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Abstract

Pervasive intelligent learning environments can be made more personalized by adapt-
ing the teaching strategies according to the students’ emotional and behavioral engage-
ments. The students’ engagement analysis helps to foster those emotions and behavioral
patterns that are beneficial to learning, thus improving the effectiveness of the teaching-
learning process. The students’ emotional and behavioral patterns are to be recognized
unobtrusively using learning-centered emotions (engaged, confused, frustrated, and so
on), and engagement levels (looking away from the tutor or board, eyes completely

closed, and so on).

Recognizing both the behavioral and emotional engagement from students’ image
data in the wild (obtained from classrooms) is a challenging task. The use of the mul-
titude of modalities enhances the performance of affective state classification, but rec-
ognizing facial expressions, hand gestures, and body posture of each student in a class-
room environment is another challenge. Here, the classification of affective states is not
sufficient, object localization also plays a vital role. Both the classification and object
localization should be robust enough to perform better for various image variants such
as occlusion, background clutter, pose, illumination, cultural & regional background,

intra-class variations, cropped images, multipoint view, and deformations.

The most popular and state-of-the-art classification and localization techniques are
machine and deep learning techniques that depend on a database for the ground truth. A
standard database that contains data from different learning environments with a multi-
tude of modalities is also required. Hence, in the research work, different deep learning
architectures are proposed to classify the students’ affective states with object local-
ization. A standard database with students’ multimodal affective states is created and
benchmarked. The students’ affective states obtained from the proposed real-time affec-
tive state classification method is used as feedback to the teacher in order to enhance the
teaching-learning process in four different learning environments, namely: e-learning,
classrooms, webinars and flipped classrooms. More details on the contribution of this

thesis are as follows.



A real-time students’ emotional engagement analysis is proposed for both the in-
dividual and group of students based on their facial expressions, hand gestures, and
body postures for e-learning, flipped classroom, classroom, and webinar environments.
Both basic and learning-centered emotions are used in the study. Various CNN based
architectures are proposed to predict the students’ emotional engagement. The stu-
dents’ behavioral engagement analysis method is also proposed and implemented in the
classroom and computer-enabled teaching laboratories. The proposed scale-invariant
context assisted single-shot CNN architecture performed well for multiple students in a
single image frame. A single group engagement level score for each frame is obtained

using the proposed feature fusion technique.

The proposed model effectively classifies the students’ affective states into teacher-
centric attentive and in-attentive affective states. Inquiry interventions are proposed
to address the negative impact of in-attentive affective states on the performance of
students. Experimental results demonstrated a positive correlation between the students
learning rate and their attentive affective state engagement score for both individual and
group of students. Further, an affective state transition diagram and visualizations are

proposed to help the students and the teachers to improve the teaching-learning process.

A multimodal database is created for both e-learning (single student in a single im-
age frame) and classroom environments (multiple students in a single image frame)
using the students’ facial expressions, hand gestures, and body postures. Both posed
and spontaneous expressions are collected to make the training set more robust. Also,
various image variants are considered during the dataset creation. Annotations are
performed using the gold standard study for eleven different affective states and four
different engagement levels. Object localization is performed on each modality of
every student, and the bounding box coordinates are stored along with the affective
state/engagement level. This database is benchmarked with various popular classifica-

tion algorithms and state-of-the-art deep learning architectures.

Keywords:  Affective Computing; Affect Sensing and Analysis; Behavioral
Patterns; Classroom Data in the Wild; Computer Vision; Multi-

modal Analysis; Student Engagement Analysis.
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Chapter 1

Introduction

Learning environments play a vital role in the modern education system where the stu-
dents learn and interact with the real-tutor (teacher) or auto-tutor to gain the required
knowledge. In traditional learning, due to human to human interaction, teachers can
interact with the students according to the students’ visible behaviors, emotions, and
so on. In this era of smart city, there are so many learning environments that are used
in the teaching-learning process, such as social e-learning, collaborative e-learning, m-
learning, and so on. Even there is the smart campus which not only uses traditional

learning and e-learning but also uses webinars, and auto-tutors.

All these different learning environments can be made more personalized by in-
corporating students’ behavioral and emotional engagement analysis systems, which
can automatically predict the students’ engagement and accordingly adapt the teaching
strategy to improve the teaching-learning process. Students’ engagement using their
non-verbal cues can be analyzed using Affective Computing. Affective computing is
a separate domain that includes the emotional, cognitive, and behavioral aspects of
humans. More details pertinent to different learning environments used in the teaching-
learning process, students’ affective content analysis, automatically measuring the stu-
dents’ engagement, and other related literature that uses affective computing in the ed-
ucation domain are given in the following sections. This chapter concludes with the

motivation behind this research work and the outline of the thesis.
1.1 Affective Computing

Affective computing is the study and development of systems and devices that can rec-
ognize, interpret, process, and simulate human affects. Affective Computing combines
engineering and computer science with psychology, cognitive science, neuroscience,
sociology, education, psychophysiology, value-centered design, ethics, and more (Pi-

card, 1997).



1.2 Learning Environments

Learning environments such as classroom, flipped classroom, e-learning, and webinar

are widely used (Figure 1.1).

* Classrooms: In a traditional classroom learning, the teacher is the primary dis-
seminator of information during the class period, and the students can practice
and explore more post classroom instructional hours.

* Flipped Classroom: Flipped classroom instructional strategy is a reverse of
classroom learning, where the students learn the concepts before coming to the
class, and the classroom is used to explore topics in greater depth and create
meaningful learning opportunities while students are initially introduced to new
topics outside the classroom (Tucker, 2012). In flipped classrooms, students often
use online sources to learn the concept outside the classroom.

* E-learning: elearning is learning utilizing electronic technologies to access ed-
ucational curriculum outside of a traditional classroom. In most cases, it refers
to a course, program or degree delivered completely online. Students generally
use e-learning platforms to learn the concepts, and few other options are also
used like collaborative learning/ e-learning. Collaborative e-learning is defined
as a process where a group of students learn or attempt to learn using e-learning
platform.

* Webinars: Apart from e-learning and flipped classroom environments, the stu-
dents can also learn from traditional classroom lectures in real-time using the
online platforms such as web seminars referred to as webinars, where teacher re-
sponds to questions while students refer directly to the teacher for guidance and
feedback.

All four learning environments fall under a wide classification of asynchronous and
synchronous learning (Hrastinski, 2008). Learning is an affectively charged experience
where the affective states continually occur throughout the learning process (D’Mello
et al., 2007). An effective learning agent (human or auto-tutor) fosters the affective
states which are beneficial to learning (Sidney et al., 2005). Synchronous and asyn-
chronous learning are the two types of learning events based on students’ engagement
and medium of learning. Classroom-based learning is synchronous learning, which
deals with a group of students taught by an instructor in an indoor/outdoor environ-
ment. On the other hand, most of the online education systems (e-learning) are asyn-

chronous learning, where each student can learn the subject using electronic education
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technologies like massive open online courses (MOOCs). In both synchronous and
asynchronous learning environments, the students’ affective states can be recognized
using video-recorded data or image frames. The video recorded data with respect to
(w.r.t.) classroom environment consists of a group of students (multiperson) in each
image frame, whereas the e-learning scenario contains a single person in a single image

frame.
1.3 Students’ Engagement Analysis

Students’ engagement is closely associated with their conceptual understanding, and it
is broadly classified into four major categories, namely: emotional, behavioral, cogni-

tive, and agentic engagements (Sinatra et al., 2015; Castellano et al., 2008).

* Emotional Engagement: Emotional engagement is defined as the students’ emo-
tional reactions to academic subject areas. Learning-centered and academic emo-
tions are few popular categories used to measure emotional engagement (D’Mello
et al., 2007; Bosch et al., 2016; Sinatra et al., 2015).

* Behavioral Engagement: The students’ motivation to participate through their
actions in learning is referred to as behavioral engagement. Behavioral aspects
of attention, such as making eye contact and leaning forward during a discussion,
self-directed academic behavior such as exhibiting resiliency in the face of obsta-
cles, and so on, are used to measure the behavioral engagement (Whitehill et al.,
2014; Sinatra et al., 2015; Yun et al., 2018).

* Cognitive Engagement: A widely used definition of cognitive engagement is
a psychological investment where a student becomes psychologically invested
when he(she) expands cognitive effort to understand, goes beyond the require-
ment of the activity, uses flexible problem solving, and chooses challenging tasks.
The dimensions of cognitive engagement overlap with dimensions of both behav-
ioral engagement and emotional engagement (Whitehill et al., 2014; Sinatra et al.,
2015; Yun et al., 2018).

* Agentic Engagement: Agentic engagement is the fourth dimension of engage-
ment, where students are proactive during instructions (Sinatra et al., 2015).

1.4 Analyzing Students’ Engagement

The students’ engagement is analyzed in various ways through self-reports, survey-
based methods like NSSE (National Survey of Student Engagement), teacher introspec-

tive evaluations, checklists, speech/voice recognition techniques, physiological sensors

3



such as pulse rate, pressure sensors, learning environment’s video content analysis,
and others (Kuh, 2003; Kahu, 2013; Kuh et al., 2008; Zilvinskis et al., 2017; Calvo
& D’Mello, 2010; D’mello & Graesser, 2012; D’Mello et al., 2010; Wang & Ji, 2015).

1.5 Unobtrusive Students’ Engagement Analysis

Learning environments are classified as synchronous and asynchronous based on stu-
dents’ engagement and medium of learning. There are limited works on the students’
engagement analysis performed in a synchronous learning environment like the class-
room. The survey-based methods and the use of physiological sensors for each stu-
dent present in a large classroom are both time-consuming and obtrusive (Kuh, 2003).
Speech/voice recognition for students’ engagement analysis in a large classroom is not
feasible as each student may not get the opportunity to interact with the teacher all the
time (Castellano et al., 2008). In a synchronized learning environment, the unobtrusive
students’ engagement can be effectively recognized using non-verbal cues such as facial
expressions, hand gestures, and body postures captured from the video image frames of
the classroom data (Whitehill et al., 2014; Zaletelj & Kosir, 2017; Gupta et al., 2019;
Ashwin & Guddeti, 2018).

Image frame based analysis deals with issues such as occlusion, background clut-
ter, pose, illumination, cultural & regional background, intra-class variations, cropped
images, multipoint view, and deformations. To address these issues, various techniques
such as multiangle optimal pattern (Jain et al., 2017), video summarization (Muham-
mad et al., 2018), density estimation, and detection with scale-aware, context-aware,
or multitask frameworks (Sindagi & Patel, 2018) were proposed. Multimodal analysis
is another challenge, and various techniques such as Convolutional Neural Networks
(CNN), Deep-CNN, Long Short-Term Memory (LSTM), and temporal CNNs were
used for its analysis (Rahmani et al., 2018; Varol et al., 2018; Liu et al., 2018). But

these techniques were not explored in different learning environments.



1.6 Affective State Classification

Knowledge and goals of the learner influence the students’ affective states and vice
versa (Bosch et al., 2016). Current research on the students’ emotion recognition us-
ing their facial expressions include the classification of emotions into learning-centered
emotions (boredom, confusion, frustration, eureka, flow/engagement) (D mello & Graesser,
2012) and Ekman’s basic emotions (happy, sad, fear, anger, disgust, and surprise)
(Psaltis et al., 2017). Other classifications such as interested or not-interested (Klein &
Celik, 2017); distracted or engaged were also considered (Thomas & Jayagopi, 2017).
These classification techniques are confined to either e-learning or for the classroom,
but not for both the environments. The existing literature focuses on student’s video
affective content analysis to predict their emotional engagement such as frustrated, con-
fused, happiness and others (D’Mello et al., 2007; Ashwin et al., 2015), whereas a few
other works considered mainly behavioral engagement such as looking away from the
computer, eyes completely closed and the like from the students’ video content (White-

hill et al., 2014; Silfver et al., 2018; Ashwin & Guddeti, 2018).

The students’ emotional and behavioral engagement works are performed both in
e-learning and classroom environments, but the students’ engagement analysis is per-
formed on a single person in a single image frame. However, in the real classroom
scenario, there are multiple students in a single image frame with students’ faces in
the wild. Existing works for feature extraction like Histogram of Oriented Gradients
(HOG), Scale-Invariant Feature Transform (SIFT), and tools like OpenFace are used
for real-time students’ emotion recognition. All these methods and tools fail to perform
better for multiple students in a single image frame (Thomas & Jayagopi, 2017; Wang
& Ji, 2015). Deep learning techniques for affective state classification are more accurate
than existing machine learning techniques, but these are not well explored for students’
identification and the affective state classification of multiple students in a single image

frame.



1.7 Multitude of Modalities

Existing works analyzed a student’s emotion in a controlled environment for a single
student in a single image frame. Some works induced frustration, curiosity, and other
emotions of the students, and analyzed their emotional relationship with their perfor-
mance (D’Mello, 2012; Craig et al., 2004). But there are no works on faces in the wild
data of a classroom. Though facial expressions are used in the majority of affective
state recognition techniques, many research studies demonstrate that there is a signifi-
cant contribution of body posture and hand gesture for the recognition of the students’
affective states (D’Mello et al., 2007; Patwardhan & Knapp, 2014). For example, results
in (Patwardhan & Knapp, 2014) demonstrated that more than 70% of the recognition
accuracy is due to the hand gesture and body posture concerning the anger affective

state.
1.8 Unobtrusive Students’ Engagement Database

The human affective states can be recognized through facial expressions, voice, hand
gestures, and body postures. There are many research studies on the human affective
state recognition (Picard, 1997; Glowinski et al., 2011; Wang & Ji, 2015). There exist
several state-of-the-art machine & deep learning and computer vision methods for af-
fective state recognition and its analysis (Szegedy et al., 2016; Krizhevsky et al., 2012;
Kleinsmith & Bianchi-Berthouze, 2013). These methods require a proper database to
train, test, and validate. The accuracy of affective state recognition is dependent on the
training data. This accuracy is affected by various parameters of training data such as
the pose, background clutter, intra-class variation, illumination, deformation, occlusion,
posed expression, natural expressions, cultural, and regional variations. A training data
which covers all the said parameters with sufficient data will give better results (Setty
et al., 2013). Currently, there exists no standard database for e-learning and classroom
environments to recognize the affective state of single and multiperson using facial ex-

pressions, hand gestures, and body postures.

Some intelligent tutoring systems not only include student’s affective state pre-

diction but also include their identification to personalize and improve the teaching-
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learning process with the help of object localization. Object localization is the predic-
tion of the objects within an image along with its boundaries. Object localization can
be used in the classroom response system for accurate identification of students and so
on. Though there are many standard databases for object localization (Huang et al.,
2007; Jain & Learned-Miller, 2010; Zhang & Deng, 2016), none of them contain the
data which includes the face, hand gestures and body postures, specifically for both

e-learning and classroom response systems.

Creating a database for both affective state prediction and object localization with
all the required parameters is a challenging and time-consuming task. There are several
databases for face detection, posture recognition, segmentation, human pose, object lo-
calization, and for affective state classification using facial expressions, but these are
not used in both e-learning and classroom environments as these databases do not con-
tain expressions related to learning-centered emotions nor contain multiple people in a
single image frame. There are a few databases that contain multi-face in a single image
frame with profile and tilted faces (Tarrés & Rama, 2012; Martinez, 1998), but they
are not explored for affective state recognition and its analysis. This is the motivation
to create a database for affective state recognition with object localization using three

components, namely: facial expression, hand gestures, and body postures.
1.9 Students’ Affective States as Feedback

With the advancement in technology, personalized (one to one tutoring) learning emerged
as an effective tool, and the automation in personalized tutoring led to the development
of intelligent tutoring systems (Kulik & Fletcher, 2016). Intelligent tutoring systems
promote engagement and learning by dynamically detecting and responding to a stu-
dent’s affective states (Calvo & D’Mello, 2010; D’Mello et al., 2010, 2007). These
personalized tutoring systems are generally categorized under asynchronous learning,
which is a student-centered tutoring system using online learning resources. On the con-
trary, a classroom is a well known synchronous learning environment where a group of
students involve in learning directly through human to human interaction. An effec-

tive teaching agent (teacher or auto-tutor) should possess various teaching strategies to



carry out a better teaching-learning process with the students. An effective teaching
strategy includes inquiry-based instruction, cooperative learning, utilizing technology
in the classroom, behavioral management, and a few other strategies (Ahlfeldt et al.,

2005; Hu & Li, 2017; Walker et al., 2008; Chi et al., 2011).

From the existing literature, it is observed that inquiry-based instruction is one of
the most effective teaching strategies in the classroom environment (Ku et al., 2014). In
inquiry-based instructions, teachers pose thought-provoking questions that inspire the
students to think for themselves and become more independent learners. Inquiry-based
instructions are based on the context and the affective states of the students (Eison,
2010). There exist several adaptive tutoring systems such as Wayang and Crystal Island
tutors, which use virtual agents to provide hints and express empathy to the students
based on their affective states in the classrooms (Arroyo et al., 2014; Rowe et al., 2009).
Other works include providing hints, motivational messages, adapting curriculum to
individual needs, auto-generating hints based on the students’ behavior, and so on (Silva
etal., 2019; Moore & Stamper, 2019; Rajendran et al., 2018). These existing works use
self-reports, agents, and text-based analysis to recognize the students’ engagement. But,
the unobtrusive students’ engagement analysis in real-time as feedback to enhance the

teaching-learning process is not explored in the literature.

In order to perform inquiry intervention, accurate recognition of student’s affec-
tive states is necessary (Arroyo et al., 2009; D’Mello et al., 2007; Arroyo et al., 2014).
The existing literature considers the student’s emotion/affective state recognition from
computer vision techniques in e-learning environment, but they do not use this as feed-
back for any automatic interventions. Affective image content analysis is widely used
for unobtrusive students’ affective state prediction in the e-learning environment. The
requirement of unobtrusive affective content analysis methods extended even to the uni-
versities after the introduction of IoT and Smart Campus, where the inbuilt cameras like
surveillance cameras present in the computer-enabled teaching laboratories are used to
analyze the students’ engagement (Ashwin & Guddeti, 2018). This led to the use of
affective video content analysis methods where image frames are used to predict the

multiple students’ facial expressions and behavioral patterns in a single image frame.



Recent advancement in deep learning showed better classification and object localiza-
tion in real-time (Szegedy et al., 2016; Redmon et al., 2016). There are few works
which use deep learning to recognize the students’ engagement in real-time (Klein &
Celik, 2017; Zaletelj & Kosir, 2017; Burnik et al., 2017). A common goal of these stud-
ies includes adaptive teaching strategies based on students’ engagement for classroom

environments.
1.10 Motivation

The existing literature focuses on the students’ affective content analysis for predict-
ing their emotional engagement (boredom, confusion, flow/engagement, and so on)
(D’Mello et al., 2007; Bosch et al., 2016). Whereas a few other works have mainly
considered behavioral engagement (looking away from the computer, eyes completely
closed, etc.) from the students’ video content (Whitehill et al., 2014), to aid the pre-
diction. Though these works are performed in both e-learning and classroom environ-
ments, the students’ engagement analysis is performed on a single person in a single
image frame. However, in the real classroom scenario, there will be multiple students
in a single image frame, and this data contain students’ faces in the wild. Further, there
exists no single robust technique to predict the students’ engagement in the classroom
environment, and also, there are no standard datasets available for the same. This is the

motivation to address the following issues and challenges:
(a) Recognition of the emotional/behavioral engagement of each student.

(b) Type of engagement analysis to be performed for better accuracy.

(c) Recognition of every student present in the single frame with localization to pre-
dict the engagement patterns in the wild.

(d) Use of multimodal' analysis for better performance.
(e) Prediction of a single group engagement level value for each frame.

(f) Use of a single robust technique to predict the students’ engagement in both the
environments.

'The word "Multimodal’ used in the proposed methodologies of the entire thesis refers to intra-image
multimodality where the features of the facial expressions, hand gestures, and body postures of each
student present within that image frame are considered.
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(g) Test for the possibility of replacing or substituting the robust unobtrusive tech-
nique for the popular/state-ot-the-art students’ engagement analysis methods.

(h) Real-time performance of the students’ engagement analysis.

(i) Use of the results of (h) as immediate feedback to enhance the teaching-learning
process.

1.11 Summary of Research Contributions

Figure 1.1 shows the complete research framework for unobtrusive students’ engage-
ment analysis in learning environments. As shown in Figure 1.1, the students’ en-
gagement analysis is performed using the nonverbal cues, and the required data is ob-
tained from image frames. The image frames obtained from the video data make this
an unobtrusive method. Both emotional and behavioral engagements are analyzed us-
ing nonverbal cues. The nonverbal cues include intra-image multimodalities such as
facial expressions, hand gestures, and body postures of each student present in an im-
age frame. These multi modalities are used to classify the students’ affective states.
These classified affective states, along with the object localization, helps in analyzing
both the emotional and behavioral engagement of students. The data are obtained from
various learning environments, such as classrooms, webinars, e-learning, and flipped
classrooms. Generally, e-learning and flipped classroom image frame data contain a
single student in a single image frame. In contrast, the classroom and webinar image
frame data contains multiple students in a single image frame. Each multiple student
image frame data is used to analyze the group engagement of that image frame. Stu-
dents’ affective state classification and object localization techniques are used for the
engagement analysis. Real-time classification of affective state classification is used as
feedback to enhance the teaching-learning process. To address the issues and challenges

mentioned in the previous section, the following are the key contributions of this thesis.

* The thesis extensively reviewed the methods available for the emotional engage-
ment of multiple students in a single image frame and found that there is no work
done in this area. Hence, we proposed students’ multi-facial emotion recogni-
tion for Ekman’s basic emotions. We further enhanced the method to predict all
the learning-centered emotions in both e-learning and classroom environments.
The proposed method predicts the students’ learning-centered emotions for all
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Fig. 1.1. Unobtrusive students’ engagement analysis in learning environments.

the students present in the image frame and uses bounding boxes to localize the
student present in the image frame. Group engagement analysis is also performed
on each image frame.
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* An architecture is proposed to analyze the behavioral engagement analysis of
students in both the classrooms and computer-enabled teaching laboratories. The
multitude of modalities is used to classify the students’ engagement levels. Var-
ious statistical analysis is performed to observe the correlation among students’
engagement levels and their performance. Group engagement analysis is also
performed on each student present in an image frame.

* An automatic inquiry intervention is proposed in different learning environments,
which uses the proposed real-time affective state classification and localization
method as feedback. The proposed automatic inquiry intervention uses purpose-
ful questioning to automatically pose the questions to the student based on their
affective states. Statistical analysis proved that there is a significant impact of the
proposed automatic intervention method.

e The final contribution of this thesis is the creation of an affective database with
students’ affective states. The created database contains various image variants,
data from different learning environments, a multitude of modalities, and ob-
ject localization. Annotations are performed using gold-standard study, and the
database follows the rules provided by the institutional ethics committee. The
created database is benchmarked with various state-of-the-art classification and
localization techniques.

1.12 Organization of the Thesis

The remainder of this thesis is organized as follows. Chapter 2 reviews the related
work on students’ engagement analysis, different works on affective state detection,
classification, & localization techniques, real-time affective feedback systems, and the
available databases for students’ affective content analysis using their non-verbal cues
in different learning environments. Based on the outcome of the literature survey, the

problem statement and research objectives are defined.

Chapter 3 describes the emotional engagement analysis. An ensemble of Haar cas-
cades, RBM, SVM, and the proposed modified affine transformations are used to ana-
lyze the basic emotions for multiple faces. Students’ affective states such as boredom
and engaged are detected using the proposed CNN model. All the dominant learning-
centered emotions are detected and classified along with the object localization using
the proposed CNN model, and it is tested with various state-of-the-art classification and

localization techniques.
Chapter 4 focuses on behavioral engagement analysis. Scale-invariant context-
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assisted single-shot CNN is proposed to analyze the students’ behavioral engagement
in the classroom environment. Various statistical methods are used to analyze the cor-
relation between the obtained students’ behavioral engagement data with their perfor-
mance in the class. Further, the behavioral engagement analysis is also analyzed for
computer-enabled teaching laboratories, and the results of classification and localiza-

tion are compared with state-of-the-art classification and localization architectures.

Chapter 5 focuses on using the students’ engagement analysis in real-time as feed-
back to enhance the teaching-learning process. Separate models are built in four dif-
ferent learning environments, such as e-learning, flipped classrooms, classroom and
webinar environments. To perform the engagement analysis is real-time CNN based
architecture is proposed. Based on the students’ engagement, automatic inquiry inter-
ventions are used to enhance the teaching-learning process. Various statistical methods

are used to analyze the impact of the proposed method.

Chapter 6 describes the created students’ affective state database. The created
database contains students from different learning environments, such as e-learning and
classroom. The details like camera setup, annotation using gold-standard study, vari-
ants used in the database, storing the annotated data, and so on are clearly explained in
this chapter. The dataset is trained and tested with various state-of-the-art architectures,

and it is also benchmarked for various feature extraction methods.

Finally, Chapter 7 summarizes the contributions of the research work and highlights

the possible future directions in enhancing the teaching-learning process.
1.13 Summary

The chapter introduces affective computing, various learning environments, different
types of students’ engagement analysis methods, students’ affective states and its clas-
sification, unobtrusive students’ engagement analysis and its use as feedback to enhance
the teaching learning process. Finally, the motivation behind this research work is dis-
cussed along with the outline of the thesis. The next chapter provides the details on the

exisitng literature.
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Chapter 2

Literature Survey

In this chapter, a complete review of existing students’ engagement analysis is dis-
cussed. Students’ engagement analysis includes various class labels used in different
studies to classify the students” emotions and behavioral patterns, various ways to mea-
sure those class labels, and different state-of-the-art techniques to classify the observed
students’ emotional and behavioral patterns. Further, we also discuss the real-time stu-
dent’ engagement analysis techniques and the use of those real-time analysis systems as
feedback to improve the teaching-learning process. Also, there are several databases for
emotion recognition and engagement analysis; we discuss in detail about the existing
unobtrusive student engagement analysis databases. Finally, we discuss the outcome
of the literature review, followed by the problem statement and the objectives of the

research work.
2.1 Students’ Engagement Analysis

Affective State Class Labels: There are a limited number of systems which explored
multimodal affect detection in the learning environment (Psaltis et al., 2017; Castel-
lanos et al., 2017). Existing intelligent tutoring systems, auto-tutors, and humanoid
robots predict students’ engagement using their facial expressions and other body parts
related to behavioral aspects. Learning-centered emotions like anger, boredom, con-
fusion, contempt, curiosity, disgust, eureka, and frustrations are used to analyze the
students’ engagement in the Emote-aloud study (Sidney et al., 2005; D’Mello, 2012).
Constructive and destructive learning emotions like frustration, confused, happiness,
and hopeless are considered for the students’ engagement analysis in humanoid robot
tutors (Singh et al., 2013). Whitehill et al. (2014) proposed four behavioral engage-
ment levels to analyze the students’ engagement in a laboratory environment. Holmes
et al. (2018) proposed a real-time non-verbal behavior recognition of e-learners. They
considered 37 behavioral patterns and analyzed the student’s engagement as positive

or negative. They did not consider multiple faces for affective state recognition and



feedback mechanism to improve their auto-tutor. Further, D’Mello et al. (2007) showed
that only confusion, boredom, frustration, delight, and flow emotions are sufficient to

analyze the student’s emotional engagement in any learning environment.
2.2 Affective State Detection and Classification:

There are several existing works on the recognition of students’ affective states per-
formed using text, audio, and video data. Most of the unobtrusive computer vision based
students’ affective state analysis techniques only use the facial expressions. Though
there are limited works on exploring the students’ affective state analysis using state-
of-the-art techniques, there are some cutting edge techniques on exploring the recog-
nition of basic emotions’ in various other domains. Those are techniques for emotion
recognition, multimodality, multiperson in a single frame affective content recognition,
and object localization (Klein & Celik, 2017; Wang & Ji, 2015). Duncan et al. (2016)
proposed a real-time facial emotion recognition system using convolutional neural net-
works to classify the image frames into seven basic emotions. They performed transfer
learning and used CK+ & JAFFE datasets for training the model. The overall training
accuracy of 90.7%, but the test accuracy was 57.1% only. These methods considered

only facial expressions for emotion classification.

Alizadeh & Fazel (2017) used grayscale images obtained from Kaggle for emotion
recognition using CNN. Further, they combined raw pixel data and HOG features to
train the CNN. Their results demonstrated that the hybrid model with raw pixel and
HOGs has no impact on the results obtained from the CNN. The overall accuracy ob-
served using the shallow model was 48.77%, and the deep model was 60.92%. Fan et al.
(2016) proposed a video based emotion recognition system using CNN-RNN (Recur-
rent Neural Networks) and C3D (Deep 3-Dimensional Convolutional Networks) hybrid
networks. They used FER2013 database to train and obtained an accuracy of 42.82%
for Face-AFEW dataset.

Ng et al. (2015) proposed a transfer learning based deep learning architecture for
emotion recognition on small datasets. They used Emotiw and FER datasets for training

and validation. Their results demonstrated an overall accuracy of 48.5% for validation
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and 55.65% for testing. Ranganathan et al. (2016) proposed a multimodal emotion
recognition system using a deep learning architecture for emoFBVP database. This
database consists of four multimodal components, namely: face, body gesture, voice,
and physiological signals, and the components are used for classifying 23 different
emotions. They used a convolutional deep belief model for emotion recognition and
obtained an accuracy of 58.5% for MAHNOB-HCI dataset and 97.3% for the Cohn

Kanade database, but these works are not explored in learning environments.

Tzirakis et al. (2017) proposed a deep neural network framework for end to end
multimodal emotion recognition. The accuracy analysis was performed for both spon-
taneous and natural emotions using RECOLA and AVEC 2016 database with an accu-
racy of 62% and 71%, respectively. Dehghan et al. (2017) proposed DAGER: Deep
Age, Gender, and Emotion Recognition system using CNN for Sighthound dataset and
obtained an accuracy of 76.1% for emotion recognition. They used LFW dataset for
face recognition during the training phase, and the same dataset was fine tuned using
Sighthound’s emotion data. Kahou et al. (2016) proposed EmoNets, which used multi-
modal deep learning approaches for emotion recognition based on the video data. They
used activity, audio, bag-of-mouth, and convnet for the emotion prediction and obtained
an overall accuracy of 41.03% and 47.67% for AFEW2 and AFEW4 datasets, respec-
tively. Zhao & Itti (2017) proposed an improved deep learning technique for object
categorization using the pose information. They used what/where CNN (2W-CNN) on
iLab-20M dataset and obtained an accuracy of 84.8%. Though the methods mentioned
in Tzirakis et al. (2017); Dehghan et al. (2017); Mollahosseini et al. (2016); Burkert
et al. (2015); Kahou et al. (2016); Zhao & Itti (2017) carried out multimodal emo-
tion recognition with state-of-the-art techniques, these were performed only for basic
emotions. Further, these techniques were not used for the students’ affective content
analysis and hence did not consider object localization and affective state analysis with

respect to (w.r.t.) students’ data.

Facial expressions are recognized using Gabor features, Haar cascades, pyramid
histogram of gradients, local binary patterns, and others (Wang & Ji, 2015). But there

are very few works on facial expression recognition using deep learning techniques
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in e-learning and classroom environments (Klein & Celik, 2017; Ashwin & Guddeti,
2019b,a, 2018; Gupta et al., 2019). Existing works for the feature extraction such as
Histogram of Oriented Gradients (HOG), Scale-Invariant Feature Transform (SIFT),
and tools like OpenFace are used for real-time student’s emotion recognition (Wang &
Ji, 2015; Monkaresi et al., 2017; Thomas & Jayagopi, 2017). All these methods and
tools fail to perform well for multiple students in a single image frame. Deep learn-
ing techniques for affective state classification are more accurate than existing machine
learning techniques. Long Short-Term Memory (LSTM) is a widely used deep learning
technique for emotion recognition from videos (Booth et al., 2017; Xia et al., 2018;
Dhamija, 2017; Sun et al., 2018; Dhamija & Boult, 2017), but these are not explored
much for the students’ identification and also for the real-time affective state classifica-

tion in learning environments.

Classification of students’ affective states in a classroom environment is a chal-
lenging task. Group happiness intensity level is calculated using the weighted group
expression model, which uses global and local contexts (relevant position of people in
the image) (Dhall et al., 2015). This model is further optimized for multimodal group
affect analysis using hand, body, and scene details (Huang et al., 2018). But this work
is limited to types of happiness, and also, the use of local contexts are not relevant
to the classroom scenarios. LSTM (with AlexNet as base) is used to recognize mul-
timodal group emotion recognition using feature fusion (Sun et al., 2016), and Group
behaviour analysis is performed using sociometric badges and surveillance cameras in
poster presentation and cocktail party effects (Alameda-Pineda et al., 2016), but these
are not explored in learning environments. Castellanos et al. (2017) used Atkinson’s
index with students’ text data to calculate group behavioral engagement scores in the

classroom environment.
State-of-the-art Recognition and Localization Techniques

There are several state-of-the-art multimodal, multiperson detection, classification, and
localization techniques. Feature pyramid networks are popular in recognizing the high-

level feature semantic maps at all scales (Lin et al., 2017). But these are memory
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intensive, and to address this issue, scale-invariant single-shot detectors were used
(Zhang et al., 2017). These techniques failed to recognize small faces or objects. Tang
et al. (2018) proposed PyramidBox, which uses low-level feature pyramids as well as
context-sensitive prediction modules to recognize small objects present in the image.
But all these techniques are neither used for recognition of students’ multimodality

(face, hand gesture, and body posture) nor localization of students’ faces in the wild.

Students’ Affective State Detection and Classification

There are a limited number of systems that explore multimodal students’ engagement
in the learning environment. Existing intelligent tutoring systems, auto-tutor, and hu-
manoid robots use the students’ engagement analysis based on their facial expressions
and other body parts related to behavioral aspects. In the existing literature, non-verbal

cues are used to classify either emotional or behavioral engagement.

Emotional Engagement

Learning-centered emotions like anger, boredom, confusion, contempt, curiosity, dis-
gust, eureka, and frustration were used to analyze the students’ engagement in the
Emote-aloud study (Sidney et al., 2005). Constructive and destructive learning emo-
tions such as happiness, confusion, frustration, and hopelessness were considered for
the students’ engagement analysis in humanoid robot tutors (Singh et al., 2013). Bosch
et al. (2016) considered the facial expressions and aggregate body movements of 137
subjects and thus classified them into different affective states, namely: boredom, con-
fusion, delight, engagement, frustration, and off-task behavior. They used CERT (Com-
puter Expression Recognition Toolbox) computer vision software to classify the ob-
tained facet features using WEKA (Waikato Environment for Knowledge Analysis)
tool with 14 different classifiers and obtained an overall AUC (area under the curve)

of 0.708. But, these works were performed in controlled environments.
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Behavioral Engagement

Whitehill et al. (2014) captured the student’s facial expressions and body postures using
iPad’s web camera and classified students’ engagement into four different engagement
levels (using their behavioral patterns). They considered 34 subjects and obtained the
AUC of 0.729 using Gabor features. Zaletelj & Kosir (2017) used a Kinect sensor for
classifying the students’ attention using facial expression, eye gaze, and body posture.
They considered writing, yawning, supporting the head, leaning back, and a person’s
gaze to classify the students’ attention into high-level, mid-level, and low-level atten-
tions. The authors considered 18 subjects and used the classifiers such as decision trees
and k£-NN to obtain an accuracy of 0.753. Kahu (2013) analyzed the students’ engage-
ment using their facial expressions, body movement, and gaze patterns; and classified
the student engagement into engaging and non-engaging parts. They considered mul-
tiple deep instance learning based frameworks to obtain an average mean square error
(MSE) of 0.10 on 78 subjects of the e-learning environment. But, the above mentioned

methods were not explored for multiple students present in large classrooms.

Students’ Multimodal Engagement Analysis

A few techniques used hand gestures and body postures along with the head movement
for the analysis of the students’ engagement. Emotion intensity models were applied
on the obtained web frames (used webcams or Kinect to obtain the image frames), and
tools like WEKA were used to obtain the classification results (Calvo & D’Mello, 2010;
Patwardhan & Knapp, 2014; Grafsgaard et al., 2013). But all these were performed on

a single person in a single image frame.

