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ABSTRACT

We propose a new technique for visual analytics and annotation
of long-term pervasive eye tracking data for which a combined
analysis of gaze and egocentric video is necessary. Our approach
enables two important tasks for such data for hour-long videos
from individual participants: (1) efficient annotation and (2) direct
interpretation of the results. Exemplary time spans can be selected
by the user and are then used as a query that initiates a fuzzy
search of similar time spans based on gaze and video features. In
an iterative refinement loop, the query interface then provides
suggestions for the importance of individual features to improve
the search results. A multi-layered timeline visualization shows an
overview of annotated time spans. We demonstrate the efficiency
of our approach for analyzing activities in about seven hours of
video in a case study and discuss feedback on our approach from
novices and experts performing the annotation task.

CCS CONCEPTS

« Human-centered computing — Visualization; Visualization
techniques.
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Figure 1: Classification of analysis tasks for behavior
adapted from Chaaraoui et al. [2012]. We see the advantage
of visual analytics in the analysis of activities and behavior
that require a higher degree of semantic interpretation.

degree of semantics

1 INTRODUCTION

Eye tracking glasses provide rich data about a person’s gaze be-
havior. In comparison to remote eye tracking, the glasses can be
worn in everyday situations over long time spans [Bulling et al.
2013]. Such pervasive eye tracking data [Bulling and Gellersen
2010] plays an important role for research on eye-based activity
recognition [Bulling et al. 2011], behavior analysis [Hayhoe and
Ballard 2005], lifelogging [Bolanos et al. 2017], and quantified-self
scenarios [Kunze et al. 2013]. The analysis of such data requires
automatic processing to handle the large amount of gaze and video
data. According to Chaaraoui et al. [2012], human behavior analysis
tasks can be classified as represented in Figure 1. An increasing time
frame for investigation correlates with an increasing degree of se-
mantic interpretation required to identify motion, actions, activities,
and finally behavior. Hence, automatic processing with machine
learning techniques becomes more difficult for activities and be-
havior that might consist of multiple actions. As a consequence,
supervised learning approaches are applied but expect annotated
data [Turaga et al. 2008], which requires tedious manual work by
human annotators. Furthermore, we see the final level of the scheme
(Figure 1)—the analysis of behavior— as the stage where human
analytical reasoning is still required to interpret sequences of activ-
ities, for example, to compare between different behaviors and find
causalities between activities. As a consequence, we identified two
major tasks in this domain that depend on human reasoning and
benefit from visual analytics to support the user:
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(T1) AnnotationDepending on the research question, a set of
di erent activities has to be identi ed. Automatic recognition ap-
proaches require some sort of training data to process new events.
Hence, the annotation of relevant activities is an essential task that
can be supported by visual analytics.

(T2) Sequential AnalysBven if all activities are recognized auto-
matically, some questions require an interpretation of sequences of
activities. For examplayhat does the typical workday of an e cient
student look likeThis can be highly di erent between persons
and requires detailed inspection and interpretation of the chain of
activities during the day. Also, the granularity of activities is hard
to de ne automatically because some behavior might consist of
multiple other activities.

In this paper, we contribute an approach for the nonlinear anno-
tation and sequential analysis of long-term videos and gaze from
pervasive eye tracking. We developed an interactive query interface
that helps identify potential time spans of interesting activities. The
query is processed by a new approach based on region growing
with multiple feature sets allowing for the exible search of time
spans with varying length. The implemented prototype is publicly
availablé. We demonstrate our approach in a case study with data
from an experiment that comprises over seven hours of everyday
activities for one participant. In addition, we evaluate quantitative
and qualitative feedback from novices and experts performing an
annotation task with our implemented prototype.

