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ABSTRACT
Eye movements are composed of spatial and temporal aspects.
Moreover, not only the eye movements of one subject are of
interest, but a data analyst is more or less interested in the
scanning strategies of a group of people in a condensed form.
This data aggregation can provide useful insights into the
visual attention over space and time leading to the detection
of possible visual problems or design flaws in the presented
stimulus. In this paper we present a way to visually explore
the flow of eye movements, i.e., we try to bring a layered hi-
erarchical structure into the spatio-temporal eye movements.
To reach this goal, the stimulus is spatially divided into areas
of interest (AOIs) and temporally or sequentially aggregated
into time periods or subsequences. The weighted AOI tran-
sitions are used to model directed graph edges while the
AOIs build the graph vertices. The flow of eye movements is
naturally obtained by computing hierarchical layers for the
AOIs while the downward edges indicate the hierarchical flow
between the AOIs on the corresponding layers.
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1 INTRODUCTION
It is oftentimes challenging to judge the general trend in eye
movements, meaning the inherent flow over a stimulus in
order to answer a given task. This flow highly depends on
the stimulus content but also on the task itself [20] that may
be composed of several subtasks or subdivided into those by
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the visual observers. Although the flow may be detectable
for an individual observer, for a larger group it is pretty
hard to see in a traditional visualization. Consequently, a
more algorithmic data preprocessing, transformation, and
aggregation step is required visualized as a layered node-link
diagram.

Generally, visualization techniques like gaze plots [18] or
scanpath visualizations [9] do not make a difference for the
flow of those eye movements nor do they provide an aggre-
gated form with the goal to derive a general movement trend
in the data. These diagram types normally produce a flat
temporal or sequential order and place the individual scan-
paths aligned with the time axis. But the major problem
comes into play if more visual scanning strategies are applied
leading to some kind of branching time behavior [1].

In this paper we investigate the problem of computing the
general flow of eye movements while a graph-based visualiza-
tion [8] is presented that depicts this flow behavior. The eye
movement data is first transformed into weighted transitions
based on the AOI subdivision of a stimulus. Then the visual
attention order of those AOIs in each of the scanpaths is
taken into account and an average order for each AOI de-
scribes the layer on which it will be lying in the final layout.
The order of the AOIs on each layer is optimized based on the
aggregated and weighted transitions with the goal to reduce
the number of link crossings. Finally, the links are drawn as
weighted transitions between those AOIs as color coded and
differently thick lines indicating major and minor flows.

The described approach is related to the standard layered,
hierarchical, or Sugiyama layout [19], but for time efficiency
and problem adaptation reasons we provide a version with
a reduced number of layout computation steps while also
taking into account the AOI order for the layering.

2 RELATED WORK
Eye movements of several people [4] can produce vast amounts
of visual clutter [17] if they are drawn on top of the observed
stimulus. This can either partially or totally hide the stimulus
and also the other scanpaths completely. This problem is due
to the restriction to the spatial arrangement of the scanpaths
given by the underlying stimulus. Hence, although such gaze
plot representations [18] have been used for a long time by eye
tracking researchers, they cannot really reflect eye movement
patterns [2] nor can they show a general trend, i.e., a flow in
the data if scanpaths were recorded over longer time spans or
many participants took part in an eye tracking experiment.

Also visual attention maps [5], although they do not use
line-based visual encodings of the scanpaths, are problematic
since they aggregate the data over time, meaning no time-
varying behavior is visualized. The visual attention maps by
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Burch [6] preserve the time information, but branching and
merging aspects and different strengths of the transitions
are difficult to see. This perceptually challenging issue is
caused by using color coding instead of relying on node-link
diagrams in a specific layout, like some kind of hierarchical
representation [19].

Typical scanpath visualizations [9, 16] focus on depicting
the individual eye movements on a linear timeline in paral-
lel with the goal to untangle the hairball given in typical
gazeplots. Although this is a good strategy, there is no aggre-
gated way to show the general trends or flows in the data, but
this has to be done visually by, e.g., inspecting the scanpath
visualizations for certain patterns.

