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ABSTRACT
We develop a classifier model trained to analyze anonymized skele-
tal data of passers-by at interactive public displays to determine
whether an interaction has occured. The test setup and data col-
lection methods are described. The skeletal data is preprocessed to
highlight more relevant bodyparts. The performance of the finished
model will be evaluated statistically and compared to approaches
using human observers from other research.
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1 INTRODUCTION
Public displays are becoming an increasingly important part of the
public world. It is hard to imagine subway stations, universities
and other institutions without them. For scientific research, screens
with interactive elements are of particular interest. However, this
is often done in an inefficient way. When studying other papers,
we noticed that they often want to investigate the effect of a small
change by means of field tests with small samples, by having a lot
of data directly recorded by human observers. Interpreting human
behavior is easier for a human observer than for a machine. One
idea in the field of public display research is the evaluation of an
attention value. This value should indicate how much attention a
person pays to the public display. Our intention is to determine
this attention value with the help of a machine learning algorithm
working on skeletal data of people in front of the public display.
The attention value should be between 0 and 1. One means very
attentive (interacts) and zero means no interest (public display is
ignored). Interaction data from the public display will be used as
ground truth value. Should it be possible to train a machine with
a model for an attention value that can do this similarly well, this
will greatly reduce the cost of such studies, and at the same time
expand the scope of the data studied.
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Consider, for example, the work of Parra et al. [8], who have
studied in more detail the behavior of individuals in relation to
public display installations in public spaces in order to categorize
behavior or responses. In these studies, researchers have analyzed
the behavior of individuals. In turn, there already exist papers [1, 2]
that work with an attention value that they determine with self-
developed algorithms. However, it is important to note that the
attention values that have been created for these papers are each
tailored to their specific problems. In this paper, a general attention
value is determined using anonymized skeletal data.

The goal of our work is to determine an attention value using
machine learning. For our investigation we use a public display
installation in the public area of the Universität der Bundeswehr
München [5]. The installation itself consists of an interactive screen
that is used as a community mirror. The public display has an
extensive log that, among other things, records all user interactions
via the touch interface with accurate timestamps. The installation
also includes a depth camera that records anonymized skeletal data,
also with timestamps. In our investigative setup, we chose to use the
public display log data as confirmation of attention. This approach
allows us to dispense with a field experiment by an active observer.
Using the interaction data, we classify the training dataset, which
consists of the skeletal data. With this, we train a machine learning
model that assigns an attention value between 0 and 1 to the skeletal
data.

The main difference between this work and others is that we
present a method that can facilitate further research in the context
of public displays.

2 STATE OF THE TECHNOLOGY
Several papers reflecting the current state of research are summa-
rized below.

Müller et al. [7] present a new taxonomy that is intended to
upgrade and specify the way public displays are described. Besides
the creation of specific descriptions, it also lists problems that can
occur during research in the field of public displays. Getting passing
people interested in a public display without getting on people’s
nerves is described as one of the biggest challenges facing research
and development of public displays. This is the basis for our consid-
eration to determine an attention value. The underlying intention
of the research area is to sensitize people for a public display. If we
want to examine the behavior more closely, we have to look at the
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interest that is shown towards the installation. A tool that could
facilitate this research is our attention value.

Fischer and Hornecker [4] had a similar focus. Their published
paper deals with public displays at house façades. This paper elabo-
rates that one encounters some challenges in working with public
displays (on house facades). One major problem is the evaluation
of the installations under study. There are no clear guidelines ac-
cording to which an evaluation could be done. A solution for the
elaborated problem has not been presented in the paper. However,
new terminology is provided. It should help to describe the in-
stallations and the environment of the public displays. The paper
supports the thesis that the environment around the public display
is of great importance to the installation itself when investigating,
designing and researching it and should not be neglected when
considering it. In the generation of our attention value, we have
chosen to illuminate the time around the touchscreen interaction.
We consider 20 seconds before and after the interaction. We became
aware of the importance of the space around the display through the
paper just mentioned [4] and Memarovic et al. [6], which is briefly
summarized in the following paragraph. With the time window of
40 seconds around the interaction time, we include different spatial
positioning of the recorded persons in our investigations. The new
terminology presented in the paper incorporates this assumption.

Memarovic et al. [6] is a paper that also publishes new termi-
nologies in the form of a new model. The new model is used to
categorize social needs in order to better match public displays to
the defined needs. This is expected to increase the attractiveness
of public displays. In addition to the model, a field experiment was
also described that is conceptually based on the paper’s new social
needs model. The public display is called “FunSquare.” The interac-
tion of people with the “FunSquare” was studied by the researchers.
With the help of the observation results, the conceptualizations of
the subdivisions of the surrounding space of public displays have
been presented. The established model and the new terminologies
should support the analysis and development of public displays.

As already mentioned, Memarovic et al. [6] drew our attention to
the space around public displays. Moreover in this paper we could
clearly see that field studies are time consuming and therefore can
only run over a relatively short period of time. Such field studies can
now be facilitated or completely replaced by the described attention
value.