2 RELATED WORK

Kurzhals et al.

analysis, (2) feature extraction, (3) video data mining, classi ca-
tion, and annotation, (4) query and retrieval, (5) summarization
and browsing. We address all these points with a visual analytics
approach focusing on query and retrieval for annotation and sum-
marization. Further, we emphasize the combined search of gaze and
video features. For egocentric video, summarization approaches are
often reduced to a series of video skims, dynamic fast-forward, or
storyboards. For depicting search results, we apply a representa-
tion similar to storyboards, but we link them with a visualization
that provides further details of involved features and the temporal
coherence of the results. Similar approaches can be found in the
work of Schoe mann et al[2010] and Higuchi et al[2017], on
timeline-based approaches to explore videos guided by features.
However, their approach is limited to image and motion similarities
without the inclusion of gaze data. Similar to other authors, we
use video features based on visual appearance [Zhang €04P]

and apparent motion [Poleg et 822014] as means for queries. The
details are discussed in Section 4.

Eye Tracking AnalysisNumerous publications describe methods
for the recognition of actions and activities based on video data [Lee
et al 2012], gaze data [Bulling et.€2011], or both data sources
combined [Fathi et al2011; Ogaki et aR012]. Furthermore, there
are unsupervised approaches that try to identify clusters of time
spans with a similar structure, e.g., based on topic modeling [Steil
and Bulling 2015]. The results of these approaches still require vi-
sual inspection to identify the type of extracted pattern. For the
visualization of such data, our approach would also be applica-

Focusing on the underlying data, i.e., video and gaze, we can sepa-pje Blascheck et aJ2017] provide a survey and a taxonomy of

rate the discussion of related work into three research directions:
the visualization of time series data, the analysis of video data with
the focus on visual analytics and retrieval approaches, and the
analysis of eye tracking data.

Time Series VisualizatioRelated work on the visual analysis
of time series data is extensive. A general overview is provided by
Aigner et al [2011]. According to their taxonomy, an appropriate
visualization for abstract, multivariate data features with linear time
arrangement is necessary. For e ciency, the visualization provides
a static mapping of the data in 2D. The basis of our visualization is
a ow graph comparable to stacked graphs [Byron and Wattenberg
2008] or the ThemeRiver [Havre et &002]. We extend this concept
by linking the graphs on multiple time layers with extracted video
segments and their pictorial representation.

Video Visual Analytics and Retrievlideo visual analytics aims
to combine aspects of exploratory data analysis, knowledge discov-
ery in databases, and information retrieval with interactive visual
interfaces [Hoferlin et al2015]. This concept has been applied,
for example, to summarize movies [Kurzhals et2016] or soccer
games [Janetzko et.@&014]. There also exist techniques that sum-
marize long-term videos with visualization: Botchen et f1008]
and Romero et a[2008] represent motion activity in a space-time
cube. However, these techniques require a xed coordinate system,
which is not available in egocentric video. Hu et #011] survey
strategies in video indexing and retrieval, i.e., (1) video structure

WAGAZ, https://github.com/Maurice189/VAGAZ, last checked: March 04, 2020

visualizations for eye tracking data. Techniques are separated into
approaches with and without the need for areas of interest (AQIs).
Our approach does notrely on AOIs. It represents extracted features
and annotated time spans without a semantic mapping of gaze to
speci ¢ areas. Only few techniques cover the analysis of data from
eye tracking glasses directly, because it is often assumed that AOls
will be annotated to apply established techniques. As an example,
Tsang et al[2010] create word trees of xation sequences on AOls
for data from mobile eye tracking. Kurzhals and Weiskopf [2015]
adapt a word cloud to represent AOIs in pervasive eye tracking.
Other authors use ducial markers to identify important regions au-
tomatically [Pfei er et al. 2016]. There are two publications that are
closely related to our approach: Blascheck efa016] investigate
participants working with interactive software and Kurzhals et al
[2017] present an approach to label segments from multiple short
egocentric eye tracking recordings. Both approaches support less
exible queries and were not conceptualized for the long time spans
we cover with our technique. In general, only few techniques exist
that consider long-term eye tracking data. Muthumanickam et al
[2016] address this issue for long-term recordings with AOl-based
visualizations and with a space-time cube [Muthumanickam et al
2019]. The AOI-based approach faces the issues mentioned before,
and the space-time cube is restricted to a xed coordinate system
and cannot handle the dynamic changes in mobile gaze data.