In this paper we got inspired by such a layered layout
while we adapt the approach to our scenario by computing a
layering first on a classing-based average AOI visiting order,
modeling the weighted AOI transitions in between, and finally,
modifying the AOI positions on the layers with the goal to
reduce the crossing of the transition links similar to the work
of Dujmovic et al. [10].

3 DATA TRANSFORMATION AND LAYOUT
From a set of scanpaths we compute AOIs based on several
criteria, transform the fixation sequences into AOI sequences,
assign each AOI an average order in the scanpaths, and finally,
map those AOIs to layers and improve the positions based
on weighted AOI transitions.

3.1 Eye Movements and Scanpaths
For the purpose of this research, we model eye movement
data mathematically as a sequence of fixation points over
space, i.e., for each participant we record

𝑆𝑖 :=
(︀
𝑝𝑖,1, . . . , 𝑝𝑖,𝑛𝑖

)︀
during the eye tracking experiment. The 𝑝𝑖,𝑗 ∈ N×N express
the fixation points (here in 2D space) while it may be noted
that each scanpath may consist of a different number of
fixation points.

3.2 AOIs and Average AOI Order
We support several ways of generating areas of interest de-
pending on the demands of the data analysts and the tasks
they are planning to solve. Those are spatial grid-based,
stimulus semantics-based, or visual attention data-driven
approaches. The default setting in which AOIs are automat-
ically defined is based on a Voronoi separation taking the
visual attention hot spots as cell centroids and a temporal
aggregation into 10 time intervals.

By applying any of those AOI generation methods, each
of the scanpaths 𝑆𝑖 is transformed into an AOI sequence

𝐴𝑖 :=
(︀
𝐴𝑖,1, . . . , 𝐴𝑖,𝑛𝑖

)︀
.

The generated AOI sequence can further be reduced by
length by subdividing the time axis into equally long time
intervals. We might also compute intervals by looking at
which AOI the most time was spent, but by this strategy
we would obtain a non-linear temporal aggregation which

Figure 1: Mapping areas of interest (AOIs) to layers depend-
ing on their average order in scanpaths. The AOIs on each
layer are permuted in order to reduce the amount of visual
clutter caused by crossing links.

introduces some kind of temporal lie factor. The general goal
of the temporal aggregation into time intervals is to reduce
the number of AOIs occurring in each AOI sequence since
we only incorporate the temporally first AOI in each time
interval into the further analysis. This reduces the algorithmic
runtime complexity on the one hand but also gives a more
temporally coarse-grained impression of the data.

From the remaining AOI sequences 𝐴𝑖 we compute weighted
transitions pairwisely that model the number of eye move-
ments that happened between two AOIs. The AOIs and the
transitions result in a weighted directed graph that may be
visualized by any layout [3] but a hierarchical-like layout is
best suited for reflecting the flow of the eye movements.

Moreover, we also use the AOIs to compute an average
order of each AOI in all of the sequences. To reach this
goal, we first assign each AOI in each sequence a number of
occurrence in the sequence, i.e., the position in the sequence.
We sum up all position numbers and based on this sum and
the total number of occurrences we compute the average
occurrence number for each AOI globally. It may be noted
that an individual AOI can occur many times in a sequence
which is then assigned many occurrence numbers. However,
in the end we obtain a list of AOIs 𝐿𝐴 filled with real-
valued numbers expressing the average occurrence in all of
the scanpaths based on the AOI subdivision strategy and the
temporal aggregation.

