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ABSTRACT

In traditional classroom education the teacher can easily perceive or obtain the engagements of the
students by observing them. Distance education is affected by the absence of such a feedback coming
from expressions and behaviours of the students attending the lesson. Aiming at reducing the gap
between these two learning modalities, the proposed system analyses student videos recorded by the
cameras available on the laptops by which they are attending the lecture. This approach provides
aggregated information on didactic efficacy to the teacher, avoiding the need of sharing student video
recordings during the lecture. The teacher is therefore supported during the oral exposition of the
lecture. The approach proposed in this study has been conceived as a software architecture running
on background and locally on students’ personal computers. No sensitive data are shared over the
network. It has been evaluated in two experimental sessions dedicated to a sensitivity preliminary
evaluation of the proposed instrument and to the assessment of its didactic usefulness by volunteers,
students and industrial employees. User evaluation reports, both on student and teacher side, a positive
feedback. The discussion can bring to insights and new considerations about learning in general, which
is nowadays so significantly forced to change due to COVID-19 pandemic and it could be intended to

change even more in the direction of distance learning in the future.

1. Introduction

During a lesson, the teacher requires continuous feedback
from students to know if the audience is getting the topic and
the explanations provided. In other words, if the lesson is under-
stood and if it is held at an adequate pace. If this is a desirable
requirement in classroom education, in case of distance teaching
modalities it becomes crucial. The answers to these questions
are usually deduced by students by examining their expressions
and attitudes, listening to their questions or simply asking them
questions directly [1]. However, this approach cannot always be
applied both in presence and distance learning (often referred to
as online learning also). In a classroom lecture, students may be
particularly reluctant to communicate. In distance learning, the
absence of a visual feedback from attendees makes the teacher in
the condition of not realising the potential efficacy of the lesson
for the audience. Currently, the COVID-19 pandemic outbreak
forced every level of educational institutes to adopt distance
learning as their first choice. Distance learning began in 1850,
at the University of Chicago, where for the first time a cor-
respondence program was established in the United States in
which the teacher and the student were not in the same physical
place. It is a learning method that allows interaction between the

teacher and the students remotely without being in a traditional
context such as the classroom [2]. In the twentieth century,
with the development of new technologies such as radio and
television, new ways to spread culture even outside traditional
contexts were found. With the advent of the Internet, teaching
and learning modalities have changed. New technologies allow
for an innovative and fruitful interaction, aimed at overcoming
the limitations of past teaching [3]. The full and wide adoption
of distance learning has underlined the need for tools to reduce
the distance between teacher and students, typical of a remote
lessons [4]. Online learning tools, considered as amplifiers of
students’ participation and reinforcement of their learning have
been revealed not stimulating for interaction and attention [5].
Since they turned into the main and solely teaching modality,
the adoption of additional/alternative solutions has been per-
ceived as essential worldwide. The aim of this research is to
apply Machine Learning (ML) algorithms, already available in the
literature, that can offer a measurement of the audience attention
by tracing the blinks, gaze and student expressions. Blinking is a
good indicator of attention status. When attention level is high,
people tend to blink less so as not to lose eye contact with the
object of interest. An increase in the blink rate, in contrast, is
associated with fatigue. This can best be understood as a ces-
sation of attention inhibition of blinking. The gaze can detect
how people acquire information, playing an important role in
human communication, reflecting cognitive processes, and also
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allowing to recognise areas of interest [6]. If the gaze concentrates
on a particular area over a prolonged time, the interpretation
is twofold: a cognitive difficulty in understanding information
or greater interest. Yawning is a mostly involuntary reflex of
opening the mouth and inhaling deeply, stretching the muscles
of the jaw and trunk. Studies have shown that yawn is not just
linked to tiredness, but also to awakening and when there is a
change in the state of alertness. The proposed software module
analyses these characteristics to be capable of supporting the
teacher during a distance lecture. It aggregates information on
how the attendee’s visual attention is being distributed on the
projected slides in the form of heat-maps and provides other
aggregated information on the classroom. The teacher can count
on a useful tool to overcome the lack of visual feedback in the
classroom from the audience and can also understand if a specific
topic is confusing the entire audience or a significantly high part
of the class by observing the visual patterns that tend to be spread
out. The user evaluation study, performed on volunteers from
academia and industry, revealed the potentials benefit of such an
approach on both actors of a lecture, that are the teachers from
one side and the learners from the other. The video processing
occurs locally on students’ computers thus leading to privacy and
security advantages since it prevents the diffusion of sensitive
personal situations and also optimises internet bandwidth oc-
cupation. The organisation of the paper is as follows. Section 2
provides an overview of the works in the literature that analyse
the characteristics mentioned above to infer information on the
subject’s cognitive state. Section 3 contains the description of the
proposed approach and the adopted Machine Learning inferences.
We evaluated the quality of our proposed system in terms of
sensitivity and didactic benefits in Section 4. Section 5 concludes
the discussion by presenting the rationale for such a kind of
study and the potentials to be further explored in future research
activities.