Students’ Engagement Analysis in Classrooms

Existing works used a Kinect device to capture multiple students present in a class-
room. k-Nearest Neighbors, decision trees, support vector machines, Haar cascades,
and CNNs (AlexNet) were used to classify the students’ behavioral patterns (Zaletelj &
Kosir, 2017; Burnik et al., 2017; Klein & Celik, 2017; Thomas & Jayagopi, 2017). The
capturing range of Kinect was low when applied to large classrooms, and the techniques

used were not robust enough to classify the students’ expressions in the wild.
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2.3 Affective Content as Feedback

The use of the analyzed students’ engagement data to improve the teaching-learning
process is another challenge. There are a few works where the student’s engagement is
analyzed by the dwelling time (amount of time student spent on the video), dwelling rate
(how much content in the video, was seen by the student), and accordingly the complex-
ity of the video lecture was analyzed and optimized (Van der Sluis et al., 2016). State
diagram (Coffrin et al., 2014), competency map (Grann & Bushway, 2014) and vari-
ous other learning analytic dashboards (Bodily & Verbert, 2017) are used as feedback
to both the students and teachers which serves as a recommender system to improve
the teaching-learning process and thus aiding in the visualization of the patterns among
student’s engagement and the corresponding marks obtained by them. But these works

are limited to Massive Open Online Courses (MOOCS) or e-learning environments.

Existing smart/digital classrooms provide feedback after the completion of each
class or course. Some feedback systems include the details about the instructional and
social responses from the students (Yu, 2017). There are several works on game-based
learning which dynamically adapts the teaching strategy or responds to a single stu-
dent. Prime Climb is a game based learning test-bed which dynamically adapts the
teaching strategy for each student using user-adaptive hints (Conati, 2002). Crystal Is-
land recognizes the students’ affect expressions and shapes their affective trajectories
using narrative-centered learning interactions (Rowe et al., 2009). These are confined
only to game-based learning, and there is no affective feedback. Other diverse works
on student’s affective content analysis and engagement analysis performed in various

learning environments are summarized in Tables 2.1 and 2.2.

To summarize, there are several tools to recognize the users’ affective states, such
as affectiva', emotinent?, imotions® and so on, but they are not explored in the learning
environments. The existing students’ affective state recognition techniques are limited

to single modality and considered for e-learning environments.

Thttps://www.affectiva.com
Zhttp://emotient.com
3https://imotions.com
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Table 2.1

Related Work Summary
Authors Methodology Engagement Analysis Environment
F/1
D’Mello Affect sensitive Student’s affective No | Auto-Tutor
et al. (2007) auto-tutor states
Kim et al. Smartphone response Student’s marks No | Classroom
(2015) system
Castellanos Group engagement Engagement level No Virtual
et al. (2017) score for virtual (Balanced, un- even, Learning
learning environment unengaged)
Balaam Subtle Stone is used for Student’s affective No | Classroom
et al. (2010) engagement analysis states
Liu et al. Learning analytic Point and Intensity No Online
(2015) system called tracer is based engagement Learning
used analysis
Yousuf & Visual narrative Self Reports (average, | No Online
Conlan framework VisEN is good or excellent) Learning
(2017) used
Burnik et al. | Vision based observed Behavior patterns No | Classroom
(2017) attention estimator
Klein & The WITS intelligent Students’ affective No | Classroom
Celik (2017) tutoring system states
Maneeratana Class-Wide course Class Survey No Seminar
et al. (2017) feedback
Zaletelj & Student engagement Students’ behavior No | Classroom
Kosir (2017) monitoring
Bosch et al. FACET, CERT Students’ affective No | Classroom
(2016) Computer Vision states
Whitehill iPad based engagement Behavioral patterns No | e-learning
et al. (2014) monitoring
Thomas & Classroom monitoring | Facial Behavioral Cues | No | Classroom
Jayagopi
(2017)
Tiam-Lee & | WEKA and OpenFace Student’s affective No | e-learning
Sumi (2019) states
Yun et al. Children engagement Behavioral patterns No | Classroom
(2018) monitoring Laboratory
Psaltis et al. Multimodal Student Basic Emotions No Virtual
2017) engagement Reality (VR)
Game

F/I: Feedback/ Intervention
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Table 2.2

Related Work Merits and Limitations

Authors

Merits

Potential Limitations

D’Mello
et al. (2007)

Classified student engagement into
boredom, confusion, delight, flow
and frustration

Different sensors are used to
recognize different affective states

Kim et al. Used twitter to enable effective Rapid feedback system is required
(2015) interaction for real-time scenarios
Castellanos Both individual activity and Engagement metrics are available

et al. (2017)

similarity of participation are
considered

only for the instructors

Balaam
et al. (2010)

Tangible technology designed to
support student’s active emotional
communication

Use of Subtle Stone makes it
obtrusive

Liu et al. Analyzed the behavior pattren of | Impact of visualization on learning
(2015) student’s writing on cloud based is not evaluated
applications
Yousuf & Analyzed the behavior pattern of Impact of visual narratives in
Conlan student’s writing on cloud based online learning is not performed
(2017) applications
Burnik et al. Student’s attention monitoring No feedback is given to teacher or
(2017) during a lecture using gaze and student for further improvements
behavior cues
Klein & Detecting students’ engagement Considered only behavioural
Celik (2017) during lectures using CNN engagement
Maneeratana Student’s engagement based Manual engagement analysis is
et al. (2017) feedback system performed
Zaletelj & Kinect based engagement analysis Kinect capture range is small, it
Kosir (2017) cannot cover a big classroom
Boschetal. | Considered facial expressions and | Works for single person in a single
(2016) gross body movements image frame only
Whitehill Face and head movement, eye Works when the student is close to
etal. (2014) | tracking and posture is considered the camera
Thomas & Classroom data is considered Recognizes only facial features of
Jayagopi where each student’s face is each student
(2017) cropped and processed for emotion
recognition
Tiam-Lee & | Both pose and face are considered | Fails for scale invariant and tilted
Sumi (2019) for the analysis face images
Yun et al. CNN is used for both pose and Tested on only children’s data
(2018) scale invariant face images
Psaltis et al. Multi-modal fusion methods are Considered only basic emotions
(2017) used
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From Tables 2.1 and 2.2, it is observed that there are several works on students’ en-
gagement analysis, but none of them predicts the students’ affective states in real-time,
and hence, those recognized students’ affective states are not used as real-time feedback.
A few existing works recognize the students’ affective state in classroom environments
(Thomas & Jayagopi, 2017; Yun et al., 2018), but real-time affective state predictions
are not performed. There are a few tools in the game-based learning environment which
recognizes the students’ affective state in real-time (Conati, 2002; Psaltis et al., 2017).
Here they recognize a single student who is standing or playing in front of the camera
or using a VR headset. But these tools fail to recognize sitting and multiple students
present in other learning environments like e-learning and classrooms. Hence, there is
no existing work which predicts the students’ affective state in real-time and use it as
feedback to improve the teaching-learning process. Also, there are no existing works
that recognize the students’ affective states in all four learning environments (for both
single and multiple students in a single image frame). Therefore in this work, we pro-
pose a method to recognize the students’ affective state in real-time and use this data as

immediate feedback to improve the teaching-learning process.
2.4 Multi-Modal and Faces in the Wild Data Analysis

Multi-task convolutional neural networks were proposed to address pose-invariant un-
constrained face recognition (Yin & Liu, 2018). Weighted Mixture Deep Neural Net-
work was used to recognize the basic emotions for CK+ database (which include oc-
cluded faces) with 97% accuracy. Further, the authors proved that CNN based architec-
tures outperformed all the handcrafted feature based methods (Yang et al., 2018). Deep
Fusion CNN was used for multi-modal expression recognition to classify the basic emo-
tions (Li et al., 2017). Blur-aware bi-channel deep neural network was proposed for face
recognition in the wild (Ding & Tao, 2018). Several other works were proposed for face
recognition, emotion classification, and multi-modal analysis for the data of faces in the
wild (Xie & Hu, 2019; Zhang et al., 2019; Li et al., 2017; Ding & Tao, 2015; Wu et al.,
2018). The base network for most of the above mentioned methods use one among
the following architectures: AlexNet (Krizhevsky et al., 2012), VGGNet (Simonyan &
Zisserman, 2014), ResNet (He et al., 2016) or GoogleNet (Szegedy et al., 2016).
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But all these above methods were used for crowd data analysis in the entertain-
ment domain or for sports data analysis but not for students’ affective state recognition
and classification. Hence, we proposed a novel hybrid CNN architecture for the stu-
dents’ affective state analysis in the classroom environment. Though there were several
works related to affective state recognition of students, very few works were done for
the recognition of learning-centered affective states using both emotional and behav-
ioral patterns with some cognitive aspects involved in it. Further, it is observed that
there exists no standard dataset for the verification and validation of the students’ affec-
tive states in a classroom environment. This motivated us to create our dataset for the

students’ affective state analysis.

Table 2.3 shows the summary of recent works on affective content analysis per-
formed in various domains. From the existing literature it is clearly evident that the
traditional machine learning techniques such as ANNs, SVMs, etc. were outperformed
by deep learning techniques such as CNN, RNN and LSTM (Long Short-Term Mem-
ory) for image frame based emotion recognition (Baveye et al., 2017). Table 2.3 shows
existing works on multi-face emotions recognition for different types of smiles related
to happiness. Similarly, there were other works in the field of entertainment which were
tested on MELD (Multimodal Emotionlines Dataset) and EmotiW dataset using Incep-
tionV3 and VGG16 deep learning architectures (Poria et al., 2018; Guo et al., 2018).
But, these architectures were not sufficient to test on learning-centered emotions such as
engaged and bored where the students’ expressions and behavioural patterns vary sig-
nificantly when compared to the facial expressions and behavioural patterns of humans

obtained from the entertainment filed (DeFalco et al., 2018).
2.5 Students’ Affective State Databases

Most of the standard affective state classification databases use facial expressions for
the classification of affective states. Generally, the classification is based on Ekman’s
basic emotions. There are a few research studies on affective state recognition and clas-
sification of students in a learning environment. Happy et al. (2015) created an Indian

Spontaneous Expression (ISE) database with 428 segmented video clips, including 29
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Summary of Works on Image Based Affective Content Analysis

Table 2.3

Authors Method Tested on Emotional D |[IFC| M | GA
Descriptors
Gupta et al. InceptionV3 DAISEE Boredom, Ed | SP | No | No
(2016) Model Dataset Confusion,
Engagement,
Frustration
Lopesetal. | Modified CNN CK+, JAFFE | Ekman’s basic | Ed | SP | No | No
(2017) and BU-3DFE emotions
Huang Long Short Term DAISEE Boredom, Ed | SP | No | No
et al. Memory Dataset Confusion,
(2019) Engagement,
Frustration
Hayashi Facial Action 21 Japanese | Ekman’sbasic | Ed | SP | No | No
(2019) Coding System University emotions
Students
Ramirez L Decision Trees, 16 Engagement, | Ed | MP | No | Yes
(2019) Data obtained Undergraduate Frustration
from Kinectv2 Students
Tiam-Lee WEKA and 73 Students Boredom, Ed | SP | YES| No
& Sumi OpenFace Confusion,
(2019) Engagement,
Frustration
Subramanian  Linear SVMs ASCERTAIN | Engagement, | En | SP | YES| No
et al. Liking,
(2018) Familiarity
Liu & Jiang | Particle Swarm 10 Adults Happiness, S | SP | YES| No
(2019) Optimization, from shooting Sadness,
kNNs team Anger, Fear
Huang Information HAPPEI and | Neutral, Small | R | MP | YES| Yes
et al. Aggregation, GAFF smile, Large
(2018) decision fusion smile, Small

laugh, Large
laugh and
Thrilled

IFC - Image Frame Content; M - Multimodality; GA - Group Analysis; D: Domian;
Ed: Education; En Entertainment; S: Sports; R: Real-life activities
SP - Single Person in a Single Image Frame; MP - Multiple Person in a Single Image Frame

male and 21 female participants. They classified the facial expressions into four basic

emotions, namely: happy, sadness, surprise, and disgust. This database also includes

mild to strong spontaneous facial expressions but does not contain posed expressions.
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Riaz & Mushtaq (2016) analyzed the six basic categories of aesthetic emotions
with 12 female and 15 male respondents, but this database was created only for the
e-learning environment. Whitehill et al. (2014) proposed four-level engagement clas-
sification (highly engaged, engaged in the task or stay on task, sleepy or not in the
task and not at all engaged or not thinking about the task) of students in an e-learning
environment. Here, behavioral engagement was considered more than the emotional
engagement of students for engagement level classification. There are several other re-
search studies for the e-learning system, but those are not based on hand gestures or

body postures for affective state recognition (Ashwin et al., 2015).

Patwardhan & Knapp (2014) proposed a single-face affective state recognition sys-
tem using affective intensity estimation with a range of O to 1. They considered 5
participants with six basic emotions using face, body, hand, speech, and the head.
They demonstrated that the contribution of face for affective state recognition for a
few basic emotions like anger is less than 40%. But the experimental results were ana-
lyzed only for anger affective state. Sidney et al. (2005) integrated an affective sensor
for the analysis of frustration, confusion, and boredom using face and body postures.
They experimented with 20 college students; further, they used a sensor for posture
pattern recognition embedded on both the seat and the back of the chair. The entire
affective state analysis was based on single-face recognition in a single image frame
and was performed along with body pressure measurement system. But, they did not
carry out multi-face affective state analysis. Grafsgaard et al. (2013) proposed a mul-
timodal feature-based method for predicting engagement and frustration during the tu-
toring phase using face and hand gestures. This method was tested and analyzed for
67 students and tutors. They also proposed a model (Grafsgaard et al., 2014) that gives
a relationship between self-efficacy and the effectiveness of tutorial interactions. This
was tested for 66 students and classified for two different affective states, namely: frus-

tration and engagement. But this work was designed only for the e-learning scenario.
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Fig. 2.1. Spider chart of affective databases in computer vision.

There exists affective based research work for the classification of multi-person in
a single image frame. Dhall et al. (2015) experimented on 417 images with 1756 faces
and analyzed three affective states in the group image frames, namely: positive, neutral,
and negative. Happy et al. (2015) created HAPPEI database for classification of happy
affective state for multi-person in a single image frame. They used only the happy
affective state for the creation of their database. They also considered neutral, small
smile, large smile, small laugh, large laugh, and thrilled, happy affective state variants

for affective state classification. These were not suited for learning environments.

From the works Calvo & D’Mello (2010); D’Mello et al. (2007); Ekman (1992);
Picard (1997), it was observed that students often tend to express only a few affective
states in e-learning and classroom environments. This included seven basic emotions
and a few learning-centered emotions. Table 2.4 summarizes the affective databases
in computer vision. In summary, there are a few databases which are used only for
face affective state recognition (Tarrés & Rama, 2012; Lyons et al., 1998; Georghiades
et al., 1997; Valstar & Pantic, 2010; Setty et al., 2013; Zhang et al., 2014). There are a
few standard databases which are used only for face detection (Zhang & Deng, 2016;
Huang et al., 2007; Jain & Learned-Miller, 2010). There are some databases which are
used only for hand gesture recognition (Marin et al., 2014; Tompson et al., 2014; Matar
et al., 2016; Radeta & Maiocchi, 2013; Garber-Barron & Si, 2012). There are a few
works that have given insights about the difference in facial expressions of Caucasian
and Asian subjects (Happy et al., 2015; Lyons et al., 1998). Further, some research
studies have used face, hand gesture, and body posture for affective state recognition of

single-person in a single image frame (Calvo & D’Mello, 2010; D’Mello et al., 2007;
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Grafsgaard et al., 2013; Ezen-Can et al., 2015; Filntisis et al., 2019; Sapinski et al.,
2018; Noroozi et al., 2018; Gavrilescu, 2015).

Figure 2.1 shows the spider chart of affective databases in computer vision w.r.t.
visual cues recognition that includes affective state recognition using facial expressions,
hand gestures, body postures; spontaneous and posed expressions; single and multi-face
affective state recognition in a single image frame; and other datasets for affective state
analysis specifically designed for e-learning and classroom environments. It is observed
from Figure 2.1 that there are only a few databases that consider all the three visual cues
recognition components of single-person in a single image frame, namely: face, hand
gesture, and body postures. Further, there are a few databases that consider multi-person
in a single image frame with spontaneous facial expressions only. It is also observed
from Figure 2.1 that there are a few databases available for affective state analysis for
e-learning and crowd affective state recognition. Further, only a few databases are
available for Indian or Asian people with annotated facial affective state recognition.
But there exists no standard database for analyzing students’ emotional and behavioral
engagement using students’ affective state analysis based on facial expressions, hand
gestures, and body postures for both e-learning and classroom environment. Hence,
one of the objectives of this is to create an affective database for both e-learning and

classroom environments, thus overcoming the limitations of the existing works.
2.6 Major Gaps of the Existing Literature

Tables 2.1, 2.2, and 2.4 summarizes the key existing works on the students’ engage-
ment analysis in different learning environments. It is observed that the existing works
are extensively explored for students’ emotional engagement analysis using their facial
expressions. Multimodality in emotion recognition, such as the use of postures and
gestures along with the facial expressions, are considered in existing studies which are
confined only to the e-learning environment. Also, the use of deep learning techniques
for the students’ engagement analysis is limited, and this reduces the robustness of the
method to recognize scale-variant faces within the image. The existing works which use

deep learning techniques are not explored much for multiple students in a single image
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frame. There are works on analyzing the students’ engagement in classrooms where

multiple students in a single image are considered, but these works use the Kinect sen-

sor as a capturing device that limits its data capturing capacity to a certain range and

hence cannot be used for large classrooms. All these works did not analyze the group

engagement level of students within the classroom. Even if the group engagement anal-

ysis is performed, it is done by using text data for analysis (Castellanos et al., 2017). To

summarize, the following are the major gaps in the existing literature:

2.7

The existing literature did not consider the data from large classrooms, webinars,
and flipped classroom environments.

Though there is multimodal emotion recognition for a single student in a single
image frame (e-learning environment) in the existing studies, it is not explored
for multiple students in a single image frame (classroom environment).

There exist no works on image/video frame based group engagement analysis or
group level score prediction using multiple students in a single image frame. The
existing group level score prediction algorithms use text data to analyze group
level engagement predictions.

Most of the existing works predict only the students’ emotional engagement using
Ekman’s basic, learning-centered, or academic emotions. Behavioral engagement
of the students is studied in e-learning and game-based learning environments, but
not explored in the classroom environment.

The students’ engagement analysis is not explored in computer-enabled teaching
laboratories.

There is minimal existing work on adapting the teaching strategy based on the
students’ affective states. Also, popular and effective teaching strategies like in-
quiry interventions are not automated in the existing study.

There exists no such database which contains the students’ affective state data
obtained from the image frame of different learning environments. Further, there
are limited works on the multitude of modalities for each student present in the
image frame along with the object localization.

Motivating Examples

How can a intelligent tutoring systems use the student’s visual data to predict
their engagement in real-time?

How can a smart classroom environment unobtrusively predict the students’ en-
gagement?

How can a pervasive intelligent tutoring system use the predicted students’ emo-
tional and behavioral patterns to adapt the teaching strategy/style in real-time?
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2.8 Problem Statement

The goal of this research work is to propose an unobtrusive students’ emotional and be-
havioral engagement analysis method using their non-verbal cues, which works in both
e-learning and classroom environments. Accordingly, the research problem is stated as
follows: To design and develop an unobtrusive affective computing framework

for students’ engagement analysis in the classroom environment.”
2.9 Research Objectives

The research objectives are defined as:

* To develop an effective method for multimodal students’ affective content analy-
sis.

* To develop an effective deep learning architecture for the students’ behavioral
engagement analysis.

* To develop a personalized intelligent tutoring system with automatic inquiry in-
tervention based on the students’ affective states in learning environments.

* Creation of a database with students’ affective states and behavioral patterns using
their facial expressions, hand gestures, and body postures.
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Fig. 2.2. Overview of the research contributions.

The overall flow of the research contributions w.r.t. the above mentioned objectives

is shown in Figure 2.2.
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2.10 Summary

In this chapter, we presented the existing state-of-the-art techniques related to students’
emotional and behavioral engagement analysis. Further, various architecture to classify
the students’ affective states along with the object localization, the use of multitude in
modalities, existing students’ affective states databases, and existing models that use
students’ affective states as feedback in real-time are discussed. The challenging issues
based on the outcome of the literature review are clearly discussed, along with problem
statement and research objectives. In the following chapters, the issues mentioned in
this chapter are addressed with suitable solutions which work in different learning en-

vironments. The next chapter emphasis the students’ emotional engagement analysis.
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Chapter 3

Emotional Engagement Analysis

Recognition of students’ affective states for analyzing their emotional and behavioral
engagement is a challenging task. Recent advancements in computer vision have broad-
ened the scope for the affective content analysis of students in e-learning and classroom
environments. Multi-person emotion recognition is one of the significant challenges
in affective computing. Further, there are limited works on object localization based
personalized affective state recognition systems for e-learning and classroom scenarios.
The students’ emotional engagement is analyzed using the learning-centered emotions,
and there are no existing works that use a multitude of modalities to recognize the stu-

dents’ learning-centered emotions in both e-learning and classroom environments.

Hence, in this chapter, novel deep learning methods are proposed to recognize and
analyze the students’ emotional engagement. Two different methodologies are proposed
in this chapter, along with the preliminary work on multifacial emotion recognition. The
first part contains the methodology for detecting the multifacial emotion recognition of
the user. The second part contains the proposed hybrid CNN architecture for students’
emotional engagement prediction using two different affective states along with the neu-
tral. The third part includes another proposed method that can recognize all dominant
learning-centered emotions of students in four different learning environments, namely:

e-learning, flipped classroom, classroom, and webinar environments.

The key contributions of students’ emotional engagement analysis are as follows:

* A novel method for multifacial emotion recognition to classify Ekman’s basic
emotions, face detection of tiled & occluded faces in streaming data, and video
affective content analysis.

* A novel hybrid CNN model for affective state analysis of students in the class-

room environment using:
— students’ facial expression, hand gestures and body posture,

— group engagement (class) score (for each frame with spontaneous expres-
sion (multi-person in a single frame image)), and

— classification of engaged and boredom affective states along with neutral.



* A novel CNN-based architecture for recognizing the students’ affective states

using:
— facial expressions, hand gestures & body postures in e-learning & flipped

classroom environments (single person in a single image frame) and in
classroom & webinar environments (multi-person in a single image frame).

— anovel object localization technique for detecting students’ faces, hand ges-
tures, and body postures.

3.1 Proposed Methodology for Multifacial Emotion Recognition

Nowadays, there are several types of popular e-learning methods, such as collaborative

learning and social learning, where multiple students sit together and use e-learning

tools.

Here the emotion recognition needs to be performed on various students present

in that single image frame obtained from the camera. In this study, Ekman’s basic emo-

tions are predicted for the students present in the input image data using the proposed

multifacial emotion recognition. It consists of two phases: The training phase and the

execution phase.

(a)

(b)

Training Phase

Preprocessing: The given images are converted to grayscale image; the resolution
is diminished to 1024*768. For some images, cropping of the facial images is also
done to increase the accuracy of feature extraction.

Face Detection using CPU: Haar feature-based classifier is used to detect the
frontal face in the data set. The detector’s parameters are varied such that the di-
mension of the object to detected (face) will have minimal effect on the detection
accuracy.

Feature Extraction Using AAM: The landmark points or the feature points are
identified using an AAM (Active Appearance Model) which gather 100 such
points of which some key distances and measures such as the distance between
the eye lids, mouths, the width of the mouth, etc. are extracted.

SVM Training: The SVM is trained using a combination of Radial Basis Func-
tion Kernel and polynomial kernel with the input as the feature points. Each set
of feature points is mapped to a particular emotional expression out of 6 basic
emotions and the neutral. The trained SVM data is stored in a serialized format.

Execution Phase:

Face Detection using GPU: A GPU based object detector based on Local Binary
Patterns is used in this step. Though the accuracy of this detection is not impres-
sive but much faster than other detectors. It can be used to localize the search or
minimize the computational load of detecting the object in the upcoming phase.
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Face Verification using CPU: Similar to the detection stage in the training phase,
this module uses a CPU based accurate detector based on Haar Cascades, but it is
slow. Hence the regions so detected as a face by the previous stage are applied to
the execution stage where it cross-validates using a more accurate detector. Since
the area to be scanned is smaller when compared to the original image; hence this
verification phase executes faster.

Emotion Classification: After facial feature point detection by AAM, the de-
sired measures are applied to the SVM classifier, which is initialized with already
trained data. This stage classifies the detected face image into one of the seven
emotions. The accuracy of classification can be improved by increasing the size
of the training data set.

The previous approach is used to detect the face for a given frame of an image, but
most of them fail to detect the faces, which are tilted, occluded, or with different illu-
minations. In this study, a novel face detection system in streaming data is proposed,
which detects the faces that are tilted, occluded, or with different illuminations, any
difficult pose. The proposed system is a desktop application with a user interface that
not only collects the images from a web camera but also detects the faces in the im-
age using a Haar cascaded classifier consisting of Modified Census Transform features.
The problem with the cascaded classifier is that it does not recognize the tilted or oc-
cluded faces with different illuminations. Hence to overcome this problem, a system is

proposed using Modified Affine Transformation with Viola-Jones.

3.1.1 Face Detection System in Streaming Data

Figure 3.1 shows the flow of how the face is detected, which takes input as the image
then try to detect the face in that image via Viola-Jones Haar Cascade. If the face is not
detected, then modified Affine Transformation is used to rotate the image to a degree
and detect the face again, increment the degree by 3 for every step till face is detected
in that image from -80° to +80°. If the loop completes with no face detected, then it
can be concluded that there is no face in that image. For face detection in streaming
data, frames in the video stream are used and detected independently. The following
steps are performed to recognize and track the face in streaming data of an image: (i)

Recognize face in the image, (ii) Follow the face in the subsequent frames.

Affine-Transformation: Linear 2-D geometric transformations consist of affine trans-

formation which is one of the important class which maps variables or coordinates (e.g.,

39



in an input image values of the pixel intensity at position (x1, y1) into new variables or
coordinates (e.g., (x2, y2) in the output image), this is done by applying a linear com-
bination of scaling, translation, shearing, and rotation operations are applied to achieve
this. The affine transformation is generally written in homogeneous coordinates as

shown in the Equation 3.1.

Face Detection Rotate_Image

Module (Degree)

Is
-80 <= Degree
== 80

Is Face
Detected

Find Rotation
Points and Display
on Image

Fig. 3.1. Flowchart of proposed face detection method in streaming data.

X2 X1
= Ax + B 3.1
X2 Y1

Matrix A is used for pure rotation and it is defined as (Equation 3.2):

cos ©® —sin O 0 , ,
A= ,B = (for clockwise rotations) (3.2)
0

sin ©® cos ©

Here, image coordinates are considered, so the y axis goes downwards. The rotation
formula is defined for the y axis goes upward. Now to get the new coordinates (', y’)
for the image using the old coordinates (z, y), let us consider u = initial angle, i = angle

of rotation. T = 7 COSU (3.3)

Y= rsinu (3.4)
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' = rcos(u+1i) =rcosu * cosi — r sinu sini (3.5)

Yy = rsinfu+w) = rsinu x cosi + r cosu sini (3.6)

hence:
¥ = xcos(i) — ysin(i) (3.7
Yy = ycos(i) + wsin(i) (3.8)

Thus, when the original point (z,y) is rotated about another (origin) point (¢, q)
counterclockwise by an angle = , the new point’s coordinates are calculated as follows
(i) translating the entire plane so that (¢, ¢) goes to the origin and (ii) perform the rotation

and translate the entire plane back.

Therefore, the new point’s coordinates are given below.

2= (x—1t)cos(0) — (y—q)sin(f) + t (3.9)

y = (x—t)sin(0) + (y—q) cos(0) + ¢ (3.10)
(Algorithm 3.3 uses these equations to calculate new point.)

Proposed Algorithm: The main goal of algorithm is to detect the face in the image
obtained from streaming data with high accuracy. If viola Jones is not able to detect
the tilted image face in image, then the proposed algorithm will rotate the image se-
quentially to detect the face, if image is rotated in all possible ways and still not able to
detect then there is no face in that image, which is not even in the image train dataset.

Affine-Transformation is used for rotating the image in a given plane.

Algorithm 3.1 is used to find the face in the image, if it is not able to detect any face
then it calls Algorithm 3.2 to rotate the image and angle it in a sequential manner and
sends the new image back to the Algorithm 3.1 and then the detected method again finds
the face in that image. But the problem with image rotation is to obtain the coordinates
of the face from where it will recognize the face using the rectangle to indicate that the

face has been detected. Here, by using the above formula, the coordinates of the face
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Algorithm 3.1. Image Rotation

I:
: For images in IMAGES {

: For angles in Degrees {

: Rotate_Image = rotate_image(image,angle)

: DetectFace = face.detectMultiscale(rotateImage)
: If (detectFace) {

: //[Face is detected at Angle angle

: Break }

9:

01O\ LB~ W

Degrees = [-80 to 80]

//Draw Rectangle over the Image

10: Rectangle(image,pt1,pt2,pt3,pt4)
11: Image.show() }}

are obtained, but these detected coordinates are for the face, which is detected in that

rotated image and not the original image. Even if we have the coordinates for the face,

and if we try to map these coordinates on the original image, we may get the wrong

results. In some cases, we will get results i.e., if the face is tilted with a very small

degree (around -150 to 150), but if the face is tilted to a greater degree, then we will

miss the face coordinates in the original image.

Algorithm 3.2. Affine Transformation

1:
: //(Using Affine Transformation)

: rotate_image(image,angle) {

: if(angle == 0 or -1 or 1){

: return image

L}

: //get the height & width of image
: Height,width = image.shape()

9:

01N LB~ W

/[rotate image by degree angle

/limage_matrix is rotated by using affine transformation

10: Rotate_matrix = getRotationMatrix (height, width, image, angle)
11: //warp the image

12: Result_Image = warpAffine(Image,Rotate_matrix)

13: Return Result_Image

14: }

To overcome this problem, a modified version of affine-transformation is used,

which will rotate the image in its origin and then get the coordinates for the original

image. As the image is made up of pixels, it can be represented in matrix form, and
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Algorithm 3.3. Coordinate Detection

1: //find the Position or points (X,y) to draw rectangle

2: //get the points and rotate them in angle around the origin

3: Rotate_Point(Points[],image,angle){

4: x,y,h,w = Points[] //x,y coordinate and height and width from that x,y
5: P = image.shape(x)*0.4 //origin x coordinate

6: q = image.shape(y)*0.4 //origin y coordinate

7: new _pointl _x = (x-p)cos(angle)-(y-q)sin(angle)+p

8: new_pointl_y = (x-p)sin(angle)+(y-q)cos(angle)+q

9: new_point2_x = (x+h-p)cos(angle)-(y-q)sin(angle)+p

10: new_point2_y = (x+h-p)sin(angle)+(y- q)cos(angle)+q

11: new_point3_x = (x-p)cos(angle)-(y+wq) sin(angle)+p

12: new_point3_y = (x-p)sin(angle)+(y+wq) cos(angle) + q

13: new_point4_x = (x+h-p)cos(angle)-(y+wq) sin(angle)+p

14: new_point4_y = (x+h-p)sin(angle)+(y+wq) cos(angle)+q

15:  return [(new_pointl x, new_pointl_y), (new_point2_x, new_point2.y),
(new_point3_x, new_point3_y), (new_point4_x, new_point4_y)] }

then affine-transformation is applied on the image matrix M given by Equation 3.11.

cosq —singq 0 0
M= |sing cosq 0|,B= 0 (3.11)
0 0 1

Till now, the proposed methods are able to recognize the emotions from facial ex-
pressions. In the next study, the recognition of emotions from both auditory and visual
cues are explored and how best this can be used in the learning environments are ana-

lyzed.
3.1.2 Video Affective Content Analysis

Figure 3.2 shows the proposed affective computing module for video emotion recog-
nition. This module consists of two major divisions, namely: Visual data affective
content analysis part and Acoustic data affective content analysis part. The recognized
Ekman’s basic emotions from each analysis part is merged and validated using standard
databases like HUMANE ! and SAVEE 2. Then the final step consists of recognized

emotions.

'http://emotion-research.net/download/pilot-db/
Zhttp://personal.ee.surrey.ac.uk/Personal/P.Jackson/SAVEE/

43



Visual Data Affect Analysis

»/ Recognized

Emotion

i Visual Preprocessing Feature Extraction o Recognized E
i Features » [Opencv, [Active Appearance Classification * Visual E
Input HAAR] Model] [RBM & SVM] Emotion
Video Data Validate Using
for Affect SAVEE and
Analysis HUMAINE Database
Audio Preprocessing Recognized i
Features R [Noise Feature Extraction » Classification Acoustic E
L Input Reduction] [MFcc] [RBM & SVM] Emotion e —
Acoustic Data Affect Analysis
Fig. 3.2. Proposed framework for video affective content analysis.
The video affective content analysis module is divided into 2 phases: The train-

ing phase and the execution phase. The training phase is divided further divided into

acoustic data training and visual data training phases.

(a) Training the Audio-Visual Data: SAVEE database is used for training the audio-

visual data. The 60 percent of the Audio-Visual SAVEE database clips are con-
sidered for training, and the remaining 40 percent of the clips are used for testing.
For every clip, the emotion from both Visual data and Audio data are obtained
separately.

Acoustic Data Training Phase: Audio samples are trained using MFCC features
of each audio sample that is extracted from video clips. The MFCC features are
obtained as a 2-Dimensional vector of data with 13 features included for each
of the audio samples, and the length of the vector depends on the size of the
audio sample. Since the vectors consist of values of higher range, the MFCC
data is normalized on a scale of 0 to 1 in order to reduce the computational cost.
Hence the large floating-point values are normalized to values between 0 and
1 and thus significantly reduces the computational time of the training process
without affecting the accuracy. Hence the data that needs to be trained in the
normalized data of MFCC Features. As a part of the training process, SVM and
RBM based classifiers are used.

The MFCC features are given as an input for the SVM. SVC (Support Vector
Clustering) is used for the clustering of the data. If the data is not categorized
initially, always a change in its parameters leads to an SVM, which gives different
accuracy. So a perfect combination of the parameters is needed to obtain an SVM
with high accuracy, and these are obtained by using Bayesian optimization. After
obtaining the parameters, the SVM is used for testing the data.

Input for the visible layers of RBM is normalized MFCC features, and each node
in the network works on a stochastic process for which each node needs to decide
about to and from of data through the node. So it is a nondeterministic method of
sending the data from the node. The weights of nodes are initially assigned by a
random weight using a Gaussian distribution with mean O and standard deviation
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0.1. Thus the MFCC is passed though the RBM network, which yields a trained
net after a certain number of epochs.

Visual Data Training Phase: In the Visual Data Training Phase, initially, frame
by frame images are obtained from videos. Then it is converted into a grayscale
image. These grayscale images are cropped to increase the performance of fea-
ture selection. Detection of the frontal face is performed using Haar feature-based
cascade classifiers. Then feature extraction is performed using AAM, which con-
tains many distance points for eyelids width of mouth etc. Finally, the training
phase is carried out by SVM. With the input as feature points, SVM uses a com-
bination of Radial Basis Function and Polynomial Kernel to map each feature
points to its respective emotion. This emotion mapping is performed for seven
standard (basic) emotions such as anger, contempt, disgust, fear, happiness, sad-
ness and surprise, and neutral emotions.

(b) Execution Phase: Audio emotion recognition is performed by extracting the MFCC
features from the audio samples. The audio sample is extracted from the video
on which emotion detection has to be done. Then the audio sample is divided
into chunks so as to find the emotion based on audio at regular intervals of time
similar to the way of detecting emotion from video frame by frame. But finding
the emotion based on audio for each frame is not feasible because if the audio
sample is extracted frame by frame, then the audio obtained always will be a just
a small utterance of voice with different pitch and frequency. So the audio emo-
tion is obtained for each second of the video. Thus the audio obtained from the
video is divided into chunks of 1 second.

Visual emotion recognition starts with face detection using Local Binary Patterns
(LBP). LBP is used for faster face detection and also minimizes the computational
load of detecting the object for the feature extraction phase. Feature extraction
is performed using Haar Cascades, but it is slow. Hence the regions which are
detected as a face by the previous stage are applied to the execution stage where
it cross-validates using a more accurate detector. Since the area to be scanned
is smaller when compared to the original image; hence this verification phase
executes faster. AAM is used for visual feature point detection, and these features
are applied to already trained SVM classifiers. SVM classifies the detected face
into its respective emotions.