3.3 Layers and Layout
The average occurrence number of each AOI is used for com-
puting the layers on which an AOI is placed. But before
doing that, a classing is done on users’ demand to reduce
the number of layers. In the default setting the algorithm
computes 5 classes based on the range of the average val-
ues. Consequently, each AOI is attached by a new number
indicating the layer (the class) on which it will be placed in
the final layout. It may be noted that the more classes are
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Figure 2: The Barcelona map in which the task was to find a route from the airport to the station Vallvidrera Superior: The
original stimulus (a) overplotted with the visual attention map (b) and annotated with visual attention data-driven AOIs (c).

defined, the more layers will be in the final layout. Empty
layers will be removed automatically.

In the next step we recompute the order of the AOIs
on each layer to reduce the crossing number of the links
depicting the weighted transitions [10]. This can be done by
interpreting the layers and the AOIs as a rectangular grid
while the cells are traversed horizontally until the overlap
is minimized which can be solved by a heuristics of the
MinLA problem [11]. The drawing of the transition links
can either be done as straight lines between the centers of
the corresponding AOI boxes or as orthogonal links avoiding
overlaps with AOI boxes. Figure 1 shows an illustration of
how the AOIs might be placed while orthogonal links are
used for depicting the weighted AOI transitions.

4 HIERARCHICAL FLOW VISUALIZATION
The visualization provides a quick overview about the flow of
eye movements by showing a node-link diagram in which the
general flow starts at the top and is heading to the bottom.

4.1 Design Decisions
We designed an interactive visualization focusing on several
aspects. The intention of our work is to get an overall impres-
sion about the flow of eye movements from a larger group of
people. We could do this by aggregating the visual scanning
strategies like in edge bundling approaches [12, 13, 15] but
this causes the problem of overplotting the static stimulus.
This idea is not novel and as a drawback it would suffer from
visual clutter [17], for example, if cross checking or back and
forth visual scanning strategies are applied [7]. The flow is
not easily derivable if it is depicted on top of the stimulus
while finally, also the stimulus would be difficult to interpret.

To reach our goal we support several AOI generation mod-
els as described in Section 3.2 and also temporal aggregation
into time intervals for reducing the amount of data spatially
and temporally. The averaging of AOI occurrences from many
AOI sequences can be a useful strategy to visually explore the
hierarchical flow of eye movements. Hence, averaging makes
sense in order to derive a layering of the AOIs first which is
one of the differences to the hierarchical layout by Sugiyama,
i.e., the layering is already given in our approach in contrast

to the Sugiyama technique in which it is explicitly computed.
The AOI transition data is taken into account as a very last
step to modify the final layout, i.e., to reduce link crossings.
If we filter by transition weights first and then determine if
the resulting graph actually represents a hierarchy, then this
hierarchy would not follow the reading direction in general,
hence it would lead to misinterpretations of the data.

4.2 Layer-Based Node-Link Diagram
The AOIs are modeled as vertices of the graph and are
visualized as rectangular boxes. Those boxes are placed on
vertically stacked layers, while each layer indicates an average
occurrence class an AOI falls in. The AOIs on each layer are
equidistantly placed while also the vertical distance between
the layers follows an equidistant mapping. The layers start
from top to bottom with increasing class numbers leading to
a top-to-bottom flow reading direction (see Figure 1).

The weighted transitions are modeled as directed graph
edges and are placed between the nodes (AOIs) of the graph.
The weights are mapped to a user-selected color coding and
are additionally indicated by link thicknesses. The directions
of the transitions are given by arrow heads, i.e., they are
required since there might also be upwardly heading links,
not following the general flow trend. In the examples in this
paper we do not need arrow heads since we removed non-
downward pointing transition links since they do not reflect
the hierarchical flow.

5 APPLICATION EXAMPLE
To illustrate the usefulness of our technique we applied it to
eye movement data that was formerly recorded [14]. The data
consists of 40 scanpaths for each public transport map. To
show the usefulness we picked the map of Barcelona (Figure 2
(a)). The task for each participant was to find a route from
the airport to the station Vallvidrera Superior. The metro
map in Figure 2 (b) is overplotted by a visual attention map
showing the hotspots of visual attention aggregated over
time and over all 40 participants. Although the distribution
of visual attention frequency is depicted we cannot derive
insights about time-varying scanning behavior nor can we
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see if there is a general flow of the eye movements while the
participants try to answer the route finding task.

