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Various studies have measured and analyzed learners’ emotions in both traditional classroom and e-learning settings. Learners’
emotions can be estimated using their text input, speech, body language, or facial expressions. (e presence of certain facial
expressions has shown to indicate a learner’s levels of concentration in both traditional and e-learning environments. Many
studies have focused on the use of facial expressions in estimating the emotions experienced by learners. However, little research
has been conducted on the use of analyzed emotions in estimating the learning affect experienced. Previous studies have shown
that online learning can enhance students’ motivation, interest, attention, and performance as well as counteract negative
emotions, such as boredom and anxiety, that students may experience. (us, it is crucial to integrate modules into an existing
e-learning platform to effectively estimate learners’ learning affect (LLA), provide appropriate feedback to both learner and
lecturers, and potentially change the overall online learning experience. (is paper proposes a learning affect estimation
framework that employs relational reasoning for facial expression recognition and adaptive mapping between recognized
emotions and learning affect. Relational reasoning and deep learning, when used for autoanalysis of facial expressions, have shown
promising results. (e proposed methodology includes estimating a learner’s facial expressions using relational reasoning;
mapping the estimated expressions to the learner’s learning affect using the adaptive LLA transfer model; and analyzing the
effectiveness of LLA within an online learning environment. (e proposed research thus contributes to the field of facial ex-
pression recognition enhancing online learning experience and adaptive learning.

1. Introduction

E-learning is flexible and therefore can meet various chal-
lenges posed within the sphere of information technology
(IT), and most notably it has the potential to widen people’s
access to knowledge. (e joint impact of communication
and ITon learning offers various routes of exploration, such
as how best to capture and keep learners’ attention, as well as
developing active and flexible learning environments that
motivate students to learn continuously through the use of a
variety of IT tools [1].

With the COVID-19 situation, e-learning has been at the
forefront in providing quality education to learners.
E-learning refers to using computers and online learning
tools in a blended learning environment, focusing on col-
laborative online learning [2]. E-learning can be

advantageous as it allows learners to progress at their own
pace and access information at the time and place that suits
them best [3, 4]. However, it also presents some challenges.
One such challenge has to do with the congruence between
the e-learning environments’ and students’ characteristics,
as well as the effect of all users’, students’, and teachers’
cultural-educational background on their personal prefer-
ences within the e-learning environment. Currently, rapid
social and technological changes emphasize the need for
lifelong learning. Due to the enormity of this need, it cannot
be met in a traditional classroom setting. (us, e-learning
provides an alternative way to pursue lifelong learning via
the internet.(is mode of knowledge transmission is rapidly
gaining momentum due to recent advances in computer
technologies, as well as research into the pedagogical
methodologies linked thereto. Online learning has become
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part of the “normal” landscape in training and education
because it widens access to knowledge. Furthermore, it also
offers learners and instructors flexibility and convenience,
since they can upload/access information when it suits them
best. One disadvantage is that some online learning sites
provide learners with a wealth of information but do not
offer them any support with using the information to
construct meaning. In such situations, students are passive
receivers of information, which does not promote the
principles of lifelong learning [5].

In a physical classroom, the instructor and students can
send and receive non-verbal communication signals. In-
structors who are aware of nonverbal signals sent in the
classroom can modify their instruction in response to
negative signals (confused looks) from students, as well as
send positive nonverbal signals that may aid in student
learning. (ese signals are unfortunately absent in a virtual
classroom, which makes it very difficult to gauge students’
engagement and boredom levels. (us, a very informative
lecture can completely miss the mark and become ineffective
due to the inability of the platform to provide lecturers with
students’ non-verbal communication signals. For successful
online teaching and learning, it is imperative to overcome
this drawback. (us, there is a need for a system that can
operate within an e-learning environment and provide real-
time feedback to lecturers on their students’ levels of en-
gagement in a virtual classroom.

Within the world of educational technology, empathetic
interactions between the user and the system are very im-
portant. (is can be achieved through the use of multiple
channels such as text, audio, and visual modalities. (is
paper proposes and discusses the development of a non-
intrusive model that can assess the engagement level and
emotional state of the learner and then generate appropriate
feedback. In the proposed study, a deep learning-based facial
emotion recognition (FER) system, in particular a temporal
relational network (TRN) FER system, is used to predict the
expressions exhibited by a learner as recorded via a webcam.
Furthermore, the predicted expressions from the system are
used to estimate the emotional state and engagement level of
the learner which allows for generation and distribution of
appropriate feedback. For that reason, it is believed that the
integration of such a system into the online learning en-
vironment can improve the overall platform. Figure 1 il-
lustrates an autonomous e-learning evaluation system based
on emotion recognition that can offer lecturers real-time
feedback on their students’ levels of involvement in a virtual
classroom.

(e basic framework to identify learners’ affective state
depends on the detection of basic emotions, such as happy,
sad, sadness, happiness, surprise, fear, anger, and disgust,
from facial cues. For this purpose, DISFA+dataset is used
which includes both posed and non-posed emotions. Posed
emotions include “sadness” and “happiness” labels. Figure 2
provides sample images from DISFA+dataset with posed
face expressions. Non-posed emotions are spontaneous,
with notable muscle movements of the face. Both posed and
non-posed emotions are further classified into two broad
categories, namely, positive and negative emotions.

(e rest of this paper makes use of the following
structure. (e relevant literature in the field is provided in
Section 2 and methods for estimating learning affects are
given in Section 3. Mapping emotions to learning affect are
introduced in Section 4 and types of learning affects are
introduced in Section 5. (e proposed FER system is
reviewed in Section 6 along with the methodology employed
being discussed briefly and proposed mapping emotions to
learning affect are discussed in Section 7. Live testing of
proposed models using GUI and experimental results are
discussed in Section 8. Conclusion and possible future work
are discussed in Section 9. Section 10 concludes the article
with a discussion.

2. Related Research

(is section highlights the work done so far in the area of
emotion recognition, e-learning, and use of facial
expressions.