3 VISUAL ANALYTICS INTERFACE

To support the e cient annotation (T1) and analysis (T2) of long-
term videos and gaze, we identi ed four requirements a visual
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Figure 2: Visual interface for annotation and analysis: the multi-layered timeline shows feature intensities over time for
respective time spans. Gaze and video parameters allow analysts to re ne query results, supported by visual guidance. The
guery results are represented by thumbnails of respective time spans that are animated on mouse over.

(a) single feature (e.g., xation duration)

(b) multiple features (e.g., saccade directions)

Figure 3: Detailed timeline visualization for (a) single and
(b) multiple features (color: |ft, right, up, down). Gray ar-
eas in the background indicate subshot boundaries and the
spectrogram depicts the temporal development of values.

analytics approach has to ful Il: (1) Some activities are better char-

activity recognition. The derived requirements are the result of a
formative process consisting of multiple discussions and iterations
of the implemented prototype over a period of six months. This
process also led to the design choices described in the following.
Figure 2 shows an overview of our framework. It consists of three
major components: anulti-layered timelinevisualizing features
and respective frames of video segments, an interfacegfoded
query re nementbased on feature weighting, andauery result
view showing thumbnails of retrieved time spans.

Multi-Layered TimelineWe decided to apply multi-layered time-
lines with spectrogram visualizations for feature intensities and pic-
torial representations of segments for fast interpretation of selected
time spans. This way, gaze and video features can be displayed in
one visualization. The timeline at the bottom (Figuredervievy
shows an overview of the dataset, and a time span can be selected
for a zoom on the next timeline abovegom . This design is remi-
niscent of techniques such as SmoothScroll [W&rner and Ertl 2011]

acterized by video features, others by gaze behavior. Both are neces-or stack zooming [Javed and Elmqvist 2010]. It has the advantage

sary for a thorough analysis of the data (T2). (2) Both tasks require
an overview of annotated and unexplored parts of the video ma-
terial (T1), (T2). (3) It should be possible to identify an activity
and then look for similar time spans, based on a range of di erent
features. The results should also be displayed in the overview (T1),
(T2). (4) With an increasing number of features, it becomes di cult
to identify which features should be weighted more for the search.
Hence, the visualization should provide guidance which parameters
are important, but also allow to formulate a query based on exper-
tise (T1). This work is a collaboration between experts in visual
analytics, computer vision, and domain experts for eye tracking and

that multiple zoom levels can be investigated without losing the
overview. Additional layers could be added for longer durations.
The third timeline £oom 2 shows an abstracted detail view of the
features and the subshot structure, as depicted in Figure 3. We dis-
play temporal units calledubshotswvhich summarize time spans of
similar content. Section 4 discusses details on how to derive these
subshots. Individual subshots are shown by varying gray values in
the background. For each subshot, we provide a video thumbnail
(Figure 2 preview with connectors to the timeline. Mouse-over
interaction on a thumbnail activates a video skim with a gaze over-
lay. To better understand the characteristics of individual features
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used to identify activities, analysts can switch between the feature
visualizations on the timeline and investigate their temporal devel-
opment. Annotated subshots are assigned to a color label depicted
with the timeline @nnotation$. In eye tracking, this visualization

is often referred to ascarf plot

Query Result Viewl'ime spans that contain a relevant activity
can be selected directly on the timeline and querigdi€ry selec-
tion). Selections are processed with a search algorithm that also
considers variable result lengths (Section 4.5). Identi ed time spans
are highlighted on the timeline overviewguery result time span
We decided to depict the results in an additional view as thumb-
nails with mouse-over animation. That way, visual inspection of
the video snippets supports a fast validation of time spans and is
an established method in video retrieval tasks.

Guided Query Re nemeritVe provide a set of sliders for the ad-
justment of feature weights and thresholds for the search algorithm.
The weighting allows experts to include knowledge about features
and their contribution to speci c activities. For example, video fea-
tures can be completely neglected to focus on gaze behavior only.
The adjustment of sliders requires guidance in case of an unknown
parameter space. Consequently, we designdidstogram-based
visual guidancéFigure 2) that depicts how changes of a parame-
ter will in uence the number of query results. This aspect will be
further discussed in Section 4.5.