3.1.3 Experimental Setup, Results, Analysis and Discussion

Multifacial Emotion Recognition
Experimental Setup:
» System Configuration:
Processor: Intel Core I5
RAM: 4GB
OS: Windows 7
GPU: Nvidia GeForce GT 830 M
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* Datasets Used:
Training Phase Dataset: Yale Face Database (YFD) (Georghiades et al., 1997)
has been considered as a training dataset. Before using YFD as a training dataset,
some pre-processing steps like cropping and thresholding are performed so as
to increase the accuracy of feature extraction. But thresholding does not signifi-
cantly increase the accuracy.

Execution Phase Dataset: Once the training is done in Yale Face Database,
the proposed method is tested for multiple face detection using Face Detection
Dataset and Benchmark (FDDB) (Jain & Learned-Miller, 2010) and Labelled
Faces in the Wild (LFW) (Zhang & Deng, 2016) face databases. The FDDB
database is a dataset that consists of multiple faces in a single frame. Although
the training is done using Yale Face Database, which trains for a single face, those
features are used to detect multiple face emotions present in the FDDB and LFW
face databases.

The FDDB dataset is designed for studying the problem of unconstrained face de-
tection. This dataset is taken from the faces of wild dataset. The faces of wild dataset
also known as labelled faces in the wild, consists of over 12000 images of faces which
are collected from the web. These images are categorised into four different sets of
images, namely:- 1) original/normal images. i) Aligned images, where the images are
aligned in a proper manner such that the face detection can be done more accurately. iii)
Funneled images, which are aligned images but each part or pose, are collected from
different angles in different images. iv) Deep funnelled images are the aligned images
that are developed using machine learning techniques where each feature can be tuned
to represent the images that are at different resolutions. The results obtained are as

shown in Table 3.1.

Table 3.1
Accuracy Analysis for the FDDB /LFW Dataset
Total Images 12620
Frontal Faces Detected | 11232
Partial Detection 232
False Positive 0

Since GPU is tailor-made for image and video processing and image processing
(Krizhevsky et al., 2012), GPU can significantly improve the speed of processing. The
improvement in frame rate achieved with and without GPU is shown in Table 3.2. Once
the face detection is done for multiple faces using both CPU and GPU, the correspond-

ing emotion is detected.
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Table 3.2
Performance of Proposed System

FPS with both CPU and GPU | 17
FPS with only CPU 9
Speed Up Factor ~2
FPS: Frames per second

Face Detection System on Streaming Data

Different datasets are used for the testing of our proposed algorithm. The following are
the results with their runtime. It is evident that our proposed algorithm takes more time
than Viola-Jones, but if it is compared to the number of faces detected, the proposed
algorithm generates better results than Voila-Jones. To compare the algorithms with
different approaches dataset like YALE (Figure 3.3 (a)) and for tilted, low resolution,
occluded faces with difficult poses, and out of face images, FDDB dataset (Figure 3.3
(b)) and ’top 25 Google’s searched “tilted face™ (Figure 3.3 (c)) images are used.

(b)
Fig. 3.3. Sample image frames from (a) Yale (b) FDDB and (c) Google top 25 tilted face

100% accuracy is obtained for YALE dataset using the proposed method. Also,
100% accuracy is obtained for those 25 images of ’top 25 Google’s searched “tilted
face” whereas Viola Jones is able to detect only 2 images with an accuracy of 8%.
For FDDB dataset, the proposed algorithms is tested on 3539 images and obtained an

accuracy of 99.7% whereas Viola Jones is 93.5% accurate.

Results are shown in Table 3.3. The corresponding number of faces detected for
each dataset is compared with the total number of faces present in that dataset and also
the result of Voila Jones method. As it is observed from Table 3.3 that YALE database
has same accuracy and runtime when compared to Voila Jones Method. This is because
it contains only Frontal Face but there is significant difference in other datasets, since

those datasets contain Tilted Face, Occlusion, different Pose and different Illuminations.
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Out of 3539 images of FDDB dataset our proposed algorithm detected 3529 faces
where as Voila Jones method detected only 3312. But it is also evident that our pro-

posed algorithm took 55.88 sec runtime when compared to 52.12 sec of Voila Jones

Algorithm.
Table 3.3
Results of Face Detection for Various Datasets
Technique Dataset Nl.lmber of | Number of Runtime (sec)
images faces detected
) YALE 165 165 1.12
Viola Google
Jones top 25 “tilted face” 25 2 0.02
FDDB 3539 3312 52.12
YALE 165 165 1.12
Proposed Google
Method top 25 “tilted face” 2 25 1.28
FDDB 3539 3529 55.88

For real time face detection webcam is used to capture the video stream data and
then ran on the system. We are able to detect and track the face in streaming data as
shown in Figures 3.4 and 3.5. These figures show the detected face when it is horizon-
tally tilted and also occluded to some extent. Further, it shows the detected face when

it is vertically tilted.

facedetect

facedetect

facedetect

Fig. 3.5. Face detection results on streaming data.
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Video Affective Content Analysis

In this subsection, details about datasets, streaming videos data using Web Camera,

experimental results are discussed. The experiment is carried out on a system with the

Intel core 17 processor, 3.40 Giga Hertz, with 8 Giga Bytes RAM running Windows

7 (64-bit). The proposed work is implemented in Python 2.7 programming language.

Python is chosen for implementation because of its wide range of packages in Image

Processing.

Datasets and Streaming Video Data

(a)

(b)

Datasets:

HUMAINE: It is a database consisting of 46 videos, each video shows a person
who is either performing or conversing. Snapshot of the HUMAINE database is
given in Figure 3.6 (a).

(b
Fig. 3.6. Sample frame from (a) HUMAINE dataset and (b) SAVEE dataset.

SAVEE: SAVEE Audio-Visual data consists of 480 Audio-Visual clips of 4 dif-
ferent speakers namely DC, JK, KL and JE; each speaker has 120 clips of videos
with 7 different emotions pertaining to the videos such as anger, disgust, fear,
happy, neutral, surprise and sadness (Figure 3.6 (b)).

Streaming Video Data

The method proposed here to recognize emotions is also put to test with the
Streaming Video data obtained from the web cam (is a live streaming device
which feeds or streams the image in real time) and Microsoft Kinect (is a mo-
tion sensing input used to recognize audio facial expression gesture and posture).
The resulting recognised emotion is stored in the database. Figure 3.7 shows the
snapshot of emotion recognition from live streaming video data (from Web Cam)
for a given frame.

49



® | C\Usersasd\Desitog \ Propect 1\t f Beleass\Propect Less i [ L) |

Fig. 3.7. Snapshot for emotion recognition from web-cam for a given frame

Experimental Setup, Results, Analysis and Discussion

Experiments are conducted on SAVEE and HUMAINE Datasets. The results of
SVM classifier applied for both audio and visual data emotion recognition. After ap-
plying SVM on visual data using SAVEE dataset, got an accuracy of 70% for DC sam-
ple, 65% for JK sample, 68% for KL sample and 69% for JE sample. For audio, the
accuracy is 75% for DC sample, 72% for JK sample, 70% for KL sample and 74% for
JE sample using SVM classifier.

After applying RBM on Audio data, an accuracy of 79% is observed for DC sample,
78% for JK sample, 76% for KL sample and 80% for JE sample. The results obtained
for emotion recognition using SVM classifier on visual data and RBM classifier on

audio data are shown in Figure 3.8.

SVM Applied on Visual Data and REM on Audio

79 80
80 i 76

I visuat Emosion

Accuracy
In
Percentage
&

I hwdio Emotion

DCc JK KL JE
SAVEE Data
Fig. 3.8. SVM for visual and RBM for audio data
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Further RBM on visual data is also experimented but results indicate that RBM
underperforms (less than 50%) on visual data for both HUMAINE and SAVEE datasets.
It is already shown that SVM outperforms RBM when applied on visual data (Wang &
Ji, 2015). Hence the overall accuracy for SAVEE dataset is shown in Figure 3.9 with
respect to visual data using SVM classifier and audio data with respect to both SVM
and RBM classifiers.

‘Overall Accuracy for SAVEE Database

80 78.25
725

60+

M visual Emotion

B
=3
I

I udio Emation

Accuracy
In
Percentage

20+

04

SVM+SVM SVM+RBM
SAVEE Data

Fig. 3.9. Overall accuracy for SAVEE dataset

Similarly emotion recognition using both audio and visual feature are performed
for HUMAINE Dataset. Video affective content analysis system is trained with SAVEE
dataset for both audio and visual features. The accuracy after applying SVM on visual

and audio data are 70% and 74% respectively. RBM applied on HUMAINE audio data

has an accuracy of 79.4%.

The overall accuracy for both HUMAINE and SAVEE datasets is 70% (visual data
classification using SVM) and for audio data classification, it is 74% using SVM Clas-
sifier and 79.4% with RBM Classifier as shown in Figure 3.10.

All datasets used for our experimentation are annotated and it is observed from Fig-
ure 3.10 that the combination of SVM classifier for visual data and RBM classifier for
audio data is better than using only SVM or only RBM classifiers for video affective
content analysis. 60% of SAVEE dataset is used for training, and tested on two different
datasets, namely: SAVEE and HUMAINE for both audio and visual emotion recogni-
tion from the video. RBM is used for audio emotion recognition because, the accuracy
remains almost same for both annotated and unannotated data, but it performs slightly

better with unannotated data compared to annotated data for classification. Hence the
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Overall Accuracy Using Both Datasets
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Fig. 3.10. Overall accuracy using both datasets

accuracy of our proposed SVM-RBM classifier remains almost the same for video af-
fective content analysis for streaming data. On the other hand, the accuracy of SVM

varies a lot with respect to accuracy when it comes to annotated and unannotated data.

The preliminary studies conducted to recognize the Ekman’s basic emotions through
audio and visual data performed better only for the data obtained from the webcam or
any close range of facial expressions (visual data). And the action units used in these
studies are not defined for learning-centered emotions. Hence, in the next section, con-
volutional neural network based architecture is proposed to address the above men-
tioned issue by predicting the learning-centered emotions of the students from both the

e-learning and classroom environments.
3.2 Proposed Methodology for Recognizing Two different Affective States

The proposed methodology includes the database creation and the students’ affective
state recognition using convolutional neural networks. The database creation includes
details such as affective state classification, affective state’s labels & definitions and data
annotation performed on both posed and spontaneous data. Further, the data augmenta-
tion to achieve the robustness of the proposed model is included and thus, two different
datasets are created for the single and multiple students in a single image frame. Fig-
ure 3.11 shows the flow of the proposed architecture and the detailed explanation is

provided in the following subsections.
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Created Dataset + Data Augmentation = 60000 Image Frames

Multiple Person in a
Single Image Frame

Single Person in a ]

Multiple Person in a , E
Single Image Frame

Single Image Frame

Posed Expression i :1Spontaneous Expressions !
Students' Engagement Class
Transfer Learning
+ Engaged —
« Bored .:Il}z.
« Neutral
2 Hybrid 2
ybri
.Z Architecture z
=y N

\ Output Image

Input Image

Inception Layers

~ Convolution ~ AvgPool ~ MaxPool
\~ Concat ~ Dropout ~ Fully Connected ~ Softmax /

—

Output: 8*8*2048

Input: 229*229*3
Fig. 3.11. Proposed students’ affective state recognition architecture

3.2.1 Database Creation

Affective State Classification

Existing works include recognizing a student’s facial expressions and classifying them
into Ekman’s basic emotions (Ekman, 1992). The study investigated by (D’Mello et al.,
2010) showed that learning-centered emotions such as flow, boredom, and frustrated
are more dominant and regularly observed in students than Ekman’s basic emotions.
(Whitehill et al., 2014) considered the body posture and eye movement along with facial
expressions and classified the engagement into four types of engagement levels. The
different types of engagement levels are monitored during the learning process, and
corresponding affective trajectories are generated. The observed results show that flow
or engaged students can finally end up getting bored if the confusion or frustration is
not addressed, as shown in Figure 3.12: Russell’s core affective framework (D’Mello,
2012). Hence, the engaged/flow, neutral, and boredom affective states are considered

for this study.
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Analyzing the students’ emotions alone is not sufficient to classify among the above
mentioned affective states. Behavioral patterns such as looking away from the task, eyes
barely open, and complete lean on the desk are also beneficial to analyze the affective
states. The facial expressions contain more information about the emotions, and hand
gestures, and body postures contain more information about the behavioral patterns.
Therefore, along with facial expressions for emotions, the hand gestures and body pos-
tures are also used to analyze the behavioral patterns to classify the affective states. So,
the proposed classification includes both behavioral and emotional engagements of the
students, along with some cognitive aspects involved in it. Based on this, the student’s

engagement is classified into three states, namely: engaged, boredom, and neutral.

Activation
TenselJittery Excitement/Ebullient
P
Upset/Distressed P
®f G

Elated/Happy

Displeasure Pleasure
:

Serene/Contented

Sad/Gloomy

Tired/Lethargic Placid/Calm

Deactivation
Fig. 3.12. Russell’s core affective framework (FRustrated, COnfusion, FLow, BOredom, DElight,
SUrprise) (D’Mello, 2012)

Labels and Definitions:

Learning-centered emotions and the behavioral patterns (head and eye movements) are
considered as mentioned in (D’Mello et al., 2010) and (Whitehill et al., 2014), respec-
tively. But, these works are on the single person in a single image frame. Also, the
behavioral patterns mentioned in (Whitehill et al., 2014) did not include the body pos-
tures and hand gestures. Further, a few emotions are recognized accurately using both
hand gestures and facial expressions instead of using only facial expressions. Hence, in
this work, the existing classification standards are modified by adding the hand gesture

and the body posture components. The label details are as follows.

54



Engaged: 1t includes both emotional and behavioral engagement aspects such as
looking at the teacher/board, taking notes, listening, and discussions with the teacher

and the standard facial expression action units of engaged/flow emotion.

Boredom: 1t includes looking away from the board/teacher, eyes barely open or
completely closed and obviously not thinking about the task, leaning on the desk with

heads down and the standard facial expression action units of boredom emotion.

Neutral: If there are no behavioral patterns and affective states recognized, with no

facial expression, then it is labeled as neutral.

Data Annotation

Data annotation for posed expressions: To collect the posed expressions and behavioral
patterns from the students, the situation and the required affective state expected from
them are mentioned. We collected 2 minutes of video clips for all the variants of each
affective state. We observed that the affective states are at its peak for about 2 to 8
seconds for each variant of an affective state in a 2 minutes video. We collected those

peak frames and got manually verified by the student.

Annotations for classroom data in the wild: We also collected the students’ 1-hour
spontaneous (expressions and behaviors) classroom data with 24fps. The collected data
is preprocessed by deleting the blurred and repeated frames. Here, repeated frames
are those frames which had the same expressions and behaviors from all the students
present in the single image frames. E.g., there are occasions where two successive
image frames are obtained which are exactly the same. After pre-processing, 2400
image frames are obtained, and these image frames are manually annotated by three
annotators (Sidney et al., 2005). One annotator is the student himself who did self-
annotation, and the other two are expert annotators who followed the guidelines and
definitions given for each label. We calculated Cohen’s x to check the reliability among
annotators, and found that these annotators reliably agree when discriminating three
different affective states with Cohen’s kappa = 0.59. Figure 3.13 shows the sample

image snapshot of spontaneous classroom data.

55



Fig. 3.13. Sample image frame of students’ spontaneous expressions and behavioral patterns obtained
from classroom data

3.2.2 Affective State Detection in a Classroom Environment

Here, two different methods are used for identifying the affective state of the students,

which are as follows.

* Methodl: - Detecting all the students in the image, classifying their affective
states separately using each student’s multi-modal data and then taking the col-
lective average of all the students’ affective states.

* Method2: - One complete image frame with all the multi-modal features of all
students is considered to classify the group engagement score of that image frame.

Building Convolutional Neural Network Model

The functioning of convolutional neural networks is similar to that of a bunch of neurons
collectively processing the input image and analyzing the data using axons, dendrites,
and synapse. Similarly, CNN uses hidden layers, fully connected layers, and a classifier

to classify the given input image frame data.

As shown in Figure 3.11, filters are convolved on the input image, and their dot prod-
uct is calculated. These filters are used until they reach the first fully connected layer.
Then ReLu is used as an activation function after every convolutional layer (CONV)
or pooling layer (POOL). Finally, after the last fully connected (FC) layer, the softmax
classifier is used to get the probability distribution for different classes which repre-
sents scores between 0 and 1. Figure 3.11 shows an overall view of the proposed CNN

model where an image is given to the model, and then its pixels are used as an input
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with their corresponding RGB (Red Green and Blue) values. This input feature (pixels)
goes through a series of layers (CONYV, Relu, Pool, and FC) and finally, it classifies the
image as a class in terms of its score. Here the students’ image is given as input and the

output is the collective average of all of their affective states.

We used the inception v3 (Szegedy et al., 2016) model for affective state classifi-
cation of students by providing a 299x299x3 RGB image to the model. To reduce the
training time, only the final layer of inception v3 model is trained for affective state
categories (engaged, boredom and neutral). We built two separate convolutional neural
network models, CNN-1 for single student in a single image frame and CNN-2 for mul-
tiple students in a single image frame where CNN-2 consists of few extra layers. By
combining both of these, emerged with the proposed hybrid architecture which yielded

better accuracy.
The two CNN models are:

* CNN-1 - It is trained for classifying the affective state of a single student in a
single image frame (Figure 3.14).

* CNN-2 - It is trained for classifying the affective state of multiple students in
a single image frame (Figure 3.14). Further, the number of layers is increased
by 20 from the base Inception-V3 model. The hyperparameters are fine-tuned

separately.

e N N M

CNN-1 Model CNN-2 Model Hybrid Model

B e St

Posed Multi-person

Posed Single Person

re
J . Dy
Spontaneous Classroom
Fig. 3.14. Class score prediction using proposed architectures

Classification of the Affective State of Students for Entire Image using Convolutional
Neural Network: The students’ spontaneous data is analyzed using a hybrid model

which is a combination of both CNN-1 and CNN-2 models. The number of layers in
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the hybrid model is the same as that of CNN-2 model. The last two layers of CNN-
1 model are also added in the hybrid model along with their weights. The model is
trained for 299x299x3 image with RGB color values to downscale or upscale the image
accordingly. An input image of size 299x299x3 is given to the hybrid model, and it
generates scores for the three corresponding affective states. The class with the highest

score is considered for the overall affective state of students in the classroom.

Collective Average Affective State Score: The students’ posed data present in mul-
tiple people in a single frame image has one affective state for the entire image, but
the students’ spontaneous classroom data has different affective states in a single image
frame. Hence feature fusion is used to calculate the same. The multi-modal (here, it is
an intra-image multi-modality where the features of different students with their facial
expressions, hand gestures and body postures present within that image frame are con-
sidered) feature fusion vector V; for any pixel p; and normalized prediction vector Np,
uses normalized predicted probability distribution Np, , of class a using the softmax

function (Equation 3.12).

eWa Vs

NP'CL =

(3 wTy
ZiEclassese i

(3.12)

Where, W is the temporary weight matrix used to learn the features. The training
generally converges in 7' = 4000 epochs. The final collective average affective state

score Ag, is given by Equation 3.13.

As, = arg max Np, , where a € classes (3.13)

The collective average affective state score is subjective because of which, we ren-
dered a provision in research methodology where the instructors can just look at the in-
dividual scores of each student and analyse the group level affective state manually. In
classes where large number of students are present or in webinars which are conducted
at several places at a time, it may not be feasible to report the individual student’s score
and hence the instructors are provided with the students’ collective average affective
state score. This acts as a threshold and helps them to address those classes with lower

Scores.
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3.2.3

Data Augmentation

The key to the robust deep learning model is the high quality data. But, it is a challenge

to obtain such data. One better way to address this issue is the augmentation of datasets.

Due to lack of data available for affective state analysis, data augmentation is used. Data

augmentation has increased training data size by 10-fold. Following are the different

data augmentation techniques used on the created datasets.

3.24

channel_shift range: Random channel shifts of the image.

zca_whitening: Applies ZCA whitening to the image.

rotation_range: Random rotation of image with a degree range.
width_shift_range: Random horizontal shifts of the image with a fraction of total
width.

height_shift range: Random vertical shifts of the image with a fraction of total
height.

shear_range: Shear intensity of the image where the shear angle is in the counter-
clockwise direction as radian.

zoom_range: Random zoom of the image where the lower value is 1-room_range
and upper value is 14+zoom_range.

fill_mode: If any of constant, nearest, reflect or wrap are filled according to the
given mode, if any points outside the boundaries of the input.

horizontal _flip: Randomly flip the inputs horizontally. Table 3.4 shows the details

of different data augmentations performed on the created our dataset.
Table 3.4

Types of Data Augmentation Used

Type of Augmentation | Augmentation Value
channel_shift_range 20

zca_whitening TRUE
rotation_range 40

width_shift range 0.2
height_shift_range 0.2

shear_range 0.2

zoom_range 0.2

horizontal flip TRUE

fill_mode Nearest

Creation of Datasets

We created a dataset considering two types of image inputs consisting of 50 Indian

students each for both training and testing.

Dataset-1: It contains 24000 posed images of 50 students with data augmentation
for classification. Dataset consisting of images of a single student in a single
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Fig. 3.15. Sample images of dataset-1: single student in a single image frame

image frame with three different affective states, namely: engaged (Figure 3.15
(a)), boredom (Figure 3.15 (b) and (c)) and neutral (Figure 3.15 (d)) as shown in
Figure 3.15. Every affective state has 8000 image frames each.

* Dataset-2: It contains 36000 images with data augmentation for classification
of multiple students sitting in the classroom and their affective states are being
classified into three different classes, namely: engaged (Figure 3.16 (d)), boredom
(Figure 3.16 (a) and (b)) and neutral (Figure 3.16 (c)) with 12000 images each as
shown in Figure 3.16. Dataset-2 also contains 2 hours of classroom video with
2400 students’ images with spontaneous expressions.

Collection of posed data sets is necessary as it facilitated the training of the proposed
architecture. It is also observed that the posed datasets for single and multiple students
in a single frame image considered for training the proposed architecture increased
the overall accuracy by 18% while testing the spontaneous classroom data (results are

shown in Table 3.10).

These 24000 images of dataset-1 and 36000 images of dataset-2 contain the images

with data augmentation as mentioned in Table 3.5.
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Fig. 3.16. Sample images of datasetl%b{reugltgple students in a single image frame
Details of Created Datasets for Posed Affective States

Number of single students in a single | Number of multiple students in a single

Affective States | . . X . . .
image frames with data augmentation | image frames with data augmentation

Engaged 8000 12000
Board 8000 12000
Neutral 8000 12000

3.2.5 Experimental Setup, Results, Analysis and Discussion
Experimental Setup

For the current study, 8t Generation Intel® Core™ 7 — 4510U Processor, SGB RAM,
and 2GB NVIDIA® GeForce® 840M are used.

Table 3.6 shows the training setup attributes for both CNN-1 and CNN-2 models

where each attribute has its corresponding values used for training both the models.

Retraining of the last pool layer (pooled three layers) took around 2 hours for three
classes of 50 students with three affective states. Each training set consists of 800

images of students, with a different facial expressions, hand gestures and body postures.

Performance Evaluation of Posed Data

Convolutional neural networks work effectively for object classification in an image,

even for detecting faces, gestures and the affective states of humans. The performance
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Table 3.6
Training Setup for CNN-1 and CNN-2 Models

Attribute Details Attribute Details

Validating and | 100 Im- | Optimize Adaptive Momentum
testing batch size | ages

Epochs 4000 Loss Categorical Entropy

Learning rate 0.1 Weight ini- | Pre Trained weights of Imagenet v3
tialization | model trained over imageNet. We
fine tune that model by retraining
bottleneck layer

Classifier at Bot- | Softmax | Testing set | 10% of training dataset
tleneck layer classifier

Number of | 3 Validating | 10% of training dataset
classes set

evaluation of posed data is carried out using Method1 as mentioned in Section 3.2.2.
Initially, similar results are obtained for both the methods (Method1 and Method?2), but
did not get better results when the number of students present in a single image frame
is more than one. Table 3.7 shows the accuracy of different affective states for the

proposed hybrid architectures.

The performance evaluations are carried out for both CNN-1 and CNN-2 models
individually, but the proposed hybrid architecture performed better than the individual

models. The results are projected in Table 3.10.

Table 3.7
Performance Evaluation of Posed Data

Model | Affective States | Test Accuracy (%) | Average Test Accuracy (%)
Engaged 95.2

CNN-1 Boredom 93.1 94.0
Neutral 93.7
Engaged 96.2

CNN-2 Boredom 95.6 95.6
Neutral 95.0
Engaged 96.2

Hybrid Boredom 96.1 95.8
Neutral 95.0

The proposed CNN-1 model with the dataset of single students images got a final

test accuracy of 94%.
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Fig. 3.17. Accuracy curve w.r.t epochs for training CNN-1 model
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Fig. 3.18. Accuracy curve w.r.t epochs for validation CNN-1 model

The accuracy for three different affective states, i.e., engaged, boredom, and neutral
are 95.2% , 93.1% and 93.7%, respectively. We also observed that training and vali-
dation accuracy is improving with each step or epoch, and reached the saturation after
1500 epochs as shown in Figure 3.17 and Figure 3.18. At the end of 4000 epochs, cross
entropy of 0.1459 for training and 0.2045 for validation is obtained as shown in Figure
3.19 and Figure 3.20. Similarly, the experiment is performed on CNN-2 model and the

results of test accuracy are shown in Table 3.7.
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Fig. 3.19. Accuracy curve w.r.t cross entropy for training CNN-1 model
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Fig. 3.20. Accuracy curve w.r.t cross entropy for validation CNN-1 model

An off-the-shelf CNN training method is used to overcome the problem of high
computational training cost, and this process is referred to as transfer learning. Here,
we used the Inception-V3 model which is trained over ImageNet dataset, weights to this
model are used by training the last layer (pool 3 layers) of inception model as shown in
Figure 3.11. Training took 1.5 hours for the CNN-1 model and 2 hours for the CNN-
2 model as shown in Table 3.8. This helped us to reduce the training time and thus

produce higher accuracy using Inception-V3 model for transfer learning.

We considered three different parameters for both the CNN-1 and CNN-2 models.
Table 3.8 gives the details about the testing time for each model when given an image as
input. Training time represents the time taken for training the model for a given set of
images. Testing accuracy demonstrates the performance of the proposed model while
classifying the given images. As the overall running time for CNN-1 is lesser than
that of CNN-2, it can further be considered for use in e-learning and flipped classroom

environments.

Table 3.8
Time and Accuracy Obtained for the Proposed Methods

Proposed Methods | Training time (Hrs) | Testing Accuracy (%) | Testing time (ms)

CNN-1 1.5 94.0 1200
CNN-2 2.0 95.6 1200

Performance Evaluation of Spontaneous Data

Testing on Spontaneous Classroom Data: The proposed techniques are tested on spon-
taneous classroom data, where the videos are recorded during the actual classroom
lectures. The test data is student-independent and classroom-independent data (the

students/classroom in test data are different from training data). Table 3.9 shows the
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classification accuracies of affective states. The recognition of boredom affective state
is better when CNN-1 model is used when compared to that of CNN-2, whereas CNN-
2 performs better than CNN-1 for the engaged affective state. Hence, the hybrid of

CNN-1 and CNN-2 models is used and obtained better accuracy as shown in Table 3.9.

Table 3.9
Comparison of Proposed Affective State Classification Techniques with Spontaneous Classroom Data

Model | Affective States | Accuracy (%)
Engaged 61.4
CNN-1 Bored 66.3
Neutral 70.0
Engaged 68.3
CNN-2 Bored 63.1
Neutral 71.1
Engaged 68.7
Hybrid Bored 66.8
Neutral 73.7

Overall Results, Analysis and Discussion

The overall performance evaluation of the proposed method with the created database
is shown in Table 3.10. The CNN-1, CNN-2, & hybrid models are tested on student-
independent & classroom-independent 10-fold cross-validation, and the observed re-
sults are mentioned in Table 3.10. It is observed from Table 3.10 that both CNN-1 and
CNN-2 are necessary for better classification of student’s affective states. The hybrid
model gave almost the same performance as that of CNN-1 and CNN-2 models for
posed dataset but performed better than CNN-1 and CNN-2 models for the spontaneous
dataset. Fl-score is less for spontaneous data as the affective states are not equally

distributed in the spontaneous classroom data.

Table 3.10
Overall Results of the Proposed Model

Affective State Classification

’ Performance ‘

| Metries | C1[C2| H |[C1]|C2]| H |

‘ ‘ Posed Dataset ‘ Spontaneous Classroom Dataset ‘
Average Accuracy | 0.84 | 0.85 | 0.86 | 0.65 | 0.67 0.70
Average Recall | 0.87 | 0.86 | 0.89 | 0.66 | 0.71 0.72
Average Precision | 0.91 | 0.88 | 0.91 | 0.69 | 0.78 0.77
Average Fl-score | 0.85 | 0.84 | 0.84 | 0.60 | 0.63 0.62
AUC 0.88 | 0.89 | 0.90 | 0.63 | 0.68 0.69

C-1: CNN-1 Model; C-2: CNN-2 Model; H: Hybrid Model
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The created dataset also contains images from different camera positions (to make
the recognition process more robust). Figure 3.21 is a sample image frame from the
created dataset with different camera position/angle and is tested with the proposed
method. It is observed from Figure 3.21 that the affective states are classified correctly
for each student and also the overall class score for that frame is also calculated (top left
corner in Figure 3.21). The proposed model is also tested on a few images of classroom
subset data of Imagenet database (Deng et al., 2009) and a sample image snapshot is
shown in Figure 3.22. Since the ImageNet database does not contain the annotations
for students’ affective states, the comparison of the results with the ground truth is not

possible.

Fig. 3.22. Screenshot of the sample tested image o ImageNet dataset
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Comparison with state-of-the-art

State-of-the-art deep learning architectures: Deep learning methods are popular and
give better results for multi-modal affective content classification. The existing deep
learning techniques use the following architectures as backbones, which include, AlexNet,
ResNet, VGGNet and Inception-V3. These architectures are tested on the created
database and obtained an accuracy of 51% for AlexNet (Krizhevsky et al., 2012), 53%
for ResNet (He et al., 2016), 61% for VGGNet (Simonyan & Zisserman, 2014). The
results are encouraging for a single person in a single image frame but failed to perform

better than the proposed model for images obtained from the classroom environment.

Students’ affective state classification methods: There are few works on students’
engagement. (Whitehill et al., 2014) used Gabor features with SVM and obtained an
AUC of 0.729 to analyze the behavioral patterns. But this result is by testing on a single
person in a single frame image. (Zaletelj & KoSir, 2017) used the Kinect sensor & KNN
and obtained an accuracy of 0.753 in the classroom environment. Though the Kinect
considers multiple people in a single image frame, the range of capturing students is
less. Hence, the students’ detection accuracy decreases if the number of students are
more than 10 in a single image frame. (Kahu, 2013) and (Bosch et al., 2016) used deep
instance learning and WEKA (Waikato Environment for Knowledge Analysis) tools,
but it is already evident from the literature that the handcrafted features are less efficient
for faces in the wild. It is difficult to directly compare the proposed methodology with
the existing works as the datasets, and the multimodalities are different, in spite of

which the results are comparable and more robust in terms of AUC and accuracy.
3.3 Proposed Methodology for Students’ Emotional Engagement Analysis

In the previous section, the proposed architecture classifies the students’ emotions into
two different affective states only, and this is not sufficient to analyze the students’
emotional engagement (Sinatra et al., 2015). In this section, all the dominant learning-
centered emotions are considered to classify the students’ emotions by the proposed
methodology. The proposed methodology is divided into two parts: first, the students’
affective state analysis is performed for both single and multi-person in a single image
frame scenario using facial expressions, hand gestures, and body postures. The second

part involves object localization by recognizing the students’ faces, hand gestures, and
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body postures separately for every student using a bounding box.

Training of the Proposed CNN Proposed CNN
Random Initialized CNN Learning Pre-trained CNN

v

Object Detection
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Fig. 3.23. The proposed architecture for affective state classification and object localization.
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The entire architecture includes the students’ affective state classification with ob-
ject localization as shown in Figure 3.23. The input images are taken from all the four
learning environments. These input image frames are used for training both the clas-
sification and localization models. The initial input is fed to the first convolutional
layer and is then processed until the last convolutional feature map is obtained. For the
classification of the students’ affective states, a softmax classifier is utilized whereas
for localization, another set of layers are deployed for the detection and plotting of the
bounding box w.r.t. faces, hand gestures, and body postures. The details of affective

state classification and object localization are mentioned in Section 3.3.2.

3.3.1 Data Collection and Annotation

Affective States: The entire student image frames data is classified into the learning-
centered emotions as mentioned in D’Mello et al. (2010, 2007). The affective state def-
initions mentioned in D’Mello et al. (2010, 2007) are considered in this study. Though
these definitions considered only the facial expressions to classify them into an affec-
tive state; hand gestures and body postures are also used in this proposed methodology
along with the facial expressions to classify them into an affective state. Further, these
definitions include not only the facial expressions of the emotional engagement, but also
behavioural engagement along with some cognitive aspects (Whitehill et al., 2014; Pi-
card, 1997; Grafsgaard et al., 2014, 2013; Bosch et al., 2016) to classify the recognized

affective states using students’ facial expressions, hand gestures and body postures. For
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example, the definition of an engaged affective state is a state of interest that results
from the involvement in an activity. This includes not only the facial expressions of
students but also their behavioral aspects observed using hand gestures and body pos-
tures related to taking/writing notes, answering questions/asking the questions, paying

attention towards the board or teacher etc.

Affective State Definitions (D’Mello et al., 2010; Whitehill et al., 2014; D’Mello
et al., 2007):

* Boredom: uninterested in the current problem.

* Confusion: poor comprehension of material, attempts to resolve erroneous belief.

* Disgust: annoyance and irritation with the material and their abilities.

* Fear: feelings of panic and extreme feelings of worry.

» Sadness: feelings of melancholy, beyond negative self-efficacy.

* Frustration: difficulty with the material and an inability to fully grasp the material.

 Sleepy: extremely not interested and in a mental state of sleep.

* Happiness: satisfaction with performance, feelings of pleasure about the material.

* Neutral: displays no visible affect, at a state of homeostasis.

* Surprise: genuinely does not expect an outcome or feedback.

* Delight: a high degree of satisfaction.

* Engaged: a state of interest that results from involvement in an activity.

Farticipants: The proposed architecture is trained and tested on 350 undergradu-
ate and postgraduate students of National Institute of Technology Karnataka (NITK)
Surathkal, Mangalore, India. These student participants present in this database cre-

ation are in the age group of 20 to 26 years.

Posed and Spontaneous Expressions: We created the dataset consisting of students’
face, hand gestures and body postures. Dataset contains both posed and spontaneous ex-
pressions which include single and multi-person in a single image frame scenario. Face
of the students includes frontal, profile and tilted faces, hand gestures include raise of

hands and body posture includes normal, half bent and full bent or completely lean on
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the desk poses. The entire dataset includes variants such as occlusion, background clut-
ter, pose, illumination, cultural & regional background, intra-class variations, cropped

images, multipoint view and deformations.

The posed expression dataset is created to improve the accuracy of object local-
ization and affective state classification by using it to train the proposed deep learning
architecture. The posed or pre-informed expressions consist of both single and multi-
person in a single image frame scenarios. This is performed with more than 30 students
for 40 video clips of 2 minutes each. We performed State Trait Anxiety Inventory
(STAI) and also asked them General Health Questionnaire (GHQ) to check their physi-
cal and mental distress before obtaining their posed expressions for the data collection.
Further, the STAI and GHQ are performed to ensure that the students are in a normal
state before the start of the posed emotion extraction process. These tests are not per-

formed during spontaneous data collection process.

Spontaneous expressions are collected for more than 25 hours in a classroom envi-
ronment. All spontaneous expressions are of multi-person in a single image frame sce-
nario, but the number of persons in each frame vary depending on the subjects taught

and the class strength.

Affective Annotation: We followed the Gold standard study, the standard annota-
tion process used to label the learning-centred emotions (D’Mello et al., 2007) using
multiple annotators. The detailed description on the participants, annotation, and all
other related details regarding the created database is given in the separate Chapter, 1.e.,
Chapter 6 of this thesis. The human annotators reliably agree when discriminating the
recognized affective states with Cohen’s x = 0.41 for the entire database. Along with
the annotation, object localization is also performed on each student by the annotator.

The annotated image with object localization is stored in a JSON file.