2.1. Emotion and Expression Recognition. Recently, studies
have suggested that brain function is affected when basic
emotional mechanisms are missing. (us, emotions are
needed for knowledge production. However, it is also in-
dicated that extremely high emotional reactions have an
adverse effect on rational thinking [7]. It reasonably follows
that positive emotions such as joy, acceptance, satisfaction,
and trust can lead to higher levels of creativity and accurate
decision-making and problem-solving skills that can en-
hance learning [8]. Negative emotions such as fear, anger,
and sadness have a negative influence on the brain and
prolonged emotional distress can adversely affect the
learning process and can be demotivating to a learner. For
example, a learners’ ability to memorize and remember can
be affected by depression and anxiety which can lead to
frustration and despair which is ultimately expressed in
emotional forms such as anger, fear, and/or sadness [9]. In
these scenarios, good feedback practices can help get
learners back on track as well as motivate them, which can
ultimately lead to enhanced learning. (us, in an e-learning
situation, an effective system should be able to read the
learners’ emotions and measure their attention in order to
provide intelligent feedback that will enhance the learning
experience of the learners. Effective and intelligent feedback
in e-learning can be given to learners using embodied
conversational agents (ECAs) [10]. (ese ECAs can be given
a digital persona and can communicate with the user ver-
bally or non-verbally. (ey can also express emotions that
are more effective than a “faceless” computer providing
feedback. Unfortunately, building these systems can be quite
challenging.

When working with emotion recognition, it can be
challenging to map emotional states according to facial
expressions. To counteract this, Paul Ekman set out to map
universal facial expressions [11] for emotions such as dis-
gust, fear, anger, sadness, surprise, and happiness. Fur-
thermore, this field gained more interest in the late 1990s
when affect was successfully recognized by a machine from
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static images as well as from audio-visual signals. Literature
suggests that emotion data should be drawn from observing
the entire face and specifically noting the use of certain facial
muscles. (is is called the sign-judgment approach [12].
Additionally, the Facial Action Coding System (FACS) can
be used to classify the action units (AUs) of facial expres-
sions, which can then be labeled according to emotion [13].
Bartlett et al. [14] made use of AUs in their studies and found
it to be a robust detection system to accurately label emo-
tions. Other models, such as the geometric feature-based
model, trace the variations in the shape and size of facial
components (mouth, eyes, and eyebrows) to identify
emotions. On the other hand, holistic approaches make use
of a variety of machine learning approaches to mine facial
features to ascertain emotions. (us, making use of already
available applications, it seems possible to identify emotions
based on facial expressions. Face Reader [15] employs FACS
to differentiate between six basic emotional states. (e ac-
curacy of this application is 89%. Happy et al. [16] also
reported a substantial accuracy in their work on facial ex-
pression recognition by employing local features on a
person-specific dataset. It has also been indicated that facial
expressions can hint at whether a person is feeling bored or
tired; however, this has not been researched in depth as of
yet.

Furthermore, posture and gestures can also provide
insight into a person’s affective state, as well as a level of
attention and interest. (is means that data based on ges-
tures and body posture can be used to measure the cognitive
state of the learner. However, these aspects have not been
researched in depth. (ese aspects can be combined with an
affective tutoring system that predominantly relies on

identifying emotional states for appropriate feedback during
the learning process. In [17], the authors proposed a pre-
liminary architecture that makes use of both emotional
responsiveness and personality for the virtual tutor. Claims
have been made by Woolf et al. [18] that a computer-based
tutor should be able to detect and analyze levels of moti-
vation, confidence, boredom, frustration, and fatigue in
order to provide relevant feedback for each of these states.
Other researchers [3, 4] have looked into detecting basic
emotions in an e-learning situation. (ey made use of ECAs
to accomplish parallel empathy and thereafter reactive
empathy that expresses emotion through voice and
articulation.

Another interesting field is automatic engagement rec-
ognition. (is makes use of computer vision systems that
have the ability to discreetly measure learner engagement by
analyzing body posture, hand gestures, and facial cues [19].
An engagement recognition system that works in real time
could be applied widely to the following scenarios: (i)
teachers who work in distance learning could receive im-
mediate feedback based on the engagement levels of their
learners; (ii) participants’ reactions could be used to identify
sections of a video where people are disengaged, which can
then be addressed by the maker of the video; (iii) to gather
data on the causes and variables that affect learner en-
gagement; and (iv) institutions could use this technology to
monitor online engagement.

2.2. Facial Expressions and %eir Significance in E-Learning.
E-learning does not yet address the issue of lower levels of
student engagement, which can easily be addressed to a
great extent in face-to-face learning situations where the
teacher can observe when students stop engaging with
content. To overcome this problem, adaptive e-learning
systems (AESs) have been implemented in online envi-
ronments. In essence, these systems automatically adapt to
a student based on the student’s actions and a set of in-
dependent conclusions about that student [20]. (us, these
systems help to tailor learning material to individual stu-
dents based on each student’s goals, preferences, level of
knowledge, and preferred learning style [21]. Adaptive
e-learning systems adapt content and way it should be
presented to each student. Over the last decade, the de-
velopment and use of AES has increased and become an
important cornerstone of online learning platforms [22].
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Figure 1: Automatic evaluation system for e-learning based on emotion recognition.

Figure 2: Sample images of posed facial expressions from DIS-
FA+dataset [6].
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Online learning can be adapted based on the following:
(i) user preferences—the learning experience and materials
are adapted to the needs and preferences of each individual
user; (ii) user behavior—the user’s online learning behavior
is tracked and informs which adaptations are necessary; and
(iii) user performance—the user’s performance in online
learning provides input on how the learning experience and
material should be adapted per user based on his preference.
When data from these three metrics are combined into a
user model (UM), it has the potential to enhance the learning
experience. According to Stoyanov and Kirchner [23], “An
adaptive e-learning system is an interactive system that
personalizes and adapts e-learning content, pedagogical
models, and interactions between participants in the envi-
ronment to meet the individual needs and preferences of
users if and when they arise.”