2. Related works

Today, nearly two billion students around the world have seen
their education blocked by the spread of an unexpected pan-
demic and have been forced to approach new distance learning
modalities. In addition to the obvious problems associated with
this condition, such as the difficulty of having reliable Internet
access and/or the first impact with using new software [7], in [2]
the authors reported the main issues perceived by the students
with this type of learning, including distractions such as text
messages or the use of social networks; boredom and tiredness,
boring and unattractive contents that hardly stimulate their at-
tention. In [8] the authors surveyed 578 students in physics.
They proposed a statistical analysis to investigate the attitudes,
criticalities, and benefits of online learning. The research revealed
that good communication abilities and self-organisation skills are
positively correlated with perceived learning achievement. On the
other hand, students tend to be significantly distracted by the
home environment when attending remote lessons. The conclu-
sions of the work suggest offering special courses for promoting
self-regulated learning skills, emphasise the positive aspects of
distance learning, and (iv) install networking services for sup-
porting student communication. In distance learning the most
serious lack from teachers’ perspective is the feeling of being
heard and understood. In presence, teachers can intercept the
student’s gaze for immediate feedback. In this point of view, eye
tracking systems represent election tools to be used to estimate
the student’s attention and the cognitive load of solving prob-
lems [9,10]. However, asking students to wear an eye tracker
at home during a remote lecture is rather unfeasible for a wide
collection of reasons. One among all others, a reliable eye tracker

is an expensive device. Similarly, Yang et al. [11] develop a
brainwave signal-based system to rate students’ attention levels
as high or low while engaging in learning activity by watching
a video lesson. In an e-learning environment, this system could
provide timely feedback to online instructors when low attention
is registered. Human expressions are the main source of informa-
tion, along with words, in determining individual’s emotions [ 12].
The heart rate variability (HRV) is another non-invasive marker
associated with emotional and cognitive regulation [13]. Several
studies show how this measure can be influenced by sleepiness,
stress or excessive fatigue [14]. Again, the ones just mentioned
are other examples of approaches that take benefits from physical
devices. To overcome these limitations and providing a support
to teachers during distance learning, different characteristics can
be extracted from the analysis of the video stream of a cam-
era acquiring the student frontally while attending the lecture.
Several deep learning approaches for evaluating user expressions
are available in literature. An example is the approach proposed
by Abate et al. [15] that adopts a convolutional neural network
for classifying user expressions to dynamically adapt the user
interface on user’s emotional state. There are various feelings
that can be evident and observable from a face, such as sadness,
boredom, happiness, confusion and fatigue [16]. A good indicator
of fatigue can be yawning. Yawning detection is particularly used
to estimate the vigilance level and monitor driver fatigue level
showing interesting results [ 17]. This information associated with
excessive blinking or prolonged closing of the eyes can allow
obtaining an accurate detection of the state in which the subject
from whom this data is extracted is located in terms of fatigue,
tiredness, boring or sleepiness. From existing works in the litera-
ture it is clear that there is a correlation between a very low blink
rate, related to those performances that require high visual atten-
tion, and a higher blink rate just before sleep and during boring
tasks [18]. Some scholars believe that blinks can provide useful
information on central nervous system activation and fatigue
levels, as fatigue in completing a task. On student’s performance
decreases, the blink increases in frequency and the duration. So
the changes in these measures appear to be related to changes in
vigilance performance [19] and correlated to task demands [20].
Other eye features, such as fixations and saccades, in addition
to being useful in detecting emotion [21], can also be a good
indicator of attention level. The visual attention of the user can be
investigated by analysing those areas on which the gaze lingers
for longer or more frequently, the so-called areas of interest
(AOI) [22,23]. It can also be studied as a heat-map depicting not
single fixation points but sets of points [24]. In [25] the authors
analysed the scan-path of several students while they were intent
on solving different problems with access to worked examples.
Based on the characteristics of shape, direction, length, position
and duration, the similarities between the various scanning paths
were studied to identify the different attentive pattern during
the activity. In [26] the authors present a non-invasive real-time
smart system to monitor the attention of each person who is part
of a team. The goal is to classify their level of attention, having a
preliminary knowledge of the task, and analysing the interaction
of each of them with their computer. Also keyboard and mouse
biometric behaviours can be analysed to assess students class-
room performance while using computers in [27,28]. The authors
mainly focused on four different types of classes, such as audio,
text, video and image. To evaluate the level of attention of stu-
dents Machine Learning techniques were used. Distance learning
does not deal exclusively with teaching. The COVID-19 pandemic
forced several educational institutes to also carry exams and ver-
ification in remote mode [29]. In this context, the contribution of
biometrics is crucial. Multi-biometric system for continuous stu-
dent authentication and accessing on cloud platforms have been
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Fig. 1. The deployment diagram of the proposed architecture.
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proposed [30-32]. They suggest how face recognition, combined
with other physical and behavioural biometric traits, can be anal-
ysed in real-time to empower the distance learning modalities,
making them more secure and reliable.

3. The proposed approach

The proposed didactic approach combines a regular
synchronous online learning instrument, adopted for a video
lecture, with a software module running as a service and capable
of performing deep inferences on students’ videos captured by
the laptop camera. In the cases of desktop PCs, the previous
setting can be simulated by fixing a common webcam on the
top of the PC Monitor. The student application does not expose
a graphical user interface (GUI), since just the unidirectional
communication from the students to the teacher has been con-
sidered at the moment. The teacher is provided with aggregated
indicators on the flow of typical oral lecture. Lessons are not
all the same. In some cases, the students are significantly asked
to take notes during the lesson. In this case, the gaze is forced
to switch from the sheets on the desk and the monitor of the
personal computer in a rapid and continuous manner. A special
condition that is not particularly considered in this study. Rather,
the proposed software module considers all those lectures where
the attendees are predominantly asked to listen to the lecturer
and watch the shared slides. In future development, the system
can be improved by establishing an additional channel between
the teacher and the students to soliciting attention in the cases
of detected distraction.