3.3.2 Affective State Classification and Localization

Affective State Classification: CNN is a variant of multilayer perceptron and consists of
several locally connected layers. CNNs exploit spatially-local correlation by enforcing
a local connectivity pattern between neurons of adjacent layers. Figure 3.24 shows the
proposed convolutional neural network architecture. The input image frame is directly

fed to the first convolutional layer of dimension 1024*1024 with depth 3. The input
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layer is convolved with the filter size of 5*5*3 (here 3 is the depth that extends upto
the full depth of the input volume) with stride 2 and the depth increases according to
the activation maps. If the filter size has a non-decimal value then zero padding is used
to read the entire image. Leaky Relu is used as an activation function. The dimension
of input image is reduced from the first convolutional layer to the next convolutional
layer whereas the depth of the image is increased. The feature selection increases with

increase in depth size.

Inception Modules

Feature Maps

Image Frame

Stem
Fig. 3.24. Proposed CNN based architecture for affective state analysis of students.

Transfer learning helps in optimizing and fine-tuning the proposed architecture.
Inception-v3 based FaceNet architecture recognizes the human faces in a single image
frame with better accuracy than state-of-the-art methods (Schroff et al., 2015; Szegedy
et al., 2016). The FaceNet is trained and tested on LFW and YouTube face database
(Huang et al., 2007; Wolf et al., 2011). But, this architecture is not trained for ges-
ture or posture recognition. In the proposed architecture, the convolution, activation
and pooling operations are performed till a dimension less than 256*256 (3 extra layers
are added to get to the dimension 256%256) is obtained, then the inception-v3 based
FaceNet architecture is added which factorizes into smaller convolutions and uses aux-

iliary classifiers for more stable learning and better convergence.

Hence, the proposed architecture is divided into four major parts. The first part is
stem, which contains the convolutional and pooling layers till the factorization of con-
volutional layers. The second part contains the factorization into smaller convolutions
using filter concats. The third part contains the auxiliary classifiers and the last part
contains fully connected layers and softmax classifier. The entire proposed architecture
consists of 51 layers (3 initial layers and 48 Inception layers) with stride 2 and 6 pooling

layers which are used for an independent evaluation over each activation maps and for
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size reduction. The last pooling layer is connected to two fully connected layers. Those

fully connected layers are connected to the softmax layer.

Training phase starts with the back-propagation using the recursive chain rule for
computing the gradients for all inputs, parameters, and intermediates. The entire pro-
cess of backpropagation is stored in a graph structure. The forward pass computes the
results of an operation and stores the gradient value whereas the backward pass com-

putes the gradient of loss function w.r.t. the inputs.

Equation 3.14 shows the loss function performed using multinomial logistic regres-
sion where y; is the 7th image label and z; is ith image frame, using these, the loss for
the ¢th image L; is calculated. The overall mean of training loss of the entire training

data L, is defined as the total data loss given in Equation 3.15.

esyi

L;= _log(z.e%‘
j

) (3.14)

N

L= N;Li (3.15)

Since the data used for analyzing multiple class in a single image frame (dense
labeling), the activation function is used which neither saturates for both positive and
negative values nor dies for negative values. Hence Leaky Relu is used as an activation
function (Equation 3.16) where z is an is an input column vector containing all pixel

data of the image.

f (z) = mazx(ax, x) where a = 0.01 (3.16)

Xavier initialization (Equation 3.17 where n_in & n_out are input neurons from
current & next layer and r is to calculate zero mean) is used for weight initialization.
Batch normalization is also used along with the hyperparameter optimization. Mini-
batch stochastic gradient descent is used in a loop structure where it performs 4 major
steps; Step 1: data is divided into N samples. Step 2: forward propagation to get the
loss. Step 3: calculate the gradients using back propagation. Step 4: update the param-

eters using the calculated gradients.

W = random.r(n_in,n_out)/sqrt(n_in) (3.17)
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Parameters update is performed using RMSProp Tieleman & Hinton (2012). Learn-
ing rate (Equation 3.18 where o, and k are hyper parameters and ¢ is the iteration num-
ber) is a hyperparameter for RMSProp. Regularization is performed using Dropout.
Monte Carlo approximation is used in dropout where several forward passes with dif-
ferent dropout masks are performed and final prediction is average of all predictions.

Numeric gradient is used for gradient check.

o= Oége_kt (3.18)

Object Localization: In object localization, the bounding box is generated around
the students’ faces, hand gestures and body postures separately for every student present
in the image frame. Most of the images will have only two bounding boxes per student
as the hand gestures will be in line with the body postures as shown in Figure 3.25
(a). In few other cases if the hand gestures are separated from the body postures like
raising of hands, three bounding boxes will be used as shown in Figure 4.2c (If the
background data is more in a bounding box, then the use of only one bounding box per
person will lead to miss classifications (Figure 4.2a) (Yao & Fei-Fei, 2012). Using more
bounding boxes leads to more computations as the number of default box increases (Liu
et al., 2016). Hence, the optimal way to put the bounding box per person is the use of
two bounding boxes and in special occasions where the intersection of hand gesture
bounding box and the body posture bounding box is null, use three bounding boxes.
Even during annotation, the bounding boxes are manually inserted by following the
same). The proposed architecture for object localization contains six default boxes
(Figure 3.25 (b)) which are mapped to the ground truth boxes. These default boxes are
separately convolved for each pixel of every feature map. If the default boxes are above
the defined threshold w.r.t. ground truth boxes then these default boxes are considered

as positives and the rest as negatives.

Object localization is performed using the proposed CNN based localization model
where the fully connected layers and the classification layer are removed and the last
convolutional feature map is attached to another set of convolutional filters. This intro-
duces the number of feature maps which allows to share the parameters for each object

scales and smoothen the segmentation results.
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(a) Sample image frame snapshot (b) Six different default boxes with
with bounding box. 4*4 feature maps.

Fig. 3.25. Sample bounding box image snapshot using default boxes.

The first layer of object localization contains the maximum number of feature maps
and these feature maps are generated after performing both the pooling and deconvolu-
tion but, the remaining layers use only pooling. Each feature layer produces a fixed set
of default boxes which are fed to fast non-max suppression for final detection. Training,
matching, and hard negative mining is similar to that of SSD (Liu et al., 2016) where
the overall objective loss function is the weighted sum of the localization loss (loc) and

the confidence loss (conf) as shown in Equation 3.19.

1
Lix,¢,1,9) =~ (Leong (w, ¢) + alioe(, 1, 9)) (3.19)
Lioe(, €) Z ¥ log Z log (3.20)
1€Pos i€Neg
where && = . (3.21)

(2 Zez

Where, a: - is a matching index for ¢th default box to jth ground truth box of cate-
gory p. N is the number of matched default boxes. If N = 0, then set the loss to 0. The
localization loss is a smooth L1 loss between the predicted box () and the ground truth
box (g) parameters. We regress to offsets for the center (cz, cy) of the default bounding

box (d) and for its width (w) and height (h).

The confidence loss is the softmax loss over multiple classes confidence (¢) and the

weight term « is set to 1 by cross-validation.
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3.3.3 Experimental Setup, Results, Analysis and Discussion

Experimental Setup: Laptops with web-camera and Desktop C310 webcameras are
used for data capturing. Two Tesla M40 GPUs with 128 GB RAM and 128 GB scrap

space are used for deep learning computations.

Data Selection for Training: 3560 single person and 6650 multi-person in a single
frame annotated images are obtained from the labellers. If the minimum and the maxi-
mum label given by the labeller differ by more than 1 then those images are discarded.
If the labeller has marked the face as unclear then these images are also discarded. Af-

ter discarding those images, 9423 image frames are finally obtained for the training

purpose.

Affective State Classification and Localization Student independent (the students
used in training are not used in testing) 10-fold cross-validation is performed on the
dataset and the summary of the results is shown in Figure 3.26. From Figure 3.26, it
is observed that the accuracy and precision values of a single person in a single image
frame are very near for Resnet, Inception-v3 and the proposed architecture. But, in
the multi-person in a single image frame scenario, the proposed model outperforms
the other models. The improvements in accuracy and precision are observed in the
classification of fear, sadness, engaged and neutral class of multi-person in single frame
image. Other standard architectures such as VGG-16, VGG-19, ResNet-18, ResNet-34,
ResNet-50, ResNet-101, ResNet-152, ResNet-200, BN Inception, Inception V2 are not
tested as these architectures fail to perform better for dense labeling scenario such as

classroom (Wang & Ji, 2015).

m/Single Person Accuracy Single Person mAP m Multi-person Accuracy u Multi-person maP

86.12

84.45 B4.9Bg4.14 86.01

81.00 B2.98

£8.53 7001
66.12 g5.14

AlexNet VGGNet ResNet Inception-v3 Proposed Architecture
Fig. 3.26. Comparison with various affective state classification architectures.
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Table 3.11
Confusion Matrix for Affective States of Single Person in Single Image Frame

In% | En Ha Su De Ne Fe Sa Di Bo Co Sl Fr
En 81.00| 7.50 | 1.20 | 2.10 | 2.70 | 0.80 | 0.70 | 0.90 | 0.50 | 1.10 | 0.70 | 0.80
Ha 3.17 | 83.12| 1.11 | 0.78 | 7.80 | 0.68 | 1.10 | 0.62 | 0.64 | 0.11 | 0.17 | 0.70
Su 1.70 | 0.88 | 87.231 291 | 0.82 | 0.74 | 0.86 | 1.41 | 0.87 | 2.43 | 0.06 | 0.09
De 1.10 | 1.22 | 5.87 | 81.44| 1.11 | 3.22 | 0.89 | 3.93 | 0.87 | 0.22 | 0.03 | 0.10
Ne 2.10 | 3.10 | 1.08 | 0.69 | 89.27| 0.77 | 0.89 | 0.65 | 0.30 | 0.40 | 0.19 | 0.56
Fe 030 | 1.87 | 1.22 | 6.80 | 1.98 | 80.23| 1.76 | 1.55 | 0.45 | 0.77 | 0.97 | 2.10
Sa 050 | 1.37 | 098 | 0.56 | 1.89 | 0.98 | 82.88| 1.23 | 842 | 0.76 | 0.14 | 0.29
Di 070 | 0.83 | 1.23 | 145 | 0.88 | 1.87 | 0.98 | 85.00{ 0.98 | 5.75 | 0.03 | 0.30
Bo 090 | 098 [ 092 | 087 | 123 [ 0.89 | 1.98 | 1.11 | 82.44| 098 | 2.78 | 4.92
Co 1.30 | 240 | 2.02 | 2.83 | 090 | 0.67 | 044 | 1.64 | 0.58 | 86.21| 0.09 | 0.92
S1 0.40 | 0.11 | 0.01 | 0.38 | 0.11 | 0.52 | 0.22 | 2.11 | 2.05 | 0.79 | 92.43| 0.87
Fr 0.20 |{ 090 | 0.11 | 1.13 | 0.20 | 0.62 | 1.01 | 1.12 | 2.90 | 0.91 | 0.79 | 90.11
En: Engaged; Ha:Happiness; Su: Surprise; De: Delight; Ne: Neutral; Fe: Fear; Sa: Sadness;

Di: Disgust; Bo: Boredom; Co: Confused; Sl: Sleepy; Fr: Fear

En -
En

Fig. 3.27. Heatmap of confusion matrleor éingle person in single image frame.

Proposed architecture is used to analyze the affective states of students separately

for both single person (e-learning and flipped classroom) and multi-person (classroom

and webinar) affective state classification. Tables 3.11 and 3.12 show the confusion

matrix for different students’ affective states for single and multi-person affective state

classification, respectively. Figures 3.27 and 3.28 show the corresponding heatmaps

generated from single and multi-person affective state classfication, respectively. It

is observed from Table 3.11 that the affective state recognition is more accurate for

surprise and less accurate for fear and sad affective states. Reason for the high accuracy

for surprise affective state is that it has unique facial features which are recognized

easily

when compared to happiness and delight affective states where both have almost

similar features of facial expression, hand gesture and body posture. Similarly, the

sleepy affective state has high accuracy due to the unique features of facial expression,

hand gesture and body posture. Whereas, sad affective state has similar features of

76




boredom, and hence this affective state has less accuracy. Engaged affective state gets
misclassified with happy and neutral. Frustrated & boredom, surprise & delight are
misclassified with each other. As already mentioned, CNN requires sufficient training
data for better performance; further, delight, fear and sad affective states are less likely
to appear in classroom scenario and hence less accuracy and recall is observed; only
posed expressions contain delight, fear and sad affective states but students seldom
express these affective states in the classroom environment and hence the accuracy is

also less as shown in Table 3.12.

Table 3.12
Confusion Matrix for Affective States of Multi-Person in Single Image Frame

In% | En Ha Su De Ne Fe Sa Di Bo Co Sl Fr

En 66.00| 7.70 | 4.10 | 1.83 | 569 | 1.89 | 1.38 | 1.10 | 1.90 | 2.33 | 3.10 | 2.98
Ha 358 | 67.78| 1.23 | 0.88 | 6.50 | 1.83 | 1.55 | 2.15 | 1.58 | 10.22| 1.98 | 0.72
Su 411 | 299 | 72.11| 6.33 | 1.23 | 1.33 | 0.89 | 249 | 233 | 3.33 | 1.33 | 1.53
De 423 | 7.32 | 9.54 | 62.53] 1.82 | 0.79 | 0.88 | 2.27 | 2.40 | 3.22 | 1.89 | 3.11
Ne 326 | 1034|145 | 1.77 | 69.22| 1.22 | 3.11 | 2.13 | 1.92 | 0.98 | 3.10 | 1.50
Fe 200 | 426 | 220 | 540 | 522 | 60.01| 10.45| 2.82 | 1.89 | 1.77 | 2.10 | 1.88
Sa 3.82 | 322 | 2.87 | 3.10 | 4.10 | 13.42| 59.23| 2.23 | 1.44 | 2.12 | 2.11 | 2.34
Di 489 | 1.11 | 345|289 | 1.89 | 1.22 | 0.11 | 67.88] 5.22 | 3.74 | 2.10 | 5.50
Bo 289 | 264 099 | 1.88 | 220 | 1.77 | 1.11 | 2.10 | 69.11| 421 | 499 | 6.11
Co 3.12 | 8.11 | 523 | 233 | 424 | 1.10 | 1.40 | 2.10 | 2.40 | 65.98| 1.88 | 2.11
S1 333 1270 | 1.80 | 2.80 | 3.10 [ 0.78 | 098 | 1.66 | 3.55 | 2.20 | 74.00| 3.10
Fr 4.10 | 2.55 {098 | 2.12 | 2.89 | 1.22 | 2.89 | 3.11 | 4.88 | 2.87 | 1.17 | 71.22

En: Engaged; Ha:Happiness; Su: Surprise; De: Delight; Ne: Neutral; Fe: Fear; Sa: Sadness;

Di: Disgust; Bo: Boredom; Co: Confused; Sl: Sleepy; Fr: Fear

En

Fig. 3.28. Heatmap of confusion matrlx fo_r_multi—person in single image frame.

Comparison among state-of-the-art architectures such as Alexnet, Resnet, VGGNet,
and Google’s Inception-v3 model for affective classification Krizhevsky et al. (2012);
He et al. (2016); Simonyan & Zisserman (2014); Szegedy et al. (2016) w.r.t. mean

average precision (mAP) is shown in Table 3.13 and Figure 3.29.
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Table 3.13
Comparison of Different State-of-the-Art Architectures for Affective State Classification

mAP
Ar

OA | En Ha Su De Ne Fe Sa Di Bo Co

S1

Fr

Al | 61.92| 63.12| 66.50| 64.10| 59.00| 48.22| 52.12| 62.22| 66.22| 68.12| 61.12

69.20

63.12

Re | 73.03| 75.50| 76.12| 72.30| 71.11| 72.13| 71.22| 71.34| 71.11| 73.32| 74.17

73.90

74.12

VG| 72.12| 70.11| 73.24| 79.00| 76.20| 67.22| 69.22| 66.12| 71.21| 72.28| 73.54

74.12

73.15

In | 73.57| 75.10| 71.41| 73.44| 69.80| 77.22| 72.12| 71.11| 72.21| 69.21| 75.00

79.98

76.21

PA | 76.10| 73.50| 75.45| 79.67| 71.98| 79.24| 70.12| 71.05| 76.44| 75.77| 76.09

83.21

80.66

Ar: Architecture; Al: Alex Net; Re: ResNet; VG: VGGNet; In: Inception V3; PA:

Proposed

Architecture; En: Engaged; Ha:Happiness; Su: Surprise; De: Delight; Ne: Neutral; Fe: Fear;
Sa: Sadness; Di: Disgust; Bo: Boredom; Co: Confused; Sl: Sleepy; OA: Overall
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Fig. 3.29. Comparison with Different State-of-the-Art Architectures w.r.t. mAP.

Similarly, the object localization results of the proposed architecture and its compar-
ison with other state-of-the-art techniques such as YOLO, YOLO-V2, SSD, SSD-300,
SSD-500 Redmon et al. (2016); Liu et al. (2016); Ren et al. (2015); Girshick (2015);
Girshick et al. (2014) are summarized in Figure 3.30. Architectures like YOLO has high
fps but are less accurate. The proposed architecture outperforms other architectures as
it accurately recognizes the students’ faces even if they are sitting on the last bench or
if their faces are partially occluded. The mAP of the face, hand gesture & body posture

using different object localization architectures is shown in Table 3.14.
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Table 3.14
Comparison of Different Object Localization Architectures

Object Localization mAP
Architectures Overall | Face | Hand Gesture | Body Posture
YOLO 62.48 | 59.12 64.56 63.76
YOLOV2 544 70.76 | 67.45 73.71 71.12
SSD300 66.33 | 63.10 69.66 66.22
SSD512 69.96 | 67.30 71.22 71.35
Proposed Architecture 512 | 71.40 | 66.34 73.63 74.22
Proposed Architecture 74.49 | 71.20 77.11 75.17
u Single Person mAP Single Person FPS = Multi-person mAP !lMuIti—pe;:ozna FPS
IJI | YOLOVZI“I | II | SsD512 Proposed Architecture

Fig. 3.30. Comparison of different archltectures for object localization.

Overall Results, Analysis and Discussion: Table 3.15 projects the overall results
of the proposed classification and localization architectures using the standard perfor-
mance evaluation metrics. These are the aggregate results of the four different learning

environments considered in this study.

Table 3.15
Overall Results of Detection and Classification

Performance Metrics | Detection | Classification
Average Accuracy 0.79 0.77
Average Recall 0.72 0.66
Average Precision 0.74 0.76
Average F-score 0.73 0.71
MCC 0.69 0.61
AUC 0.72 0.71
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Statistical Analysis

We performed the following statistical analysis on the data obtained from the deep

learning module.

The incidence of affective states recognized during the learning process: Repeated
measure ANOVA test is conducted on the recognized affective states of students. Fur-
ther, as mentioned in D’Mello et al. (2010), Bonferroni post-hoc test is conducted to
analyze the pattern present in the recognized affective states, and tripartite classifica-
tion of affective states are performed using one-sample ¢-test comparison, where chance
(Equation 3.22 where, M is the mean of proportions and N is number of students that
experienced the state at least once as shown in Table 3.16) is used to isolate the subset

of affective states.

(1 - Mneutral)

Chance =
Naffect

(3.22)

Temporal dynamics of the affective states: Persistence, random and ephemeral are
the three-way classification schemes in the temporal dynamics of affective states (D’Mello
et al., 2010). Persistence is a property of the affective state observed at time ¢ which
is also observed at time ¢ + 1. Random is the probability of affective state observed
at time ¢ but not related to the occurrence of affective state at ¢ + 1. Ephemeral is the
affective state at ¢ that decreases its likelihood at ¢t + 1. There exist no instances of
ephemeral states in this study; hence the temporal data is classified into two-way classi-
fication using the likelihood and one-sample ¢-test analysis. The likelihood of affective
states are calculated using the Equation 3.23, where the current affective state at time ¢
is A¢ and the next state at time ¢ + 1 is Ay. If the current affective state and the next
affective state are the same, then the persistence likelihood (L) of affective states can

be calculated using Equation 3.24.

AclAy) — P(An)
1 - P(An)

L(Ac — Ay) = il (3.23)

P(Act+1|ACt) — P(ACz+1>
11— P(ACtJrl)

L(ACt - ACt+1) = (3.24)
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E-Learning Environment

We implemented the proposed methodology in every class ranging from 45 minutes to
1.5 hours in a classroom scenario whereas the e-learning duration ranges from 20 min-
utes to 1 hour. Initially, results and analysis of one class for a duration of 30 minutes
is projected; subsequently the overall results are projected. Table 3.16 shows the dis-
tribution of affective states for all 30 students with chance = (1 — 0.342)/11 = 0.059
for the 30 minute e-learning class duration. Engaged affective state is significantly ob-
served in the students. The number of students with sleepy and boredom affective states
is also significant as they are observed under routine condition. Sporadic emotions in-
cludes confusion and frustration. Sadness, fear, surprise and disgust are observed under

exceptional categories of emotions.

Table 3.16
Distribution of Affective States for 30 Minutes Learning Duration in E-Learning Environment
Affective | Frequencies | Proportions One-sample t-test
States | N| P M | SD [t29) | p [ d

Routine
Engaged | 28 | 0.933 | 0.144 | 0.148 | 4.22 | <0.010 | 0.66
Happiness | 22 | 0.733 | 0.082 | 0.066 | 3.11 | <0.001 | 0.43
Boredom | 25| 0.833 | 0.11 | 0.098 | 3.28 | <0.001 | 0.47
Sleepy 27 | 0900 | 0.123 | 0.127 | 4.09 | <0.010 | 0.62
Sporadic
Confused | 18 | 0.600 | 0.047 | 0.049 | -0.198 | 0.117 | -0.29
Frustrated | 16 | 0.533 | 0.041 | 0.048 | -0.172 | 0.173 | -0.27
Delight 17 | 0.567 | 0.051 | 0.060 | 0.311 | 0.298 | 0.05

Exceptional

Sadness 4 | 0.133 | 0.02 |0.031 | -14.1 | <0.001 | -1.58
Fear 2 | 0.067 |0.019 |0.017 | -17.3 | <0.001 | -2.8
Surprise 3 | 0.100 | 0.03 |0.036 | -63 | <0.001 |-0.79
Disgust 4 | 0.133 | 0.039 | 0.033 | -5.8 | <0.010 | -0.89

Neutral 30 | 1.000 | 0.342 | 0.211
N = number of students that experienced the state at least once
P = proportion of students that experienced the state at least once

Similarly, this experiment is conducted for all the students of e-learning courses
taught during 2016 and 2017 academic years. After performing one-sample ¢-test with
chance = 0.61, engaged, happiness, boredom, sleepy are observed as routine emotions
as they occurred with a probability greater than 0.61. On an average these routine emo-
tions comprised 60% of the observations and are experienced by 88% of the students.

Confused, frustrated and delight are the three sporadic emotions comprising 17% of the
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observations and occurred in 69% of students. Finally, the remaining four exceptional

emotions comprising 23% of the observations and are observed in 39% of students.

Flipped Classroom Environment

In the flipped classroom, students learn using short e-learning modules, so there is not
much difference when compared to e-learning. But from the observation, the boredom
and sleepy routine emotions are seen more when compared to a regular e-learning envi-
ronment. This is because of the higher course completion rate of the flipped classroom
and the students have to complete the learning process before the start of the class (this
is one of reasons we found from the students’ oral survey). In contrast, the students can
relax a bit in e-learning as their completion rate need not be so regular. Also, ANOVA
and Bonferroni Post-hoc tests are performed and obtained the same routine, sporadic

and exceptional affective state classification as of e-learning.

Classroom Environment

For classroom environment, the similar statistical analysis performed for e-learning is
followed. A repeated measure ANOVA test indicated that there are significant differ-
ences in the proportion of affective states experienced by the students, [F'(11, 34840)
=131.33, M Se = 0.008, p < 0.001, n2 = 0.499]. Bonferroni post-hoc test and one
sample t-test with chance = 0.617 revealed that the affective states engaged, boredom,
sleepy and confused are observed as routine emotions. Frustrated and delight emotions
are sporadic. Happiness is a routine emotion in an e-learning environment, whereas in
a classroom environment it moved to exceptional, along with fear, sadness, surprise and

disgust emotions.

Webinar Environment

The results obtained from the webinar data is similar to that of the classroom environ-
ment. Although the routine emotions are same as that of the classroom environment,
for a few sessions the boredom affective state is observed with a P value of 0.998 for
one of the webinar sessions. This may be true because all the faces are not visible to the

speaker in a webinar scenario and the students can freely express their emotional states.
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Temporal Dynamics of Affective States

The temporal dynamics of the affective states are observed for the entire data. We used
a normalized base rate of 0 with a one-sample ¢-test. The observations are shown in

Table 3.17. The persistence of engaged and boredom is high, and the primary emotions

are random.
Table 3.17
Persistence of Affective States
Descriptives
Affective State (Likelilt)lood) One-sample f-test
M | SD| ¢ [df] p | d
Persistence
Engaged — Engaged 0.112 | 0.222| 2.19 | 25| 0.088| 0.51
Frustration — Frustration 0.086 | 0.216| 2.86 | 23| 0.039| 0.43
Confused — Confused 0.098 | 0.196] 3.12 | 26| 0.051| 0.39
Boredom — Boredom 0.122 | 0.235] 3.25 | 31| 0.021| 0.59
Sleepy — Sleepy 0.142 | 0.279] 2.99 | 35| 0.009| 0.55
Random
Happiness — Happiness 0.036 | 0.122f 0.72 | 14| 0.811| 0.48
Surprise — Surprise -0.005 | 0.098] -0.25 | 19| 0.379| -0.09
Sadness — Sadness 0.002 | 0.153| 1.8 | 32| 0.584| 0.14
Fear — Fear -0.006 | 0.082| -0.39 | 13| 0.662| -0.11
Disgust — Disgust 0.124 | 0.189] 0.68 | 15| 0.901| 0.22
Delight — Delight 0.119 | 0.213] 0.49 | 19| 0.782| 0.01
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Fig. 3.31. Students’ affective state transitions
We also performed the descriptive statistics for the likelihood of these recognized
affective states. ANOVA test results demonstrated that there is a significant difference
among all the affective states, [F'(10,400) = 5.5, MSe = 0.05 and p < 0.5]. Tukey
HSD post-hoc test (D’Mello, 2012) is performed on the data, and it is summarized in

Figure 3.31. The transitions from engaged to confusion are dominant. Happiness to
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delight and delight to happiness transitions are observed. There are many instances
where confusion lead to frustration, and the students get bored. Boredom to sleepy and
vice versa is also observed. There are a few instances where transitions from frustrated

to sadness and disgust to sadness are observed.

Initially, all learning-centered emotions are considered such as eureka, anxiety, cu-
riosity and anger, but these emotions are observed rarely [P < 0.01 and M < 0.001
(Table 3.16)]. Hence, only dominant learning-centered emotions are considered for the

analysis in this chapter.
3.4 Summary

The proposed method detects facial emotion recognition for multiple faces in a single
frame. GPU along with the CPU helps in speeding up this process. The proposed algo-
rithms based on Modified Affine Transformation and Viola Jones based Haar Cascades
accurately detects the face in a given frame for real time face detection and tracking.
Experimental results demonstrate that our proposed algorithm outperforms the existing
Voila Jones algorithm by 6% for YALE, FDDB and ’top 25 Google’s searched “tilted

299

face”’ datasets. These datasets consist of frontal, occluded and tilted faces with differ-
ent illuminations. And also we tested on real time face detection and tracking using the
web cam which gave better results with very good accuracy. Video affective content
analysis is performed using both audio and visual features using SVM and RBM clas-
sifiers. From experimental results, it is observed that our proposed hybrid SVM-RBM
classifier performs better than individual SVM and RBM classifiers for audio-visual

emotion recognition with annotated data.

The current study explored the students’ affective states in the classroom environ-
ment. Both emotional and behavioral engagements are considered to predict the stu-
dents’ affective states such as engaged and boredom along with the neutral. The multi-
modal analysis is performed using the students’ facial expression, hand gesture, and
body posture to increase the robustness of the method. Since the classroom image frame
data contains multiple students in every image, a group engagement score is predicted
for image frame data using the feature fusion technique. We proposed a deep learning-
based hybrid CNN model to predict the students’ affective states. A deep learning

model should get trained well, and no standard datasets are available for analyzing stu-
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dents affective states in the classroom environment. Hence, a dataset is created with
two types of image input using the student’s facial expression, hand gestures, and body
postures. Dataset-1 consists of a single student in a single image frame, and dataset-2
consists of multiple students in a single image frame. For dataset-2, students’ sponta-
neous expressions and their behavior in the classroom environment are also collected.
Manual annotation is carried out by three annotators for annotating three different affec-
tive states, namely: engaged, boredom, and neutral. We obtained the reliability among
annotators (Cohen’s x = 0.59) for spontaneous classroom data. We proposed both CNN-
1 and CNN-2 models, for the affective state recognition of single and multiple students
in a single image frame. We obtained an accuracy of 94% and 95.6% for the proposed
CNN-1 and CNN-2 models, respectively, for posed classroom data. Further, 70% accu-
racy is obtained using the student & classroom independent 10-fold cross-validation for
the proposed hybrid model, which is a combination of CNN-1 and CNN-2 for sponta-
neous classroom data. The proposed models outperformed the existing state-of-the-art

techniques on both posed and spontaneous datasets.

The students’ affective state classification with localization, using facial expres-
sions, hand gestures and body postures for both single and multiple students in a single
image frame is proposed. The proposed architecture is tested in e-learning, flipped
classroom, classroom and webinar environments for 12 different class labels. After
performing student-independent 10-fold cross-validation, we obtained an accuracy of
77% for the students’ affective state classification and 79% for object localization. We
performed statistical analysis and observed that the students’ affective states such as en-
gaged, boredom, sleepy and confused are categorized under routine emotions. Further,
we observed some dominant transitions between the affective states such as engaged &

confusion, confusion & frustration and frustration & boredom.

Similar to most of the research, the proposed methodology also has a few limita-
tions. The current study focuses only on most frequently observed students’ affective
states but, a few less frequently observed learning-centered emotions like Eureka, and
contempt are not considered to analyze its incidence and temporal dynamics during
the teaching-learning process. The majority of students present in the created dataset
are Indians. Hence, the working of the proposed model may differ when we test on

other than Indian students. The proposed multimodal analysis is performed on sponta-
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neous data obtained from a regular classroom environment. This will vary if we con-
sider computer-enabled teaching laboratories or game-based learning classroom envi-
ronments. This study considers only the emotional engagement as the engagement de-
tection is performed by using the image-based affective content analysis. This limits us
to analyze the cognitive engagement of students, for example, the student can be with
the non-engaged affective states, but he(she) may be engaged. But, these aspects are

not considered in this study.

In the next chapter, unobtrusive students’ behavioral engagement is discussed where
scale-invariant context-assisted single-shot CNN is proposed to classify the students’

behavioral engagement into four different engagement levels.
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Chapter 4

Behavioral Engagement Analysis

Pervasive intelligent learning environments can be made more personalized by adapt-
ing the teaching strategies according to the students’ emotional and behavioral engage-
ments. The students’ engagement analysis helps to foster those emotions and behav-
ioral patterns that are beneficial to learning, thus improving the effectiveness of the
teaching-learning process. Unobtrusive students’ engagement analysis is performed us-
ing the students’ non-verbal cues such as facial expressions, hand gestures, and body
postures. Though there exist several techniques for classifying the engagement of a
single student present in a single image frame, there are limited works on the students’
engagement analysis in a classroom environment. In the previous chapter, we discussed
the unobtrusive emotional engagement analysis of the students, but not the students’ be-
havioral engagement analysis. Students’ behavioral engagement using their non-verbal
cues is not explained much in both classrooms and computer-enabled teaching labora-
tories. Hence, in this chapter, we propose the CNN based architectures for unobtrusive
students’ engagement analysis using non-verbal cues in both classrooms and computer-

enabled teaching laboratories.

The key contributions of this chapter are as follows:

* Proposed a novel scale-invariant context-assisted single-shot CNN architecture
for the students’ behavioral engagement analysis of multiple students in a single
image frame in the classroom environment using their facial expressions, hand
gestures, and body postures.

* Proposed an architecture for video surveillance camera-based students’ behav-
ioral engagement analysis in computer science and information technology teach-
ing laboratories.

* Compared the students’ engagement level score with their test performance for
any possible correlations.

Since the features and classification patterns of students present in the classroom
vary with the computer-enabled teaching laboratories, two different architectures are
proposed for the behavioral engagement analysis. The first part of this chapter deals
with the students’ behavioral engagement in the classroom environment and the latter

part discusses the computer-enabled teaching laboratories.



4.1 Proposed Methodology for Classroom Environments

Figure 4.1 shows the complete flow of the proposed methodology for the students’ be-
havioral engagement analysis in the classroom environment, which includes the created
dataset and the proposed engagement level classification method. The details are dis-

cussed in the following subsections.

Proposed Methodology ,," Data Annotation Module
E 350 Different Students Data Annotation: Gold Standard Study

Video Camera Students' Behavioral

: Engagement

Classroom : Class Labels
\ 5 Video —> -—> EL-1
: EL-2
’ 1 EL-3

EL-4

Deep
Neural Network
Architecture

i —

' Group Engagement

Pre & Post Statistical Engsagement o Lg;{el '

Test Resul Analysis ' core assification
oot Resulls Y ' for each frame of each Student

—

Video

EL Classification Module

Fig. 4 1 The complete flow of the proposed methodology for students’ behavioral engagement analy51s

4.1.1 Students’ Engagement Classification

Predicting the students’ engagement is a very difficult task as there are challenges
with both its conceptualization and measurement. Behavioral, emotional, cognitive,
and agentic engagements are the four different types of engagement (Sinatra et al.,
2015). Most popular works on student’s engagement involve behavioral and emotional
(learning-centered emotions) engagements with some cognitive aspects involved in it
(Sidney et al., 2005; Whitehill et al., 2014). But these works contain a single person
in a single image frame. Further, there exists no robust method which suits for a large
classroom environment where all students are not clearly visible even after using high
definition cameras. So, analyzing emotions using only the facial expressions in such
a scenario is difficult. Hence, this study explored behavioral engagement (face, hand

gestures, and body postures) involving some cognitive aspects.
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The students’ behavioral engagement is classified into four major engagement levels

(ELs), as given in Whitehill et al. (2014). The guidelines designed for engagement

levels classification shown in Whitehill et al. (2014) are modified by adding the features

of the facial expression, hand gesture, and body posture for multiple students in a single

image frame, but the ELs definitions remain the same.

4.1.2

EL 1: Not engaged at all - e.g., looking away from the tutor or board and obvi-
ously not thinking about the task, eyes completely closed, etc.

EL 2: Nominally engaged - e.g., eyes barely open, fully bent on the desk or the
chair, no expression on the face, boredom, clearly not “into” the task.

EL 3: Engaged in the task - a student requires no admonition to “stay on the
task”. Looking at the teacher/board, taking notes, listening, and discussions with
the teacher, etc.

EL 4: Very engaged - a student could be “commended” for his/her level of en-
gagement in the task.

X: The clip/frame is very unclear, or contains no person at all.

Participants and Engagement Level Annotation

(a) Single BBox for one student. (b) Multiple BBox for one student. (c) Multiple BBox for one student.

Fig. 4.2. Sample annotation of bounding boxes.

Subjects

The entire proposed architecture is trained and tested on 350 graduate and undergradu-

ate students of National Institute of Technology Karnataka (NITK), Surathkal, Manga-

lore, India. These spontaneous expressions and body postures of students are collected

for more than 10 hours from the classroom environment. All the classroom data has
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multiple students in a single frame, but the number of people in each frame may vary

depending on the subjects of discussion and the class strength.

The students present in this created database belong to the age group of 20 to 26
years. These students are undergraduate, postgraduate, and doctoral research students

from India with different cultural and regional backgrounds.

Multiple labelers are used for the annotation process and more details on the camera
setup, annotation process and the various image variants used in this study are given in
Subsection 6.2.1 of Chapter 6. The reliability among the labelers are analyzed and
found that they agree with Cohen’s x = 0.43.