For this reason we select a manual visual attention data-
driven AOI subdivision (Figure 2 (c) annotated with AOIs
and numbers). We subdivide each of the 40 scanpaths into
time periods of 500 ms, generate AOI sequences, and finally
remove those fixations that did not fall into any of the selected
AOIs. Average occurrences, weighted transitions, and AOI
classes are computed.

Figure 3: Hierarchical flow of eye movements computed for
the route finding task in the Barcelona metro map.

Figure 3 shows an example of the final result of the hier-
archical flow generation algorithm. The classing was set to
produce exactly 6 layers but can be changed interactively.
We could show all transitions in this diagram, but since we
are only interested in the hierarchical flow and the most
important ones, we filtered out all the upward edges and also
those that point between AOIs located on the same layer.

In Figure 3 we can see for example, that AOI 2 is placed
on top, reflecting that most of the people start their visual
inspection there. This is a normal strategy since the starting
point (the airport) is located there. Then the algorithm says
that there is one major solution with a sequence of AOIs
7, 6, and 5 (the end station). Looking at the stimulus we
are wondering what happened with AOIs 4 and 8. They are
lying on the solution route but are placed in a branch by the
algorithm. This means they are possible candidates but most
of the participants directly moved their eyes from 2 to 7 and
not from 2 to 4 or 8 first. Maybe, the peripheral vision is
to blame here, i.e., the observer sees the next step already
without focusing on intermediate steps.

There is another stand-alone branch indicating that AOIs
3, 14, and 12 are connected. Looking at the stimulus again,
we see that they belong to the map legends, but they are
only visited by a few participants and they are placed in the

bottom layers, meaning they have been inspected rather in the
end of the visual scanning. Maybe some people had problems
with the map understanding and tried to understand the
legends before proceeding with the task solution. There are
many more insights in this static diagram but if we are
applying the interactions and change parameters, we can
even find more strategies and outliers.

6 DISCUSSION AND LIMITATIONS
There are several limitations worth discussing, e.g., taking
into account data transformation, data noise, data aggrega-
tion, or data space.

∙ Data transformation: Runtime complexities are not
that high, i.e., the tool can be interactively used. If
the number of scanpaths, the number of fixations in
the scanpaths, or the number of AOIs grows, this will
cause longer run times.

∙ Data noise: If there is no general trend or several sub-
trends in eye movement data, then the algorithm would
compute average AOI occurrences that are nearly on
the same level, i.e., they would be placed on the same
or neighbored layer.

∙ Data aggregation: Individual participants cannot be
detected anymore in the hierarchical diagram. Those
have to be found by further interaction techniques using
another representation to select individual participants.

∙ Data space: The spatial arrangement of the visual at-
tention data is changed since it is abstracted into graph
data. Overlaying the stimulus with the weighted AOI
transition graph would make the flow difficult to be
observed due to visual clutter problems.

7 CONCLUSION AND FUTURE WORK
In this paper we presented the hierarchical flow of eye move-
ments. The algorithm is able to generate a top-to-bottom
flow diagram showing the general trend in eye movements.
The scanpaths are transformed into AOI sequences while the
AOI occurrences are averaged over all sequences. Weighted
transitions between the AOIs are computed, i.e., AOIs model
the vertices of the graph and the transitions the weighted
edges. The classing of the average values decides about the
layers the AOIs are placed while they are permuted in order
to achieve a clutter-reduced hierarchical layout. We showed
the usefulness of our approach by applying it to formerly
recorded eye movement data from a public transport map
experiment. For future work we plan to add more interaction
techniques, while also non-static stimuli might be of interest
for detecting a flow in the visual scanning data.
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