Fig. 1 shows the architecture of the proposed didactic plat-
form. In the proposed setting, as it is possible to notice, both
the teacher and the students adopt a regular Video Conference
system for synchronous distance lectures (e.g., Microsoft Teams,
Zoom or others). The teacher shares the PowerPoint presentation
of the lecture and the students just attend the video lecture.
Before starting the lecture, the students launch the “Attention
Prober” application and the teacher his/her “Attention Monitor”.
The “Attention Monitor” aggregates information for the teacher
and exposes the heat-map made at run-time with students’ gaze
directions and the distributions of classified expressions. In par-
ticular, the user expressions, shown in the centre-low side of
teacher GUI (Fig. 2) are organised in an histogram labelled with
expression emoticons. This information quickly signals to the
teacher useful hints on the flow of distance didactic action. The
applications are connected via Photon! networking engine, that,
designed as a chatting and multiplayer facility for gaming, sup-
ports distance lectures by ideally shifting the “room” metaphor
to the “classroom” one (Didactic Room). The teacher arranges
the applications on its main screen or puts the game “Attention
Monitor” on its second monitor, if available.

1 https://www.photonengine.com/pun.
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Fig. 2. The Attention Monitor GUI, set by side of teacher Video-lecture software.

During the controlled experiment Microsoft Teams was
adopted as a distance lecture environment, also according to our
teaching habits. The lecture has been driven by PowerPoint, with
the presentation software set in reading modality. We did not use
typical presentation or speaker modalities because these require
a full screen presentation that covers the “Attention Monitor”
application. As it is possible to notice in Fig. 2, the Teacher
GUI consists of a predominant upper portion of the screen that
is reserved to the content of the lecture while the bottom is
intended to provide the instant feedback about the audience
attention in the form of the cumulative heat-map, histogram of
user expressions and measurements of blink/yawn rates. From
the student’s side no any GUI is required since the Attention
Prober runs in background accessing the webcam and analysing
the video-frames. Moreover, a GUI on student’s side could be just
a source of distractions from attending the lecture.

3.1. The machine learning approaches

As introduced above, the proposed module exploits computer
vision solutions to infer attention information on students at-
tending the lecture. From a real-time acquisition of the cam-
era mounted on the screen, the student’s behaviour is anal-
ysed through the detection of blinks, yawns and fixations, to
provide overall feedback on efficacy of student’s attendance to
the lecturer. Blinking is a self-regulating, natural and instinctive
response, which allows keeping eyes healthy. It is performed pe-
riodically with the aim of moistening and cleaning the surface of
the eye. The rapid eye movement performed to move a peripheral
region to the centre of the visual field is called saccade. Fixation
is the time between two saccades and this feature is particularly
interesting because it reveals how people acquire information. It
is the result of a sophisticated mechanism aimed at stabilising the
gaze on the target, in order to allow the analysis of the image
from part of the visual system. Four tasks, based on Machine
Learning and computer vision, have been implemented in the
proposed attention module and consist in:

e Gaze Tracking: is in charge of locating the eyes and generat-
ing a heat-map of the sight.

e Blink detection: a counter of eye blinks during the lecture
and the relative frequency.
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Fig. 3. The calculation of the eye aspect ration (EAR) by which counting the eye
blinks.

e Expression detection: a ML detector of user expressions dur-
ing the lecture.

e Yawn detection: a counter of yawns during the lecture as a
possible indicator of limited attention to the lecture.

The gaze tracker matches the point projected on the screen
with the eyes rotation frame-by-frame. It uses face landmarks
detection, with a specific focus on eyes, and a calibration process.
The results of this module are the generating of a heat-map of
the student’s attention on the slide broadcast during the lecture.
The software module has been implemented on the GazeFlow
application? and generates heat-maps like those presented in
Fig. 5. The calibration procedure consists in a prior step to make
the module running properly and reliably. The student is asked
to sit in front of the monitor and to follow a moving marker
on the slides by the eyes. This process indirectly estimates the
distance between the observer and the monitor so that a reliable
estimation of the fixation point can be inferred from all possible
rotations of the eyes. The module is also slightly invariant to the
head pose and to limited translations of the head, which must be
necessarily well framed in the camera stream. The estimation of
the point observed onto the screen is learned through a simple
Convolutional Neural Network (CNN) consisting of a few convo-
lutional layers and a softmax layer. During the calibration process
it maps the aspect of the eyes rotations with projected point. The
lightweight version of the neural model makes possible to achieve
a limited computing demand of the module, a desirable constraint
for a module running in background which must not impact on
student’s lecture attendance.

Automatic detectors of eye blinks have been proposed for
many tasks including attention level estimation [33]. In general,
the frequency of the eye blinks can be strictly related to cog-
nitive activity. For this reason, the proposed attention module
implements a blinking counter® which is based on the work of
Suokupova and Cech [34]. The detection of blinking is a simple
image processing tasks. Starting from the eye landmarks, the eye
aspect ratio (EAR, Fig. 3) to count the number of blinks can be
computed. It consists in the following equation:

The useful properties that can be extracted from eye blinks
are: (i) the blink rate, (ii) the duration, and (iii) the amplitude. The
blink rate is the number of blink per minute which value is about
17 blinks/minute on average [35]. The blink duration, meaning
the time interval between the blink starting and ending ranging
from 60 ms to 700 ms, is another good indicator of the mental
state of the subject [36]. Blink amplitude, which represents the
level of openness of the eyes, is a very variable measurement that
may differs significantly among people. Considering the operating
condition in this study, the blink detector processes videos ac-
quired by personal devices. Such devices can differ significantly to
each other both in quality and frames per second. For this reason,
just the blinking rate has been considered.

Similar to blink detectors, the landmarks detected in the labial
area of the face can be processed to detect the expressions* and

2 https://github.com/szydej/GazeFlowAPI.

https://[www.pyimagesearch.com/2017/04/24/eye-blink-detection-opencv-
python-dlib/.