In any classroom, the most important interaction is
between the teacher and the learners [24]. Communication
via facial expressions plays a very important role during
this interaction as faces have an ability to impart infor-
mation about a learners’ mood or present mental and
emotional state of being and hence, to an extent, their
internal feelings. According to Dragon et al. [25], the facial
expressions of the lecturer play an important role in
keeping the students motivated during the entire period of
the lecture. A lecturer also uses the facial expressions
exhibited by students as a source of motivation for future
classes. It can also be an indicator to the lecturer about the
general information the students would like to impart to
the lecturer such as whether the pace is in line with the
students’ learning and whether the students are confused
about a topic. In a nutshell, a lecturer should be able to
analyze the facial expressions and hence the comprehen-
sion levels to some extent and use them as an indicator to
modify his/her delivery. Failure to understand the facial
expressions exhibited by the students can hamper the
understanding of the impact of a non-conducive style or
pace of delivery and hence the levels of student learning.

2.3. Facial Emotions and Learning Affects. Russell’s (1980)
two-dimensional “circumplex model of affect” is widely
employed in the field of user emotion modeling, in which
emotions are viewed as combinations of arousal and valence
[26–31]. It has also been demonstrated that the OCC [32]
psychological constructivist approach model should be
utilized as the standard cognitive appraisal model for
emotions. (is model includes 22 emotion categories based
on emotional reactions to scenarios such as (i) the goals of
key events, (ii) the conduct of a responsible person, or (iii)
attitudes towards appealing or repulsive products, among
other things. Conati and Zhou [33] used the OCC model to
recognize the emotions of users when they built the in-
structive game Prime Climb in 2002. It was the first time
Katsionis and Virvou [34] used the OCC model to map
students’ emotions while playing an educational game.
Emotions are often utilized in the design and development of
instructional materials. Picard et al. [7] embarked on a
project that they defined as “creating a math they will adore”

rather than “trying to make youngsters appreciate the
arithmetic they loathe.” Participants were included in the
design of things to learn in order to elicit emotions that will
aid in the learning process.

In both traditional classroom settings and e-learning
environments, researchers have sought to evaluate and
quantify a student’s comprehension level and learning af-
fects. To assess learning affect, biophysical sensors, eye-gaze,
body gesture, facial expressions, questionnaires, and other
techniques are employed. However, there has been minimal
investigation investigating the relationship between facial
expressions and learning consequences [35]. In the next
section, the methods for estimating learning affects are
examined and elaborated in depth.

3. Methods for Estimating Learning Affects

Researchers attempted to evaluate students’ learning affect
in both traditional classroom and e-learning environments
in order to estimate and quantify a student’s understanding
level as well as their learning affect in order to improve
learning outcomes. A variety of methodologies, including
questionnaires, biophysical sensors, eye-gaze, body gesture,
and facial expressions, are used to evaluate learning affect.
Although some research has been conducted on the asso-
ciation between face emotions and learning outcomes, it has
been limited.

3.1. Biophysical Signal. Shen et al. [36] investigated bio-
physical signals to assess how emotions evolve during
teaching and learning, as well as whether or not it was
possible to apply the findings to increase learning in their
study. (eir research examined the emotions of students
who were taking part in a learning process using Russell’s
circumplex model of affect, as well as machine learning
techniques such as support vector machine (SVM) and
K-nearest neighbor (KNN), among others. (ey reported
that SVMs surpass other methods with an accuracy of 86.3%.
(e researchers discovered that incorporating emotion data
into e-learning will improve the overall performance of
learners. (eir findings conclude that emotional data are
necessary for a learning system to function properly.
However, the system was assessed in a laboratory setting,
and the equipment that was used limited the movement of
learners and made it uncomfortable for them to use. In-
corporating such a system into an e-learning environment
could prove to be a difficult task. (e findings reported from
the AutoTutor project suggest that engagement and con-
fusion were the most prominent and relevant emotions in
learning.

3.2. Body Gestures. Using an automated automated gaze,
Bidwell and Fuchs [37] were able to measure student par-
ticipation. It was determined whether or not a student was
engaged by watching records of a learning phase filmed in
the classroom. In a similar manner, Klein and Celik [38]
employed body movements to determine student concen-
tration in a classroom context.(ey trained a CNN on image
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data collected during learning sessions to determine whether
or not the students were “engaged.” (ey were able to
achieve an accuracy of 89.7%.

3.3. Facial Emotions. Sathik and Jonathan [39] identified
four non-verbal communication channels that were most
frequently utilized for learning and then examined which of
these channels were most frequently used for learning.
According to the findings of their study, people utilize facial
expressions the most to interact with one another in non-
verbal ways. Ayvaz et al. [40] devised a method for deter-
mining how motivated people are in an online learning
environment by employing an online video conference
learning environment. (eir system was able to read a
student’s emotions and provide information about them to
the teacher. (e feedback was critical in creating a more
immersive learning environment. Hammoumi et al. [41]
devised a method for determining how a learner feels in an
e-learning environment. (e framework was created using
instructive game software. (e method was evaluated with
the help of young learners. (ey recorded and analyzed their
emotions in real time using a webcam. During the learning
process, the learners’ emotions were observed even when
they did not look into the camera.When pupils encounter an
issue, their findings demonstrate that they are remorseful.
Pan et al. [42] devised a method for using facial recognition
technology to keep track of how many students show up for
class. Later, they devised a method for determining how
effectively students were engaged in a lesson by observing
their facial expressions. To classify the learner’s facial ex-
pression and level of attention, the stimulus-response ap-
proach was utilized. Six emotions, it turns out, have an
impact on how well you learn (concerned, curious, pon-
dering, comprehension, disrespect, and disgust). A model of
how each antenna type’s learning effects transfer was created
to figure out how the teaching tactics were performed. (is
strategy enabled a quantitative examination of classroom
instruction practices. (ey provided a theoretical basis for
assessing learning affect by observing a learner’s facial ex-
pressions. However, the evaluation was done by manually
rather than automatically.

