and the role of the users of the visualization are
other factors contributing to this variety. In our experiment,
we were able to cover only five of them that were found to
be the best representatives of LBS data analysis by the field
experts. As suggested by Andrienko and Andrienko [1], the
tasks remain analogous across various visualizations, hence
their task typology divided into two main groups as elementary
and synoptic tasks. Some tasks may require a holistic view of
data, while some others might lead users to make analysis
based on a particular point in the visualization. According to
this typology [1], our minimum-maximum, comparison, and
trend questions correspond to inverse comparison, direct comparison, and pattern identification, respectively, task groups.
This correspondence forms a basis for our discussion on
whether and why 2D and 3D representations fail for particular
tasks in spatio-temporal data visualization compared to the
visualizations of other data types.

The comparison of the total time periods spent on each
technique (for each question type) showed that neither technique assisted participants in solving the tasks in less time than
the other technique did as demonstrated in Table 9. However, a
notable exception occurred for the minimum-maximum questions of the second scenario, t(12) = 1.862, p < .1, where
the density cube technique (M = 18.95, SD = 14.85) outperformed the density map technique (M = 35.58, SD = 31.2)
(Figure 8a). Another exceptional case existed for the comparison questions of the fifth scenario, t(12) = −1.861, p < .1,
where the density map technique (M = 25.72, SD = 11.07)
aided users to better compare the usage rates than the density
cube technique did (M = 37.97, SD = 21.33) (Figure 8b).
3) Analysis of Correctness Measure: Analysis of correctness measure revealed significant findings about how visualization technique was predictive on our participants’ success. For
each question type (trend, minimum-maximum, and comparison), analysis of overall success rate of our participants was
conducted. According to the results of paired t-tests applied
on the correctness measures, we found out that participants
were able to answer both trend (t(12) = 2.215, p < .05)
(Figure 11) and comparison (t(12) = 3.482, p < .01) (Figure
12) questions more correctly when they viewed the data with
density map technique. Statistical results are presented in

While analyzing the data represented in the second scenario, users observed the whole dataset as a set of 3D objects
in our experimental tool enabling them to draw decisions more
quickly than they did with density map animation. This is
highly likely due to the fact that users tend to model the
data in their mind as a whole rather than interpreting data
in smaller chunks, causing them to browse through all data as

2 While reporting the statistical results, marginal effect is referred to the p
value between 0.05 and 0.1.
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Fig. 7: The number of questions asked per task is demonstrated. Participants
were expected to answer four or five questions in total for each task: Two
MinMax questions, one Comparison question, and finally one or two questions
related to Trend analysis.
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works of Tversky et al.[37] and Baudisch et al.[38] imply
that the static representation of motion may be more effective
than animation. Robertson et al. stated that static depictions
of trends appear to be more effective, supporting our findings
about the density cube visualization, which is actually a static
representation of all the data for a given time period and region.
According to the previous work along with our findings, the
holistic overview capability of 3D representations suggested
in these studies seems to be valid also for the spatio-temporal
data visualization.
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In their experimental study, Hicks et al. [3] report various
performance levels of 2D graph, 3D plot, and 3D helix visualizations of e-mail usage log, which they consider as temporal
data. They conducted a laboratory experiment to compare the
performances of these visualizations against three groups of
tasks, namely information retrieval, directed, and undirected
comparisons which can be classified as information look
up, direct comparison, and inverse comparison, respectively,
according to [1]. They reported that 3D representations poorly
performed in terms of overall task completion time compared
to 2D graph. However, in our experiment, we were not able to
observe any significant superiority of 2D representation over
3D in terms of overall task completion time. The scenario-wise
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Fig. 5: Scenarios and accompanying trends: Five scenarios created for the
experiment. In the left column of the figure, general spatial distribution of
the data is shown. In the right column, noise-free trends of application usage
rate as a function of time has been depicted. The actual data represented in
the experimental tool includes some level of noise in order to complicate the
tasks and to imitate the real-world data.
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Fig. 8: Exceptional cases in the analysis of task completion time: (a) Task
completion time analysis of minimum-maximum questions of the second
scenario: Participants answered the questions faster in minimum-maximum
question category when using density cube visualization. (b) Task completion
time analysis of comparison questions of the fifth scenario: Participants
answered the questions faster in comparison question category when using
density map visualization.