4 DATA ANALYSIS SUPPORT

Di erent activities in the data, initially often unknown to the ana-
lyst, require a set of versatile features that support both a meaning-
ful data reduction in a preprocessing step and exible queries. The
analyst can adjust the weights of individual features according to
the visual guidance or based on expert knowledge. In this section,
we provide the technical details of the applied features, how the
data is preprocessed, and how the query is implemented. Figure 4
depicts an overview of our data processing pipeline. In the prepro-
cessing step, individual frames are rst aggregated into temporal
base segments using xation detection (Section 4.2) and then fur-

Kurzhals et al.

on CNN-based image features that have been explicitly learned for
the task of object recognition. More precisely, we use the 4,096-
dimensional global FC6 descriptor from AlexNet [Krizhevsky et al
2012], since it covers a global receptive eld and is thus an appro-
priate choice for image-wide comparisons. Please note that local
features in terms of image patches are also taken into account:
they are applied in the computation of gaze features when deriving
xations from gaze points in Section 4.2.

Apparent MotionMotion within a scene is considered in terms
of short-time motion between pairs of frames or in terms of long-
term trajectories along multiple frames. While the latter case con-
tains more information, the short-time motion can be estimated
e ciently in real time, which is a requirement for interactive ap-
plication in visual analytics. Nonetheless, even short-time motion
contains a lot of information, e.g., the presence of translations, ro-
tations, and zooms. Furthermore, it allows distinguishing camera
motion and dynamic motions of individual objects. There are di er-
ent approaches to extract short-time motions between frames like
sparse feature matching [Bay et.&008], dedicated object tracking
[Hager and Belhumeur 1996], or the estimation of a dense optical

ow [Brox et al. 2004; Stoll et aR013]. All of them have di erent
trade-o s between speed and accuracy. Our approach focuses on
speed. Hence, we make use of the real-time optical ow approach of
Adarve and Mahony [2016], which is the basis to assemble a motion
descriptor. This motion descriptor is designed to represent the local
structure of the ow eld. To this end, we employ a binning of
extracted motion vectors based on angle and magnitude [Kurzhals
et al 2016; Schoe mann et a010]. We provide a visualization
for the binning of angles on the timeline (Figure 3b). This helps
identify distinctive motion patterns in the visualization (Section 5).

4.2 Gaze Features

In contrast to video features that describe the appearance of a
scene, gaze features consider perceptual and cognitive aspects of the
recorded person. They can be subdivided into stationary features

( xation duration, xation count) and di erential features (lengths

ther combined into subshots using image features (Section 4.1). The and direction of saccades) [Holmqgvist et aD11]. Together, both

subshots form the basis for queries of variable-length segments.

4.1 Video Features

In a video sequence, one can distinguish di erent categories of
features: intra-frame features such as the visual appearance of the
current scene or inter-frame features like the apparent motion
over time. Both categories are important since each of them covers
di erent aspects of a scene. While the intra-frame features allow
us to capture the environment (e.g., important objects) of a scene,
inter-frame features allow capturing actions that happen over a

classes of perceptual features are indicators of how the observer
perceives the scene and interacts with it. In our approach, xations
(and the resulting saccades) are detected as proposed by Steil et al
[2018], who aggregate gaze points to xations by means of similar
image patches to be robust under motions of the gaze target. The
similarity is determined using a deep convolutional image patch
similarity network [Zagoruyko and Komodakis 2015] as an e ective
state-of-the-art method.

4.3 Similarity Measures

time span. The importance of each aspect depends on the analysis g far, we have described the choice of several features to have a

task. Hence, we support both aspects and help the analyst adjust
the corresponding weights where it is necessary.

Visual Appearancén our approach, the visual appearance of a
frame is described globally, i.e., for the whole image. In contrast

meaningful and compact representation of important video and

gaze data. In order to make them useful in the data preprocessing
and querying steps, we need similarity measures associated with the
chosen features. We consider two types of features: scalar features

to generic, hand-crafted image features such as SIFT [Lowe 2004] (e.g., xation count, saccade length) and vector-valued descriptors

or SURF [Bay et aR008] that heuristically combine neighborhood
information with geometric and photometric invariances, we rely

(e.g., FC6, motion descriptors). For two positive scalar feataisasd

. Lo . s da- o — Minta;bo
b, the following similarity measures is appliedsta; b° = Maxa b
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Figure 4: Data processing pipeline for preprocessing and queries.