3.4.Questionnaires. Self-reporting refers to the procedure of
administering questionnaires to external observers or to
participants in a learning environment. (e administration
of questionnaires is straightforward, and they are widely
used to assess learners’ involvement or learning affect. Using
daily diaries as questionnaires, Zembylas [43] studied the
emotions experienced by online distance learners over a six-
month period.(ey next employed open-coding approaches
to categorize the emotions of the trainees based on their
responses to the questionnaire. In the study, the researchers
discovered that when students interact with e-learning
platforms, they experience both pleasant and negative
emotions. It was revealed that these feelings changed as the
learning process continued. As a result of this investigation,
it is obvious that emotions and learning are interconnected.
Sathik and Jonathan [39] used questionnaires in a similar

way to determine the most often used non-verbal com-
munication strategies in the classroom, as well as the rela-
tionship between facial expression and the level of
comprehension of the students in the classroom. According
to their research, the most frequently used non-verbal cues
in learning are facial expressions of happiness and sadness.
Additional research demonstrates that when a student
comprehends the course content or is satisfied with the
course’s delivery, a beneficial affect is demonstrated. When
pupils do not comprehend the course topic, on the other
hand, a negative reaction is demonstrated.(e use of sensors
such as cameras, microphones, pressure gages, particular
monitoring devices, and other instruments to analyze the
learner’s emotional changes is a more complex and ana-
lytical approach of analyzing the learner’s affective state
changes [7].

(is study proposes the use of facial expressions to
ascertain the learning affect experienced by learners. (is is
performed by the use of TRN to predict facial expressions.
(e extended DISFA dataset is used to train the network.
(e TRN architecture is used because it is capable of cap-
turing and extracting meaningful and useable attributes
from images, as well as having state-of-the-art performance
on image classification problems [44, 45].

4. Mapping Emotions to Learning Affect

(ere has been little research into the relationship between
facial expressions and learning affect. During their experi-
ment, Kapoor et al. [46] revealed that learners’ learning
experiences were connected with facial action units (AUs).
(e facial action units, which are determined by the facial
muscle motions, define the deformation of the face char-
acteristics. A grin (AU 6+AU 12), tightening of the eyelids
(AU 7), widening of the eyes (AU 5), and rising of the brows
(AU 1+AU 2), according to their research, are all powerful
markers that the learner is engaged and passionate about the
learning phase or activity. Lower brows (AU 1+AU 4), nose
creases (AU9), and lower lip corner rounding all indicate a
lack of motivation (AU 15). Lifting of the lower lip corners
(AU 1+ 4) does not imply a lack of motivation.

In response to classroom observations and responses to
surveys, Sathik and Jonathan [39] proposed a mapping
approach based on their findings. (eir work related facial
movements to the level of comprehension achieved by the
students. (eir findings suggested that raised eyebrows and
wide-open eyes were indicators of positive learning, whereas
narrowing eyes, wrinkles on the forehead, narrowed eyes,
and curling lips indicated a negative learning experience,
and a smile or a neutral facial expression indicated an
undecided learning state. Happy et al. [12] proposed an
emotion detection and automated alertness system for
empathetic feedback generation during e-learning.
According to their findings, empathetic feedback generated
during e-learning will be able to estimate the user’s affective
state and assess the user’s attention level. (ey classified
detected emotions as positive (e.g., happiness and surprise)
or negative (e.g., anger, sadness, fear, anger, and disgust).
Based on data collected from learning videos in classrooms,
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Pan et al. [42] presented a mapping of seven emotional states
(worry, interest, thinking, comprehension, disregard, and
disgust) to three learning outcomes (positive, negative, and
neutral) in a related study. Despite the fact that their findings
did not include a clear mapping of facial emotions to
learning affects, a psychologically informed description of
the AU’s and facial movements served as indications that
face emotion may be mapped to either positive or negative
learning affects. In [35], Zakka and Vadapalli investigated
the use of facial expressions expressed by learners for the
interpretation of their learning affect in an e-learning ses-
sion, which they found to be effective. A standardized
mapping mechanism between facial emotions displayed and
their related learning effects was also investigated by the
researchers. In conclusion, the researchers found that the
system detected the participants’ facial expressions of
emotion and mapped each recognized facial emotion to its
corresponding learning affect in accordance with the sys-
tem’s initial mapping. Table 1 provides a summary of the
mappings that were discussed previously.

5. Types of Learning Affects

Studies from the field of behavioral science and neuroscience
reveal that emotion recognition and emotional processes
form the basis of behaviors by not only being interactive but
also by integrating with the function of neural mechanisms
[47]. (e behavioral performance of an individual is
influenced by the emotions and learners’ cognitive drive and
motivation [48].(e levels of creativity and problem-solving
ability are developed by positive emotions as they have the
potential to influence the learners’ cognitive thinking and
learning intelligence, whereas negative emotions have
negative effects on their thinking [49].

To measure learning affect in an online learning en-
vironment, we propose the use of facial expressions and
adaptive mapping between estimated facial expressions
and learning affect. Participants’ learning affect can be
typically categorized and placed into the following five
groups [50].

5.1. Positive Learning Affect. When a student has a “happy”
and “fear” facial expression or frowns while engaging with
academic material, it potentially indicates that the student is
engaging with what is happening on the screen and is
thinking indicating a positive learning affect. A frown also
indicates that the material presented is challenging the
student. In such feedback scenarios, an instructor might opt
to reduce the difficulty level of the content to ensure a very
positive learning affect.

5.2.VeryPositiveLearningAffect. When students have a look
of “surprise” and “happiness” on their faces while engaging
with the online academic material, it indicates that students
are curious about the content they are currently interacting
with. A very positive learning affect means that the content is
well designed and that students find it interesting and
stimulating.

5.3. Neutral Learning Affect. Neutral learning affect occurs
when students’ expressions are friendly while engaging with
online learning material. (is indicates that students are able
to comprehend the content.