4 https://github.com/pablovin/FaceChannel.
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Fig. 4. Plot showing the difference in amplitude and duration of yawns with
respect to other common tasks that can be inferred from labial landmark
dynamics.
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Fig. 5. The image shows one of the heat-map obtained during the calibration
process superimposed on the slide projected.

yawns.” Yawns are a special class of expression classification
problem commonly associated with drowsiness. In many cases,
the rate of yawns is a good indicator of lack of attention in the
monitored person (it is usually taken into consideration for esti-
mating the level of attention of drivers while driving a car [37]).
Computing the distances between landmarks on the upper and
lower lips, the yawns can be easily detected by thresholding the
measurements in real-time at the same way the blinks are de-
tected. The yawn detector is based on the assumption that a yawn
causes a strong and prolonged opening of the lips. Computing
yawn duration and amplitude at the same way as for eye blinks,
the dynamics of the yawn can be effectively distinguished by oth-
ers like speaking or laughing (refer to Fig. 4). Therefore, a counter
of the yawns can be simply obtained once labial landmarks have
been detected.

3.2. Calibration of the algorithms

Aiming at tuning the adopted ML algorithms, a preliminary
training session has been performed. The tuning was performed
for customising the detection parameters with respect to camera
and to the different point of views. Moreover, it were also meant
to provide a first evaluation of the sensitivity of the proposed sys-
tem on gaze detection applied to the students’ video recordings.

The calibration has been performed on the videos recorded
by the students during a synthetic distance lecture. The teacher

5 https://github.com/kostasthanos/Drowsiness-Detection.


https://github.com/szydej/GazeFlowAPI
https://www.pyimagesearch.com/2017/04/24/eye-blink-detection-opencv-python-dlib/
https://www.pyimagesearch.com/2017/04/24/eye-blink-detection-opencv-python-dlib/
https://github.com/pablovin/FaceChannel
https://github.com/kostasthanos/Drowsiness-Detection

Table 1
The pre-experiment questionnaire.

Question Score

ql. I like playing video games

q2. I spend one hour a day playing video games
q3. I buy one or more video games a month
q4. I like retro gaming

q5. I have one or more video games >3

6. I will buy a video game in the next month Definitely
q7. 1 like reading books (not school ones)
q8. I read a book

q9. I buy one or more books a month
q10. I like old books

q11. I have one or more books >3

q12. I will buy a book in the next month Definitely

Always
Always

Always
Always

Strongly agree

Strongly agree

Strongly agree

Strongly agree

Agree Neutral Disagree Strongly disagree
Often Sometimes  Rarely Never

Often Sometimes  Rarely Never

Agree Neutral Disagree Strongly disagree
3 2 1 0

Probably  Possibly Probably not  Definitely not
Agree Neutral Disagree Strongly disagree
Often Sometimes  Rarely Never

Often Sometimes  Rarely Never

Agree Neutral Disagree Strongly disagree
3 2 1 0

Probably  Possibly Probably not  Definitely not

asked to follow an ‘ad hoc’ presentation designed to solicit the
students to observe known points of the slide, represented by
specific targets. In this way, it has been possible to adapt the
detector to differences in camera lenses in numerous settings and
to evaluate if the students’ videos are suitable for the analysis to
be performed. Additionally, the calibration required the students
to mimic some expressions aiming at evaluating the sensitivity of
Machine Learning algorithms involved in the proposed processing
pipeline (more details can be found in Abate et al. [15]).

We asked the participants to record their videos sitting on the
chair at a distance of about 60-70 centimetres from the mon-
itor, and consequently from the camera. In the second session,
we required students to stay closer at 30 centimetres from the
camera (see Fig. 6). This to be able to have an upper bound
of the quality of the videos that can be currently recorded via
laptop cameras, even if this distance is not practical to maintain
during a real remote lecture and serving just as a benchmark.
The tuning has been performed by adopting an aimed synthetic
PowerPoint presentation designed to solicit student gazes in spe-
cific and known directions: the students have been explicitly
asked to follow a marker positioned at several known positions
on the slides. In this way, it was possible to take into account
all the differences in physical settings adopted by the students.
At the end of the calibration, we found that 60-70 centimetres
(i.e., the regular distance from laptop screen) is a good ‘point of
observation’ on students and it well balances the image resolution
and gaze detection.

4. Evaluation

The support provided by the proposed approach to
synchronous distance learning has been evaluated in two con-
trolled experiments: the one performed with the voluntary par-
ticipation of 20 students attending the “Context Aware Security
Analytics in Computer Vision” (Computer Science Master Degree,
Internet of Things Curriculum of the University of Salerno, Italy)
and the other involving 30 computer scientists and engineers of
Kineton, an engineering company specialised in the automotive,
media, entertainment, and telecommunications sectors. It is im-
portant to point out that the topics adopted for this assessment
are not part of the student course program (as well as are not
related to working practices for Kineton employees) and that,
neither the students nor the employees, have been evaluated
during the experiment. In addition, as it is possible to deduce
by the system description, the tool is specifically formulated
for Distance Education actions and the experiment has been
performed at distance in safe conditions, without exposing the
participants to pandemic risks. After the tuning of the applica-
tions, the proposed system has been evaluated in two sessions,
that are Didactic session with students and Industrial session with
employees. Both the sessions have been focused on the applica-
tion of the proposed analysis to the video captured during two

Fig. 6. Samples of participants during the calibration process. From left to right,
the first column shows the participants while pointing at the moving marker on
the screen by just rotating their eyes at a close distance from the screen. The
second column is the same condition as the first one but at a higher distance
from the screen. The third and fourth shows participant while rotating their
heads to follow the marker at a close and far distance from the screen.

oral presentations performed by the teacher in distance learning
modality. In particular, the same two lectures have been adopted
for both the sessions and were focused on the “History of Video
Games” and on the “History of Typography”. The idea behind
the choice of the two topics was to propose two lectures that
should evidently receive different attention from the participants.
Indeed, because of being computer scientists in both the Didactic
and the Industrial sessions, the involved volunteers clearly should
prefer video games with respect to typography and we were
expecting to detect this preference in evaluation results.

