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Abstract— This paper is a study to measure the audience's
responsiveness by visual attention in an online performance
environment. Due to the nature of online performances, it is not
possible to know the direct reaction of the audience, so an
indirect method of measuring the level of responsiveness is
needed. However, since responsiveness is a complex emotion, it
is not easy to measure. Recently, studies on selection and
concentration using visual attention are in progress. Therefore,
the effect of visual attention on responsiveness was investigated
through experiments. The experimental results indicate that
visual attention is relatively related to the measure of
responsiveness.
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I. INTRODUCTION

Recently, a lot of online performances have been held
through online media[1]. Online performances allow a large
audience to participate, and real-time communication with the
audience compensates for the monotony of simple video
viewing. However, the realism of the performance is still not
properly conveyed to the audience, and it is difficult for the
performer to conduct a performance that allows mutual
communication because it is not possible to know the
audience's response. Due to the nature of online performances,
it is not easy to determine the level of individual audience
response. Since it is an environment where people watch in a
personal space like home, the degree of response to watching
performances is relatively low compared to offline
performances. Also, depending on the cultural characteristics,
the reaction to the performance is very different.

To become an online performance capable of real-time
interaction, a method of measuring online audience
acceptance is needed. Recently, studies to evaluate the
concentration of video viewing using visual attention are
being actively conducted. Visual attention is the voluntary
filtering out of unimportant visual perceptual information and
selectively focusing on specific important information. In
particular, eye-tracking methods help to characterize
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individual differences that reflect individual attentional shifts
and biases[2]. Therefore, this paper conducted a study on
visual attention to measure the level of responsiveness in the
online performance environment.

II. BACKGROUND

Many studies on visual attention based on eye-tracking are
in progress [2]. There is visual question answering [3, 4], a
field of study that infers the correct answer to a given question
about an image. The NiCATS system [5] identifies students'
level of interest in instruction in the classroom. Atar-HEAD
[6] provides a dataset on how visual attention affects human
decision-making performance. There is also a study that the
human drone pilot's visual attention helps learn to operate an
FPV autonomous drone [7].

From these various studies, it has been found that visual
attention is widely used by eye-tracking algorithms. Therefore,
we used an eye-tracking algorithm to find out the effect on the
responsiveness of online performances. In addition, face pose
estimation was also used to increase the accuracy. To
reproduce a real situation, an image-based face pose
estimation and gaze tracking algorithm was used instead of
using expensive gaze tracking equipment.

III. DESIGN OF STUDY ON VISUAL ATTENTION TO MEASURE
RESPONSIVENESS IN AN ONLINE PERFORMANCE
ENVIRONMENT

We assumed the following environment to find out the
effect of visual attention on the level of responsiveness in an
online performance environment.

e Online performance viewing environment: small TV,
monitor or smartphone

e Audience video capture device: webcam
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e Type of viewing video: music video, large-scale
performance, or virtual reality performance

Figure 1 shows examples of viewing images captured in
the assumed environment. It is typically a viewing screen in a
home environment using a TV or PC. It roughly shows a
person's upper body.

Fig. 1. Exmpales of viewing images captured in the online performance
environment. The white face mesh points are the result of using the face
landmark detection algorithm (mediapipe[8]) to estimate the 3D face pose.

To judge the visual attention of performance content, we
used a 3D face landmark detection and pupil detection
algorithm [8]. The direction of the gaze of the face was
estimated from the found 3D facial landmark points, and the
direction of the eyes was also estimated by detecting the center
of the pupil, the head of the eye, and the tail of the eye. Figure
2 shows images of the estimated face direction and eye gaze
direction.

Fig. 2. (Left) The blue line represents the estimated face direction, and
(Right) the pink circle represents the estimated eye direction.

We hypothesized that the degree of responsiveness to
viewing a performance would be high when the concentration
of visual attention on the viewing screen was high. Therefore,
it was classified whether the direction of the estimated face
and pupil was toward the viewing screen or not. Visual
attention was defined as a total of 5 directions (front, up, down,
left, right), and it was assumed that if you looked for more than
5 seconds, you were looking in that direction. To recognize
the direction of visual attention, it was learned using a
convolution neural network (CNN). In addition, long-short
term memory (LSTM) was used to determine whether the
gaze was correct for more than 5 seconds. Figure 3 shows an
example of direction and gaze classification results.

Fig. 3. An example of the gaze direction and gaze classification result for
each frame.

To test whether the degree of responsiveness is highly
correlated with visual attention, audiences were asked to
watch their favorite performance videos and random
performance videos. It was configured to measure the
direction of visual attention in every frame and store the
direction value. The viewing time of favorite performance
videos and random performance videos was set to around 15
minutes, and the degree of responsiveness was measured
according to the ratio of the direction of visual attention.

IV. EXPERIMENT

To measure the effect of visual attention on responsiveness,
a total of 10 people participated in the experiment. Each of
them chose two of their favorite performance videos, and the
other two videos were provided randomly. The experiment
participants selected their favorite performance videos from
the YouTube site. To remove the quality factor according to
the performance video, all 4K video was selected. A total of
four videos were arranged in random order, and the interval
between viewing the videos was set at 10 minutes. It was
recommended to watch it in the most natural position possible
and to watch it without any external restrictions. Figure 4
shows an example of storing visual attention direction
information and time information for an arbitrary section of
one performance video.

Fig. 4. An example of visual attention directions per frame and their
temporal information.

Responsiveness was measured as the ratio of frames
viewed from the front of the total number of frames. Table I
shows the responsiveness values measured after watching
favorite performance videos and random performance videos
for 10 experiment participants. The experiment results showed
that watching the favorite performance videos showed a 1.4
times higher responsiveness value than watching random
performance videos. It was found that the visual attention
experiment had a great influence on the degree of
responsiveness.

TABLE 1. AVERAGE OF RESPONSIVENESS
Favorite Random
performance videos performance videos
# of videos 20 20
Resoponsivess value 0.85 0.594

V. CONCLUSION AND FUTURE WORK

This paper is a study on the effect of visual attention on
the measurement of responsiveness in an online performance
viewing environment. Visual attention was estimated by the
direction of the eyes and pupils, and the experiment was
conducted assuming that the subjects were responding to the
performance when looking straight ahead. It was found that
the responsiveness rate was relatively high when watching a
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favorite performance. However, responsiveness cannot be
measured only with visual attention. Since responsiveness is
an expression of complex emotions, we plan to experiment
with features such as facial expressions and body posture.
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