5.4. Negative Learning Affect. A negative learning affect is
characterized by students’ indifference towards the online
learning of the material they are viewing or disregard for the
instructions from the lecturer. (is maps to the presence of
negative expressions such as “sadness” and “disgust.”

5.5. Very Negative Learning Affect. Very negative learning
affect refers to a situation where students who do not look at
the material on the screen and who also exhibit negative
expressions that show “anger.” (is may be a result of the
learning material being pitched at too high a level for the
students to comprehend, or there might be personal reasons
as to why a particular student shows a very negative learning
affect.

(ese categories of learning affect can be employed in the
current analysis to evaluate students’ levels of engagement
and to provide feedback to instructors on their online
teaching practices, which in turn can be used to enhance the
online learning environment. Note that, in the proposed
experiment, “very positive” and “positive” learning affect
will be considered “positive” while “very negative” and
“negative” will be considered “negative” learning affect.

6. Methodology and Proposed FER-Learning
Affect-Feedback System

(e objective of our FER system was to predict the en-
gagement level of learners using relational reasoning and a
deep learning approach. Figure 3 illustrates the system ar-
chitecture of the TRN-based FER system with adaptive
mapping module. (e main stages of the system include (i)
face detection and extraction of representative frames, (ii)
emotion recognition using a pretrained TRN model, (iii)
adaptive mapping to estimate learning affect, and (iv)
feedback generation.

6.1. ProposedMethodology. In the framework, a TRN is used
for identifying the changes in facial emotions exhibited by
students. A TRN model takes in a video V which is com-
posed of n frames V � f1, f2, . . . , fn , where fi represents
the ith frame. TRN can be applied on distinct multiple sets of
frames or on a single set of frames. A multi-scale TRN (MS-
TRN) [42] is a composite function and depicts frame re-
lations at distinct scales and is given as

MTN(V) � T2(V) + T3(V) + T4(V) + T5(V) + · · · + Td(V),

(1)

where Td is a single-scale TRN (SS-TRN) that establishes a
temporal relation between a single set of “d” sorted frames
with respective h

(d)
ϕ and g

(d)
θ values. Td for a given value of

“d” is given as
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T2(V) � hϕ 
i<j

gθ fi, fj ⎛⎝ ⎞⎠, (2)

where d � 2, fi and fj are frames at times i and j such that
i< j and is known as two frame relation TRN. Similarly three
frame relations TRN is given as

T3(V) � hϕ′ 
i<j<k

gθ′ fi, fj, fk ⎛⎝ ⎞⎠. (3)

6.2. Face Detection and Extraction of Representative Frames.
Face detection and extraction of representative frames steps
are required to align and normalize the input samples,
allowing the deep neural network to learn meaningful facial
features. Aspects that are unrelated to facial expressions,

such as the background or the angle and pose of the head, are
relatively similar and should be effectively managed for
efficient and accurate estimation of labels.

After retrieving all frames from the 251 video segments in
the DISFA+dataset, representative video frames are acquired
and meta-files are generated. By expanding the amount of
input attributes, underfitting and bias are avoided [51]. Due to
minute differences in facial expression, it was determined that
the transition between frames is difficult to discern. When
multiple filters are used, little changes in the frame are lost,
making it impossible to train the dataset on certain emotions
[52]. To remedy this, the frames are decreased to emphasize the
face exclusively. However, it demonstrates that increasing the
number of input features can reduce the high bias. To tackle the
model’s underfitting issue, we used several training and vali-
dation samples. (e video frame scale is also trimmed to
256 × 256. Due to the fall in pixel value, it is difficult to notice
subtle changes in the frame for long-term videos.

Table 1: Summary of facial expressions to learning affect by Pan et al. [42], Sathik and Jonathan [39], Kapoor et al. [46], Zakka and Vadapalli
[35], and Happy et al. [12].

Description Possible emotion type
[12, 33, 39, 42, 46]

Learning affect

Pan et al. [42] Sathik and
Jonathan [39]

Kapoor et al.
[44]

Zakka and
Vadapalli [33] Happy et al. [12]

Lowering eyebrows Sadness Negative Negative Negative Not stated Negative
Nose wrinkling Anger Negative Negative Negative Negative Negative
Depressing lower lip Sadness Negative Negative Negative Not stated Negative
Smile/pleasant expression Happy Positive Not stated Positive Positive Not stated
Eye lightening Anger Negative Negative Positive Negative Negative
Upper lid raiser Fear, surprise Not stated Positive Positive Positive Negative
Raising eyebrow Fear, surprise Not stated Positive Positive Positive Negative
Wrinkle forehead Anger Positive Negative Not stated Negative Negative
Not focused Disgust Negative Not stated Negative Negative Negative
Display surprise Surprise Positive Not stated Not stated Positive Positive
No expression Neutral Positive Not stated Not stated Neutral Not stated

Student

Frame Extraction

Instructor

Video Clip

2-Frame Set 3-Frame Set

TRN FER
System

Adaptive

Positive

Negative

Neutral

Learning Affects

Feedback Generation

Deep Learning
Based FER System

Sad
Surprise
Anger

Happiness
Fear

Disgust
Happy

Sadness

Mapping
Unit

Figure 3: Proposed system architecture.
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During a scheduled live session, the user interface for the
e-learning model in the proposed work automatically ini-
tiates video capture whenever a learner plays a video from a
given e-learning site. (is GUI was designed for live testing
and was created using PyQT5 and Python3.(eOpenCV 4.2
function, in conjunction with PyQT5, is used to capture a
video of the learner using a computer webcam. Figure 3
depicts a snapshot of video footage and frame extraction
during live testing. Faces detected were scaled to 256 × 256
and normalized. (ese images are then fed into the trained
TRN FER system, which is used to anticipate a learner’s
emotions.