Annotation of Bounding Box (BBox): The labelers also put the bounding boxes for
each student present in the image. One bounding box for a student’s face, hand gesture,
and body posture will lead to more misclassifications as the background content will
also have additional information (the deep learning method considers this as features)
which are not required for the current EL class (Yao & Fei-Fei, 2012) (Figure 4.2a,
where the bounding box contains another student’s sleepy face, which alters the actual
features of EL 3). To perform the optimal bounding box computations, one bounding
box for the face, and one bounding box for both the hand gesture and the body posture
(if both the hand gesture and body posture bounding boxes have an intersection of more
than 70%) is used as shown in Figure 4.2b. Otherwise, each student will have three

different bounding boxes (Figure 4.2c¢).
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The annotated image with the class label and object localization is stored in the
JSON file. Each recognized student will have an engagement level class label and
corresponding bounding box coordinates (three sets of coordinates w.r.t. face, hand
gesture, and body posture). If any of the coordinates are not recognized/required, then
those are filled with null values. A few students are sitting in the last benches where only
their faces are visible, in those cases, only face bounding box coordinates are stored,
and remaining are filled with null values. To classify a given student in any engagement
class, the face is must (even if the students are far from the camera and expressions are
not clear, these are also considered). We did not classify the image into any class if only

the hand gesture and the body posture of the student is present in that image frame.
4.1.3 Proposed Scale-Invariant Context-Assisted Single-Shot CNN

The proposed architecture for the students’ engagement analysis in the classroom en-
vironment is based on the anchor-based detection framework (Zhang et al., 2017; Tang
et al.,, 2018). Though the existing state-of-the-art techniques like SSD (Single-Shot
MultiBox Detector) (Liu et al., 2016) provide better performance for object classifica-
tion and localization, the performance of SSD drops for the smaller faces. Hence, to
make the proposed architecture more robust for the classroom environment, low-level
feature pyramid layers, context-sensitive predict layers and pyramid boxes are conglom-
erated with the anchor-based framework for both the students’ bounding box detection

and EL classification as shown in Figure 4.3.

The proposed framework is a scale-equitable anchor based framework. It consists
of Inception-ResNet-V2 architecture till filter concat_3 (Szegedy et al., 2017) as the
base convolutional layer. Then extra convolutional layers which decrease in size are
progressively added, resulting in the multiscale feature maps. All high-level features
are not helpful for detecting small, blurred, and occluded faces. Hence, the Low-Level
Feature Pyramid Layers (LFPL) are used. It starts with a top-down structure from a
middle layer with their receptive field close to half of the input size. The structure of
each layer is the same as that of Tang et al. (2018), and L2 normalization is used to

rescale these layers.

LFPLs are followed by context-sensitive predict module (CPM) (Tang et al., 2018).

CPM uses pyramid anchors (PA) which contain contextual information regarding the

91



face, hand gesture, and body posture. The target students’ face, hand gesture or body
posture is localized at r; (r = region,t = target) at original image, the k" pyramid

anchor is defined as shown in Equation 4.1.

Lif IOU (aij - 8i/8pa",1¢) >t

0, otherwise

lk(am = (41)

Where, a; ; means the 4% anchor at the " feature map with stride s;. for k =
0, 1, .. K, respectively, where s, is the stride of pyramid anchors. a;; - s; denotes
the corresponding region in the original image of a; j, and a; ; - $;/s,," represents the
corresponding down-sampled region by stride s,,”. The other anchor-based detector
values are exactly the same for the threshold ¢. The hyperparameter is set as s,, = 2
since the stride of the adjacent prediction modules is 2. Furthermore, the threshold is
set to 0.35 and K to 2. Then [y, [1, and [, are labels of the face, hand gesture, and body
posture, respectively. Here, it has three targets, namely: the face, the hand gesture,
and the body posture associated with the face (occluded, background clutter, and other

similar cases) in three continuous predictions.

Pyramid anchors perform both the classification and regression simultaneously. The

loss function used here is PyramidBox Loss, as shown in Equation 4.2.

L{pra}s {tea}) = D MeLu({pri}, {tei}) (4.2)

where, the k" pyramid-anchor loss is given by Equation 4.3.

A *
Lie({pri}, {tea}) = N, ZLk,cls<pk,i7pk,i)+

““ (4.3)
sz,iLk,reg<tk,17 tZJ

ik

1
Nk,reg

Here, k is the index of pyramid-anchors (k = 0, 1, and 2 represents for face, hand
gesture, and body posture, respectively), and ¢ is the index of an anchor and py ; is

the predicted probability of anchor i being the k" object (face, hand gesture or body
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posture). The ground-truth label is defined by Equation 4.4.

L,1f the anchor down_sampled by stride s,
Dii = is positive 4.4)

0, otherwise

tr; 1s a vector representing the four parameterized coordinates of the predicted
bounding box, and tzﬂ- is that of ground-truth box associated with a positive anchor,
defined by Equation 4.5. Most of the images will have only two bounding boxes per
student as the hand gestures will be in line with the body postures, as shown in Figure
4.5. In a few other cases, if the hand gestures are separated from the body postures like

raining of hands, three bounding boxes will be used, as shown in Figure 4.2c.

k k

B (f A B g Ay B

i — \lg wSw,k x,k> Sh.k

b v 2 (4.5)
+Ay7k7 Sl;at:juswyk - 2Am7k7 Sl;at;;shyk - QA?JJ“)

where, A, ; and A, denote offset of shifts, s,,, and sh, k are scale factors with
respect to (w.r.t.) width and height, respectively. In our experiments, the set values are
App =0y =058, =shk=1fork <2and A, 5 = 0; Ay =17; Sypo = 7/8;
sp2 = 1 for k = 2. The classification loss Ly, .5 is softmax loss, and the regression loss
Ly, veq 1s the smooth L1 loss [13]. The regression loss is activated only for positive an-
chors and disabled for others as indicated by the term pj, ; L 5. The balancing weights

A, and )\, for & = 0, 1, 2 and the two terms are normalized using Ny, o5, N reg-

Group Engagement Level Classification

The classroom image frame data contains multiple students with different engagement
levels in a single image frame. Hence, feature fusion is used to calculate the same. The
multimodal feature fusion vector V for any pixel p; and normalized prediction vector
Np, use normalized predicted probability distribution Np, , of class a using the softmax

function (Equation 4.6).
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Where, W is the temporary weight matrix used to learn the features. The training
generally converges in 7" = 4000 epochs. The final collective average engagement level

score Ag, is given by Equation 4.7.

Ag, = arg max Np, , where a € classes 4.7

After obtaining the students’ engagement level classification results for each frame,
the average engagement level value for each minute is calculated, and the variation in

the students’ engagement level for every minute is stored.
4.14 Experimental Setup, Results, Analysis and Discussion

Experimental Setup

For the current study, 8¢ Generation Intel® Core™ ;7 — 4510U Processor, SGB RAM,
and 2GB NVIDIA® GeForce® 840M are used for engagement level classification and

localization.

Data Selection for Training

4560 multiperson in a single frame annotated images are obtained from the labelers. If
the minimum and the maximum labels given by the labelers differ by more than one,
then these images are discarded. Even if one labeler has marked that the face/faces are
unclear, then these images are also discarded. After discarding these images, finally a

total of 4423 image frames are obtained for the training purpose.

Cohen’s x is computed to compare the accuracy of deep learning classification tech-
nique with human annotations (Whitehill et al., 2014). We obtained an average « value,
which varies between 0.36 and 0.78 for the classroom environment where multiple stu-

dents are present in a single image frame.
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Data Augmentation

From the previous step, 4423 image frames are obtained, which contains 23%, 33%,
30%, and 14% for EL 1, EL 2, El 3, and EL 4, respectively. These images contain
small, burred, occluded students (faces or postures). To make the proposed architecture
more robust, data augmentation is used to increase the size of training data. Data an-
chor sampling (Tang et al., 2018) is used to increase the diversity of face samples by
increasing the proportion of small faces to larger ones and vice versa. A few other data
augmentation techniques are performed on our dataset and the details are given below.
After augmentation, a minimum of 20000 instances of each EL class label are obtained,

as shown in Table 4.1.
Table 4.1
EL Class Label Instances Used for Training

Class Label | No of students in each class label
EL 1 21000
EL 2 24000
EL 3 23000
EL 4 20800

* channel_shift_range: Random channel shifts of the image.
» zca_whitening: Applies ZCA whitening to the image.
* rotation_range: Random rotation of the image with a degree range.

» width_shift range: Random horizontal shifts of the image with a fraction of total
width.

* height_shift range: Random vertical shifts of the image with a fraction of total
height.

* shear_range: Shear intensity of the image where the shear angle is in the counter-
clockwise direction as radian.

* zoom_range: Random zoom of the image where the lower value is 1-room_range
and upper value is 1+zoom _range.

* fill mode: If any of constant, nearest, reflect or wrap are filled according to the
given mode, if any points outside the boundaries of the input.

* horizontal flip: Randomly flip the inputs horizontally. Table 4.2 shows the details
of different data augmentations performed on our dataset.
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Table 4.2
Types of Data Augmentation Used

Type of Augmentation

Augmentation Value

channel_shift_range 20
zca_whitening TRUE
rotation_range 40

width_shift_range 0.2
height_shift_range 0.2
shear_range 0.2
zoom_range 0.2
horizontal flip TRUE
fill_mode Nearest

Performance Evaluation of Proposed Architecture

Figure 4.4 shows the comparison of the proposed architecture for the students’ EL
classification with other state-of-the-art architectures such as Inception-V3, Hyperface,
S*FD (Single-Shot Scale-invariant Face Detector), MCCN (Multitask Cascaded Convo-
lutional Networks) (Szegedy et al., 2017; Zhang et al., 2017; Ranjan et al., 2019; Zhang
et al., 2016). It is observed that the proposed architecture obtained a better accuracy
of 71% as it is able to detect most of the scale-variant faces, hand gestures, and body
postures. One of the major contributors to this better accuracy is context-sensitive pre-
dict layers and intra-image multimodality, where the other methods missed some of the
features of face and hand gestures of the students sitting in the last benches. A few other

major contributors include anchor-based frameworks, low-level feature pyramid layers,

pyramid boxes, and base architecture.
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Fig. 4.4. Comparison with various EL classification architectures.

Since the created dataset is collected from the classrooms, it contains an unequal

proportion of engagement level class labels.
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coefficient) is performed and obtained a value of +0.638. The AUC value is 0.701.
Further, a mAP (mean Average Precision) of 0.735,0.741 and 0.755 is obtained for
I0Us (Intersection over Union) >= 0.9, 0.8 and 0.7, respectively. A sample snapshot

of engagement level classified data using the proposed method is shown in Figure 4.5.

40 : ,
Fig. 4.6. Sample snapsht of,{he students’ boundary box plot using Boch et al. (2016).

Figure 4.6 shows the results of existing method (Bosch et al., 2016). It is evident
from Figure 4.6 that all the students present in the classroom are not detected and hence,
the proposed method outperforms the existing method. We used student-independent
10-fold cross-validation (the students present in the training set are not present in the
test data) for the entire dataset (Bosch et al., 2016). We also performed cross-day, cross-
gender and cross-period generalization for student independent 10-fold cross-validation
and obtained +1.89%, -1.33% and +2.4% increase from the overall accuracy (Figure
4.4). For all the three generalizations, 67% student independent random data is used for
training Bosch et al. (2016) and the remaining data for testing. The data is run for over

150 iterations to obtain these results.

We obtained an mAP of 73.22% using the proposed method on the test set, whereas
the standard SSD and S*FD gave an mAP of 59.11% and 66.73%, respectively. Nvidia

GeForce 840 M is used during the test phase. 600ms is the average prediction time
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Fig. 4.7. Accuracy curve w.r.t epochs for training the proposed model.

for each image frame using SSD (Liu et al., 2016). The proposed method contains
context-sensitive layers & feature pyramid layers, and the average prediction time for

each image frame is 2153ms.

We observed that training and validation accuracy improved with each step or epoch
and reached saturation after 1500 epochs. Figure 4.7 shows the training accuracy ob-
tained for the created dataset without considering student-independent validation (but,
the overall results discussed in 4.1.6 considered the student-independent 10-fold cross-
validation). Similarly, at the end of 4000 epochs, we got a cross-entropy of 0.1459 for
training and 0.2045 for validation.

Dissection of Multimodal Analysis

We analyzed the impact of each multimodal data for every student. Using localization,
the multimodal data is divided into a face, hand gesture, and body posture to analyze the
engagement levels. The proposed combined model performs better when compared to
the use of a single mode to analyze the students’ engagement, as shown in Figure 4.8.
The facial expressions gave better classification accuracy but failed in few instances
like, if the students’ face is downwards, then it recognizes them under EL 2 or EL 1
whereas, from hand and body postures, it can be easily classified them under EL 3 as
the student is taking down the notes. For the same scenario of taking the notes, if the
body posture is bent backward and the facial expression is neutral, then hand gesture
plays a major role in the classification. Similarly, there are various instances where each

multimodal component contributed to better classification engagement levels.
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Fig. 4.8. Accuracy comparision among different multimodalities.

Group Engagement Level

Figure 4.9 shows the two samples of predicted average engagement levels for two class-
room videos of 40 minutes each. For Class_1 most of the predicted values of engage-
ment range between 0.5 and 1.5, whereas for Class_2 the average engagement level
is between 2 and 3. In general, the engagement level value ranges between 0 and 3
(EL 1 to EL 4, respectively) in one single class, but clustered engagement level value

variations are observed, as shown in Figure 4.9.

3
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Fig. 4.9. Group engagement score in two different classroom videos.

4.1.5 Comparision of Proposed Method
Comparision with Popular Survey based Methods

We considered the most popular survey based students’ engagement analysis methods
such as NSSE (Kuh, 2003) and AUSSE (Australasian Survey of Student Engagement)
(Kuh et al., 2008). After the completion of each class, the data related to the students’
engagement is collected, and the marks obtained by the students in the post-test ques-
tionnaires are correlated using the Pearson correlation function. Pre-test analysis is also
conducted by us to ensure that the students of all the sessions of the class are not familiar

with the concepts (Rajendran et al., 2018).
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We considered ten classes of around 40 minutes each in the classroom environment.
Table 4.3 shows the results using the Pearson correlation coefficient. It is observed from
Table 4.3 that our proposed students’ engagement analysis has a high positive correla-
tion with their test performance when compared to NSSE and AUSSE survey-based
methods. Further, Table 4.3 shows a very less positive correlation between AUSSE and
students’ marks, which could be caused due to biased self-reports.

Table 4.3
Compassion of Proposed Methods with the Most Popular Survey based Methods for Students’
Engagement

Correlation Metric | Proposed Model | NSSE | AUSSE
Pearson Correlation
Coefficient Value

0.51 0.33 0.11

Comparison with State-of-the-art Methods

A few recent studies are available for students’ behavioral engagement analysis in the
learning environment. Whitehill et al. (2014) used Gabor features with SVM (Support
Vector Machine) for a single face in a single image frame and obtained an AUC of
0.729. But this result is tested on a single person in a single frame image. Zaletelj
& Kosir (2017) used the Kinect sensor and KNN; thus obtained an accuracy of 0.753.
Though the Kinect considers multiple people in a single image frame, the range of
capturing students is less. Hence, the students’ detection accuracy decreases if the
number of students is more than 10 in a single frame image. Kahu (2013) and Bosch
et al. (2016) used deep instance learning and WEKA tools, but it is already evident
from the literature that the handcrafted features are less efficient for faces in the wild.
It is difficult to directly compare the proposed methodology with the existing works
as the datasets, and the multimodalities are different, in spite of which our results are

comparable and more robust in terms of AUC and accuracy (Table 4.4).

4.1.6 Overall Results, Analysis and Discussion

The dataset 1s created with more than 4000 image frames with multiple students in a
single image frame obtained from the classroom. The created dataset is classified into
four different engagement levels. In order to increase the robustness of the training data,
data anchor sampling, and data augmentations are used; thus, the size of the dataset is

increased by five folds. We obtained an accuracy of 71%, MCC and AUC of 0.638 and
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0.701, respectively. We performed student-independent 10-fold cross-validation, where
the students present in training data are not present in the test image frames and thus
obtained a mAP of 73.22%. The use of feature pyramid and context-sensitive layers
in proposed architecture enhanced its performance leading to outperform the existing
state-of-the-art architectures such as Inception and Hyperface. Even after the addition
of feature pyramid and context-sensitive layers, the proposed method is able to classify

the engagement levels with a predict time of 2153ms per frame.

Table 4.4
Comparison of Proposed Method with State-of-the-art Student Engagement Analysis Methods
Literature DSIF .
SE | ME Data (S) | RT Technique PM GEA
Whitehill
etal. v | X 34 iPad SVM (Gabor) AUC: |
0.729
2014
Zaletej )
et al v 18 K othI;l‘\I clfz;s?ilgers (¢ 7C§ 3 X
2017 '
Thomas SVM,andLR | AUC:
et al. v | X 10 C . ) X
(Logistic Regression)| 0.708
2017
Bosch 14 different
ot al v | x 30 WC c1a551ﬁers, 1nc1}1d1ng AUC: >
2016 Bayesian classifiers, | 0.790
and LR
Psaltis
etal. v | X 72 K Kinect SDK é‘gsc()' X
2018 )
Yun WC
etal. v | X 18 and | VGG Face Network l(?gﬁt X
2018 K '
Henderson
etal. VIx | 119 | K D‘:’l?: ng;‘lf al ’gggé X
2019 W '
Tiam-Lee Classifier model AUC:
etal. v | X 73 WC using Weka o752 | X
2019 and OpenFace '
Proposed Scale-invariant AUC:
Method v 350 C CNN architecture 0.701 v

DSIF: Detection within a Single Image Frame; SF: Single Face; MF: Multiple
Face; RT: Recording Tool S: Students K: Kinect; C: Camera;
WC: WebCamera; Acc: Accuracy
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The existing systems used facial expressions significantly for the prediction of the
students’ engagement, but the use of multimodality in the proposed method improved
the classification accuracy by 10% when compared to the use of facial features alone.
As shown in Table 4.4, most of the existing literature is tested on e-learning or online
learning environments with a single student in a single image frame. A few current
works are tested on the classroom environment using a Kinect sensor. The range of
Kinect devices is limited and can classify a maximum of 6 students in a single image

frame. Further, these studies did not perform any group engagement analysis.

The proposed method is the first of its kind, which introduced a group engagement
score for multiple students in a single image frame using the feature fusion technique.
Most of the existing literature considered learning-centered emotions, but the proposed
work explored behavioral patterns of students in the classroom environment. The pro-
posed system outperformed even the popular and widely used survey-based methods
such as NSSE and AUSSE for the students’ engagement analysis. From Table 4.4, it is
observed that the proposed method performs better than the existing techniques for the
students’ engagement analysis in the classroom environment with the use of contextual

features, behavioral patterns, multimodality, and group engagement analysis.
4.1.7 Further Analysis

The standard statistical analysis performed in D’Mello et al. (2010) is used for the
created dataset. The analyzed results are mentioned in the following subsections. The
proposed method is also tested on classroom subset of ImageNet dataset (Deng et al.,

2009) and the details are mentioned in the following subsections.

The Frequency of Engagement Levels

Table 4.5 shows the analysis for a sample of a 20 minutes classroom video with 16
post-graduate students of the NITK Surathkal, Mangalore, India. The engagement level
frequency analysis is performed on these students. The predicted engagement levels are
statistically analyzed using repeated measure ANOVA test, and it is observed that there
is a significant difference in the proportion of engagement levels experienced by the
students F'(4,81300) = 421.83, MSE = 0.022, n? = 0.211. The Bonferroni post-hoc
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test revealed the following pattern ((EL 4 = EL 3) > EL 1) with (p < 0.05) and tried
to isolate these engagement levels using base as neutral (which is present in £/ 2) using
the chance (Chance = (1 — Mg 2)/Ngr = (1 —.359)/4 = 0.16) and performed t-test
analysis on the data with chance level as 0.16. It is observed that there are only routine
and sporadic engagement levels for the proposed four engagement level classification
of students, as shown in Table 4.5. Similar results are observed when the same test is

conducted for the entire dataset collected from students present in the classroom.

Table 4.5
Distribution of Engagement Levels

ELs Frequencies | Proportions One-sample t-test

N P M SD | t(15) p d
Routine
EL 4 11| 0.638 | 0.121 | 0.077 | 3.715 | <0.010 | 0.310
EL 3 13 | 0.761 | 0.111 | 0.117 | 3.212 | <0.001 | 0.390
Sporadic
EL 1 6 | 0.662 | 0.048 | 0.055 | 0.211 | 0.021 | 0.041
EL 2 15 | 1.000 | 0.359 | 0.313

N = number of students that experienced the FE L at least once
P = proportion of students that experienced the F L at least once

M = median and SD = standard deviation

Students’ Engagement-Test Performance Relationship: Table 4.6 shows a sample
analysis of the EL-test performance relationship for one class using Pearson’s coeffi-
cient 7. We repeated the same for the entire data. Better students’ performance is more

positively correlated with student’s ELs 3 and 4 (r = 0.568, p < 0.05).

Table 4.6
Engagement Levels and Test Performance Relationship

Routine r Sporadic r
EL 4 0.561 EL 1 -0.254
EL3 0.246
EL2 | -0.139

Temporal Dynamics of Engagement Levels

Results are also analyzed for the persistence of the engagement levels. Persistence
refers to a property in which the engagement level (S;) at time ¢ is also observed at
time ¢ + 1 (S¢41). An engagement level (S;;1) can be considered to be persistent if its

experience at one time interval increases the likelihood of experiencing the engagement
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level at the subsequent time interval i.e. (S; — S;;1). Similarly, an engagement level
is ephemeral if its experience at one time interval decreases the likelihood that will be
observed at ¢ + 1. Finally, for a random engagement level, if an engagement is observed

at time ¢ then it is not related to the probability of its occurrence at ¢ 4 1.

The likelihood metric (Equation 4.8) is used in an attempt to characterize the en-
gagement levels along with this tripartite classification scheme. The metric quanti-
fies the likelihood that the current state (S;) influences the next state (X) after cor-
recting the base rate of X. According to this metric, if L(S; — X) ~ 1, then the
state X reliably follows state (.S;) above and beyond the prior probability of state X.
If L(S; — X) = 0, then X follows (S;) at the chance level. Furthermore, if
L(S; — X) < 0, then the likelihood of state X following state (S5;) is much lower
than the base rate of X.

P(X|S;) — P(X
L(S, — X) = (X15) = P(X) (4.8)
1 - P(X)
1800
O EL4
1600 | W EL3
JEL2
1400 | [JEL1
1200
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£
©
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Fig. 4.10. Engagement level distribution of a sample 20 minutes class.

The main goal is to assess the likelihood that engagement level (.S;) observed at time
t is also observed at time ¢ 4+ 1 (S;;1). This can be easily accomplished by modifying
the metric such that the current engagement level (S;) and the next engagement level

(X) are the same (Equation 4.9).

P(Si41]S¢) — P(Si11)
1 — P(Sp41)

L(St — St+1) — (49)

In order to detect the significant engagement level persistence, the likelihood of each
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engagement level repeating itself and it is hypothesized mean of 0 (normalized base
rate) wihch is compared using a one-sample ¢-test. The results of the tests are presented
in Table 4.7 where it appears that the data supports a one-way classification scheme
(persistent) instead of a three-way classification scheme, as there are no instances of

random and ephemeral states.

Table 4.7
Persistence of Engagement Levels
Descriptive
Enagagement | Measurement One-sample t-test
(Likelihood)
Levels M SD t df p d

Persistent
EL4->EL4 | 0.151 | 0.249 | 3.210 | 11 | 0.008 | 0.390
EL3->EL3 | 0.401 | 0.232 | 3.888 | 15 | 0.005 | 0.560
EL2->EL2 | 0.230 | 0.121 | 1.678 | 09 | 0.053 | 0.320
EL1->EL1 |0.122 | 0.168 | 2.220 | 11 | 0.038 | 0.390

It is observed from Table 4.7 that there are no random and ephemeral engagement
levels in the proposed engagement level classification. This infers that the four different
engagement levels have a significant impact on the students’ behavioral engagement

analysis. Its prediction is sufficient to analyze the overall classroom engagement.

Figure 4.10 contains a sample image from a classroom video clip of 20 minutes
long, where the duration of every segmented video is 2 minutes, and 300 frames from
each video segment are extracted at the rate of 5 frames/second. It is observed that
the first segment video engagement level has 2732 judgments, the subsequent video
engagement levels have judgments of 2880, 2882, 2901, 2800, 2880, 2830, 2820, 2810,
2753. The distribution of engagement levels for a particular student may be different,
but when the entire class is considered, there exist enough instances of engagement
levels for possible likelihood in the temporal dynamics of engagement levels. It is also

observed that similar results are obtained for the entire collected data.

EL Transitions

To check for any possible pattern in EL transitions for the created dataset, Tukey HSD
post-hoc test (D’Mello, 2012) is used on the data, and it is summarized in Figure 4.11.
The transitions between EL 4 to EL 3 are dominant. EL 3 to EL 2 and EL 2 to EL 1

transitions are observed. There are many instances where EL3 lead to EL 2, and then
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the students moved to EL 1. EL 3 to EL 4 and vice versa is also observed. There are
a few instances where transitions from EL 1 to EL 3 or EL 4 are observed, but the

frequency of that is less.

------- Rarely Observed EL Transitions
Fig. 4.11. Students’ EL transitions.

Testing on ImageNet Dataset

The proposed model is tested on the images obtained from classroom subset of Ima-
geNet database. Though the ImageNet database contains images with students’ present
in the classroom, they are not annotated for EL classification and student identification.
Hence, ground truth is not present for the calculation of the performance evaluation
metrics. But, the proposed model is able to recognize the students’ engagement level,
and few snapshots of the same are shown in Figures 4.12 and 4.13. From these fig-
ures, it is observed that the engagement levels are classified for the students’ data with

different angles and blurred images.

Fig. 4.12. Snapshot of proposed methodology tested on ImageNet.

Testing of Various Image Variants in the Classroom Environment

The proposed method is tested with the image frames obtained from the CCTV cam-

eras, and it is able to detect the bounding box as well as the EL class labels, as shown
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(c) Classroom data obtained using different camera angle.

Fig. 4.14. Sample snapshots tested using the proposed methodology.

in Figure 4.14a. We also tested it on image frames obtained from the classroom using

different camera angles, as shown in Figures 4.14b and 4.14c. From Figure 4.14b, it is
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observed that the left-most student (student with the hands raised) has three different
bounding boxes corresponding to face, hand gesture, and body posture. Here the inter-
section of hand gesture and body posture bounding boxes is null (less than 70%). Hence
three different bounding boxes are used. Further, Figures 4.14a, 4.14b, and 4.14c are
analyzed for group engagement analysis, and all the three image frames are classified

under EL 3 using the proposed method.
4.2 Proposed Methodology for Computer-Enabled Teaching Laboratories

In the previous section, we discussed the first part of this chapter where the students’
behavioral engagement analysis is performed in the classroom environment. In this sec-
tion, unobtrusive students’ behavioral engagement analysis in computer-enabled teach-
ing laboratories (lab) using their non-verbal cues are discussed. The previous proposed
deep learning architecture works better only when there are students in the classroom
environment or something similar, here we have data which not only includes students
but also includes computers and other lab-related accessories. Also, there are several
other variants such as the position of sitting, the seating arrangement, occlusions from
a computer cabin and so on makes it difficult to recognize and classify the students’
behavioral patterns. Hence, a separate methodology is proposed to classify the stu-
dents’ behavioral patterns where the input data is obtained from the video surveillance

cameras.

Student Recognition and Engagement Classification

Inception V3 and YOLO
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F1g 4.15. Proposed architecture for students’ engagement analysis
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Figure 4.15 shows the proposed methodology for the student’s engagement analysis.
The still images are obtained from video surveillance cameras. These images are taken
as an input by You Only Look Once (YOLO) architecture (Redmon et al., 2016). YOLO
performs the cropping of images concerning each student and those cropped images are
sent to the next layer, i.e. Convolutional Neural Networks (CNN) (Szegedy et al., 2016).
CNN uses the trained data to classify the emotions/moods into the student’s engagement
level. These are calculated for each frame, for every student and the set of images for

the entire teaching lab.

Entire lab assignments are divided into minor-tasks and the time duration taken to
complete the minor-task for each student is noted. After each minor-task and also at
the end of lab session, test questionnaires are given and these are evaluated. Students’
engagement level is mapped with the learning of the students for each minor-task. Also
an average of total marks obtained and the overall engagement score for the entire lab
session are also calculated. Further, overall engagement score of the entire class is
calculated by taking an average of engagement score of all the students and the marks

obtained to analyse the students’ engagement.
4.2.1 Students’ Engagement Classification

The student’s behavioral engagement class label remains the same. As discussed in
the beginning of this chapter, the class labels are classified into four major engagement

levels and the definition of each class labels remains the same (Whitehill et al., 2014).

4.2.2 Detection and Classification

The proposed architecture for detection, classification uses YOLO (Redmon et al.,
2016) and Inception V3 Model (Szegedy et al., 2016), respectively. This model is
optimized for faster and better processing and classification as shown in Figure 4.15.
Instead of using the entire input image for engagement classification of each student
using Inception V3 and then performing object location using YOLO, the YOLO archi-
tecture is used initially to obtain the boundary box coordinates of each student present
in one image frame. Then these image frames are cropped according to the bound-
ary box coordinates and then sent to Inception V3 model for the students’ engagement

classification. Further, the cropped images are used by CNN architecture for individual
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student identification using the extracted local feature from the train data to calculate

the similarity measurement.

Each lab is given a set of specific tasks (minor-tasks) to the students to implement
(they can also learn if the concepts are not clear). After completion of each task the
time taken for the completion is noted and test questionnaires are provided to evaluate
their understanding for each minor-task and accordingly marks are awarded. The en-
gagement classification results obtained from CNN architecture are used to calculate

the engagement of each student in the entire teaching lab for every minor-task.
4.3 Experimental Setup, Results, Analysis and Discussion
4.3.1 Experimental Setup

For the current study, 8t" Generation Intel® Core™ ;7 — 4510U Processor, SGB RAM,
and 2GB NVIDIA® GeForce® 840M are used for engagement level classification and

localization.
4.3.2 Dataset

Data from different laboratory courses of computer science and information technol-
ogy for B.Tech and M.Tech students is collected from the video surveillance cameras.
Two cameras are present for each lab and if the students are not visible in one camera
then they are visible in the other (Figures 4.17 (b), 4.17 (d) and 4.17 (e)). 5 hours 43
minutes of data is collected and manually annotated for training purpose. To annotate
the database, proper guidelines are given to the annotator and minimum three different
annotators perform the annotation. More details on the annotation process for the data

used in this study is given in Section 6.2.1 of Chapter 6.

Fig. 4.16. Sample lab image. frame with boundary box coordinates
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A sample lab image frame retrieved with boundary box coordinates are shown in
Figure 4.16 (the head region is detected using black boundary box and the entire body
is detected using white boundary box). This image is not cropped concerning individual
student for CNN identification and the classification phase. As mentioned earlier, from
this camera angle only a few students can be observed with frontal pose whereas for a
few students the system is visible with their back turned towards the camera. Figure

4.16 also shows some of the students relaxing whereas other students are engaged.

]
©

(@ (b)

(d) (e
Fig. 4.17. Sample cropped image frames obtained for video surveillance camera during training phase

4.3.3 Detection and Classification Accuracy

The database is tested for teaching lab data of five different courses with a total of 243
students. The students present in the test data is same as the train data since the students
identification can be performed only if they are already present in the training data. The
detection and classification accuracy of the test dataset are mentioned in Table 4.8. 60
fps still image frames are collected from the surveillance video server and tested with
the CNN model. The detection accuracy is high since both YOLO and CNN models
use pretrained weights (these pretrained weights are trained with Labeled Faces in the

Wild (LFW) dataset ') along with the manually annotated training data.
Table 4.8
Overall Results of Detection and Classification

Performance Metrics | Detection | Classification
Average Accuracy 0.94 0.89
Average Recall 0.94 0.91
Average Precision 0.93 0.88
Average F-score 0.92 0.87
AUC 0.89 0.86

The classification model also performed better than other standard deep learning

Thttp://vis-www.cs.umass.edu/lfw/
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architectures like AlexNet (Krizhevsky et al., 2012) (71% accurate), ResNet (He et al.,
2016) (73% accurate), VGGNet (Simonyan & Zisserman, 2014) (81% accurate). If
the images are not clear, then they are discarded. But for those detected images the

classification performance metrics are better than any state-of-the-art techniques.

The initial accuracy of the students’ identification is 61%. Since the students sit
in one position for the entire teaching lab session, the recognition code is optimized
using the following steps. If the student’s face detected image frame has an accuracy of
0.95 concerning similarity measure of train data for more than 30 image frames, then
all remaining frames are discarded for that student’s identification. This helped us to

increase the identification accuracy to 97%.
4.3.4 Engagement Analysis

Engagement analysis is performed for each lab. For each image frame of the student,
the predicted engagement level is used for the calculation of engagement analysis. For
every student, engagement analysis is performed for each minor-task. The predicted
engagement levels are given a numeric value ranging from 1 to 4 where four being
the highly engaged. If the minor-task duration is 35 minutes, then an average score
is calculated from engagement scores predicted from all the image frames during that
period. Here, the minor-task duration is fixed for each student, if they complete faster
then they can go to the next minor-task immediately. Even though the minor-task com-
pletion time is different for each student, the time accordingly for each student during

the engagement analysis is considered.

Table 4.9
Overall Students” Engagement Analysis Results
Lab Student NSSE | AUSSE | Marks
Course No. | Engagement Score | Score | Score | Obtained
Lab Course 1 3.1 2.3 3 839.66
Lab Course 2 3.3 34 2.7 823.66
Lab Course 3 3.5 3 3.1 964.33
Lab Course 4 2.8 2.4 2.9 762.66
Lab Course 5 3.6 3.3 2.3 922.33

Students are also told to complete the implementation and learning process for the
entire lab without any deadline. We found many students relaxing, getting engaged in
group discussions, sleeping etc. A sample image snapshot is shown in Figures 4.16,

4.17 (a) and 4.17 (c) where the student is not engaged during lab hours. But, Surprise
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tests are given at the end of these labs to analyze and map the engagement level with
their learning. With five different lab courses, a total of 243 students with 16 minor-
tasks are evaluated, the obtained engagement score of each student is correlated with

their marks obtained using Pearson correlation function.

Table 4.9 shows the correlation among the marks obtained in each lab course and the
corresponding engagement score. Marks score is defined as the average of marks score
obtained by all the students for that particular lab course. Similarly, the engagement
score is also the average engagement score of all the students for that particular lab
course. After applying the Pearson correlation function (Sedgwicket al. , 2012), a

positive correlation of +0.8976 is obtained.

Further, existing and the most popular survey based student engagement analysis
methods, i.e., NSSE and AUSSE data are also collected related to the students’ engage-
ment after the completion of each lab and the results are correlated with marks obtained
by the students using the Pearson correlation function. We also conducted pre-test anal-
ysis to confirm that the concepts are not already known to the students for “learn and
implement sessions” of the lab. Also, there is no deadline oriented questions, so the

slow learners can take sufficient time to learn a single minor-task comfortably.

From Table 4.10, it is observed that our proposed engagement analysis system has a
high positive correlation with the students’ learning when compared to the survey based
engagement analysis of NSSE and AUSSE. Further, it is observed from Table 4.10 that
there exists less positive correlation between AUSSE and students marks, and this could

be because of biased student’s self-reports, being one of the reasons.
Table 4.10

Performance Evaluation of Proposed Model

Correlation Metric | Proposed Model | NSSE | AUSSE

Pearson Correlation
Coefficient Value 0.8976 0.4796 | 0.2985

Table 4.11 shows the correlation among the marks obtained from 7 minor-tasks of
Lab Course 1 and the corresponding engagement scores. Each minor-task score is an
average of marks obtained by all the students in that particular minor-task. Similarly,
the engagement score is also the average engagement score of all the students for that
particular minor-task. After applying the Pearson correlation function, a positive corre-

lation of +0.9227 is observed. Similarly, all the remaining minor-tasks of all the courses
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Table 4.11

Pearson Correlation for Students’ Engagement vs Each Minor-Tasks

Minor-Task No | Marks Obtained | Engagement score
Minor-Task 1 16 2.7
Minor-Task 2 17 2.6
Minor-Task 3 17 3.4
Minor-Task 4 12 2.6
Minor-Task 5 20 3.1
Minor-Task 6 15 2.5
Minor-Task 7 22 3.8

Table 4.12

Pearson Correlation for Student’s Engagement

Student No | Total Marks Obtained | Engagement Score
Student 1 88 3.1
Student 2 85 2.2
Student 3 89 3.5
Student 4 86 2.1
Student 5 88 2.1
Student 6 93 3.8
Student 7 90 3
Student 8 88 4
Student 9 95 4
Student 10 90 2.9
Student 11 95 34
Student 12 95 3.8
Student 13 88 2.4
Student 14 93 3.7
Student 15 88 3
Student 16 91 4

are performed and the range of correlation coefficient value is in between 0.86 and 0.93.