The rationale behind this choice is that we expect more inter-
est in topics about the video games by an audience of computer
scientists, which should be reflected in the behaviours of the
attendees during the lessons in terms of gaze, blinks and yawns.

As suggested in [38], we adopted a fully balanced design
for the experiment in both the evaluation sessions: half of the
participants started with video games lecture, and the other
subjects with typography one. This prevents from fatigue or bore-
dom to bias the results. Before the controlled experiment, a
pre-evaluation questionnaire has been submitted to participants
to control their degree of interest toward the presented topics.
The questionnaire reported in Table 1 assesses the attitudes and
practices of the participants by direct 12 questions (6 for topic)
but also in terms of purchase intentions. The Pre-Experiment
questionnaire establishes a classification of user attitudes toward
Video Games and Typography in general. The twelve questions
are organised as follows: questions from q1 to g6, are focused
on Video Games while their counterparts for Typography are the
questions from q7 to q12. According to their nature, the questions
require different categorical answers.



Table 2
The post-experiment questionnaire.

The video games and typography questionnaires

Q1 I was interested in the presentation
Q2 I found the presentation well organised
Q3 I was concentrated on the teacher speaking
Q4 I found teacher exposition to be clear
Q5 I was concentrated on the slide flow
Q6 I had troubles attending lecture
Table 3

Hypothesis testing on the pre-experiment results.
Pre-experiment wilcoxon signed rank test

Test ho p-value Medy Medr
ql vs. q7 1 0.0005 2 3
q2 vs. q8 1 0.0172 2 2
q3 vs. q9 0 0.08 2 3
q4 vs. q10 1 0.015 2 4
g5 vs. q11 1 0.0006 1 3
g6 vs. q12 1 0.037 3 3

After every presentation, the participants were asked to fill the
“Post-Experiment Questionnaire” reported in Table 2, with an-
swers anchored on the 5 points Likert scale going from “Strongly
Agree” (anchored to 1) to “Strongly Disagree” (anchored to 5).
The questionnaire aims at subjectively evaluating the expected
interest toward the two subjects and the concentration applied
during the attended distance lectures.

Both the controlled experiments have been articulated in the
same two phases:

e the preliminary ethnographic survey aiming at assessing
the characteristics of the participants to the experiment
(Pre-Experiment Questionnaire);

e the on-the-field evaluation performed between the two dif-
ferent degrees of participant’s interest perceived and mea-
sured during the two distance lectures (video games and

typography).

Both the presented lectures adopted in the last phases are made
of 14 content slides and one header slide: the oral presentations
performed by the teacher lasted both around 14 min, one minute
per slide. The contents are simple and minimalist: just black
text on white background with the addition of equal number of
images (a sample is shows in Fig. 2).

The controlled experiment checks the participant’s interest in
the two topics proposed by asking him/her to answer a ques-
tionnaire before starting the two didactic sessions (first phase),
and by directly asking the opinions after both the presentations.
Objective measurement of user attention was performed, off-
line, by measuring gaze fixations expressed as a percentage of
the slide duration (see Section 3.1). The controlled experiment
has provided two classes of results, with respect to didactic and
industrial users:

e a subjective evaluation of participant’s interest (before and
after the presentations) toward the two lectures, collected
via questionnaires.

e objective measurements collected by analysing students’
gaze direction (also in terms of fixations), their expressions,
and counting detected blinks and yawns.

At the aim of this evaluation, only gaze direction has been taken
into consideration, utilising fixation times as a rough estimation
of student attention. Other metrics that can complement user
behaviour analysis, considering also slide area coverage, may be
introduced in future developments of the presented research.

Videogames

Books

Fig. 7. The results of Pre-Experiment questionnaire.

4.1. The didactic session

The Pre-Experiment Questionnaire, reported in Table 1, has
been answered by all the participants (Didactic and Industrial)
before starting the two lecture sessions.

As it is possible to notice from results in Fig. 7, Computer
Science students participating in the experimental sessions (age
ranging in 21-25) confirmed the assumption that they are more
interested in video games than in a lecture on the history of
typography. This is evident by analysing the answers to the Pre-
Experiment questionnaire. By comparing the first six answers
(Video Games) with the last ones (Typography), it is possible to
have a preliminary estimation of the expected levels of attention
the students will pay to the two lectures.

The differences in users’ attention and interest toward the
adopted topics have formally been evaluated in pairwise statis-
tical hypotheses verification tests. In particular, since the sample
dimension did not let us choose a parametric test, we adopted the
Wilcoxon Signed Rank test [39], that evaluates the null hypothesis
hg of equal medians and does not impose normality assumptions.
Table 3 reports the results obtained by the pairwise compar-
ison performed on the associated questions. The table reports
the tested couple in the column labelled “Test”, in the column
labelled with ‘hy’, the result of the test (0 or 1) and the p-value.
The two rightmost columns report the answer medians: Medy for
Video Games and Medy for Typography. As it is possible to notice,
the majority of the comparisons does not statistically support
the null hypothesis that the two samples are characterised by
equal medians at the 0.05 level of significance. Two comparisons
do not highlight statistical differences: the q2-q8 and q3-q9
tests. In these cases, the formulation of the questions, the first
concentrated on effective gaming/reading time spent a day and
the second one on video games/books purchase, are probably too
practical to be a good indicator of the expected different user
preferences.

4.1.1. The didactic session results

After the Pre-Experiment questionnaire, we were expecting to
detect the same differences in the answers given to the Post-
Experiment questionnaire, shown in Table 2. In particular, we
aimed at showing the same differences underlined by the previ-
ous phase of the evaluation, on objective indicators obtained by
Deep Learning techniques applied to the student videos.