6.3. Emotion Recognition Using a Pretrained TRN Model.
(e generated set of frames is passed as an input to the deep
learning-based FER system that uses a TRNmodel.(e TRN
system has the ability to link meaningful transformations
between different frames and recognize the existence of
different facial emotions (sad, surprise, anger, happiness,
fear, disgust, happy, and sadness) [45, 53]. As previously
stated, because of the small dataset, there was an issue with
underfitting. 6024 samples were developed from the first 251
samples to remedy this issue. Following sample enlargement,
it was separated into training and validation sets. Addi-
tionally, the normalization technique has been designed
specifically for the Squeezenet1_1 design from the BN-In-
ception architecture. (e adjustment is driven by the fact
that SqueezeNet’s deep compression method is model re-
duction-friendly. (e SqueezeNet models were trained for
180 epochs on the DISFA+dataset using the training set.

After training a proposed model on the SqueezeNet base
model using 6024 repeated samples from the DIS-
FA+dataset, it is observed that loss is reducing and that the
precision values for the Top 1 and Top 5 are approaching
100%. SqueezeNet’s deep compression approach has been
used to reduce the size of the model. Downsampling using
pooling layers is applied later in the network to increase
accuracy without being greedy in the number of parameters
used. Formally, the fire module is a squeeze convolutional
layer followed by an expanded convolutional layer.
According to Iandola et al. [54], SqueezeNet (Left) begins
with an isolated convolution layer (conv1), followed by eight
separate fire modules (fire2–9) (conv10). (e model steadily
increases the number of kernels per fire module. Following
the conv1, fire4, fire8, and conv10 layers, a stride of two is
used to perform the max-pool procedure. In addition to
simple bypass (Middle) and advanced bypass, SqueezeNet is
used in this work (Right). Bypass is utilized in accordance
with ResNet’s findings [55].

In Table 2, testing of the multi-scale TRNmodel with the
DISFA+ test dataset samples is represented using a confu-
sion matrix table. In this test, proposed architecture test
samples of the dataset are tested with multi-scale TRN. (e
same hyperparameters are used as a learning configuration,
with learning rate set to 0.001, dropout set to 0.5, and
momentum set to 0.6. It is observed that after completing
testing, the best Top 1 and Top 5 precision values achieve
100% with a loss of 0.00%. For the multi-scale TRN, overall

test accuracy achieved is 91.30%. It is observed that the
emotion that has the highest emotion recognition accuracies
is surprise.

Towards achieving the goal of emotion recognition, the
TRN model detects a face from the frames which are
extracted from a real-time recording of a video clip of a
learner.(e extracted facial features are then used to identify
the correct emotion the participant is experiencing and
classify it as one of eight basic emotions. (is is achieved in
real time.

6.4. Representative Frame Detection. In this research, we
offer a process able to recognize representative frames in
videos utilizing a relational reasoning approach. Once a
representative frame is found, the TRN-based facial emotion
recognition technique described in Pise et al. [45] will be
executed on the observed representative frames. (e pro-
posed scheme offers two advantages. First, the CPU time
corresponding to the recognition component will be greatly
decreased since only a few representative frames are con-
sidered. Second, representative frames are specified by the
frames where the facial expressions change significantly.
(us, one can determine a representative frame by scanning
the sequence for representative frames that have been
modified by the expression frame. Figure 4 illustrates the
whole block architecture for representative frame detection
utilizing multi-scale TRN by probability score.

Users are unaware of the technical aspects of proposed
architectures (multi-layer perceptron (MLP), SS-TRN, and
MS-TRN), which should be enabled only by researchers.
Following model activation and selection, we must press the
START button to initiate the live video stream processing.
When the user initiates a live test, the window displays the
predicted emotion label. Each anticipated label is saved in a
text file at the backend, together with the system timestamp
and label. When the same emotion occurs more than once,
the label automatically keeps it once until it disappears or the
label category changes. (e label category assigned to the
frame that is considered representative changes. (is indi-
cates that among the series of these frames, the frame with
the highest intensity of features capable of changing the
expression label was identified as the representative frame.
Also, the frames that represent the changes that took place in
the sequence were considered as representative frames.

7. Proposed Mapping Emotions to
Learning Affects

(e next phase of the proposed model involves mapping a
detected emotion to a relevant learning affect. (is re-
search incorporates the mappings of Happy et al., Zakka
and Vadapalli, Sathik and Jonathan, Pan et al., and Kapoor
et al. [12, 35, 39, 42, 46]. (e integration was carried out in
order to compile the mapping from the literature and
arrive at a direct mapping between exhibited facial
emotions and learning affect. Table 3 shows an initial
mapping based on mappings identified in the literature. In
the initial mapping, “happy” and “fear” were mapped onto
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positive learning affect, “surprise” and “happiness” were
mapped onto very positive learning affect, “sad,” “sad-
ness,” and “disgust” were mapped onto negative learning
affects, while “anger” was mapped onto a very negative
learning affect.

As seen in Table 3, the “fear” emotion is associated with a
positive learning affect. As a result of this, the following
question arises: is “fear” a good indicator of learning? To that
purpose, this paper also suggests an adaptive mapping ap-
proach in which the initial mapping in Table 3 is compared

Table 2: Confusion matrix of FER results with multi-scale TRN on test set until 120 epochs.

Predicted
Actual Sad Surprise Anger Happiness Fear Disgust Happy Sadness
Sad 4 1 1
Surprise 6
Anger 6 1
Happiness 5
Fear 7
Disgust 1 5
Happy 5
Sadness 4

OverallAccuracy=91.30%

TN+FN TP FN FP Precision Recall F-Measure
6 4 2 0 100.00 66.67 80.00
6 6 0 0 100.00 100.00 100.00
7 6 1 0 100.00 85.71 92.30
5 5 0 0 100.00 100.00 100.00
7 7 0 0 100.00 100.00 100.00
6 5 1 2 71.43 83.33 76.92
5 5 0 0 100.00 100.00 100.00
4 4 0 1 80.00 100.00 88.88
46 42
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Figure 4: Probability score given by multi-scale TRN for representative frames.
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to the responses provided by learners during a live testing
session: that is, the learning experience they had while using
the proposed system. (ese responses will aid in the ad-
aptation of the mapping and the establishment of a de-
pendable relationship between face emotions and learning
effect.