Table 4.12 shows the correlation among the marks obtained for one minor-task of
Lab Course 2 by a student and the corresponding engagement score. This correlation is
tested for 16 students. After applying the Pearson correlation function, a positive corre-
lation of +0.7146 is obtained. Similarly, all the remaining minor-tasks of all the courses
for all the students are considered and found that the range of correlation coefficient

value is in between 0.7 and 0.88.

4.4 Summary

The students’ behavioral engagement analysis is proposed and implemented in the

classroom environment using their facial expressions, hand gestures, and body postures.
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The proposed scale-invariant context assisted single-shot CNN architecture performed
well for multiperson in a single image frame. It is also observed that the results are
better for multimodality than single modality. We could recognize most of the students
in the wild and predict four different behavioral engagement levels. A single group
engagement level score for each frame is obtained using the proposed feature fusion
technique. The students’ engagement analysis is performed for more than ten classes
of 40 minutes each. Manual annotations are carried out for ground truth validation.
Pre-Post test analysis is performed to check the correlation between the students’ be-
havioral engagement and their test performance. The proposed multimodal analysis
outperformed the popular survey-based methods (NSSE, and AUSSE) for student en-
gagement analysis by showing a positive correlation between behavioral engagement
and test performance. Further, frequency, temporal dynamics, and distribution of the
engagement levels are analyzed. The proposed method is also tested on the classroom

subset of the ImageNet database.

Video surveillance based students’ behavioral engagement analysis is also proposed
and implemented in computer science and information technology teaching laborato-
ries. We obtained a good accuracy rate using Convolutional Neural Network for the
students’ identification and engagement classification. Students’ Engagement analy-
sis is performed for each minor-task and also for the entire lab session. Overall the
students’ engagement analysis for the entire lab is also performed. There is a positive
correlation between students’ engagement and learning. Also, this engagement analysis

system outperformed the existing survey-based engagement analysis systems.

The current study focuses only on four different engagement levels based on the
students’ behavioral patterns, but the combination of emotional and behavioral engage-
ment using the non-verbal cues is one of limitations of this study. The next chapter
describes the use of recognized students’ affective states as feedback to the teacher in
real-time to enhance the teaching-learning process. Here, the students’ affective states
will be used for developing an automatic inquiry intervention system to enhance the

teaching-learning process.
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Chapter 5

Automatic Inquiry Intervention

Effective teaching strategies improve the students’ learning rate within academic learn-
ing time. Inquiry-based instruction is one of the effective teaching strategies used in
the classrooms. But these teaching strategies are not adapted in other learning environ-
ments like intelligent tutoring systems, including auto-tutors. In the previous chapters,
we did not use the recognized students’ affective states in real-time as feedback to the
teacher to improve the teaching-learning process. There are several existing works that
use self-reports, agents, and text-based analysis as feedback to improve the students’ en-
gagement but, the unobtrusive students’ engagement analysis in real-time as feedback
to enhance the teaching-learning process is not explored in the literature. Hence in this
chapter, an architecture is proposed for classifying the students’ affective states into
teacher-centric attentive and in-attentive states using learning-centered and Ekman’s
basic emotions. Affective state recognition of each student is performed in real-time
using his(her) facial expressions, hand gestures and body postures. The proposed archi-
tecture includes student’s identification, affective state classification, student’s affective
state transition and automated inquiry-based instruction teaching strategy using inquiry
interventions and it is tested in e-learning, flipped classroom, classroom and webinar

environments for both the individual and the group of students.

The proposed architecture is divided into two modules: the first module includes the
identification & localization of students and recognition of their affective states using
deep learning techniques; the second module uses Inquiry Interventions (Inlvs) which
are used to optimize the students’ performance within the academic learning time so
that the student becomes more active and attentive during the learning process. For
e-learning and flipped classroom environments, a separate tool is designed to support
the real-time affective feedback and the students’ performance analysis. Students’ per-
formance analysis is performed using the marks obtained by them in the Test Ques-
tionnaires (TQ) before and after the introduction of Inlvs with the standard pre-test and

post-test analysis.



The key contributions of this chapter are as follows:

* A novel deep learning architecture for unobtrusive affective state recognition with
localization using students’ facial expressions, hand gestures and body postures
for: (i) e-learning & flipped classroom environments (single person in a single
image frame) and (i1) classroom & webinar environments (multiperson in a single
image frame).

* A novel real-time students’ engagement analysis using the proposed teacher-
centric attentive and in-attentive states for both the individual (e-learning and
flipped classrooms) and the group of students (classrooms and webinars),

» Use of the proposed affective states as immediate feedback to the teacher to in-
troduce the Inlvs and thus analyze the impact of Inlvs on the students.

The details of the proposed real-time students’ affective state recognition, incorpo-
rating the above contributions in using the recognized affective states as feedback to the

teacher is given in the following sections.
5.1 Data Collection and Participants

Farticipants: The proposed architecture is trained and tested for 350 undergraduate,
postgraduate and doctoral students of National Institute of Technology Karnataka (NITK)
Surathkal, Mangalore, India with different cultural and regional backgrounds. The par-
ticipant details are shown in Table 5.1. The students who participated in this study are
in the age group of 20 to 26 years. For training, both the posed and spontaneous expres-

sions are collected from the students. The test dataset is collected on a real-time basis.

The created dataset consists of students’ faces, hand gestures, and body postures.
The dataset contains both posed and spontaneous expressions which include single and
multiple persons in a single image frame. The faces of the students include frontal,
profile and tilted faces; hand gestures include hands raise and body posture includes
normal, half bent and full bent or completely lean on the desk pose. The entire dataset
includes variants such as occlusion, background clutter, pose, illumination, cultural &
regional background, intra-class variations, cropped images, multipoint view, and de-
formations. Images are captured from different camera positions to ensure the presence

of such variants.
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Table 5.1
Student Participant Details

Participant Details E-L C W F
Classes 10 10 10 10
Even
S ) Students 30 130 45 30
ezn(l)els6 o Hours 7 9 5 4
Course 2 4 4 1
0dd Classes 3 4 4 3
Semester Students 40 125 50 10
2016 Hours 5 4 4 3
Course 1 2 2 1
Classes 10 10 10 10
Even
S ) Students 40 111 50 30
6;56187 o Hours 7 10 5 4
Course 2 4 4 1
0dd Classes 3 4 4 3
Semester Students 40 125 50 30
2017 Hours 3 3 3 2
Course 1 2 2 1

E-L: E-Learning; C: Classroom; W: Webinar; F: Flipped Classroom

Affect Annotation Manual annotation, verification, and validation is performed us-
ing the gold standard study as mentioned in Sidney et al. (2005) where participants,
novice judges, and expert judges are the three gold standards used for annotation. After
annotation, even object localization is performed on each student. The annotated image

with object localization is stored in the JSON file.

Affective States The image frame data obtained from learning environments are clas-
sified into twelve different classes, namely: happiness, sadness, delight, fear, disgust,
surprise, sleepy, boredom, frustrated, confused, engaged and neutral. This classification
includes Ekman’s basic emotions and learning-centered emotions of students. These
affective states are obtained from the literature and uses the standard definitions men-
tioned in D’Mello et al. (2010); Whitehill et al. (2014); D’Mello et al. (2007). The
definitions of each affective state are mentioned below.

Boredom: uninterested in the current problem.

Confusion: poor comprehension of material, attempts to resolve erroneous belief.
Disgust: annoyance and/or irritation with the material and/or their abilities.
Fear: feelings of panic and/or extreme feelings of worry.

Frustration: difficulty with the material and an inability to fully grasp the material.
Happiness: satisfaction with performance, feelings of pleasure about the material.

Sk W=
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7. Neutral: displays no visible affect, at a state of homeostasis.
8. Sadness: feelings of melancholy, beyond negative self-efficacy.
9. Surprise: genuinely does not expect an outcome or feedback.
10. Delight: a high degree of satisfaction.
11. Sleepy: extremely not interested and in a mental state of sleep.
12. Engaged: a state of interest that results from involvement in an activity.

More details on Database creation such as participants, data collection, affect anno-
tation, data used for training and testing and inter-rater agreement among the annotators

are mentioned in Section 6.1 of Chapter 6.
5.2 Proposed Methodology for Automatic Inquiry Intervention

Figure 5.1 shows the proposed methodology. It consists of two modules: the first mod-
ule uses deep learning to recognize the students and their corresponding affective states
using facial expression, hand gesture, and body posture. The second module uses the
recognized affective states of the student and classifies them into two affective states,
namely: teacher-centric attentive and in-attentive affective states. Group engagement
analysis is also performed using the classified affective states. Further, the second mod-
ule uses the data related to recognized moods of each student and accordingly the in-
quiry intervention (Inlv) and test questionnaires (TQ) are asked. Further, the output of
Inlv and TQ is used to calculate and analyze the students’ engagement and their cor-
responding learning rate. This entire process is trained and tested in both e-learning
and classroom environments. Further, the teacher' can get the real-time feedback for

affective states of the individual student in a classroom environment.
5.2.1 Proposed Affective State Classification

Predicting students’ engagement is an arduous task as there are challenges with both the
conceptualization and measurement of students’ engagement. Behavioral, emotional,
cognitive, and agentic engagements are the four different types of engagement (Sinatra
et al., 2015). Most popular works on unobtrusive student engagement involve behav-
ioral and emotional engagement with some cognitive aspects involved in it (as they are
analyzed using non-verbal cues), but these works are performed on a single person in a
single image frame. There exists no robust method which suits for either e-learning and

classroom environments, hence a deep learning architecture is proposed which works

'The word teacher” used in this chapter includes the faculty member or instructor
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Fig. 5.1. Proposed computer vision based students’ engagement system

in all the four learning environments to recognize the students’ emotional engagement
(facial expressions), and behavioral engagement (hand gestures and body postures) with
some cognitive aspects involved in it. In a dense labeling scenario such as classrooms,
there exist a few works which explore students’ engagement analysis for either behav-
ioral (Ashwin & Guddeti, 2019b; Zaletelj & Kosir, 2017) or emotional engagement
(Yu, 2017; Bosch et al., 2016). The prediction of both the emotional and behavioral
engagement for multiple persons in a single frame using machine learning techniques
is a difficult task. Hence, in this proposed work, both Ekman’s basic emotions, as well
as learning-centered emotions (both the students’ emotional and behavioral aspects),

are considered for analyzing the students’ engagement.
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The image frame data obtained from learning environments are classified into twelve
different classes, namely: happiness, sadness, delight, fear, disgust, surprise, sleepy,
boredom, frustrated, confused, engaged and neutral. This classification includes Ek-
man’s basic emotions and the learning-centered emotions of students. Further, two
affective states are proposed, namely: teacher-centric attentive and teacher-centric in-
attentive for categorizing the recognized eleven different classes (excluding neutral) for
the entire student database. Works on affective state recognition of students are not
only considered (Ekman, 1992; Calvo & D’Mello, 2010), but also the works on be-
havior engagement, students’ psychology, and their cognitive aspects (Whitehill et al.,
2014) are considered to classify the recognized affective states into the two different
affective states. For example, The definition of the engaged affective state is a state of
interest that results from involvement in an activity. This includes not only the facial
expressions related to engagement but also the behavioral aspects observed using hand
gestures and body postures related to taking/writing notes, answering questions/asking

the questions, paying attention toward the board or teacher and so on.

Table 5.2
Proposed Affective State Classification
TC Attentive Affective States TC In-Attentive Affective States
EB Emotions | LC Emotions | EB Emotions LC Emotions
Ha | Su | De En Sa|Fe | Di | Fr | Bo | SI Co

Ha: Happiness, Su: Surprise, De: Delight, En: Engaged, Sa: Sadness, Fe: Fear
Di: Disgust, Fr: Frustrated, Bo: Boredom, Sl: Sleepy, Co: Confused
TC: Teacher-Centric; EB: Ekman’s Basic; LC: Learning-Centered

The proposed affective state classification (attentive and in-attentive) is based on the
students’ affective state analysis from the teacher’s perspective. If the teacher can con-
tinue with the lecture without changing the teaching strategy, then all those students’
affective states are considered as attentive and vice versa. For instance, from a students’
perspective, sadness emotion can be considered as an attentive affective state where stu-
dents are trying hard to understand the topic. However, from the teacher’s perspective,
sadness emotion can be considered as an in-attentive state where the students are not
entirely engaged as the learning curve is not progressing at a regular rate. Hence the
teacher changes the teaching strategy in such a manner that the students understand

those topics easily. Thus, the recognized students’ affective states are classified into
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teacher-centric attentive affective state and teacher-centric in-attentive affective state
for both the e-learning and classroom environments and the mapping of the same is
shown in Table 5.2.

Module 1: Deep Learning for Affective State Classification and Localization

Student’s Affective State Classification: The affective state classification is performed
using the proposed Convolutional Neural Networks (CNN) architecture. The camera
is used to obtain the input video stream. Then the video data is converted into image
frames (60 frames per second (fps)). These image frames are preprocessed and nor-
malized to 512*%512 image size. Each frame contains face, gestures, and postures of
the student. Further, there exist frames that contain multiple students in a single image
frame. These image frames are considered as input for the convolutional layer. The pro-
posed CNN architecture consists of 80 convolutional layers in which each layer extracts
the features by convolving around the entire image frame. The final convolutional layer
is attached to two fully connected layers which are connected to a softmax classifier

which predicts the student affective states'.

Students’ Identification and Localization: The proposed architecture for the stu-
dent’s identification is based on YOLOV2 architecture (Redmon et al., 2016) where the
YOLOV2 version is modified by adding a deconvolutional layer which is attached at
the end of YOLOV2 architecture. By using deconvolution, large-Kernel Convolutions
are made more accessible to approximate and thus perform better for blurred and noisy

image frames.

Module 2: Inquiry Intervention (Inlv) and Test Questionnaire (TQ)

The affective state classification results obtained from the previous module (Section
5.2.1) are used for the classification of teacher-centric attentive and in-attentive affective
states. Here two components are considered for the analysis of engagement and learning
curve, namely: individual student’s affective content analysis and classroom (group)

affective content analysis.

The individual affective content analysis module receives the affective state of the

student for each frame (60fps) and generates an attentive/in-attentive affective transition

"More details on Affective state classification and localization are mentioned in the Supplementary
Details 5.4 of Chapter 5
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graph over time. The transition graphs are generated using a script. It uses the students’
affective state for each frame and calculates the mode average for 60 frames to get
the affective state for each second and the total time duration for which the student is
present in a particular affective state is stored. These data are used for the engagement
analysis of the student for the entire lecture. Generally, in the e-learning environment,

there will be a smooth transition from one state to another.

For a real-time classroom engagement analysis, the students’ affective state classi-
fication data obtained from the deep learning module are used to calculate the group
engagement score. As per the definition of engagement, it is highly related to partici-
pation. For group engagement score calculation, two major factors considered are stu-
dents’ affective states and the balance/similarity in the participation (which determines
whether the group members have the same engagement level or not). For example, a
group could have an engaged affective state, but results are calculated by considering
just a few students. The average affective state score can be computed using fusion
techniques. There are a few effective fusion techniques, namely: feature fusion and
decision fusion. Decision fusion is not considered in this study as it classifies the affec-
tive states even if there is any marginal difference. For example, a student’s affective
state is classified as engaged if the prediction probability value is 0.51, even if the 0.49
belongs to boredom it classifies as engaged. To reduce this carryover effect, feature
fusion is used where all the features of attentive and in-attentive are considered before
the affective state prediction. The balance in participation is the second factor, and the
existing works use dispersion indicators such as Shannon entropy, the Gini coefficient,
the Ricci-Schutz coefficient (also named Pietra’s measure) and the Atkinson’s index to
measure this aspect. These metrics are normalized between zero and one, they compare
the proportion of participation of each student rather than the absolute contribution,
and standard implementations are facilitating their adoption. There exists literature on
students’ group engagement prediction using text-based analysis which demonstrates
that Atkinson’s index performs with least error rate (Castellanos et al., 2017). The
text-based analysis and image-based predictions have similar features for the level of
participation, and hence, Atkinson’s index is used and the feature fusion to predict the

students’ group aggregate score.
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The created training data set with annotated images (both posed and spontaneous)
are considered. Every student’s affective state is given a unique value from 1 to 12,
including the neutral (as mentioned in Section 5.2.1). The balance in participation is
addressed using Atkinson’s index, and the decision trees are used to model high and
low engagements, and the ties among them are resolved by choosing the high level (as
mentioned in Castellanos et al. (2017)). For the proposed method, the use of Atkinson’s
index is modified in the following way. All the students in a large classroom cannot
be in one affective state (for example, all 35 students present in the single image frame
are frustrated), this is practically impossible unless it is a posed image frame. And, the
inquiry intervention uses attentive and in-attentive affective states. Hence, it is sufficient

to check the level of participation of students’ w.r.t. attentive and in-attentive states.

The created dataset with multiple students in a single image frame is considered.
Every student’s affective state value present in that image frame is collected and clas-
sified into two numerical values corresponding to attentive and inattentive states and
0 for neutral. The number of times attentive, in-attentive, and neutral affective states
observed in each image frame is stored. This data is iterated for more than 1500 epochs
using decision trees to compute the model. This model ranges from the sum of one sin-
gle affective state (attentive, in-attentive or neutral) present in the image frame is equal
to the sum of all the students present in that image (i.e., all the students have same af-
fective state (this data is collected from posed expressions)) and vice versa. Atkinson’s
index is performed for decision trees with a mean error rate of 4%. The images used for
train, test, and validation of decision trees are also verified by the annotators, and they

agreed with the classification of high and low levels (x = 0.873).

Group Engagement: Students’ affective state obtained from the feature fusion method
is classified into attentive, inattentive, or neutral. If the predicted affective state of the
image frame obtained from the feature fusion method and the corresponding similarity
in participation is high then, that particular affective state is considered as a group’s
affective state for that frame. If the similarity in participation is low, then one cannot
specifically mention any affective state for that image (this means 50% of the students
are attentive and the other 50% are inattentive). Less than 1% of the time these results
are observed where the similarity of participation is low, and the feature fusion showed

a specific affective state.
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Each student’s attentive state ranges from O to 1, and in-attentive state ranges from
-1 to 0. The surprise and delight affective states are given weights between 0.5 and 1.
Similarly, the weights for happiness & engaged; confused, bored & sleepy; and fear,
disgust & frustrated affective states are 0 to 0.5, -0.5 to 0 and -1 to -0.5, respectively.
This weight classification is performed based on the “two-factor structure of affect”
(basic two-dimensional affective state) (Watson & Tellegen, 1985) and “Russell’s Cir-
cumplex model” (Russell, 1980) where the affective states are distributed within four
quadrants of the 2D space. For the group or class score, the feature fusion method pro-
vides a probability value between 0 and 1 for the students’ affective state (for example,
from feature fusion the probability score of a spontaneous image frame for that particu-
lar frame is engaged = 0.63, means the feature fusion technique has classified the image
frame as engaged). Both the probability value and the affective state are considered for

mapping to the attentive (0 to 1) and in-attentive (-1 to 0) scores.

Mapping of deep learning results to attentive and in-attentive scores: The proposed
deep learning module provides the probability score of the affective state ranging from
0 to 1. This value is normalized between 0.5 and 1 for both surprise and delight; O to 0.5
for both happiness and engaged. For inattentive states, though the predicted probability
values are positive, these are normalized to negative values ranging from -0.5 to 0 and

-1 to -0.5 for bored & sleepy; and fear, disgust & frustrated affective states.

Every concept is subdivided into mini-concepts which can be explained in 5 to 12
minutes duration. If the student stays in the in-attentive affective state for more than
30% duration of the mini-concept, then a question is posed to make the student active,

interactive and engaged. This is called Inquiry Intervention (Inlv).

The active learning teaching strategy is popular and widely used by teachers to en-
hance learning (Bonwell & Eison, 1991). Active learning has intellectually, socially,
and physically active learning strategies (Edwards, 2015). Inquiry activities are one of
the instructional strategies related to intellectually active learning. The Inquiry activ-
ity uses purposeful questions to enhance students’ engagement. Purposeful questions
are broadly classified into Creative, Critical, and Curiosity thinking questions (Eison,
2010). In this study, the proposed method automatically intervenes and poses the pur-

poseful questions to the students based on their engagement.
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The purposeful questions used in the Inlvs are prepared manually by the teachers
and are stored in the database. The prepared questions are either descriptive or fill in
the blanks or multiple-choice questions. A threshold score is set for each mini concept
and in case of lower threshold rate, Inlvs pop up on the screen in case of e-learning
and flipped classroom environment and the same is directly posed by the teachers to
the students in a classroom or webinar environments. Since these questions are used to
make the students attentive, three categories of questions are asked depending on the

concept taught and its context, like:

1. Questions which stimulate the critical thinking about the observation,

2. Questions which stimulate the creative thinking about the observation,

3. Questions which stimulate the curiosity thinking about the observation'.

At the end of every mini-concept, a set of questions are posed to the students. These
questions are used as a continuous assessment component of students in the learning
process. These set of questions are called Test Questionnaires (TQs). This is defined
manually by an expert teacher according to the course content. Without answering the
TQs, students cannot proceed to the next mini-concept. These manually stored TQs
popup on the screen after every mini-concept video in case of e-learning & flipped
classroom environment. The same is collected in the written form in the classroom &

webinar environment.
5.2.2 Proposed Affective State Transition Diagram

From the feedback of faculties, it is observed that visualization and remembering the
flow of affective states for each student and the entire class with just the numerical
data provided by the proposed method is difficult. The existing competency maps,
dashboards, and others did not suit for the visualization of affective states. Hence, an
affective state transition diagram is proposed based on the conceptual framework of

finite automata.
The proposed affective state diagram helps in visualizing the transition between

attentive and in-attentive affective states of the student. Figure 5.2 shows the sample
affective state transition diagram of a student for a 20 minutes video lecture. Once the
student starts the learning process (video lectures in e-learning and teacher’s audio in the

classroom), the start state of the transition diagram gets triggered, and it stops with the

'Sample questions used in the inquiry intervention module is given in the Supplementary Details 5.4
at the end of this Chapter
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Fig. 5.2. Sample affective state transition diagram of a student

"In-Attentive State"
Sleepy
10 May 2017
10:33 AM
Fr.No: 444

12.5 Min
750 Frames,

"In-Attentive State"
Sad

10 May 2017
10:51 AM
Fr.No: 1555

Time

end of the video or the classroom lecture with the final state of the transition diagram.
The start and end states are represented as concentric circles shown in Figure 5.2. Each
transition state contains the information about the affective state and its corresponding
affective state, date & time of the image frame captured and the frame number of last
accessed image frame as shown in Figure 5.2. Students tend to stay in the same affective
state for a fixed period, and this is shown using a self-loop in the transition diagram
which contains the details such as the time duration of stay and the number of frames
captured during that time. If there is an immediate transition of affective state, then
that state does not contain any self-loop as shown in the final state of Figure 5.2. The
proposed affective state transition diagram is also used to visualize the affective state
transition between attentive and in-attentive affective states for the entire class (all the

students present in one classroom are considered as one group).

When a student or the group is found in the in-attentive affective state for more
than 30% of the duration of the lecture, Inlvs are introduced. A sample affective state

transition diagram with Inlv for a 7 minutes mini-concept video is shown in Figure 5.3.

2.9 Min 0.3 Min 1.7 Min
174 Frames 18 Frames 102 Frames,

"In-Attentive State"
Bored
22 May 2017
11:02 AM
Fr.No: 157

2.1 Min
126 Frames,

"Attentive State" "Attentive State" "Attentive State"
Engaged Delight Engaged
22 May 2017 22 May 2017 22 May 2017
11:05 AM 11:05 AM 11:07 AM
Fr.No: 331 Fr.No: 349 Fr.No: 451

Inquiry Intervention|

5
>
Time

Fig. 5.3. Sample affective state transition diagram of a student with Inlv
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5.2.3 Model Implementation

The proposed model is implemented in four different learning environments. The work-

ing of the same is discussed as under.

E-Learning and Flipped Classroom Environments

To integrate the real-time engagement analysis module in the e-learning environment,
an e-learning web portal is designed. All the standard e-learning websites’ components
are considered during the website design. Some functionalities are further added such
as affective state transition visualization, mapping of their understanding and the atten-
tiveness shown by the students. Further, appropriate components for the proposed Inlv
and TQ module is incorporated. Figure 5.4 shows a sample e-learning UI components
which contain a lecture video along with its completion and buffer length. The toggle
button placed next to date and time indicates if the student is online or not. Notes are
also provided along with the video clips and the button for the same is placed below the
chapter heading, i.e., top left. If the web-page remains inactive for more than 20 min-
utes while reading the notes, and for more than 5 minutes if the student is not visible
within the frame then it automatically stops the video streaming of the students’ face
and body postures to the server. Students’ details along with the date and time appear
at the bottom right. In the case of group activity, more than one student can use the Ul
(bottom right). In this case, the video stream data contains multiple persons in a single

frame image, and the affective state classification is performed individually.

HCI-Chap 1
Vot 1[Nt et ]

Inquiry Intervention - 1

Q1. In humans, the old memory trace breaks
through and interferes with new information, this *
is reffered to as

Jost's Law

HCI ! ostabaw Date and Time [ ]
Proactive Inhibitic

o cactive Innisition

sodag [ Retroactive Inhibition

. -

| Student 1 o753 PM
1 B-Tech

Fig. 5.4. Snapshot of sample user interface during inquiry intervention

Students of two different semesters are considered for four different courses over
a period of two years for this study. On an average one video lecture consists of 1

hour 15 mins which are divided into 6 to 8 mini-concept video clips, each video clip
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consisting of 10 to 15 minutes explaining a part of the content present in the entire one

hour lecture. On average one complete chapter takes 2 to 3 hours of a video lecture.

Inlvs: When the student is found in-attentive for the said threshold limit, Inlv pops-
up on the screen and is evaluated, marks distribution varies according to the questions.

These marks are stored in the database.

Fig. 5.5. Spontaneous affective state recgnized in e-learning environment

TQs: A Mini-concept can be taught using any source such as video lectures, reading
material, animations, and code implementation. If the student understands the concept
in lesser time, i.e., before the entire video is played or the study material gets completed,
then the student can manually click on TQs and proceed. The marks scored by the
students on answering the TQs are also stored in the database. Marks obtained from the
TQs for each mini-concept, average student engagement score during the mini-concept
duration and number of times Inlv triggered are stored for further analysis. Figure 5.5

shows a snapshot of a sample image frame from an e-learning environment.

Classroom and Webinar Environments

In classroom and webinar environments, the cameras mentioned in camera setup are
used to capture the students. These images are sent to the server, and the analyzed
affective state for the entire class is shown in a tab that is placed next to the faculty
member who is teaching. The course content of an hour class is divided into 2 to
3 mini-concepts. The tab displays the average engagement score of the entire class.
If more than 10% of the class is observed in the in-attentive affective state, then a red
flash will blink in the tab. If more than 30% of the students are present in the in-attentive
affective state, then the vibrator attention is given using the smart-watch, so that they
can pay attention towards the tab once (smart-watch vibrates for every 1 minute time
interval if more than 30% of students stay in the in-attentive affective state). Once

the teacher clicks the Inlv button, even the affective state transition diagram for the
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entire class is shared with the teacher so that he(she) can ask the Inlvs and modify
the teaching strategy accordingly. A snapshot of each image along with the location
details are provided in the tab so that the faculty can locate the student easily even in
the webinar environment. A sample image snapshot of the classroom environment is

shown in Figure 5.6.

Fig. 5.6. Spontaneous affective states recognized in classroom environment

Inlvs: If more than 30% of the students are in in-attentive affective state and then the
teacher can teach up to 50% time duration of the mini-concept, introduce the Inlvs and
then proceed with that mini concept. If the faculty member wants to ask the Inlvs, then
he(she) has to press the Inlv button on the tab and then proceed so that the proposed
method can save the time stamp and the number of instances Inlvs are asked. The

faculty member can also give them a small task as a part of Inlvs.

TQs: As discussed earlier, after every mini concept, the teachers collect the written
form of the TQs and evaluate them accordingly. Marks obtained from the TQs for each
mini-concept, average student engagement score during the mini-concept duration and

number of times Inlvs triggered are stored for further analysis.

In addition to the study made for the entire classroom as a group and aggregated
group engagement score, it is also possible to analyze the affective state of each student
and display the same in the tab. Whenever the teacher finds the time, he(she) can see
the individual student’s engagement score and the corresponding affective states. Figure

5.7 shows a snapshot of the sample image frame from the webinar environment.
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Fig. 5.7. Spontaneous affective states recognized in webinar environment

5.3 Experimental Setup, Results, Analysis and Discussion

5.3.1 Experimental Setup

Two Tesla M40 GPUs with 256 GB RAM and 256 GB scrap space are used for deep

learning computations.

5.3.2 Baseline for Affective State Classification and Localization

Twelve different students’ affective states classification (including neutral) is performed
in real-time using various state-of-the-art techniques, namely: AlexNet, ResNet-500,
Inception-V3/V4 and compared with the proposed Modified-Inception-V3 (M-I-V3).
The recommended metrics for affective state classification are meanAveragePrecision
(mAP) and accuracy. Since it is performed in real-time, the classification time in sec-

onds is also considered.

Object localization is performed using various techniques such as Regions with
Convolutional Neural Networks (RCNN), Fast-RCNN, Faster RCNN, You Only Look
Once (YOLO), YOLO-V2, Single-Shot Multibox Detector (SSD), SSD-300, SSD-500
and compared with the proposed Modified-YOLO. The standard metrics used for the

object localization are accuracy, mAP, and frames per second (fps).

There are many students’ affective state classification and localization methods but,
the results are not used in real-time applications. Hence, there is no baseline for com-

paring the Inlv and TQ module.
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5.3.3 Students’ Affective State Classification and Localization

Initially, the model is tested with state-of-the-art recognition and object localization
techniques. Inception v3 performed better for student’s identification and localization.
The Inception v3 model is further optimized by adding depthwise separable convolu-
tion, Leaky ReLLU (Rectified Linear Unit) as an activation function, RMSprop with root
mean square, minibatch stochastic gradient descent and the number of layers increased

to 80. Many hyper-parameters are also fine-tuned according to the input data.
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Fig. 5.8. Comparison with various affective state classification architectures

Figure 5.8 shows the summary of the comparison of the proposed architecture for
affective state classification with other state-of-the-art architectures. The data is trained
and tested with different architectures such as AlexNet, ResNet-500, Inception-V3/V4
and Modified-Inception-V3 (M-I-V3) (Krizhevsky et al., 2012; He et al., 2016; Si-
monyan & Zisserman, 2014; Szegedy et al., 2016, 2017) as mentioned above. It is
observed that a few architectures like Inception-V3 are most accurate but took more
time to execute and vice versa, whereas the proposed architecture gives better accu-
racy with minimum classification time such that the analysis can be performed in real-
time. Other standard architectures such as VGG-16, VGG-19, ResNet-18, ResNet-34,
ResNet-50, ResNet-101, ResNet-152, ResNet-200, BN Inception, Inception-V?2 are not
tested as these architectures fail to perform better for dense labeling scenario such as

classroom.

Similarly, the object localization results of proposed modified-YOLO (M-YOLO)
and its comparison with other state-of-the-art techniques such as Regions with Convo-
lutional Neural Networks (RCNN), Fast-RCNN, Faster RCNN, You Only Look Once
(YOLO), YOLO-V2, Single-Shot Multibox Detector (SSD), SSD-300, SSD-500 (Red-
mon et al., 2016; Liu et al., 2016; Ren et al., 2015; Girshick, 2015; Girshick et al., 2014)
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are summarized in Figure 5.9. Faster-RCNN (FRCNN) and RCNN have better preci-
sion than M-YOLO, but they fail to perform in real-time. YOLO and SSD have high
fps, but the precision is less than M-YOLO. Hence, the proposed M-YOLO gives better
performance in real-time for student’s localization when compared to state-of-the-art

methods.

mAP

YOLO 85D M-YOLO FRCMN RCNN

Detection and Localization
Fig. 5.9. Comparison with various object localization architectures

Student-independent 10-fold cross-validation is used for the entire dataset. Also
performed cross-day, cross-gender and cross-period generalization for student indepen-
dent 10-fold cross-validation and obtained +1.89%, -1.33% and +2.4% increase from
the overall baseline accuracy. For all the three generalizations, 67% student indepen-
dent random data are used for training (Bosch et al., 2016) and the remaining data for

testing. More than 150 iterations are run to obtain these results.

There are several existing tools for real-time emotion recognition with object local-
ization. Tools such as Affectiva®, Imotions®, Emotient*, IBM Watson’, and Microsoft
Asure® are also tested on the created dataset, and obtained an accuracy of less than 9%,
11%, 17%, 6%, and 14% respectively. These tools failed to recognize even the basic
emotions (for which these tools are trained for) for the images obtained from the class-
room environment. The less accuracy in the detection and classification of the majority
of these existing tools are due to the following: (i) Lack of multi-face detection, (ii) In-

adequate Learning centered emotions consideration, (iii) Absence of multimodality as

Zhttps://www.affectiva.com

3https://imotions.com

“http://emotient.com
Shttps://developer.ibm.com/exchanges/models/all/max-facial-emotion-classifier
®https://www.programmableweb.com/api/microsoft-project-oxford-face
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only facial expressions are considered, (iv) Aggregation of emotions or group emotion
is not present, and so on. Apart from these tools, there are state-of-the-art architectures
proposed for emotion recognition (Gupta et al., 2016). The created database is tested
on those networks. For deep learning architectures, student independent 10 fold cross-
validation is used and the obtained results (accuracy in %) are: (i) FaceNet: 41%, (ii)

EmotiNet: 43%, (iii) LBP with SVM: 37%, and (iv) Viola-Jones Haar Cascades: 33%.

Accuracy Comparision: Cohen’s x 1s computed in order to compare the accuracy of
deep learning classification technique with human annotations (Whitehill et al., 2014).
The results are mentioned in Table 5.3 where it is observed that the average ~ value
varies between 0.89 and 0.97 for both human annotation and machine classification in
e-learning and flipped classroom environments. This is due to the fact that the image
frame contains a single person in a single image frame whereas the average ~ value
varies between 0.56 and 0.81 for classroom and webinar environments where multiple

students are present in a single image frame, and the system fails to perform better.

Table 5.3
Cohen’s « for Student-Independent Train-Test Results

Cohen’s x (and std. dev.)

Environment DL Technique | Human Annotation
E-Learning 0.94 (.83) 0.97 (0.91)
Flipped Classroom 0.93 (0.86) 0.97 (0.94)
Classroom 0.61 (0.83) 0.69 (0.81)
Webinar 0.73 (0.88) 0.77 (0.91)

5.3.4 Impact of Inquiry Intervention on Individual Students

The Mann-Whitney test (Rajendran et al., 2018) is used to analyze the impact of Inlv
during the learning process for students of all the four learning environments. This
section is divided into two subsections corresponding to the single person in a single
image frame (e-learning and flipped classroom) and multiperson in a single image frame
(classroom and webinar environments). Further, the Pearson correlation function is
used to analyze the correlation between students’ attentive and in-attentive affective

states and the marks obtained by students in TQs with and without Inlv module.
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E-Learning Environment

The proposed methodology is implemented in an e-learning environment, duration
ranges from 20 minutes to 1 hour. Initially, results and analysis of one class for a

duration 30 minutes is projected; Subsequently, the overall results are projected.

30 students completed the Human-Computer Interaction (HCI) course which spanned
five sessions over a week. These sessions did not include the proposed Inlv module.
TQs are considered to map their performance with the attentiveness in the class. A to-
tal of 17 TQs for each student are conducted, corresponding to 17 concepts taught in
five sessions and the results are stored for the comparison. A student may have a bad
day and may perform poorly. Hence generalized least-squares estimates are considered

during the calculation.

The same 30 students are given similar complex course content for Human-Computer
Interaction to learn 17 concepts. But this time they used our proposed Inlv module.
Their corresponding recognized affective states and test questionnaires marks are col-
lected. It is observed that the sum of in-attentive state instances reduced to 21% using

the Inlvs module.