Figure 5: Variable length search of selections with region
growing. Matching seeds with high similarity are identi ed.
Each seed grows until a similarity threshold is exceeded.

For two vector-valued descripto&nd@,we employ a combination

of a shifted cosine-similarity measure to account for directional
similarity and the scalar measure from above, which is applied to
the magnitudes of the vectors to account for the similarity in the

length. The combined similarity measure is given by:

o

el minyg e
. e

C gy e

directional similarity length similarity

si@f® =

Hence, both measures consider direction and size of the features

and their results lie in a range between 0 and 1.

4.4 Data Preprocessing

According to the data processing pipeline (Figure 4), video and
gaze features are extracted rst. Then, temporal segmentation is
performed by xation detection on image patches. This step sum-
marizes individual frames into base segments. Finally, the base

1994] on each of these seeds to allow for resulting segments of a
di erent length asq.

Finding Seed3o nd the seeds of segments that are similar to
the selectiom consisting ofn subshots, we apply a sliding window
in temporal direction. For each window, we compute thesimilari-
ties between corresponding subshots at each position of the current
window and each corresponding position of the query segment.
The sum of weighted means of these element-wise similarities gives
the similarity of the window. Each window whose similarity lies
above a user-de ned threshold is considered as seed segment.

Region Growingn the previous step, we obtained segments that
cover only as many subshots as the selectipcontains. In general,
the length of similar activities may vary and include more subshots
than the selected example. Hence, we allow extending the segments
of xed length into segments of arbitrary length by region growing.
To this end, we compute features that represent the whole segment
instead of its constituting subshots and iteratively merge those
neighboring segments that show a high similarity with respect to
their features. This iterative method allows obtaining segments that
are not restricted to a speci c length.

The analyst can adjust the weights of the features guided by the
calculated threshold histograms (Figure 2) and restart the search.
Please note that it is possible to use di erently weighted features
for the seeding step and the region growing step. For example, one
can apply a sparse but unique feature for seeding and a denser but
less unique feature for growing.

5 CASE STUDY

segments are further combined into subshots by means of image The case study demonstrates the work ow of our approach. We
similarity. To this end, we aggregate the base segments represented showcase it for a dataset recorded for activity recognition, demon-
by similar descriptors. These aggregated subshots then constitute strate how di erent activities can be annotated, and how the se-

the basis for further computations, particularly for the query. In this
context, the representing features for the subshots are computed as
the mean of the respective descriptors for the individual frames.

4.5 Querying Similar Segments

quence of annotations can be interpreted with higher semantic
abstraction on a behavior level.

5.1 Dataset
Our approach is designed for long-term video of unconstrained

Among the described features, the analyst chooses weights as the gaze, for example from pervasive eye tracking scenarios. The rst

basis for nding similar segments on the subshots. The weighted
sum of the associated measures constitutes the nal similarity be-
tween subshots. The querying procedure is implemented in terms
of a fuzzy, variable length search. Figure 5 depicts how the query is
processed. Given a manually selected time spaonsisting ofn
subshots that contain the activity to search for, our query process-
ing consists of two steps: (1) nding seeds in terms of segments
that have the same number of subshots (i.e., the same length in
terms of subshots) agand achieve a high similarity (above some
thresholdTseeq; (2) applying region growing [Adams and Bischof

long-term pervasive eye tracking dataset of this kind was presented
by Steil and Bulling [2015]. Participants were encouraged to create
day-long recordings with a mobile eye tracking system but were
not restricted to a speci c time frame or activity. The resulting
data was captured as egocentric video (12820 pixels) and a
gaze stream, both recorded at 30 Hz with Pupil Labs mobile eye
trackers. On average, participants recorded more than eight hours
of their daily lives. This data was then annotated manually with
eight activity classesoutdoor, social interaction, concentrated work,
mobile, reading, computer work, watching media, eafiegonsider
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