8. Live Testing and Experimental Results

Twenty volunteers agreed to take part in a test run of the
proposed framework. (e live testing took place in a lab-
oratory setting, with each participant seeing a video through
a computer system equipped with a webcam. As soon as the
video began collecting images of the learner’s face, the
camera was activated. Before being fed into the trained TRN
FER model, these images are preprocessed (resized and
reshaped). Using the first mapping in Table 3, classified
emotions are mapped to their relevant learning outcomes.
(e program estimates face emotions at the end of each
learning session and correlates the top three recognized
facial emotions with associated learning affects.

8.1. Learning Affect Estimation. (e emotion recognition
model is used to study the effect of learning on the recog-
nition of face emotions. As indicated in Table 3, each facial
emotion identified by the algorithm is mapped onto a
learning affect. (e learning affects were projected based on
the system’s estimation of the top three facial emotions.
According to the proposed mapping in Table 3, each facial
emotion is mapped to its related learning affect. As previ-
ously stated, twenty (20) volunteers participated in live
system testing. (e system was evaluated in a laboratory
setting, with each participant watching a twenty-minute
video about the “Future Importance of Data Science.” At the
completion of class, the participants enthusiastically an-
swered survey questions on their educational experience
(learning affect). Figure 5 depicts each participant’s emo-
tions during the live test.

During the live testing sessions, the emotions “fear” and
“disgust” were never observed. As a result, it is difficult to
validate the initial mapping between these emotions and
their accompanying learning affect. (erefore, one of the
first and most concerning mappings, from “fear” to positive
learning affect, could not be validated. (e proposed model

needs be submitted for more rigorous testing in order to
effectively adapt the initial mapping.

(e “happy” facial expression was anticipated to be the
most prevalent emotion regardless of the learner’s learning
experience, i.e., both types of learners who expressed positive
and negative learning affect displayed a “happy” feeling for
the majority of the learning session (Figure 5). Additionally,
a close examination of the video frames revealed that the
majority of learners maintained a “happy” expression during
the majority of the learning session, with only a few ex-
ceptions where learners lost interest, were distracted, were
unable to understand, or found a portion of the course
content particularly engaging.

At the end of the learning session, the learners replied to
the survey questions. (eir responses were compared to the
estimated learning affect from the proposed approach.

(e results suggest that the first estimated learning affect
corresponded with 81% of the participants’ responses, 17%
did not correspond, and 2% did not have a predicted first
learning affect. (e second learning affect prediction cor-
responded to 32% of the participants’ responses, 48% were
identified as incorrectly predicted, and 20% of the partici-
pants’ had no second predictions. It was discovered that the
third predicted learning affect did not match the partici-
pants’ experience. For example, the system predicted that all
participants would have a “positive” learning experience,
whereas participants’ responses indicated that they had a
“negative” learning experience. Figure 6 depicts a summary

Table 3: Proposed facial emotion mapping to learning affect.

Emotion
Pan
etal.
[42]

Sathik
etal.
[39]

Kapoor
etal.
[46]

Zakkaand
Vadapalli

[35]

Happy
etal.
[12]

Initial
Mapping

Happy Positive NotStated Positive Positive NotStated Positive
Fear NotStated Positive Positive Positive Negative Positive
Surprise NotStated Positive Positive Positive Positive VeryPositive
Happiness NotStated NotStated NotStated NotStated Positive VeryPositive
Sad NotStated NotStated NotStated Negative NotStated Negative
Sadness Negative Negative Negative NotStated Negative Negative
Disgust Negative NotStated Negative Negative Negative Negative
Anger Negative Negative Negative Negative Negative VeryNegative
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Figure 5: Emotion detected per participant during live testing.
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of the three predictions and their relationship to the learners’
responses.

According to an analysis of the questionnaire responses,
sixteen of the twenty participants in the evaluation had a
“positive” learning experience, while the remaining four
participants had a “negative” learning experience. According
to the estimated emotion during the learning session, 60% of
the 16 participants who experienced “positive” learning had
a “happy” expression throughout the learning session, while
20% of the participants had other facial expressions rec-
ognized. Participants who responded that they had a
“negative” learning experience, on the other hand, expressed
“sad” (75%) or a “surprise” and “sad” (25%) expression as
the top most expressions (see Table 4).

It is worth noting that, when compared to the first and
second predictions, the first prediction was the most closely
related to the learner's responses. However, due to the
frequency with which the “happy” emotion occurs, the first
prediction cannot be ignored. For example, the algorithm

identified “sad” and “surprise” face emotions as the second
most expressed emotion among learners who reported a
“negative” learning experience. Learners who had a “posi-
tive” learning experience expressed “surprise” or “happi-
ness” throughout the learning session, with “happiness”
being the second most prevalent emotion. As a result, the
mapping mechanism’s top-two emotion predictions will be
more accurate, which is similar to the findings of Molla-
hosseini et al. [56] and Saravanan et al. [57]. It is also worth
noting that none of the participants claimed to have ex-
perienced “anger” and “sadness” learning experience. (e
projections that the systemmade as to which basic emotion a
participant is experiencing, based on their facial features, are
stored in a customized dataset for each person.

8.2. Learners’ Reactions to System-Generated Feedback. In
addition to being an effective tool, providing fast feedback to
learners has been demonstrated to increase overall learning

0
First

Correct
Wrong
Nill (Predictions)

Second �ird

20

40

60

80

100

Figure 6: Correlation between the first, second, and third estimated learning affects with participants’ responses.

Table 4: Emotion distribution per learner during learning session (%).