For every mini-concept duration, an average of attentive and in-attentive affective
state scores [(-1 to +1) Engagement Score] for each student is calculated, and corre-
sponding marks obtained in TQ is correlated using the Pearson’s correlation function.
After the completion of the entire course, it is observed that the student’s engagement

score and the marks obtained by the student positively correlates with a value of +0.675.

Similarly, this entire process is performed for all the students of even and odd
semester batches of 2016 and 2017 academic years as shown in Table 5.1. The av-
erage engagement score of all the students and class average (in marks) obtained for
both Inlv modules (with and without) are analyzed. It is observed that the student is
more engaged using the Inlv and hence understanding the concepts is better when com-
pared to regular e-learning class. The Mann-Whitney statistical test is performed for
analyzing the impact of Inlv on student affective states. Table 5.4 shows that the sum of
in-attentive affective state instances is reduced using Inlv. The Pearson correlation test
is also used on our entire e-learning data for the student’s engagement score and marks

obtained. An overall positive correlation value of +0.622 is observed.
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Table 5.4

Impact of Inquiry Intervention on In-Attentive Affective State in E-Learning Environment

g | | Without IIM With IIM Mann-Whitney’s
tudents ' NMC .

SISI | Median | SISI | Median Significant Test
ES2016 | 52 |2216| 42 | 714 ] 14 p<0.05
0S2016| 40 |1211| 30 |800 | 20 p<0.05
ES2017 | 55 |1913] 35 | 491 9 p<0.05
0S2017 | 21 |1619| 77 |38 | 18 p<0.05

NMC: Number of Mini-Concepts, [IM: Inquiry Intervention Module,
ES: Even Semester, OS: Odd Semester, SISI: Sum of In-Attentive State Instances

Flipped Classroom Environment

The proposed real-time engagement analysis is tested for four semester’s flipped class-
room data and observed that there is a 43% reduction in in-attentive affective state
instances by using Inlv module. Pearson correlation coefficient is 0.89 for the students’

engagement score and marks obtained.

Classroom Environment

The proposed methodology is implemented in every class ranging from 45 minutes
to 1.5 hours in the classroom scenario. The same procedure (as in e-learning) of im-
plementing the Inlvs module (i.e., with and without Inlvs) is followed. The average
engagement scores of all the students and class average in marks are obtained. Pear-
son correlation coefficient is +0.742 for student’s engagement score, and the marks
obtained. Overall, for all the 180 mini-concepts, and observed a 43% reduction of in-

attentive instances by using Inlv module in the classroom environment (Table 5.5).

Table 5.5
Impact of Inquiry Intervention on In-Attentive Affective State in Classroom Environment
| | Without IIM With IIM Mann-Whitney’s |
Students ' NMC .
SISI | Median | SISI | Median |~ Significant Test
ES 2016 82 11280 141 5988 71 p<0.05
0S 2016 | 35 5323 147 2902 80 p<0.05
ES 2017 | 90 9351 101 6393 73 p<0.05
O0S 2017 | 28 4111 153 1826 66 p<0.05

NMC: Number of Mini-Concepts, [IM: Inquiry Intervention Module,

ES: Even Semester, OS: Odd Semester, SISI: Sum of In-Attentive State Instances
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Webinar Environment

Here the number of Inlvs asked is more frequent than any other learning environment as

discussed. Pearson correlation for engagement score and marks obtained is +0.833, and

also there is 53% decrease in in-attentive affective state instances using Inlv module.

Overall Results on Inquiry Intervention Module

The number of attentive and in-attentive affective state instances for all the students

in all four learning environments is summarized in Table 5.6. It is observed that the

in-attentive affective state instances are less in courses that involved the inquiry inter-

vention module.

Table 5.6

Impact of Inquiry Intervention on In-Attentive Affective State Instances in Learning Environments

g | | Without IIM With IIM Mann-Whitney’s
tudents ' NMC ..

SISI | Median | SISI | Median |~ Significant Test
ES2016 | 194 |39312| 204 |17921| 94 p<0.05
0S2016 | 141 | 36456 | 250 | 16946 | 117 p<0.05
ES2017 | 190 | 38824 | 196 |17989| 96 p<0.05
0S2017 | 88 | 13096 | 148 | 8883 | 98 p<0.05

NMC: Number of Mini-Concepts, [IM: Inquiry Intervention Module,
ES: Even Semester, OS: Odd Semester, SISI: Sum of In-Attentive State Instances

The affective states which have a significant impact (p < 0.05) on student’s perfor-

mance are shown in Table 5.7. Bonferroni post-hoc test is used to analyze the impact

of affective states on student’s performance, and the mean and standard deviation of

affective states for both the correct and incorrect answers are shown in Table 5.7.

Table 5.7

Affective States and Performance Relationship

‘ Affective State ‘

Correct ‘ Incorrect ‘

\M\SD\M\SD\

Student’s Performance ‘

Engaged
Bored
Sleepy

Frustrated

Confused

0.67
0.37
0.20
0.33
0.33

0.71
0.43
0.21
0.39
0.37

0.37
0.83
0.92
0.77

0.70

0.55
0.88
0.97
0.81
0.79

Beneficial
Harmful
Harmful

Harmful

Harmful
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5.3.5 Performance Evaluation

Table 5.8 shows the overall comparison of existing works with the proposed method. It
is observed that the existing works lack the use of unobtrusive students’ affective video
content data in real-time for either feedback or interventions. Even group engagement
score and multi-modality are not explored in most of the existing works. The proposed
method with multi-person detection, multi-modality, group engagement score, inquiry
intervention, and with an accuracy of 0.77 for a test data of 350 students, outperforms

the existing methods.

Table 5.8
Comparison of Proposed Method with State-of-the-art Student Engagement Analysis Methods
‘ Authors ‘ ﬂ ‘ MM‘ GEA‘ F/1 ' DS ‘ RT ‘ Technique ‘ PM ‘
| L T N e | |
Whitehill Yes| No| No | No | No | 34 | iPad SVM (Gabor) AUC:
et al. (2014) 0.729
Zaletelj & | Yes| Yes| No | No |No| 18 | K KNgész?geizher Ac:
Kosir (2017) 0.753
Thomas & Yes| No| No | No [ No| 10 | C (Losiz/tl;g’l;lgdr;l:ion) AUC:
Jayagopi & & 0.708
(2017)

14 different classifiers,
Boschetal. | Yes| No| No | No [ No| 30 | W including Bayesian | AUC:
(2016) classifiers, and LR | 0.790

Tiam-Lee & | Yes| Yes| No | No [ No | 73 | W OpenFace Ac:
Sumi (2019) 0.750
Yun et al. Yes| No | Yes | No | No | 18 | W\K VGG Ac:

(2018) 0.866
Psaltisetal. | Yes| No| Yes| No | No| 72 | K ANN Ac:

(2017) 0.850
Proposed | 3 | Veo| Yes | Yes | Yes| 350| C\W CNN Ac:

Method 0.770

DSF: Detection within a Single Image Frame; SF: Detects Single Face
MEF: Detects Multiple Face; DS: Number of Students used in the study
GEA: Group Engagement Analysis; F/I: Feedback/ Intervention
MM: Uses Multi-modality for affective state prediction; RT: Recording Tool
C: Camera; W: Webcamera; K: Kinect; Ac: Accuracy; PM: Performance Metric

Adaptive feedback and interventions are used in literature in the form of hints and
motivational messages but they are performed using text-based analysis. They collect

the log file of students while interacting with the social media platforms, and those data
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are used for text data analysis, and accordingly, feedback and interventions are used

(Rajendran et al., 2018; Silva et al., 2019; Psaltis et al., 2017; Moore & Stamper, 2019).
5.3.6 Further Analysis

This subsection consists of three parts: the first part deals with the impact of using
similar complexity content and further discusses whether there is a reduction in in-
attentive affective state instances on the introduction of the same. The second part deals
with the student’s affect-performance relationships. ANOVA (D’Mello et al., 2010)
test is performed to analyze the relationship between students’ affective states and their
performance using the overall marks obtained by the students from test questionnaires
with and without Inlvs. The Bonferroni post-hoc test (D’Mello et al., 2010) is used
to check which affective state is more significantly related to students’ performance.
The correlation between students’ learning rate and their performance is also discussed
using Pearson correlation function (D’Mello et al., 2010). The third part deals with the

random Inlvs and Inlvs to high attentive engagement level students.

Impact of using Similar Complex Content: The course content with similar com-
plexity is used to compare the impact of Inlvs on in-attentive affective states. There
may be a possibility that the reduction in in-attentive affective state instances maybe
because of the course content with similar complexity. Considering this as the null hy-
pothesis and to address this carryover effect, the same experiment is conducted for two
different concepts of the same complexity and performed Mann Whitney test to check
whether any significant difference is present in the number of in-attentive affective state
instances. In this experiment, the Inlv module is not used and obtained » = 0.45 from
the Mann Whitney test for p > 0.05, thus fail to reject the null hypothesis. Hence it is
clear that the reduction in in-attentive affective state instances is due to the Inlv mod-
ule. Further, it is also experimented by giving the Inlv first and then without Inlv. Even
then there is a significant impact of Inlvs on reducing the in-attentive affective state

instances.

Affective-Performance Relationship: The ANOVA test is conducted for e-learning,
flipped classroom, classroom and webinar environments and confirmed that there is
a significant relationship between student’s affective states and marks obtained. Af-

ter Bonferroni post-hoc test, the following are observed: Experiences of engagement
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are positively correlated to the positive outcome, [Engagement,,...(M = 0.67, 5D =

0.71) > Engagement; .. ...(M = 0.37,SD = 0.43)] and vice versa for frustration,
[Frustrationcopeet (M = 0.33,SD = 0.39) < Frustrationcomect(M = 0.77,SD =
0.81)]. Similarly, all the experienced emotions with the corresponding marks obtained

are considered. It is observed that the emotions of attentive affective state are more posi-

tively correlated to the positive outcome than in-attentive affective states, [Attentivecoec (M =
0.80, SD = 0.88) > Attentivepcorrect(M = 0.20, SD = 0.27)], [In-Attentivecopec (M =
0.32,SD = 0.37) < In-Attentivepcorrect (M = 0.71,SD = 0.81)].

Overall students’ learning curve is calculated using the students’ marks obtained.
The standard academic learning time based learning curve equation (Brown & Saks,
Brown & Saks) is adopted and accordingly modified this learning curve equation by
adding engagement analysis factor, also adjusted the variables based on mini-concepts.
In the standard equation mentioned in Equation 5.1, X; variable is considered as a
constant value 1 assuming that the students are completely engaged during the learning
process. But, for the proposed work, the equation is modified by introducing a variable
value corresponding to students attentive and inattentive states. The proposed learning
curve equation is shown in Equation 5.1. Where, M Cy, M C'g, and M C¢ are the marks
of students during three different intervals of a course completion time (the number of
intervals increases with an increase in the number of mini-concepts taught in the class).
TIME p and TIM Ep¢ are timings allotted between A & B and B & C respectively.
X is the proportion of time being attentive in the learning process (X value varies from
-1 to +1, in-attentive to attentive). ep and ec are the error terms that are mapped to

other influencing factors. ay, ag, b and c are constants.

log(MC¢) —log (MCp) = (a1 — ap)
+b[log (MCg) —log (MCjy)]
+cllog (TIMEgc) —log (TIME )]

+ Z (Xipc — Xiag) + (ec —ep) (5.1)
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Fig. 5.10. Student affective state transitions

Students’ learning rate (Equation 5.1) is calculated for each student in all the four
learning environments. Each student’s attentive state ranges from O to 1, and in-attentive
state ranges from -1 to 0. The surprise and delight affective states are given weights
between 0.5 and 1. Similarly, the weights for happiness & engaged, confused, bored
& sleepy, and fear, disgust & frustrated affective states are 0 to 0.5, -0.5 to 0 and -1
to -0.5, respectively. For the group or class, the overall probability value obtained for
each frame is considered. Table 5.9 shows a sample analysis of the affective state-
learning rate relationship for one student in the e-learning environment using Pearson’s
coefficient . The same is repeated for all the students. The higher learning rate is more

positively correlated with the student’s attentive affective state (r = 0.598, p < 0.05).

Table 5.9
Affective States and Performance Relationship

Routine r Sporadic r Exceptional r
Engaged | 0.581 | Confusion | -0.354 Sadness 0.005
Happiness | 0.216 | Frustrated | -0.291 Fear 0.008

Boredom | -0.212 | Delight | 0.012 Surprise 0.219
Sleepy -0.301 | Neutral | -0.039 Disgust -0.116

Figure 5.10 shows the number of affective state instances experienced by the stu-
dents in one hour class. A few outliers are observed in the classroom environment
where the students are completely in-attentive throughout the class and still managed to
obtain above-average scores. This may be because of those topics which are trivial to
the student or already known concepts. These outliers are not observed in e-learning,

flipped classroom and webinar environments.
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Random Inlvs and Inlvs to High Attentive Level: In order to test the impact of Inlvs,
they are posed randomly during the mini concepts irrespective of the students’ affective
states. There may be a possibility that only Inlvs would lead to the improvement of
the performance irrespective of their affective states. Considering this as a null hypoth-
esis, the Mann Whitney test is performed, and a value of 0.00134 for (p > 0.05) is
obtained. There is no significant improvement in the performance, hence rejecting the

null hypothesis.

The feedback is obtained from the students of all the four environments that random
Inlvs, at times, interrupted the flow of conceptual understanding as in case of e-learning
the Inlvs on the subtopics yet to be covered also popped up. On the other hand, if the
random Inlvs are posed at low engagement students, it is reasonably effective whereas

if it is posed at high engagement level students, it is similar to that discussed below.

Further, Inlvs are also tested for students with high engagement level. Pearson’s
correlation between students’ engagement score and performance is 0.128 showing no

significant difference as compared to the previous test with no Inlvs.

The feedback from the students of all the learning environments when Inlvs are
posed at them is obtained, few of them got frustrated as though, the mini concepts are
quite clear and additional learning is not happening, they had to answer the Inlvs. It is
also reported that the learning rate is hindered within the academic learning time due to

unnecessary Inlvs.
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5.4 Supplementary Details

1. Inquiry Intervention Module

These are the sample questions asked in the inquiry intervention module.

(a)

(b)

Examples of questions to stimulate critical thinking.

Q: What point you think the Schachter and Singer is making in their pro-
posed third interpretation [312a]?

This illustrates a question that asks students for clarification.

Q: What are the notable similarities and/or differences between the items
on your list and those provided by D A Norman’s Emotion and Design?

This question challenges the students to compare and contrast ideas pro-
vided by two sources.

Q: What are the possible underlying assumptions behind Shneiderman’s cri-
teria?

This question challenges the students to demonstrate the critical skill of
identifying assumptions made by an author.

Q: What alternative assumptions might an HCI Analyst make?

This question further probes students’ understanding of assumptions by ask-
ing to identify alternative assumptions that might be made.

Q: Do you personally agree with Shneiderman’s criteria and what types of
evidence can you offer to support your position?

These two critical thinking questions ask students to both take a personal
position and to provide relevant information or evidence to support their
decision.

Examples of questions to stimulate creative thinking.

Q: How many different heuristics can you list that are the most important
and will receive attention in heuristic evaluation stated in Jakob Nielsen’s
ten heuristics?

This question challenging students to come up with as many possible dif-
ferent ideas as they can and elicits the type of creative thinking process that
has been described in the literature as fluency.

Q: If Shneiderman wanted to identify Eight Golden Rules of Interface De-

sign instead of only five, what three additional possibilities would you sug-
gest to him to add to his list?

This question, requiring students to embellish or expand upon ideas, elicits
a type of creative thinking process that has been described in the literature
as elaboration.

Q: What novel, unique, or unusual types of course activities and assign-
ments do you think they are most likely to inspire today‘s college and uni-
versity students?

This type of question illustrates one approach to stimulate the creative think-
ing skill of originality.
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(c) Examples of questions to stimulate curiosity.

Q: Who is Don Norman and why might people be interested in his perspec-
tive on this topic?

Q: What was Jakob Nielsen like as a student?

The questions asked are not having a similar pattern mentioned in the examples
for all the subjects, but the underlying concepts for framing the questions remain
the same.

2. Affective State Classification and Localization Technique

Inception-V3 (Szegedy et al., 2016) and YOLOv2 (Redmon et al., 2016) are the
base architectures for the affective state classification and localization, respec-
tively. The existing architecture is modified to perform better in real-time for
students’ affective state classification and localization. The details are mentioned
as follows. The proposed architecture is divided into four major parts. The first
part is a stem, which contains the convolutional and pooling layers until the fac-
torization of convolutional layers. The second part contains the factorization into
smaller convolutions using filter concats. The third part contains the auxiliary
classifiers and the last part contains fully connected layers and softmax classi-
fiers. The entire proposed architecture consists of 80 layers with stride 2 and 6
pooling layers which are used for an independent evaluation over each activation
map and for size reduction. The last pooling layer is connected to two fully con-
nected layers. Those fully connected layers are connected to the softmax layer.

The training phase starts with the back-propagation using the recursive chain rule
for computing the gradients for all inputs, parameters, and intermediates. The
entire process of backpropagation is stored in a graph structure. The forward pass
computes the results of an operation and stores the gradient value whereas the
backward pass computes the gradient of loss function w.r.t. the inputs.

Equation 2 shows the loss function performed using multinomial logistic regres-
sion where y; is the ith image label and z; is ith image frame, using these, the
loss for the ¢th image L; is calculated. The overall mean of training loss of the
entire training data L, is defined as the total data loss given in Equation 5.2.

1
L=~ L (5.2)

eSyi
Zj e’

Since the data is used for analyzing multiple class in a single image frame (dense
labeling), The activation function which neither saturates for both positive and
negative values nor dies for negative values is used. Hence Leaky ReLLU (Recti-
fied Linear Unit) is used as an activation function (Equation 5.3) where z is an

)

where, L; = —log(
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input column vector containing all pixel data of the image.

f (z) = max(ax, x) where a = 0.01 (5.3)

Xavier initialization (Equation 5.4 where n_in & n_out are input neurons from
current & next layer and r is to calculate zero mean) is used for weight initializa-
tion. Batch normalization is also used along with the hyperparameter optimiza-
tion. Minibatch stochastic gradient descent is used in a loop structure where it
performs 4 major steps; Step 1: data is divided into N samples. Step 2: forward
propagate to get the loss. Step 3: calculate the gradients using backpropagation.
Step 4: from the calculated gradients, update the parameters.

W = random.r(n_in,n_out)/sqrt(n_in) (5.4)

Parameters update is performed using RMSProp. The learning rate is a hyperpa-
rameter for RMSProp. Regularization is performed using Dropout. Monte Carlo
approximation is used in dropout where several forward passes with different
dropout masks are performed and the final prediction is average of all predic-
tions. The numeric gradient is used for gradient check.

Group Engagement Score: Generally, the data collected from the e-learning
environment contains single student in a single image frame, but the students’
spontaneous classroom data can have different affective states for each student
present in a single image frame. Hence feature fusion is used to calculate the
same. The multi-modal (here, it is an intra-image multi-modality where the fea-
tures of different students with their facial expressions, hand gestures and body
postures present within that image frame are considered) feature fusion vector V;
for any pixel p; and normalized prediction vector Np, uses normalized predicted
probability distribution Np, , of class a using the softmax function (Equation 5.5).

eWa Vs
Np, o = (5.5)

wTv,
ZiEclassese i

Where, W is the temporary weight matrix used to learn the features. The training
generally converges in 7' = 6000 epochs. The final collective average affective
state score Ag, is given by Equation 5.6.

Ag, = arg maz Np, , where a € classes (5.6)

Data Augmentation: Data augmentation has increased training data size by 10-
fold. More details on the different data augmentation techniques that are per-
formed on our datasets are given in 3.2.3.

. Student Engagement Level Analysis using its Graphical Representation

A sample snapshot of a student’s engagement level for a mini-concept of 15 min-
utes duration is shown in Figure 5.11. There is a drop in the engagement score
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Fig.

(Attentive State to In-Attentive state) of the student from 10 to 12.5 minutes
range. Initially, a similar drop is observed after 5 to 6 minutes of mini-concept
video completion for more than 30% of students in the e-learning environment.
After introducing Inlvs, the engagement drop is reduced from 30% to 7%.
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Fig. 5.11. A sample snapshot of student’s engagement level for a mini-concept
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5.12. The distribution of attentive and in-attentive state instances for the sample mini-concept
duration in all four learning environments.

The distribution of attentive state and in-attentive state instances for a sample 5
minutes duration of a mini-concept (the same concept is taught in all four learn-
ing environments) is shown in Figure 5.12. Though the number of students is
significantly more in the classroom environment, it is observed that the median is
almost the same.
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5.5 Summary

In this chapter, a real-time students engagement analysis is proposed for both the indi-
vidual and group of students based on their facial expressions, hand gestures and body
posture for e-learning, flipped classroom, classroom, and webinar environments. The
proposed model effectively classifies the students’ affective states into teacher-centric
attentive and in-attentive affective states. To address the negative impact of in-attentive
affective states on the performance of students, Inlvs are proposed. Experimental re-
sults demonstrated that there is a positive correlation between the students learning rate
and their attentive affective state engagement score for both individual and group of
students. The proposed affective state transition diagram and appropriate visualizations

helped students and the faculty members to improve the teaching-learning process.

There are a few limitations of this study. The students’ affective states distribution
varies according to the learning environments and teaching strategies. The current study
focuses only on the above-discussed environments and inquiry-based instruction strat-
egy in such environments, but the results could vary in other cases. For instance, in case
of game-based learning, the engaged affective state may be higher as compared to the
results of this study. In a dynamic learning environment, there will be various aspects
to study in order to implement the proposed methodology. Even if a few such aspects
are considered for the study, it is hard to control all of them. The Inlvs are not tested on

such uncontrollable aspects.

In the next chapter, the creation of students’ affective state database is described.
The created database contains data from various learning environments such as e-learning,
classrooms, webinars, and flipped classrooms. The created database is also bench-

marked with various existing algorithms.
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Chapter 6

Database Creation

Unobtrusive automatic recognition of the students’ engagement is a challenging task.
Students’ engagement is recognized either using their emotional or behavioral patterns.
The emotional and behavioral patterns are recognized using the students’ facial expres-
sions, hand gestures, and body postures. From the existing literature, it is observed
that the affective states are used to analyze the students’ emotional engagement and
engagement levels are used to analyze students’ behavioral engagement. Intelligent
tutoring system and smart classroom environments can be made more personalized us-
ing students’ affective states and engagement levels prediction and analysis. This can
be performed using machine or deep learning techniques. Effective recognition of af-
fective states or engagement levels is mainly dependent on the quality of the database
used. From the literature, there exists no standard database for students’ affective state
or engagement level recognition and its analysis in both e-learning and classroom envi-

ronments.

The different learning environments considered in this study include e-learning &
flipped classroom which contains a single person in a single image frame; classroom or
webinar environments which contain image frames with multi-persons in a single im-
age frame; and computer-enabled teaching laboratories which contains different types
of occlusions (though it contains multi-persons in a single image frame). In this study,
different types of students’ engagement analysis are explored in different learning en-
vironments such as e-learning, flipped classroom, classroom, webinar, and computer-
enabled teaching laboratories to analyze the best suited unobtrusive method for each
environment. Hence, in the current study, a new database is created for affective state
or engagement level recognition of students in different learning environments by con-

sidering:

* both single and multi-persons in a single image frame,

* both Ekman’s basic emotions and learning-centered emotions for students’ affec-
tive state analysis,

* behavioral patterns for students’ engagement analysis,



* classification of students’ affective states or engagement levels with object local-
ization, and

* multimodality: students’ facial expressions, hand gestures, and body postures are
used for classification and localization.

The key contributions of this chapter are as follows:

* Created and analyzed a database for students’ emotion engagement analysis us-
ing their affective states in different learning environments such as e-learning,
classroom, webinar, and flipped classroom.

* Created and analyzed a database for students’ behavioral engagement analysis
using their engagement levels in classroom and computer-enabled teaching labo-
ratories.

The rest of this chapter is organized as follows: Section 6.1 describes the database
of students’ affective states. Section 6.2 explains the created database for students’ be-
havioral engagement. The performance evaluation of the created database is mentioned

in Section 6.3. Finally, Section 6.4 summarizes the entire chapter.
6.1 Students’ Affective States Database

In order to create an affective database for both e-learning and classroom environments,
data which contains both single and multi-person in a single image frame is collected
with their corresponding affective states. We also collected posed as well as sponta-
neous expressions to train the deep learning architecture, which facilitates better ac-
curacy in classification and localization. The pre-informed or posed expressions are
initially collected from 700 single-person image frames with Ekman’s basic emotions,
namely: happiness, surprise, delight, sadness, fear, and disgust, along with the neu-
tral. Further, 50 video clips of 2 minutes each is collected for five learning-centered
emotions of students, such as engaged, boredom, sleepy, frustrated, and confused. The
basic emotions could be captured as images when they are posed, but learning-centered
emotions are continual expressions which required the change in the medium to a video
clip. Then, 1450 multi-person single image frames are collected for posed expressions
where all the students are instructed to express a said emotion. Thus a total of 2900
image frames are collected with posed expressions; all these image frames with frontal

posed expressions are annotated w.r.t. eleven affective states, along with the neutral.
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For the students’ spontaneous affective states analysis, we collected the classroom
data with 350 students for more than 20 hours of classes where different subjects of
computer science/information technology are taught. The total number of image frames
obtained is more than 72000. For multi-person in a single image frame, we eliminated
the duplicates, where duplicates are the frames with 80% or more similarity in facial
expressions, hand gestures, and body postures from its previous image frame. Initially,
annotations are performed manually. Once sufficient annotated image frames are ob-
tained for training, we used the semi-automatic annotation process (Sekachev et al.,
2019) to make the annotation process faster. Here, we used deep learning architectures
for object localization and classification, where the deep learning architecture predicts
the bounding box and the affective state. The annotator manually checks and corrects
if the bounding boxes and classified affective state is not correct. For example, if the
bounding box predicted by the deep learning architecture is not a tight bounding box,
then the annotator adjusts it to make it close instead of drawing the bounding box from

scratch for all the multitude of modalities present in that image frame.
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Fig. 6.1. Flow of database creation and its performance evaluation.

A pre-trained Convolutional Neural Network (CNN) based on GoogleNet architec-
ture Krizhevsky et al. (2012) is used, and the results are manually verified for validation
of detection and classification of affective states. Initially, 500 spontaneous random im-

ages from one hour class are taken and annotated manually using the standards referred
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to under the gold standard study Sidney et al. (2005). Then, these annotated images
are used to train the CNN model, thus detecting the multimodal features of remaining
frames of the same one hour lecture. These image frames include faces, hand gestures,
and body postures. For each of them, a bounding box is used for object localization,
and the corresponding affective states are annotated. We also cropped the image frames
whenever the students’ visibility is too low. We collected one image frame for each
basic emotion from the students’ posed data. From two minutes video clip of learning-
centered emotions, annotators manually considered the average among peak affective
states of all the students present in that image frame, and accordingly select one im-
age frame among them (in a few cases, the annotators selected 2 to 3 image frames as
peak expression or patterns (all three frames have different expressions or patterns for
the same affective state) of that affective state. But, this happened only in 7.27% of
the entire database). For students’ spontaneous affective states analysis, we manually
annotated 1000 image frames and also manually verified 2000 CNN classified image
frames. Also, a few basic emotions like fear, sadness, and disgust are less observed
in the classroom environment; hence, we induced these less observed affective states
in the classroom using the method mentioned in D’Mello et al. (2010). These induced

affective states are present only in the first two hours of the collected classroom data.

Figure 6.1 shows the complete flow of database creation and its performance evalua-
tion. It is observed from Figure 6.1 that the classification of eleven affective states (hap-
piness, sadness, surprise, fear, disgust, anger, engaged, sleepy, boredom, frustrated and
confused) including neutral for both posed and spontaneous data using face, hand ges-
tures and body postures is considered. The detection and classification of faces include
frontal, profile, and tilted faces; hand gestures include gestures associated with affec-
tive states and raised hands; body postures include normal or straight, bent over back-
ward/forward, and lean completely on the desk. Further, we used cameras to capture
the visible behavior. We manually annotated using the gold standard study and stored
the same in a JSON file. We also used the proposed CNN architecture for database
creation, verification, and validation. Figure 6.1 is explained in detail in the following

subsections.
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6.1.1 Camera Setup

Three different cameras are used for the collection of videos to generate the database,

namely:

» Sony HDR - TD10 Handycam,
» Sony HDR - PJ600VE Handycam and
* NIKON D-3300 DSLR Camera.

Camera Setup for Classroom Environment Camera Setup for E-Learning Environment

9,a%8

Students Students / : ;
Sitting Sitting ' Student

Fig. 6.2. Camera setup

The top view of camera setup for the classroom data collection is shown in Figure
6.2 (a). Most of the classroom data are collected using the Cameras 1 and 2. The
Cameras 1 and 3 are used if there are less than 50 number of students in the classroom.
The Cameras 1, 2, and 3 or 1, 2, and 4 are used if the number of students present in
the classroom is below 100. All the four cameras shown in Figure 6.2 (a) are used if
the number of students present in the classroom is more than 100. Depending on the
lighting conditions and the visibility of students, these cameras are accordingly placed

in the concerned classrooms.

For the posed expressions, students are made to sit in front of the camera, and they
are asked to express the mentioned expressions, and the camera setup for the same is
shown in Figure 6.2 (b). Camera 2 is used for most of the posed expressions; other

cameras are used only for the data collection w.r.t. to multi-point view data.

For real-time data capturing in classroom and webinar environments, we used Sony
HDR - TD10 Handycam and Sony HDR - PJ600VE Handycam cameras. In a few
classroom and webinar environments, surveillance cameras are already installed, and
the data is collected directly from it. The camera setup is as same as shown in Figure
6.2 (a). For real-time data capturing of e-learning and flipped classroom environments,
we used laptops with web-camera and desktop C310 webcameras. The camera setup is

the same as shown in Figure 6.2 (b) with only Camera 2.
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6.1.2 Affective State Classification

The existing work includes recognizing the students’ facial expressions and classifying
them into Ekman’s basic emotions (Ekman, 1992). The study investigated by Dhall
et al. (2015) showed that learning-centered emotions such as flow, boredom, frustrated
are more dominant and regularly observed in students. Whitehill et al. (2014) consid-
ered body postures and eye movements along with facial expressions, and classified the
engagement into four different types (including both emotional and behavioral engage-
ments). Analyzing only the students’ emotion/affective state is not sufficient. Behav-
ioral patterns such as looking away from the task, eyes barely open, complete lean on
the desk are also important. Hence, in this study, we considered facial expressions as
well as hand gestures and body postures for both basic and learning-centered emotions.
Though not all the emotions are significantly observed in the teaching-learning process
(emotions like fear, frustrated and disgust), those who are seldom observed are also

considered under this study.

Labels and Definitions: Learning-centered emotions and the behavioral patterns of
head and eye movements are considered as mentioned in Dhall et al. (2015) and White-
hill et al. (2014), respectively. But, these works are on a single person in a single image
frame. Also, the behavioral patterns mentioned in Whitehill et al. (2014) did not in-
clude the body postures and hand gestures of multiple students in a single image frame.
Further, a few emotions are recognized accurately using both hand gestures and facial
expressions instead of using only facial expressions. Hence, in the proposed classifica-
tion, we modified the existing classification standards by adding the hand gesture and
the body posture components, but the standard label definitions remain the same, and

the details are mentioned below.

Ekman’s basic emotions: Facial Action Coding System (FACS) is widely used to
recognize the facial expressions, proposed by Ekman & Rosenberg (1997). Automatic
Face Analysis (AFA) (Tian et al., 2001) further optimized the FACS to recognize the
fine-grained changes in facial expressions. While creating the database, we used both
AFA and FACS to classify the facial expressions into Ekman’s basic emotions. For body
postures and hand gestures, we followed the standards mentioned in Bimodal Face and

Body Gesture (FABO) (Gunes & Piccardi, 2006).
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Learning-Centered Emotions: We used the definitions mentioned in D’Mello et al.
(2010) for learning-centered emotions, namely: Frustration- dissatisfaction or annoy-
ance; Confusion- noticeable lack of understanding; Engaged/Flow- interest in the activ-
ity; Boredom- being weary or restless through lack of interest; Sleepy- extremely not
interested and in a mental state of sleep; Neutral- no apparent emotion or feeling. The
facial expressions, hand gestures, and body postures are classified as per the standards
mentioned in D’Mello et al. (2007, 2010); Mota & Picard (2003). Since there are no
standards for multimodal affective state prediction of students in the classroom envi-
ronment, we followed the express, observe, and validate method where the students’
express a particular emotion in their way and self annotate them. The expert annota-
tors further affirmed the affective state and corrected if needed (Picard, 1997). A few
sample image frames for the students’ affective state are shown in Figure 6.3. The hand
gestures such as hands near the head, neck resting on the hand, body shift, change ori-
entation are observed in the students’ affective states. The engaged affective state is
predominantly observed in the classroom environment, and the impact of hand gestures
and body postures is very high for the engaged affective state. From Figure 6.4a, it
looks like the student is sleepy, when we consider the hand gesture and body posture
(Figure 6.4b), it becomes evident that it belongs to the engaged affective state. Simi-
larly, the facial features in Figure 6.4c look like happy, but the student is in the confused
affective state (Figure 6.4d).

6.1.3 Annotation using Gold Standard Study

The affective states are classified using all the three components, namely: facial expres-
sions, hand gestures, and body postures of the students. The entire process of affective
state elicitation is performed using the gold standard study. The database is manually
annotated separately for each person, and the boundary box plot is also manually per-
formed separately for face, hand gestures, and body postures. The three gold standards

considered for data annotation, are: participants, novice judges, and expert judges.

Participant annotators are the student participants who have self-annotated their af-
fective states. On average, this self-annotation is performed after one week of data
selection. Enough time gap is ensured for self-annotation to reduce biased and inaccu-

rate annotations.
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(a) Frustrated affective state. (b) Bored affective state.

(c) Confused affective state..
(d) Surprised affective state..

Fig. 6.3. Image snapshots of student’s affective state with multimodality.

Novice judges are the students who are not trained for image data annotation but

have annotated the students’ affective states for the database.

Expert judges are the faculty members who annotate the affective states of the stu-
dents’ database using the standard guidelines mentioned in Bosch et al. (2016). Stan-
dard guidelines include FACS, AFA, BROMP, and FABO. The experts in the emotion

recognition domain (includes psychologists) design these guidelines.

Labeling Process: The definitions of each affective state are provided to the la-
belers. Though all image frames are not annotated by all the labelers (more than 30
annotators), we made sure that each image frames are annotated by multiple labelers.
The labelers are instructed to annotate images for “which affective state the student
appears to be in” and not try to infer what is really going on in their mind. We used
the standard annotation approach, where static images are viewed, and a single num-
ber is used to rate each image (1 to 11 corresponding to 11 affective states mentioned
in Table 5.2). This method has the consequence that when the student blinks his(her)
eyes, then that particular image frame is annotated as the sleepy affective state. But,

we observed that these momentary affective states would not have a significant impact
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(b) Student’s multimodal data with engaged affective state.

(a) Student’s facial expression with sleepy affective state.

(c) Student’s facial expression with happy affective state. (d) Student’s multimodal data with confused affective state.

Fig. 6.4. Importance of hand gestures and body postures in affective state recognition.

when we average across all image frames over a period. Also, these static images are
not in the streaming order as the labeler could get influenced by previous image frames
and guess the students’ affective states. Since the number of annotators is more than
two, we used quadratic-weighted Cohen’s x, and the leave-one-labeler-out agreement
as shown in Whitehill et al. (2014). The annotators reliably agree when discriminating
against the recognized affective states with Cohen’s x = 0.48. In case of semi-automatic
annotation process, the expert judges randomly picked the deep learning technique an-
notated documents from JSON file and cross-verified it using the standard guidelines.
In this database annotation process, the self-annotation and the verification of expert

judge annotations are not performed on the entire dataset of spontaneous expressions.
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6.1.4 Storing Annotated Data

Object localization helps to focus on the candidate regions such as the student’s face,
hand gesture, and body postures for identifying the correct location of the target object.
The object localization helps in student identification and better classification of their
affective states (especially in spontaneous expressions data). We manually detected the
students from the image. Object localization is performed by putting the bounding box
on the face, body posture, and hand gesture separately for each student, as shown in
Figure 6.5. Once the detection part is done, then the annotation/labeling is performed,
and all the attributes shown in Figure 6.5 are stored in a JSON file. The purpose of
using a JSON file over text or .csv file is that the JSON file format is lightweight, self-
describing, and easy to understand data-interchange format. Further, as per the standard
format of the annotation file, we also converted the JSON file into CVAT XML 1.1
format for storing the annotated data (Sekachev et al., 2019). Instead of storing the
attributed of annotated data in the hierarchical format, the attributes such as affective
states, bounding boxes are stored separately for each frame. The use of storing the
data in the standard format is that the architectures used for the classification can use
any data fusion techniques for the affective state classification such as decision-level,

feature-level, score-level, image-level, confidence-level fusion and so on.