Dostal et al. [2] is a paper that expresses interest in an attention
value similar to our research area. In this paper, the attention value is
determined using two values: the distance of the recorded person to
the public display, which in this research was a wall screen, and the
eye movement of the recorded person. The focus of this work was
to create a toolkit that helps designers without much programming
experience to generate attention values and incorporate them into
the development. The newly presented toolkit is named SpiderEyes.
The paper included a structure description, as well as a functional
description of the entire toolkit.

With this paper, we had access to a concept that also aims to
generate an attention value. We compared the approaches used
with our own possibilities and concluded that it should be possible
to determine an attention value using the data available to us.

The paper that is probably most similar to our work is Alt et al.
[1]. As the title suggests, features were compared that can be used

to assess the attention of passers-by towards public displays. The
features used were the recognizability of a face, walking speed,
walking distance, shoulder orientation, head orientation and gaze
direction, as well as different combinations of these. The whole
thing was examined in a laboratory test. The evaluation was also
based on schemes to suggest whether passers-by can be identified
or recognized. The paper concludes that the highest precision with
identified passers-by is achieved by a combination of position data.
For unknown pedestrians, facial data works best, but is still barely
more precise than the baseline. Instead of a laboratory test as in
Alt et al. [1] we aim in our work at a data evaluation by a machine
learning model. The evaluation of the machine learning model is
our attention value.

The last paper that we consider important for our articles is Stan-
ley [9]. This paper is about using the Microsoft Kinect to determine
an attention value. Similar to our approach, a black box procedure
is performed using collected data. The collected data is categorized
and through the categorization, an attention value of the recorded
individuals is determined. Unlike us, the setup described by Stanley
[9] is used to record students in class and during exams to support
learning research. The tools described by Stanley [9] can be easily
modified, as our work shows. So that we use the skeletal data of
the Kinect camera to determine an attention value for the public
display at the Universität der Bundeswehr München.

3 APPROACH
3.1 Test Environment and Data
Our work is based on the public display, which is installed in a
public space at the Universität der Bundeswehr München [5]. The
public display, which acts as a CommunityMirror, is composed of
a touchscreen and a depth camera. The display is able to record
interactions with the display as interaction logs. The depth camera
records the movements of people in close proximity to the display
and stores the recordings as skeletal data, so that all recordings are
anonymized. The exact structure of the CommunityMirror with
the description of the skeletal data can be found in Fietkau [3] and
Koch et al. [5]. One frame is dedicated to one person. If more than
one person is in front of the camera at the same time, up to three
frames are created, one for each person detected. No more than
three people can be tracked at the same time. The perceptual range
of the camera is focused on the display and its near environment.
The interaction logs of the display and the skeletal data, which are
recorded in frames, are important for our considerations.

The interaction logs include time stamps indicating when the
screen was touched. The skeletal data consists of points in a 3D
space that reflect the recorded area of the camera (see Figure 1).
The individual points describing a skeleton are part of a frame.
Timestamps of the display and frames of the camera are matched.
The intention is to assign the matching timestamps to the frames.
This assignment can be represented by a newly created label for
the skeletal data. The label should only contain a zero or one. Zero
should be set at the beginning for all skeletal data. If a time stamp
can be assigned to a skeletal dataset, i.e. the recorded frame was
created at an interaction time, the label is set to one. In addition, all
frames recorded 20 seconds before and after the assigned interaction
time are also set to one. By labeling the skeletal data in this way,
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Figure 1: Visualized skeletal data

we create a dataset that divides skeletal data into two groups. One
is the data that is important for describing the interaction with
the display. Zero are the skeletal data, which are not important for
the interaction with the display. The chosen time period of a total
of 40 seconds around the interaction time has been chosen at the
discretion of our research group and can be adjusted as desired.
In our considerations, we found that a time window of about 20
seconds is necessary to understand the content of the screen in
order to then interact with it.

This is now based on labeled skeletal data that falls into category
one (important for interaction with the display), or zero (not impor-
tant for interaction with the display). This data structure is to be
used by a machine learning model. The model is to use the data to
learn to determine an attention value for a skeletal dataset between
0 and 1. As mentioned before, the attention value 0 describes no
interest in interacting with the public display, whereas 1 represents
a high interest in interacting with the public display.

3.2 Model and Training
When thinking about the concept of our machine learning model
and the preparation of the data, we had to deal with some problems.

In the proposed structure of our model, we decided on a simple
categorization of the dataset. It is important to note that we made
simplifications to facilitate the analysis of the data. The effect of this
simplification is that our approach omits those cases where people
are looking at the public display attentively but not interacting
with it. By the way of the intended labeling, these cases are labeled
with a zero. It would be laudable if a system could recognize such
a situation. However, we call attention without interaction excep-
tions. We assume this case to be negligible. Moreover, it should
be emphasized that the intention of a public display is interaction.
Thus, only people who interact with the display are of interest.
People who become attentive but do not build up enough interest
to interact with the display are of lesser importance in the study
of behavior near public displays. The attention value we define is

intended to evaluate whether the skeletal data considered describes
an interaction or not. The smaller the attention value, the less likely
it is that the person described by the skeletal data shows interest in
the public display.