The results of the Post-Experiment questionnaire are aggre-
gated in the histograms depicted in Fig. 8. The upper line is
for Video Games while the lower one is for Typography. The
formal evaluation of participants’ answers collected via the Post-
Experiment questionnaire, has been performed with 6 Wilcoxon
Signed Rank test at the 0.05 level of significance [40]. Concerning
the questions, reported in Table 2, it is important to point out
that Q1, Q3, and Q5, analogous for both the topics, are the 3
questions assessing the effective concentration of students during
the didactic experience. Questions Q2, Q4, and Q6 have just a
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Fig. 8. The results of the two Post-Experiment questionnaires after Classroom
evaluation.
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Fig. 9. The fixations of students’ gazes expressed as the percentage of slides’
duration.

control role, instead, and they aim at excluding bias factors like
PowerPoint slide organisation, teacher exposition style or other
kinds of problems that may arise during a distance lecture. In the
case of the Post-Experiment questionnaire, the comparison of Q1,
Q3, and Q5 questions underlines a significant statistical difference
in participants’ interest toward the two topics proposed. As we
would have expected it to happen, the control questions Q2, Q4,
and Q6 do not support, with sufficient statistical evidence, the
presence of problems in the organisation and fruition of the two
lectures (see Table 4).

As shown in the previous sections, the ML algorithms applied
to student images provide several hints to the teacher about
lecture flow in terms of student’s gaze direction with respect to
the slide, expressions, and yawns. At the aims of the evaluation,
we adopted the fixation metric. The idea is to record students’
gaze fixations expressed as a percentage of the entire time the
slide has been presented.

Fig. 9 depicts the histograms of collected fixation times aggre-
gated by session.

The average fixation time collected during the Video Games
lecture is 19.31% and the one related to Typography is 13.1%. As
it is possible to graphically notice, is evident the difference in
fixation times between the two topics presented.

Before performing a formal hypothesis verification test to sup-
port the previous observation, we executed a Lilliefors test [41] on
the measured fixation times. The test checks the null hypothesis
that the data are normally distributed. Applied to both the fixa-
tion times measured for Video Games lesson and for Typography
one, the Lilliefors tests did not support the null hypothesis of
normality. Accordingly, we evaluated the differences between the
two groups of results by applying Wilcoxon Rank Sum test at the
5% of significance and paired on the slides.

Table 4
Hypothesis testing on the classroom post-experiment results.

Post-experiment wilcoxon signed rank test

Videog. vs. Typogr. hg p-value Medy Medr
Q1 1 0.0004 1 3
Q2 0 0.59 2 2
Q3 1 0.0006 2 3
Q4 0 0.37 2 2
Q5 1 0.0002 2 3
Q6 0 0.76 5 5
Table 5

Classroom session: Gaze fixation times comparison aggregated by slide
number.

Rank sum p-value Medy - Medr
1 1 0.0007 14
2 0 0.1009 35
3 0 0.0674 6
4 1 0.0131 35
5 0 0.1224 25
6 0 0.1888 05
. 7 1 0.0254 4
Slide 8 1 0.0070 10
9 1 0.0052 65
10 1 0.0003 10
1 1 0.0113 7
12 1 0.0142 5
13 0 0.5880 25
14 1 0.0036 9

Table 5 reports the results of the 14 Wilcoxon Rank Sum
tests performed comparing the detected fixation (times reported
in percentage of slide duration) on the corresponding slides of
the two lectures proposed. The rightmost column of the table
shows the differences in median fixation values (relative to all
participants) for every slide.

Table 5 shows that only in the case of five slides (2, 3, 5,
6, and 13) the tests did not find enough statistical evidence to
reject the null hypothesis of median equality. It is important to
point out that, also, in this case, the punctual statistics reported
in the rightmost column confirm the trend of the other rejecting
9 tests. After the Didactic Session, we can conclude that the
objective evaluation performed on the ML “raw” indicator of
participants’ attention (Fixation time) has confirmed the results
obtained by the questionnaires answered by the participants after
the experiment. We believe this assonance as a good indicator
of the efficacy of the proposed approach. In addition, also in
the cases of missing statistical evidence, the positive differences
of medians (see Table 5) do not provide elements against the
previous findings.

4.2. The industrial session

The second evaluation session performed has involved 30 vol-
untaries working at several technical degrees in a engineering and
software development company. Their education ranges among
bachelor and master degrees in computer science and electronic
engineering. Also in terms of age, this sample is more hetero-
geneous with respect to the one participating to the Didactic
Session, even if the ages are in the range 24-37. The Industrial
session adopts the same design of the Didactic one, and has
begun with the Pre-Experiment Questionnaire (Table 1). As it
is possible to notice from the results depicted in Fig. 10, the
expectation about the propensity towards the proposed topics are
confirmed also for the employees participating in the industrial
experimental sessions: because of their technical skill and of their
attitudes, also the second group of participants appears more in-
terested in video games than to the history of typography. This is
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Fig. 10. The results of the Pre-Experiment questionnaire for the Industrial
evaluation.
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Fig. 11. The results of the two Post-Experiment questionnaires after the
Industrial evaluation.

even more evident, compared to the Didactic session participants,
by analysing the distribution of answers to the Pre-Experiment
questionnaire.

Also in the case of the Industrial Session, the differences in
interest toward the adopted topics and in user attention have
been formally evaluated with 6 pairwise Wilcoxon Signed Rank
tests [39]. Table 6 (the structure is detailed in Section 4.1) reports
the results obtained by the pairwise comparison performed on
the associated questions.

In accordance with the graphical observations reported be-
fore, in the Industrial session, only the q6-q12 comparison is
not supported by statistical differences. Aiming at replicating
the same conditions of the Didactic session, the participants to
the Industrial session have attended the recordings of the two
presentations focused on the history of Video Games and of
Typography. Also in this case we adopted a fully balanced order:
half of the participants began the experiment with the Video
Games presentation and the others with the Typography one.