fast as possible [9]. Similar findings have also been reported
in [3], [5]. Hicks et al. claim that computational offload3 that
occurs during the holistic observation of the data assists to
complete the undirected comparison tasks in less time. Earlier
3 Computational offload refers to the gain in the cognitive effort of the
participants in their experiment.
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Fig. 9: Statistical results for analysis of overall time measure for each question
type: No significant difference could be found between the task completion
time measures of the two visualization techniques (all ps > .1) (Means of
task completion times are in seconds.).
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Fig. 12: Comparison of density map and density cube techniques according
to overall correctness rate in comparison questions: Participants were able to
answer comparison questions more accurately when they viewed the data with
density map technique.

t(12) = 2.215, p* < .05
t(12) = 1.443, p > .1
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Fig. 10: Statistical results for analysis of overall correctness measure for
each question type: A zero value means that all users answered the questions
wrong, where a value of 100 demonstrates the opposite. Participants answered
the questions more accurately when they viewed the data with density map
animation technique for trend and comparison question types. Please note that
p values for trend and comparison questions are significant.
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Fig. 11: Comparison of density map and density cube techniques according
to overall correctness rate in trend questions: Participants were able to answer
trend questions more accurately when they viewed the data with density map
technique.

task completion times of the two representations also were not
significantly different. The fact that 2D representation were not
able to outperform 3D could potentially be due to the higher
dimensionality of our spatio-temporal data compared to 2D
temporal data used in [3]. Our participants spent more effort
while analyzing with density map technique probably since
they had to navigate to the other timestamps of the animation.
On the other hand, participants were able to partially view the
2D temporal data used in [3]. Density map animation technique
leads analysts to focus on a representation of data for a unique

(b)
Fig. 13: (a) A frame from density cube visualization: The problematic
occlusion in Scenario 4 is depicted. (b) The density map animation of the
same scenario: Occluded regions are viewed more clearly.

moment of time causing the need for traversing back and
forth in time dimension of the visualization tool during the
10

more, well-known aspects of 2D and 3D representations in
visualizations of other kinds of data might not directly be
applied when the data at hand is spatio-temporal. Given the
complexity of the visualization context space comprising the
task type, data type, and the user role, it is almost infeasible
to cover all research space in order to conclude that 2D
representations should be the first option to be considered [4].
We conducted an experiment where we treated our participants
with five scenarios defined by field experts each of which is
visualized with both density map and density cube techniques,
relatively simple examples of 2D and 3D representations.
Based on the findings of our experimental study, along with
the findings of the previous work [6], [3], we claim that there
is enough evidence that 2D representations seems not to be
significantly better than 3D representations while analyzing
spatio-temporal data.

analysis process, which was also reported in [5]. Kjellin et al.
also reported that 2D visualization of spatio-temporal data led
to a better analysis performance particularly when the tasks
required detect structures in the visualization were invariant
to Euclidean and similarity transformations [6]. Nevertheless,
we could rarely observe the significant superiority of the 2D
representation in terms of either time or accuracy during our
experiment.
As Hicks et al. reported, 3D plot of the temporal data
facilitates convenience and accuracy with the undirected comparison tasks [3]. Nevertheless, we did not observe similar
results in our experiments where our participants were able
to make more accurate inferences with density map technique
(our 2D implementation). Particularly, they completed the tasks
with more accurate answers while they were analyzing the
fourth scenario where the data were more cluttered compared
to other scenarios. As seen in Figure 13, locating minimum
or maximum usage rates (inverse comparison task) with 3D
representation has been a challenging task due to occlusion as
reported by both our participants and the experiment results.
On the other hand, density map technique as our 2D representation implementation allowed users to delve into the details
of the data and draw more accurate conclusions. The occlusion
problem inherent in 3D visualizations is more apparent in
the visualization of spatio-temporal data possibly due to the
increased dimensionality compared to temporal data.
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