One might consider whether our attention value corresponds
to an interaction value. However, this is not the case. A simple
interaction value could be determined from the relative distance
from the skeletal data to the public display. The relative proximity
would determine the interaction value. As a result, the interaction
value increases as you get closer to the display and decreases as
you move away.

The difference to our approach is that we consider the temporal
space before and after the interaction as relevant, thus also skeletal
data located further away from the display. The model should be
trained with all skeletal data. Which means that data with label
one, as well as with label zero function as training data.

Of course, it is not one hundred percent certain what the ma-
chine learning model will do in categorizing the skeletal data, since
our concept is somewhat like a black box process. A dataset is
given to the black box and the black box determines commonalities
independently. Proximity to the display will almost certainly have
an important factor in determining the attention value. But in our
approach, it is not the only reference point for categorization. Thus,
our attention value is not equal to an interaction value.

Due to our chosen machine learning model, a stochastic eval-
uation of the attention values to be generated is not possible. We
repeat: In order to train our model, we label the available skeletal
data. Our label is a binary categorization into interaction relevant
(one) and interaction irrelevant skeletal data (zero). The labeling of
the data is to be done by matching the recorded frames from the
camera and the interaction logs from the display, as well as a fixed
time window of 20 seconds before and after the interaction log. It
is envisioned that the model will now learn to score the skeletal
data between zero and one, using the labeled data set. An attention
score between zero and one, to be computed by our model, cannot
be evaluated using e.g. a confusion matrix [10]. To work with a
confusion matrix, the output of the model must be rounded up
or down. This would mean producing an output of zero or one.
However, the intended attention value is to be a value between zero
and one, which eliminates the need for an analysis by the confusion
matrix. We are well aware that an analysis of the attention value
would be possible through a field study.

3.3 Validation/Future Work
The reasonableness of our attention value could be proven by case
examples as follows. The examples are defined in advance with the
desired attention value that should be output by themodel. Then the
case studies are given to the model for evaluation and the calculated
attention value is compared with the expected attention value. If
the calculated value is within the error tolerance range from the
expected value, we assume that the model works. Otherwise, we
have shown that the model is not able to realize our intention: to
determine a meaningful attention value by skeletal data.

The following is an experiment. We divide the description of
the recorded behavior of a person into three phases. The approach
phase: this is the phase of movement towards the public display.
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The interaction phase with interaction occurring or no interaction
occurring: this is the phase when the recorded person has the
smallest relative distance to the display. And the distance phase:
this is the case when a person moves away from the public display.
To evaluate the attention value, one can define any number of case
studies and the corresponding expected attention value. The more
case studies are defined and checked, the more the reliability of the
the attention value is shown.

An exemplary procedure for formulating a experiment would be:
We first describe a scenario assumed to be realistic. This is described
and understood as ground truth. Then the described scenario is
divided into the three defined movement phases and a justified
expected value is assigned to each of these movement phases, which
must later be compared with the determined attention value. When
comparing the expected value and the determined value, only a
predefined error rate may occur, so that our attention value is
meaningful for this experiment. Otherwise the examination shows
that the attention value is inaccurate.

Our experiment includes the following scenario: a person walks
through the image relatively far at the edge of the camera perspec-
tive. The person has a constant speed and does not stop at any point.
The approach phase is any movement that decreases the distance
to the public display. It starts with a distance to the public display
that is relatively large. The person decreases the distance to the
display by constantly moving to the closest possible point to the
public display. The short moment where the person is closest to the
display represents the interaction phase, which in this experiment
consists of only one moment. After that, the person moves away
from the public display and is thus in the distance phase. In our
experiment, we choose at least one upper bound. Where if the limit
is exceeded, the attention value is to be understood as imprecise.

An attention value between 0 and 0.3 is to be expected for the
approach phase, since the person moves towards the public display,
but does not slow down or even stop, or comes really close to the
public display. Thus, the determined attention value should not
exceed the value 0.5. In the interaction phase, which in this case
describes only one point in time, the attention value should not
exceed 0.5, anything less is acceptable. In the distance phase the
attention value should decrease. The next point to the public display
is exceeded and the person moves away. Thus, the value should
decrease from the maximum back to zero.

We consider this form of validation as a possibility, since we
assume that there is a finite set of behaviors in front of a public
display, so these behaviors can also be covered by finitely many
case studies.

4 CONCLUSION
Our work has shown that the determination of an attention value
by a trained machine learning model is possible. Categorizing the
data by a trained model is a legitimate approach, as it saves time and
human resources. The main challenge faced with this approach is
the analysis of the data obtained by the model. As our experiment
descriptions have already shown, validating the results is more
complex than with other evaluation procedures performed using
trained models. The main difference is that our data cannot be
classified into fixed categories that can be represented by integers.

In summary, the determination of an attention value based on
recorded skeletal data by a trained model is possible. However, new
methods of evaluation are necessary to determine the accuracy of
the determined attention value.
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