4.2.1. The industrial session results

Also in the case of this Session, we detected the same differ-
ences in the answers given to the Post-Experiment questionnaire,
submitted to participants immediately after each distance lecture.
The results are shown in Table 7. Collecting the ML analyses of
the participant, we aimed at detecting the same differences on
objective indicators.

Fig. 11 organises the results of the Post-Experiment question-
naire in histograms. The upper line is for Video Games while
the lower one is for Typography. Also in the case of Indus-
trial Session, the formal evaluation of participants’ answers to
the Post-Experiment questionnaire, has been performed with 6
Wilcoxon Signed Rank test at the 0.05 level of significance [40].
In the case of the Post-Experiment questionnaire, the comparison
of Q1, Q3, and Q5 questions underlines a significant statistical dif-
ference in participants’ interest toward the two topics proposed.
As we would have expected it to happen, the control questions
Q2, Q4, and Q6 do not support, with sufficient statistical evidence,
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Fig. 12. The fixations of employees’ gazes expressed as the percentage of slides’
duration.

Table 6
Hypothesis testing on the industrial pre-experiment results.

Pre-experiment wilcoxon signed rank test

Test hg p-value Medy Medr
ql vs. q7 1 5 x 107 2 3

q2 vs. q8 1 0.047 25 2

q3 vs. q9 1 0.0029 4 3

q4 vs. q10 1 42 x 107 2 35
q5 vs. q11 1 0.0052 1 3

q6 vs. q12 0 0.164 3 3

Table 7

Hypothesis testing on the industrial post-experiment results.
Post-experiment wilcoxon signed rank test

Videog. vs. Typogr. ho p-value Medy Medry
Q1 1 0.0169 1 3
Q2 0 0.1719 2 2
Q3 1 1.8 x 107° 2 3
Q4 0 0.0076 2 3
Q5 1 14 x 107° 2 3
Q6 0 0.502 5 5

the presence of problems in the organisation and fruition of the
two lectures. Also the medians of scores, reported in the table,
support this founding.

Respecting the design of the Didactic Session, also for the
industrial evaluation, we adopted the fixation expressed as a
percentage of the entire time the slide has been presented.

Fig. 12 reports the histograms of the fixation times aggregated
by session. In the case of the Industrial Session, the average fixa-
tion times collected are 24.31% for Video Games lecture and 16.1%
for the one related to Typography. As it is possible to graphically
notice, the difference in detected fixation times between the two
topics is evident in the figure and it is higher than the one
reported in the Didactic Session. We believe that the students are
more accustomed to being concentrated on a presentation they
are not interested in, with respect to the employees.

After the Lilliefors test [41], we evaluated the differences
between the two groups of results by applying 14 Wilcoxon Rank
Sum tests at a 5% of significance. Table 8 reports the results
of the tests. Also in this case, in the case of five slides (3, 4,
8, 10 and 11) the tests did not find enough statistical evidence
to reject the null hypothesis of median equality. However, also
for the Industrial Session, the punctual statistics reported in the
rightmost column confirm the trend of the other 9 tests. The
objective evaluation performed on the ML “raw” indicator of
participants’ attention (Fixation time) has confirmed the results
obtained by the questionnaires answered by the participants after



Table 8
The industrial session: Gaze fixation times comparison, aggregated by slide
number.

Rank sum p-value Medy - Medr
1 1 0.019 10
2 1 0.014 8
3 0 0.069 8
4 0 0.23 9
5 1 0.045 9
6 1 0.0178 6.5
. 7 1 0.0012 45
Slide 8 0 0.068 8
9 1 0.003 6
10 0 0.29 6.5
11 0 0.3 4.5
12 1 0.0043 16.5
13 1 0.0099 10.5
14 1 0.0093 5.5

the experiment. We believe this assonance to be a good indicator
of the efficacy of the proposed approach.

4.3, Threats to validity

In this subsection, we detail how we designed and performed
the experiment to maximise, to the best of our possibilities, the
validity and generalisation of the results. We investigate threats
that may impact the validity of the results according to the
classification proposed by Wohlin [38] and organise the discus-
sion with respect to internal, external and conclusion validity.
Concerning the internal validity, investigating eventual influences
that can affect the independent variables with respect to causal-
ity, it is important to remark that aiming at avoiding learning
effects due to presentation sequence, the experiment was organ-
ised following the fully balanced design with an equal number
of students starting with each topic. External validity describes
the study representativeness and the ability to generalise the
results outside the context of the evaluation. We identified the
following threats to external validity: (i) the subject population
we selected was composed of 20 Computer Science students and
30 employees of an engineering company, that are particularly
favourable to the adopted technologies, (ii) the experimentation
should be extended to students of other subjects, (iii) the age of
subjects is only partially representative respect to the potential
applications of the proposed system and the evaluation may be
enriched with experiments performed on other categories of po-
tential users like adults or elderly. However, we have selected two
participant samples that slightly differ in some characteristics
thus contributing to the exclusion of possible bias factors. Con-
clusion validity examines the issues affecting the ability to draw
the correct observations. The participant number is overall 50, but
the heterogeneity of the sample limits the collection of normally
distributed data. In fact, after normality check, we adopted non-
parametric Wilcoxon Signed Rank and Rank Sum tests and we
respected the requirements providing good statistical power for
the validity of the results. However, the performed evaluation is
only aimed at inspiring considerations about how the subjective
behaviour is related to objective measurements adopted, and to
such a purpose we performed formal experimentation.