Learner
Emotions recognized by Predictions

Learners’ responses
MLP SS-TRN MS-TRN First Second (ird

1 Surprise Happiness Happy Positive Positive Negative Positive
2 Happiness Surprise Happy Positive Positive Negative Positive
3 Sad Sad Surprise Negative Negative Negative Negative
4 Happy Surprise Happy Positive Positive Negative Positive
5 Sad Sad Sad Negative Negative Negative Negative
6 Sad Happy Happiness Positive Negative Negative Positive
7 Happiness Happy Happy Positive Positive Negative Positive
8 Sad Sad Sad Positive Negative Negative Negative
9 Happy Happiness Surprise Positive Negative Negative Positive
10 Happy Happy Happy Positive Positive Negative Positive
11 Happiness Happiness Happy Positive Positive Negative Positive
12 Happy Surprise Sad Negative Negative Negative Positive
13 Sad Sad Sad Negative Negative Negative Negative
14 Happy Happiness Surprise Positive Negative Negative Positive
15 Surprise Happy Happiness Positive Negative Negative Positive
16 Sad Happy Happy Positive Negative Negative Positive
17 Sad Happy Happy Positive Negative Negative Positive
18 Happy Happy Happiness Positive Positive Negative Positive
19 Happiness Surprise Happy Positive Negative Negative Positive
20 Happy Happy Happiness Positive Negative Negative Positive
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outcomes [58]. In this study, feedback was generated for
each learner individually at the end of each learning session.
Following viewing the feedback, participants’ comments
revealed that the most of them were encouraged to learn and
gain knowledge. A few learners who experienced a positive
learning affect were eager to continue with the video content,
whereas others who experienced a negative learning affect
were eager to rewatch the video in order to better understand
the content. In general, students were pleased with the
feedback they received.

(e questionnaire was developed using the literature that
is available in the field of computer science education and on
student understanding in general. It is vital that students’
feedback is collected making sure that a high response rate is
registered with a low level of researcher bias [39]. (e
questionnaires obtained from the candidates along with
estimated facial emotions by the TRN model are fed into an
adaptive mapping unit to predict the learning affects such as
positive, negative, or neutral. In this way, the use of facial
emotions for estimation of learning affect involves recog-
nition of facial emotions exhibited by a student during an
e-learning session and estimation of the learning affect using
an adaptive mapping mechanism between facial expressions
and learning affects. An overview of the proposed system is
given in Figure 3.

9. Conclusion and Future Work

(e proposed TRN model was evaluated in this paper using
both the DISFA+ dataset and live images from a computer
web camera. (e system achieved an accuracy of 91.3%,
86.95%, and 80.43% for multi-scale TRN, single-scale TRN,
and MLP on the DISFA+ test dataset, respectively, and was
also capable of making effective real-time predictions. As a
result, the model was adopted as a trained emotion recog-
nition model for the learning affect-based feedback system.
(e learning affect-based feedback system successfully
mapped emotions to learning affect; study of the mapping
and responses from learners suggested that the first pre-
diction had a higher correlation with the participants’ re-
sponses. (e feedback generated by the system satisfied and
inspired learners (participants).

(e current work proposed an autonomous prediction
model to measure learning affect and emotion depiction in
an online learning environment that has the potential to be
used in putting together tailored feedback to both learners
and teachers. (is was achieved through the use of a non-
intrusive deep learning-based system that used visual cues
obtained from participants. Based on participants’ facial
expressions, the system was capable of accurately predicting
their cognitive and affective states. (e proposed system can
be integrated into an existing LMS. We propose that this
stand-alone system should work with various LMSs, and we
suspect that it will increase participant productivity.

(is research shows that it is possible to estimate the
affective state of participants as well as their engagement
levels. (e system performed admirably in recognizing
participants’ learning affect during a online learning session
and subsequently categorized it as negative or positive

learning affect. (e learning impacts were determined by
categorizing participants’ degrees of attention and dis-
comfort as negative or positive. (ese classifications were
used together as input for the feedback system. In future
work, we would like to build a comprehensive assessment,
and to achieve this, we propose to fuse the subunits. Fur-
thermore, tailored feedback based on participants’ emo-
tional state and level of attention is also still underway. For
instance, when a participant displays negative emotion,
affective feedback will be provided to help the participant
overcome the issue faced. Lastly, we suggest that a database
should be created to help recognize different cognitive and
emotional states for validation purposes.

10. Discussion

(is work presents an e-learning model (system) that can
measure learners’ learning affect and generate real-time
feedback. (is was accomplished by utilizing TRN on the
DISFA+ dataset to construct a facial emotion recognition
model, which was then used to forecast the learners’ facial
emotions in real time. Based on the mapping proposed in
this study, the predicted face emotions were mapped to
learning impacts.

Twenty (20) individuals participated in live testing of the
proposed technology. (e program recognized the partici-
pants’ facial emotion expressions and, using the initial
mapping, mapped each recognized facial emotion to its
associated learning affect. (e top three most estimated
learning affects were examined, and the results were com-
pared to learner survey replies. (e findings of the analysis
indicate that there is a correlation between facial emotions
and learning affect, and that using the top two predictions
for facial emotions is superior to using one or three pre-
dictions for learning affect detection.

Additional testing on larger samples of the suggested
mapping mechanism may result in a more weighted mapping
mechanism for learning influence predictions as a result of the
results of the testing. It is recommended that future research in
the e-learning system provide feedback to learners based on the
estimated learning affect and also incorporate multi-model
pattern analysis techniques such as body expressions, eye
gazing, and head motions to produce an even more accurate
result in identifying learning effects. Survey questions and
feedback regarding the proposed system are given in the
supplementary information file (available here).

Data Availability

(e data that support the findings of this study are available
on request from the corresponding author.
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Supplementary Materials

In the Appendix Section, we have included questions that
were presented to participants following the conclusion of
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the live testing lecture. (e questionnaires are divided into
three sections. (e first subsection contains general ques-
tions about the framework, the second subsection contains
questions about how to use the system, and the final sub-
section contains general feedback about the system. Fur-
thermore, under Supplementary Material, we have provided
two distinct forms: a Consent Form for declarations of
voluntary activity handed to participants and a Participant
Information Sheet for future reference, as well as contact
information for the University Human Research Ethics
Committee. (Supplementary Materials)
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