[ Image Frame ID ]

Y y
[Person 1 ] [Person 1 ] ---------

\ 4 Happiness, Surprise,

[ Recognized Delight, Neutral, Sadness,

Affective State Fear, Disgust, Engaged,
Sleepy, Boredom,

Frustrated Confused

Hand Body
Gesture Posture

Bounding box Bounding box
Coordinates Coordinates

Bounding box
Coordinates

Fig. 6.5. Attributes of JSON file for created database.
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Figure 6.5 shows the attributes present in the JSON file. A unique image frame id is
generated for all the image frames present in the database. Every image frame contains
the details of each person present in that image frame. A person’s details include the
person id, followed by the affective state and three different boundary box coordinates
(four coordinate points for each boundary box) for a detected face, gesture, and body
posture. If the posture and gesture of a person are not visible in that image frame, then
only the face coordinates are stored, and the remaining will be filled with null values

and vice versa.

(a) Single person with disgust posed expression.

(b) Multi-person with happiness posed expression.

(c) Uncropped image frame with spontaneous expressions. (d) Cropped image frame with spontaneous expressions.

Fig. 6.6. Sample single frame images of created students’ affective database.
6.1.5 Database Content
For the posed expressions, a video of one minute per person is taken with a posed
affective state. From this video clip, we manually considered one image frame when

the expression is at its peak. If there are multi-person in a single image frame, then we

manually considered the average among the entire persons’ peak affective state, and the
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annotators accordingly select one image frame among them.

The created database with posed expressions contains the frontal face, profile face,
and tilted face (upwards/downwards). Body posture is divided into a normal, half bent,
and resting the upper body on the desk or complete lean pose. Hand gestures are signif-
icantly observed during the question answering sessions (when a student either wants

to clarify a doubt or to answer a question).

A sample image of a single-person with posed expression using face, hand gesture,
and body posture is shown in Figure 6.6 (a). Figure 6.6 (b) shows the sample image
frame of multi-person in a single image frame with posed expressions corresponding to
the happiness. In the creation of the database with posed expressions for multi-person
in a single image frame, we avoided overlapping of persons to a maximum extent by
adjusting the camera position. We also used spontaneous multi-person image data for

training, even in case of overlapping or occlusions.

Spontaneous expressions are observed from classroom data where multi-person are
present in a single image frame. Here, we collected more than 20 hours of data with
60 frames per second. This data includes different poses, gestures, postures, tilted, oc-
cluded, and posed faces corresponding to affective states (happiness, sadness, surprise,
neutral, anger, fear, disgust, engaged, boredom, frustrated, sleepy and confused). An
uncropped sample image is shown in Figure 6.6 (c), where we can observe an occluded
face of the student on the first bench. Further, we observe that the image contains
tilted faces, bent posture, etc. Figure 6.6 (d) shows the cropped image, which con-
tains students for the major part of the image. We also performed manual cropping for
those images where fewer students are present, and more of the classroom structures
like walls, windows, and benches are detected to ensure better clarity of the students’

features.

Further, we created a database with only faces for posed expressions by cropping
the facial part of the image. Thus, we eliminated the hand gestures and body postures
from the image frame. This face database is created with better clarity while compar-
ing it with existing state-of-the-art face emotion detection techniques in the learning

environment.
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6.1.6 Variants of the Database

There are several variants considered for making the database more robust. Some of the

major variants are as follows:

Occlusion: Our database consists of several images with occlusion for all the three
components (face, hand gesture, and body posture). Some sample occluded images are
shown in Figures 6.6 (a) and 6.6 (c). These occluded images are present in both single
and multi-person in a single image frame. Further, these occluded images are present

in this database with both posed and spontaneous expressions.

Background Clutter: In order to increase the detection accuracy during the feature
selection process of posed images, we removed the background clutter for a few images
where background clutter has occurred. Background cluttering is not performed on the

image with spontaneous expressions.

lllumination: Proper lighting is a basic necessity while recording videos. We pro-
vided extra lighting/illumination for proper recognition of the face, for the posed expres-
sions. But for the classroom scenario, no such extra lighting/illumination arrangements
are used during the collection of data to make a real-time classroom scenario and also to
make the data more robust for real-time affective state recognition environment. Since
these video image frames of real-time classrooms are used for training and testing, the

classroom database contains image frames with high, medium, and low light intensities.

Cultural and Regional Variations: Our database consists of students from different
states with different regional and cultural backgrounds. Though out of the annotated
students, 39% are from South India, 26% are from North India, 20% are from West
India, and the remaining 15% are from East India, there is no significant difference in

the way they express their facial expressions and behavioral patterns.

Intra-Class Variation: The number of participants for the classroom environment is
350, and these participants are from different regions and cultural backgrounds. There-

fore, there exist several intra-class variations in the annotated image frames.

Image Cropping: We performed image cropping on various occasions mainly to
increase the visibility of students and also to avoid the background (windows, fans,

etc.). Further, we manually cropped only the face part for posed expressions and created
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a separate face dataset, so that it can be utilized for verification and validation of any

face recognition system.

Deformation: Our database contains deformed images w.r.t. body postures and
gestures. These images are considered to reduce the data augmentation task required

during the training phase of the classroom response system.

Pose: The single-person posed images are considered with different body postures
or angles. Poses can be images with the face tilted to some degree, bent upwards and
downwards, or can be profile photos. These variants in pose increase the robustness in

detection and classification machine and deep learning architectures.

Multipoint View: Posed images are taken from all the three camera positions to
facilitate better accuracy levels due to varied images used in the training phase. Further,
a multipoint view image reduces the need for data augmentation during the training
phase. Also, we obtained the data from different camera angles and image resolutions

to make the database more robust.
6.1.7 Duplications

The image frames for classroom data with spontaneous expressions are collected at the
rate of 60 fps. There is a chance that two successive frames may have more than 80%
similarity, as shown in Figure 6.7. In order to avoid this, we considered the image
frames with a gap of 5 frames. For multi-persons’ posed expressions, we selected 2 to
5 image frames with peak affective state intensity where all the students are present in
that single image frame. If the expressions or poses in those image frames are similar
(more than 80%), then the redundant image frames are discarded. Thus, we avoided

duplications.
6.2 Students’ Engagement Level Database

The second database is created to analyze the students’ behavioral patterns using their
face, hand gestures, and body postures unobtrusively for computer vision techniques.
Students’ engagement is classified into four major engagement levels (ELs) as men-
tioned in Whitehill et al. (2014). The guidelines designed for engagement levels men-
tioned in Whitehill et al. (2014) are modified by adding the features of the facial ex-

pression, hand gesture, and body posture for multiple students in a single image frame.
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Fig. 6.7. Two image frames with a gap of 60 frames with more than 80% similarity of face, hand
gestures and body postures.

* EL 1: Not engaged at all - e.g., looking away from the tutor or board and obvi-
ously not thinking about the task, eyes completely closed etc.

* EL 2: Nominally engaged - e.g., eyes barely open, fully bent on the desk or the
chair, no expression on the face, boredom, clearly not “into” the task.

* EL 3: Engaged in the task - a student requires no admonition to “stay on the
task”. Looking at the teacher/board, taking notes, listening, and discussions with
the teacher etc.

* EL 4: Very engaged - a student could be “commended” for his/her level of en-
gagement in the task.

X: The clip/frame is very unclear, or contains no person at all.

6.2.1 Participants and Engagement Level Annotation

The entire proposed architecture is trained and tested on 350 undergraduate, postgrad-
uate, and doctoral research students of National Institute of Technology Karnataka
(NITK), Surathkal, Mangalore, India. These naturalistic expressions and body pos-
tures of students are collected for more than 10 hours from the classroom environment.
All the classroom data has multiple students in a single frame, but the number of people

in each frame may vary depending on the subjects of discussion and the class strength.

For the given engagement level definitions, manual annotation, verification, and

validation are performed using the Gold standard study (Sidney et al., 2005). The same
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steps are followed even for the engagement analysis, the camera setup, labeling process,
annotation, storing annotated data, variants present in the image data and removal of
duplicants remains the same. Instead of 12 different class labels used in the previous
study, only four different class labels are used. The analyzed reliability among the
labelers is found that they reliably agree with Cohen’s x = 0.43. Further, we also
created a dataset with similar steps with three different class labels, namely: engaged,
bored and neutral and the details including the performance evaluation is mentioned in

Chapter 3 (4.1.4).

Subjects

The students present in this created database belong to the age group of 20 to 26 years.
These students are undergraduate, postgraduate and doctoral research students from

India with different cultural and regional backgrounds.
6.3 Performance Evaluation

We evaluated the created database with the state-of-the-art techniques for the detection,
feature extraction, dimensionality reduction and classification of the face, hand ges-
ture and body posture. The performance evaluation of students’ emotional engagement
database with 12 different class labels is given below. The performance evaluation re-
lated to behavioral engagement with four different class labels and engaged, bored and
neutral class labels are explained in Chapter 4 (4.1.2,4.1.4) and Chapter 3 (3.2.1,3.2.5),

respectively.
6.3.1 Facial Feature Extraction

Initially, the created database with single-face in a single image frame that contains
tilted and occluded images is tested with Haar cascades (Viola & Jones, Viola & Jones)
for face detection and got an accuracy of 73%, and an accuracy of 60% is obtained for
multi-face in a single image frame. The snapshot of a sample image frame on Haar is
applied for multi-face in a single image frame as shown in Figure 6.8. It is observed
from Figure 6.8 that the detection accuracy is less. Even dark regions, objects on the
clothes etc. are also recognized as the face. The detection accuracy of Haar cascades is

poor due to the fact that it fails to recognize occluded and tilted faces.
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Fig. 6.8. Face detection using Haar cascades.

The accuracy of expression recognition highly depends on the selection of appro-
priate features to represent the expressive face. We experimented with different types

of feature extraction techniques as mentioned below.

Local Binary Pattern (LBP) (Ojala et al., 2002) recognizes the pattern from the
given image by comparing the neighboring pixels and represents it in a binary format.
The performance of LBP is better even for illumination variant images. We used LBP
histograms, uniform LBP histograms, and rotational invariant uniform LBP patterns in

this experiments.

Gabor Filters (Jain & Farrokhnia, 1991) are linear filters with frequency and rep-
resentation similar to that of the human visual system. As different frequencies and

orientations are used to extract features, we used 2D Gabor filters.

Local Gabor Binary Pattern (LGBP) (Zhang, Shan, Gao, Chen & Zhang, Zhang
et al.) uses both LBP and Gabor filters. One of the major advantages of LGBP is its

robustness towards both illumination variants and misalignments.

PHOG Descriptor (Bosch et al., 2007): Position of orientations are added to His-
togram of Gradients (HOG) to get Pyramid Histogram of Gradients (PHOG), which is

robust w.r.t. shape change, rotation and illumination variations.

We performed student-independent 10-fold cross validation (Bosch et al., 2016) on
the entire database with cropped images of facial features and tested them among the
techniques such as LBP, Gabor filters, PHOG & LGBP and the corresponding results

are shown in Table 6.1.

165



Table 6.1
Accuracy of Different Feature Extraction Techniques

Average Accuracy | Average Accuracy in %
Feature in % for the for the Single Face
Entire Dataset in a Frame Dataset
LBP 58.73 82.00
Gabor Filters 55.84 81.78
PHOG 47.15 68.00
LGBP 61.11 85.43

We also tested the entire database using machine learning algorithms which use LBP
and Haar cascades for feature extraction, Principle Component Analysis (PCA) for di-
mensionality reduction and Support Vector Machine (SVM) for classification (Ashwin
et al., 2015). Though, these systems perform better for single-person in a single image
frame for frontal face data (as compared to the results mentioned in Table 6.1), they
failed to perform better for the created database. We obtained an accuracy of less than

50% for the entire created database.
6.3.2 Classification of Expressions

The classification of expressions is performed using state-of-the-art deep learning tech-
nique i.e, convolutional neural networks (CNN) (Krizhevsky et al., 2012). The main
benefit of using deep learning over other machine learning or computer vision tech-
niques is that deep learning uses a cascade of nonlinear processing units for feature
extraction & transformation and thus uses the raw features for detection and classifica-
tion. It automatically generates the higher level features from lower level features to
recognize the pattern. Further, it also generates a sparse connectivity which reduces the
cost of matrix computation whereas, other techniques use hand-crafted features with no

automatic generation of higher-level features from lower level features.

Hence, we used inception v3 model of CNN based on GoogleNet architecture Szegedy
et al. (2016) for the recognition of affective states for the entire database. Inception v3
model consists of convolutional layers, average and max-pooling layers, dropout, fully
connected layers and softmax classifier. RGB image data is the input for the training
phase. As mentioned in (Szegedy et al., 2016), the process starts with the convolutional
layer, where 3*3 convolutions are performed with 3 traditional inception modules at

1080*1080 with 288 filters each. Then, the activation function is used before pooling.
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These three layers loop around for many iterations, occasionally a dropout layer follows
to avoid overfitting. Finally, it is connected to the fully connected layer which classifies

the given affective state using the final layer with the softmax classifier.

Data augmentation': Since the data augmentation increases the accuracy, hence we
included augmented images. A total of 24000 image frames are fed to training and
testing phases of affective state classification. We used student-independent 10-fold
cross validation as mentioned in Bosch et al. (2016) for the results obtained by the

CNN using GoogleNet architecture.

Detection of Face, Hand Gesture and Body Posture for Affective State Classifica-
tion: The data obtained from the fully connected layer is used to plot the boundary box
coordinates (Redmon et al., 2016). The obtained results after student-independent 10-
fold cross validation for detection of the face, hand gesture and body posture are shown

in Table 6.2.

Table 6.2
Detection Results w.r.t. Face, Gesture & Posture
Performance Metrics | Face | Gesture | Posture

Accuracy 77.00 | 91.00 86.00
Recall 00.67 | 00.86 00.79
Precision 00.72 | 00.89 00.81
F1-score 00.74 | 00.91 00.83
MCC 00.70 | 00.83 00.80

AUC 00.71 | 00.82 00.79

It is observed from Table 6.2 that the detection accuracy of hand gesture is high.
This is due to the fact that the hand raise is one of the hand gestures and it becomes
easy for the CNN architecture to extract features even for the last bench students. We
also obtained the results w.r.t. the detection of single and multi-person in a single image
frame as shown in Table 6.3. The clear distinction of all the features makes single-
person in a single image frame data more accurate than multi-person in a single image

frame data.

Our database contains classes of different sizes. For example, in spontaneous ex-
pressions, the fear affective state is not frequently observed when compared to happi-

ness or engaged class. Hence, we used the Matthews Correlation Coefficient (MCC) for

'Same data augmentation parameters used in Section 3.2.3 Chapter 3 are used in this study.
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Table 6.3
Detection Results w.r.t. Single and Multi-Person

Performance Metrics | Single Person | Multi-Person
Accuracy 87.80 79.11
Recall 00.78 00.68
Precision 00.79 00.71
F1-score 00.83 00.74
MCC 00.71 00.63
AUC 00.77 00.67

analyzing the results for the database. MCC values range from -1 to +1 (worst-case to
best-case) where the prediction rate versus the observed rate becomes the same. From
Tables 6.2 and 6.3, it is observed that the MCC value is above 0.6. This shows that the
prediction rate is high even with classes of different sizes. Further, a better prediction

rate is ascertained from the area under the curve (AUC) from Tables 6.2 and 6.3.

Table 6.4
Classification Results for Different Affective States

PM Ha | Su | De | Ne | Sa | Fe | Di | En | SI Bo | Fr | Co
Accuracy | 0.82 | 0.84 | 0.82 | 0.80 | 0.84 | 0.82 | 0.86 | 0.85 | 0.84 | 0.83 | 0.79 | 0.77
Recall 0.76 | 0.79 | 0.77 | 0.69 | 0.71 | 0.69 | 0.72 | 0.70 | 0.80 | 0.75 | 0.71 | 0.73

PD Precision | 0.78 | 0.81 | 0.77 | 0.71 | 0.73 | 0.74 | 0.73 | 0.71 | 0.81 | 0.79 | 0.74 | 0.76
F1-Score | 0.81 | 0.83 | 0.80 | 0.72 | 0.77 | 0.76 | 0.75 | 0.74 | 0.85 | 0.83 | 0.77 | 0.80
MCC 0.69 | 0.75 ] 0.71 | 0.69 | 0.65 | 0.68 | 0.67 | 0.64 | 0.71 | 0.74 | 0.68 | 0.71

AUC 074 10.76 | 0.72 | 0.71 | 0.67 | 0.71 | 0.70 | 0.68 | 0.76 | 0.75 | 0.69 | 0.73
Accuracy | 0.71 | 0.63 | 0.65 | 0.70 | 0.57 | 0.59 | 0.58 | 0.61 | 0.71 | 0.67 | 0.63 | 0.55
Recall 0.69 | 0.61 | 0.59 | 0.68 | 0.53 | 0.52 | 0.55 | 0.60 | 0.69 | 0.63 | 0.61 | 0.51

SD Precision | 0.75 | 0.66 | 0.61 | 0.72 | 0.55 | 0.55 | 0.57 | 0.60 | 0.69 | 0.66 | 0.65 | 0.54
F1-Score | 0.71 | 0.62 | 0.62 | 0.67 | 0.51 | 0.51 | 0.56 | 0.61 | 0.68 | 0.67 | 0.61 | 0.53
MCC 0.69 | 0.53 | 0.63 | 0.70 | 0.43 | 0.53 | 0.51 | 0.63 | 0.69 | 0.66 | 0.60 | 0.54

AUC 0.71 | 0.69 | 0.60 | 0.70 | 0.52 | 0.50 | 0.55 | 0.61 | 0.67 | 0.62 | 0.61 | 0.56

A: Accuracy; P: Precision; R: Recall; M: MCC; A:AUC

PM: Performance Metrics; PD: Posed Dataset (single and multi-person); SD: Spontaneous

Dataset (multi-person); Ha: Happiness; Su: Surprise; De: Delight; Ne: Neutral;

Sa: Sadness; Fe: Fear; Di: Disgust; En: Engaged; Sl: Sleepy;
Bo: Boredom; Fr: Frustrated; Co: Confused.

Classification of Affective States: The classification results of 12 affective states
(including neutral) for posed and spontaneous data are shown in Table 6.4. It is observed
from the results that the accuracy, precision, recall, and F1l-score values are better for
posed data when compared to spontaneous data. This is because the posed dataset
contains an almost equal number of image frames for each affective states. Whereas the

spontaneous data contains different number of image frames for each affective state.
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For e.g., engaged affective state is observed more compared to fear affective state and
hence, the number of image frames for each affective state is different. Hence, we
performed MCC on spontaneous data and the results suggest that the performance of

the proposed model is better even for datasets of different number of image frames.

Figure 6.9 shows the heatmap generated from the confusion matrix. It is observed
from heatmap that the affective state recognition is more accurate for surprise and less
accurate for fear and sadness affective states. Reason for the high accuracy for surprise
affective state is that it has unique facial features which are recognized easily when
compared to happiness and neutral affective states with almost similar features of the

face, hand gestures and body postures.

Ha Su De Ne Sa Fe Di En Sl Bo Fr Co
Ha: Happiness; Su: Surprise; De: Delight; Ne: Neutral; Sa: Sadness;
Fe: Fear; Di: Disgust; En: Engaged; Sl: Sleepy; Bo: Boredom;
Fr: Frustrated; Co: Confused.
Fig. 6.9. Heatmap for confusion matrix.

Similarly, the sleepy affective state has high accuracy due to unique features of the
face, hand gesture and body posture. Whereas sadness affective state has similar fea-
tures of boredom and hence this affective state has less accuracy. The engaged affective
state gets misclassified with happiness and neutral. Frustrated & boredom, surprise &
delight are misclassified with each other. As already mentioned, CNN requires suffi-
cient training data for better performance, frustrated, fear and sadness affective states
are less likely to appear in classroom scenario and hence we have less accuracy/recall;
only posed expression contains frustrated, fear and sadness affective states but students

seldom express these affective states in the classroom environment.

The results of overall detection and classification accuracy for affective state recog-
nition using the CNN model based on the GoogleNet architecture are shown in Table

6.5. The detection and classification accuracies mentioned in Table 6.5 are computed
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based on the average of single person posed data, multi-person posed data and spon-
taneous expressions data. After student-independent 10-fold cross validation, we ob-
tained an accuracy of 88% for single person posed data, 79% for multi-person posed

data and 61% for spontaneous expressions data.

Table 6.5
Overall Results of Detection and Classification

Performance Metrics | Detection | Classification
Average Accuracy 0.83 0.76
Average Recall 0.76 0.73
Average Precision 0.80 0.76
Average F1-score 0.82 0.79
MCC 0.75 0.65
AUC 0.77 0.72

Affective State Recognition of Single and Multi-person: We experimented the cre-
ated database separately for the single and multi-person in a single image frame and
the results of detection and classification accuracy w.r.t. each fold are shown in Figure
6.10. Similarly, Figure 6.11 shows the results of detection and classification accuracy

w.r.t. face, hand gesture and body posture.

Accuracy in Percentage
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——— Multiple Person Detection L Single Person Detection
Multiple Person Classification ——%¥—— Single Person Classification

Fig. 6.10. Single and multi-person detection and classification accuracy w.r.t. each fold.

It is observed from Figures 6.10 and 6.11 that detection and classification accuracy
of single-person (e-learning scenario) is high since those image frames are completely
visible with the face, hand gesture, and body posture. Whereas in the multi-person
(classroom environment), the face is the only visible part for all the students in the
entire class. This is due to various variants (mentioned in Section 6.1.6) which may not
be properly trained for that particular affective state and also all the faces, hand gestures

and body postures are not visible for all the students in a classroom scenario. It is also
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Fig. 6.11. Face, hand gesture and body posture’s detection and classification accuracy w.r.t. each fold.

observed from Figures 6.10, 6.11 and Table 6.1 that the CNN performs better than any
other feature extraction technique interms of detection and classification accuracy for

single-person (e-learning scenario).

The overall classification accuracy of affective states w.r.t. face, hand gesture and

body posture is shown in Figure 6.12.
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Fig. 6.12. Overall detection and classification accuracy w.r.t. face, hand gesture and body posture.

Dataset Dissemination

This created database can be accessed currently by approaching the authors. Once the
journal papers gets accepted, it will be disseminated to the users by signing in the EULA

(End-User License Agreement) through the link hccg.nitk.ac.in.
Ethics Statement and Acknowledgment

The experimental procedure, participants, and the course contents used for the all the
experiments conducted and mentioned in this thesis are approved by the Institutional
Ethics Committee (IEC) of NITK Surathkal, Mangalore, India. The participants were

also informed that they had the right to quit the experiment at any time. The video
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recordings of the subjects were included in the experiment only after they gave written
consent for the use of their videos for this research experiment. All the subjects were
also agreed to use their facial expressions, hand gestures, and body postures for all the

process involved in the completion of the entire project.

The authors wish to thank undergraduates (B.Tech.), postgraduates (M.Tech.), and
doctoral research (Ph.D.) students of Department of Information Technology, National
Institute of Technology Karnataka Surathkal, Mangalore, India for their voluntary help

for creating the student engagement database in learning environments.
6.4 Summary

The multimodal affective database for both e-learning (single student in a single im-
age frame) and classroom environments (multiple students in a single image frame)
is successfully created using the students’ facial expressions, hand gesture, and body
posture. Both posed and spontaneous expressions are collected to make the training
set more robust. Also, various image variants are considered during the dataset cre-
ation. Annotations are performed using the gold standard study for 11 different affec-
tive states, including neutral. The annotators reliably agree when discriminating against
the recognized affective states with Cohen’s x = 0.48. Further, we created a behavioral
engagement level dataset and a dataset with students’ engaged, bored and neutral af-
fective states. Object localization is performed on each modality of every student, and
the bounding box coordinates are stored along with the affective state. We obtained an
accuracy of 83% and 76% for the detection and classification of affective state classifi-
cation. Further, we cropped only the face part of the image and thus created the dataset
with posed facial expressions for both Ekman’s basic emotions and learning-centered

emotions for better comparison with other datasets.

One of the major limitations of this study is that the majority of students present in
the created dataset are Indians. Hence, the working of the deep learning architectures
for emotion classification and localization may differ when we test on other than Indian
students. The next chapter, concludes the research work presented in this thesis with

future directions.
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Chapter 7

Conclusions and Future Directions

7.1 Conclusions

Pervasive intelligent learning environments can be made more personalized by adapt-
ing the teaching strategies according to the students’ emotional and behavioral engage-
ments. The students’ engagement analysis helps to foster those emotions and behavioral
patterns that are beneficial to learning, thus improving the effectiveness of the teaching-
learning process. Unobtrusive students’ engagement analysis is performed using the
students’ non-verbal cues such as facial expressions, hand gestures, and body postures.
Though there exist several techniques for classifying the engagement of a single stu-
dent present in a single image frame, there are limited works on the students’ engage-
ment analysis in different learning environments such as the classroom, webinar, flipped
classroom environments, and so on. Further, there exists no standard database with stu-
dents’ affective states in different learning environments. Classification of students’
affective states in real-time and use it as feedback to enhance the teaching-learning
process is also not explored in the literature. Hence, in this work, we addressed these

issues, and the details of the contributions are given below.

The first set of contributions address the issues related to students’ emotions engage-
ment analysis, where the multi-facial emotion recognition from facial expressions are
addressed using the proposed algorithms based on Modified Affine Transformation and
Viola Jones based Haar Cascades. Experimental results demonstrate that our proposed
algorithm outperforms the existing Viola-Jones algorithm by 6% for YALE, FDDB,
and top 25 Google’s searched tilted face™ datasets. Video affective content analysis is
performed using both audio and visual features using SVM and RBM classifiers. From
experimental results, it is observed that our proposed hybrid SVM-RBM classifier per-
forms better than individual SVM and RBM classifiers for audio-visual emotion recog-
nition with annotated data. Also, a deep learning-based hybrid CNN model is proposed
to predict the students’ affective states, such as bored and engaged in the classroom
environment. The multimodal analysis is performed using the students’ facial expres-

sions, hand gestures, and body posture to increase the robustness of the method. Since



the classroom image frame data contains multiple students in every image, a group en-
gagement score is predicted for image frame data using the feature fusion technique.
Further, a CNN based architecture is proposed to test in e-learning, flipped classroom,
classroom, and webinar environments for 12 different students’ affective states. After
performing student-independent 10-fold cross-validation, we obtained an accuracy of
77% for the students’ affective state classification and 79% for object localization. As
an enhancement to the proposed work, a few less frequently observed learning-centered
emotions like Eureka, and contempt can also be considered to analyze its incidence and
temporal dynamics during the teaching-learning process. One of the limitations of this
study is that the combination of the emotion is not tracked as only the affective state
prima facie will be judged, and the cognitive aspects are not completely considered. For
example, a student may be sad but engaged. This will be classified under sadness and

not engaged.

The second set of contributions address the issues related to students’ behavioral en-
gagement. The students’ behavioral engagement analysis method is proposed and im-
plemented in the classroom environment using their facial expressions, hand gestures,
and body postures. The proposed scale-invariant context assisted single-shot CNN ar-
chitecture performed well for multiperson in a single image frame. It is also observed
that the results are better for multimodality than single modality. We could recognize
most of the students in the wild and predict four different behavioral engagement levels.
A single group engagement level score for each frame is obtained using the proposed
feature fusion technique. We performed student-independent 10-fold cross-validation,
where the students present in training data are not present in the test image frames and
thus obtained a mAP of 73.22%. The use of feature pyramid and context-sensitive layers
in proposed architecture enhanced its performance leading to outperform the existing
state-of-the-art architectures such as Inception and Hyperface. Even after the addition
of feature pyramid and context-sensitive layers, the proposed method is able to classify
the engagement levels with a predict time of 2153ms per frame. The proposed multi-
modal analysis outperformed the popular survey-based methods (NSSE, and AUSSE)
for student engagement analysis by showing a positive correlation between behavioral
engagement and test performance. Further, frequency, temporal dynamics, and distri-

bution of the engagement levels are analyzed. The proposed method is also tested on
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the classroom subset of the ImageNet database. Video surveillance-based students’ be-
havioral engagement analysis is also proposed and implemented in computer science
and information technology teaching laboratories. There is a positive correlation be-
tween students’ engagement and learning. Also, this engagement analysis system out-
performed the existing survey-based engagement analysis systems. This study limits
only to the classrooms and computer-enabled teaching laboratories, but various other
asynchronous learning environments such as m-learning, collaborative e-learning, so-

cial e-learning are not explored.

The third set of contributions address the issues related to the use of recognized stu-
dents’ affective state as feedback to enhance the teaching-learning process in real-time.
Here a real-time students’ engagement analysis is proposed for both the individual and
group of students based on their facial expressions, hand gestures and body posture
for e-learning, flipped classroom, classroom, and webinar environments. The proposed
model effectively classifies the students’ affective states into teacher-centric attentive
and in-attentive affective states. To address the negative impact of in-attentive affective
states on the performance of students, Inlvs are proposed. The proposed method with
multi-person detection, multi-modality, group engagement score, inquiry intervention,
and with an classification accuracy of 0.77 for a test data of 350 students, outperforms
the existing methods. Experimental results demonstrated that there is a positive corre-
lation between the students learning rate and their attentive affective state engagement
score for both individual and group of students. The proposed affective state transi-
tion diagram and appropriate visualizations helped students and the faculty members to

improve the teaching-learning process.

Though there are various teaching strategies adapted, it is not possible to put an end
to distraction in the learning environments which include students bending down to use
cellular phones, turning to pass notes or any such activities where the face may not be
detected clearly. This limits the accuracy of affective state classification. In a dynamic
learning environment, there will be various aspects to study in order to implement the
proposed methodology. Even if a few such aspects are considered for the study, it is

hard to control all of them. The Inlvs are not tested on such uncontrollable aspects.
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The fourth set of contributions is related to the creation of the affective database
with students’ facial expressions, hand gestures, and body postures in different learning
environments. The multimodal affective database for both e-learning (single student in
a single image frame) and classroom environments (multiple students in a single image
frame) is successfully created using the students’ facial expressions, hand gestures, and
body postures. Both posed and spontaneous expressions are collected to make the train-
ing set more robust. Also, various image variants are considered during the dataset cre-
ation. Annotations are performed using the gold standard study for 11 different affective
states, including neutral. The annotators reliably agree when discriminating against the
recognized affective states with Cohen’s xk = 0.48. Further, we created a behavioral
engagement level dataset and a dataset with students’ engaged, bored, and neutral af-
fective states. Object localization is performed on each modality of every student, and
the bounding box coordinates are stored along with the affective state. We obtained an
accuracy of 83% and 76% for the detection and classification of affective state classifi-
cation. Further, we cropped only the face part of the image. We thus created the dataset
with posed facial expressions for both Ekman’s basic emotions and learning-centered
emotions for better comparison with other datasets. One of the limitations of this study
is that the majority of students present in the created dataset are Indians. Hence, the
working of the deep learning architectures for emotion classification and localization

may differ when we test on other than Indian students.

In summary, we proposed different architectures to classify the students’ affective
states in different learning environments for both emotional and behavioral engagement
analysis. The multitude of modalities, group engagement analysis, and object local-
ization for each student is considered in the study. Different databases are created and
benchmarked, such as (i) students’ affective state database for 11 different learning-
centered emotions and the neutral; (i1) students’ behavioral engagement dataset with
four different engagement levels, and (iii) students’ affective state database in the class-
room environment with bored and engaged affective states. Real-time students’ affec-
tive state classification is used as feedback to the teacher to perform automatic inquiry
interventions and enhance the teaching-learning process. Various transition diagrams
and visualizations are proposed to better understand the students’ engagement in dif-

ferent learning environments such as e-learning, classroom, webinar, and flipped class-
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room environments. Experimental results demonstrate that our proposed algorithms

outperform the state-of-the-art techniques.

The gaps mentioned in Chapter 2.6 are addressed through the following contribu-

tions as summarized in Table 7.1.

Table 7.1
Overall Results of Detection and Classification

Gaps Contributions

Data from large classrooms, webinars, The created students’ database
and flipped classroom environments considering all these environments

Multimodal emotion recognition for Automatic detection of the students’
multiple students in a single image frame | emotion in image frames obtained from
the classroom environments

Image/video frame based group Group engagement analysis using feature
engagement analysis or group level score fusion and Atkinson’s index
prediction using multiple students in a
single image frame

Behavioral engagement of the students in Students’ behavioural engagement in

the classroom environment. classroom environment using four
different engagement levels
The students’ engagement analysis in Students’ behavioural engagement using
computer-enabled teaching laboratories four different engagement levels in

computer-enabled teaching laboratories

Adapting the teaching strategy based on | Automated Inlvs using students affective

the students’ affective states states
Multitude of modalities for each student Intra-image multimodality with object
present in the image frame along with the localization for the entire created
object localization database

7.2 Future Directions

The research work conducted in this study has several future directions to improve the

current work and the details are mentioned below.

Additional factors such as time and context can be explored for better engagement
analysis of students. Existing time-aware and context-aware recommendation systems
architectures can be explored and finetuned for its applicability in the students’ affective
state prediction with additional parameters such as time and context. The temporal
dynamics of the students’ affective states can be explored using the framework which
considers the previous image frame data as a memory (architectures such as RNN,

LSTM, and so on).
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Mapping of a teacher’s affective states & behavior with the students’ affective states
& behavior and analyzing the impact of the teacher’s verbal and non-verbal cues to
improve the effectiveness of the teaching-learning process can be explored. Here, both
audio and visual data need to be processed. And the issue of synchronizing the cameras
(both capturing the student and the teacher) along with the voice of both the students’

and the teacher is challenging.

Object localization and student identification can be introduced to enhance the auto-
tutors’ performance by making the teaching-learning process more personalized. The
auto-tutors are currently confined only to the traditional e-learning environment. Social
and collaborative e-learning contains image frame data with more than one student in
a single image frame. In this context, it is necessary to differentiate each student and
classify their affective states using their multitude of modalities, object localization, and

student identification.

The data obtained from the proposed method can also be used to map various student
assessments such as diagnostic, formative, and summative assessments and to check
for possible correlation among them. The predicted students’ affective states can be
mapped to the students’ understanding using the various student assessments to get an
automated assessment of each course w.r.t. course plan, course objective, program-
ming objective, and so on. This can also be used to effectively analyze the students’

understanding within the academic learning time.

The proposed method can also be explored for different users to know the user expe-
rience in various other domains such as entertainment, marketing, healthcare, and so on.
A few affective states considered in this study, such as engaged, frustrated, confusion,
boredom, and so on, are also observed in other domains. Finetuning of the proposed
architecture is required as different features are observed at various other domains (For
example, user affective state prediction in a shopping mall should consider the person
who is standing or walking (which cannot be trained using the created database)). Still,
the affective state features from facial expression remain informative for such predic-

tions as well.

Testing the proposed models for the engagement analysis of students in a smart cam-

pus where collaborative and social learning platforms are adopted, and an unobtrusive
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students’ engagement analysis can be used to make intelligent tutoring systems more
personalized in these platforms. For such platforms, the deep learning architecture may
run on the local machine and hence, should be a lightweight application that consumes

less bandwidth and installation space.

More annotations can be made to the created database to identify the students with
gender, demography, and so on. The annotations can also be performed for context,
time, course, instructor, year of study, and so on, such that more precise and possible

correlations can be explored.

Different feedback mechanisms can be tested based on the real-time students’ affec-
tive state classification. Active learning has intellectually, socially, and physically active
learning strategies. Inquiry activities are one of the instructional strategies related to in-
tellectually active learning. Different active learning stratergies other than intellectually
active learning can be automated and explored for enhancing the teaching-learning pro-

CESS.

The accuracy of the students’ affective state classification and localization can be
improved using various low-level, mid-level, and high-level feature construction meth-
ods. The image frame-based data can be used to analyze the temporal and spacial
features to enhance the affective state prediction accuracy using various state-of-the-art

deep learning techniques.
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