4.4. Teacher impressions

In the last year, pushed by the urgency of adopting distance di-
dactic, almost all teachers have taken their lectures in a distanced
manner. The common teacher opinion about distance teaching is
the lack of feedback about the flow of the lecture, about teacher
exposition style and on the arrangement of the concepts. The

feeling is to be in front of a rubber wall and the teacher exposition
rarely gives rise to questions or interaction with the students. The
teacher involved in the experiment has greatly appreciated the
support provided by the proposed tool. Without being too intru-
sive, the didactic analyser proposed provides interesting hints to
the teacher and lets him/her be able to adapt the flow of the oral
exposition to student attention and to improve the organisation
of the course by exploiting the continuous hints provided by the
student gaze and expression analysis. The instrument has been
proved effective also in an evaluation session performed in the
context of a private company that is often involved, like other
companies, both similar and operating in different commercial
sectors, in a remote training session for professional updating
of the staff. What is still required by the teacher is a feedback
channel enabled toward the students who are not attentive to
the lesson. Currently, the teacher directly speaks to the classroom
and may solicit the students when he/she sees the attention of
the audience to decrease. The implementation of an automatic
system for improving student attention, may keep them focused
on the lecture and may enable an attention checking/soliciting
questions in the cases of possible fall of concentration.

5. Conclusion

The continuous improvement of network bandwidth and the
availability of reliable online services have created the right
premises to promote the distance learning as an effective al-
ternative solution to traditional classroom instruction. Online
education has several benefits for attendees. It can provide a
broad method of communication and can expand education to a
wider audience, due to the flexibility and a custom management
of time by offline attendance. The advantages are numerous as
well as numerous are the instruction institutes that adopted on-
line education as exclusive or complementary means of teaching.
Nowadays, COVID-19 pandemic has turned the advantages of
online education into a concrete and essential need. Risks of
transmission of the virus among the populations led the gov-
ernment to adopt strict regulations to avoid crowds. University
and school courses have been severely invested by the restriction,
forcing students to attend lectures at home for months (even for
one entire year in some countries). The side effect of such a mas-
sive usage of online platforms for education has been the collapse
of the transmission and efficiency of the networks due to the
intensive use of bandwidth to allow teachers and students being
visually connected. This results in reduced participant attention
and difficulty monitoring students for the lectures during a les-
son. While providing a lecture, the lectures can correct the tone of
the voice or stressing a particular content of the lesson, according
to the visual feedback collected by the audience. Moving to fully
online education scenarios, this useful insight misses to teachers.
For the motivations explained above, it is unfeasible to think that
all students may turn on and share their online recordings of their
camera. In this work, a monitoring software module, running lo-
cally in background on student’s personal computer, is proposed.
It consists in a support tool for teachers to gather statistics on
students’ engagement and attention through Machine Learning
and computer vision techniques. By the video stream recorded
during the lecture, the software module analyses the attention of
the students, monitoring his/her expressions, the eye blinks, the
yawns and also tracking the gaze to estimate the fixations of the
attention and the scan-path over the projected slide. Exploiting
less demanding Machine Learning solutions to computer vision
tasks, the software module can run in real-time without inter-
rupting the student attending the remote lecture and avoiding the
transmission of sensitive data over the network, which differently
should be encrypted with a further overhead. The module pro-
vides the lecturer with an overall feedback about the proficiency



of the lecture performing inference on students data. The visual
feedback consists of a combination of a cumulative heat-map and
quantitative measurements of blinks and yawns that allow the
teacher to do rapid considerations about the current projected
lecture content and possibly solving the issues so to catch the
attention of the audience again, without asking the teacher to
interrupt the lesson. This is perceived as an added value in
distance learning by the attendees who often report a less fluidity
of the lecture in remote condition respect to traditional classroom
one. The experimental results on volunteers, 20 students and
30 employees, reported positive feedback, both in terms of gaze
tracking and evaluation questionnaire. From the student’s point of
view, the proposed software module is considered non-intrusive
and they report a sense of trust due to the chance of not sharing
personal recordings. From the teacher side, the proposed software
has been considered as a valid support tool to control the flow
of the lecture. The teacher is solicited to ask questions when
indicators suggested a decrease of attention in the audience, thus
filling that gap in the communication that is often sensibly driven
by body language and natural attitudes or the experience. In
this work, the focus was providing the teacher with feedback
during the lecture with the objective of establishing new way
of connecting the lecturer with the attendees. The experimental
results collected during a user-evaluation, involving students and
employees in industrial field, demonstrated the potentials and
the limitations of the proposed work. The results achieved in this
study can be considered as a preliminary feedback for teachers to
assess the efficacy of a lecture and the potential learning rate of
attendees. The statistics collected by the software module during
the lecture have been considered useful from teacher side to
suggest contents of the lecture that resulted harder do under-
stand or distracting the attention of the audience. The teacher
can propose recap questionnaire at the end of the lecture that
can better stimulate the students to focus on topics that they
did not get properly. However, aimed studies are necessary to
infer the efficacy of the attention. How the fixations, the eye
blinks or the eye scan-path impact on the understanding of the
lecture involves a complex user evaluation which is out of the
scope of this work, even if the proposed approach represents
a preliminary essential step to achieve such a goal. Similarly,
including other users categories, like adults or even elder people,
into the validation of the approach could provide further insights
on social-economic variables influencing the efficacy of the tool.
We believe, however, that such an experimentation does not
fall into the goals of our proposed work. As another further
improvement of this study, the same protocol can be feasibly
implemented in distance exam monitoring. Attempts of cheating
during exams can sometimes be difficult to detect. In the era of
COVID-19 pandemic, which has dramatically changed practices
and protocols, these difficulties have been even more stressed. By
properly collecting data during exam sessions, Machine Learning
algorithms can be trained to detect anomalies thus providing a
probabilistic estimate of the reliability of the mark assigned to a
written text or the reliability of an oral discussion.
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