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Abstract
This work concentrates on two issues. Firstly, to develop 
an emotion detection system based on Machine Learning 
algorithms applied to facial and allied analyses, in particular, 
detecting the dilation features of the pupil of the eye, so 
that various degrees of emotions and attentiveness can be 
detected. This would answer questions like, in a classroom 
teaching environment, how attentive is a student – that is to 
what degree or percentage – in a class, how happy, sad or 
scared – once again to what degree or percentage – a person 
is in response to an event or in an environment, and questions 
like that. Secondly, the system should be able to detect these 
emotions as displayed by a group of people, and not just an 
individual. As it is seen in existing literature, facial analysis 
research has concentrated on many aspects like social norms, 
refinement of analysis, reduction of noise etc. However, the 
problem that this research is addressing has dealt with in very 
few instances of research. It may thus be concluded that in 
the issue of mass scale emotion detection, a lot of research is 
yet to come. It is hoped that the findings of this research will 
pave way to solving problems like understanding student 
behaviour in a teaching environment, understanding crowd 
behaviour in an open environment, understanding audience 
emotions in response to a piece of art, and so on.
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Introduction
Emotion detection is both quite instinctive and rather inherent 
to human beings when they communicate with one another. 
In fact, effective communication between two or more human 
beings is very much founded in understanding and reacting to 
the reactions of one another, and it is seen that those who can 
understand others’ emotions can easily steer a conversation 
in their willed way. 
However intelligent and instinctive human beings may be, 
they more often than not fall short of skills when it comes to 
understanding the masses. If a classical example of a teacher 
teaching a number of students in a class is considered, it is 
impossible for the teacher to catch the reactions of each and 
every student because it is awfully hard, even impossible, to 
keep track of how each and every student is emoting. It is to be 
noted here, though, that students will react through emoting 
to the content of the lecture on the basis of how they feel about 
the content, the lecture delivery, the time of lecture, etc, which 
are all indeed important for the teacher to keep track of if s/
he wishes to connect and reach out to the students in order to 
truly help them learn. Yet, in large samples of students, it is 
found to be difficult to keep track of their reactions.
This is where the use of Machine Learning (ML) in emotion 
detection will come into play, as has been indicated in the 
following section, Background, Literature Review and 
Analysis.
Background Study, Literature Review And Analysis
A)	Background
Historically, The study of facial expressions and their 
connection to emotions has roots in the work of Charles 
Darwin and Paul Ekman, who identified universal emotions 
and their corresponding facial expressions. Darwin’s 
seminal work, “The Expression of the Emotions in Man and 
Animals” (1872), laid the groundwork for understanding 
facial expressions as a means of non-verbal communication. 
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Ekman’s identification of six basic emotions (happiness, 
sadness, fear, disgust, anger, and surprise) further advanced 
this field by providing a framework for categorizing facial 
expressions.
B) Literature Review
(Saxena, Khanna and Gupta, 2020) have accounted for the 
performance of various computing techniques based on 
whether emotion detection was done on the basis of, apart 
from text records, facial changes, physiological properties, 
as well as speech. Apart from this  several other pieces of 
research exist that talk about emotion detection in general. 
(Alslaity and Orgi, 2022)  have also dealt with such issues in 
general.
The results also showed that a significant amount of work 
exists in the field of emotion detection from the point of view 
of analysis of dialogues represented textually. 
One of the most general treatises on emotion detection has 
been presented (Khan et al., 2020) by Saxena et al. writing 
about the multifarious ways and modes in which researchers 
have tried to capture and analyse human emotion.
(Zad et al, 2021) have stated that using certain psychological 
models, automatic Machine Learning (ML) based detection 
of hidden emotions in dialogues, in the form of texts, is an 
important trend in Natural Language Processing (NLP). 
(Nandwani et al. 2021) say that, for various purposes, 
sentiment analysis of people – regarding their happiness, 
frustration, sorrow etc towards any topic of discussion 
must be captured, and where sentiment analysis falls 
short, emotion detection can be done to predict with some 
authority what peoples’ moods are, And these analyses can 
be done through analysing textual information, as found in 
written dialogues over the Internet, for example. Citing the 
need for understanding and predicting customer moods, 
(Acheampong et al.  2021) recommend text-based detection of 
customer emotions from feedbacks etc.
(Guo, 2022) demonstrated a high degree of accuracy in 
predicting emotion embedded in texts using a combination 
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of deep learning and natural language processing. Yet 
again, Acheampong et al. venture to list, describe and 
evaluate critically several BERT-based approaches to text-
based emotion detection (Acheampong et al., 2021). Sifting 
through more than 800 scopus and more than 80 Web of 
Science papers, Kusal et al. have described various AI driven 
approaches to emotion detection in big data especially from 
social media textual conversations (Kusal et al, 2021).  (Zhu 
and his associates 2021) also talk about transformer-driven 
approaches to emotion detection from dialogues.
(Mao and his companions 2022) have critically studied Pre-
Trained Language Models (PLMs) in detection of emotion 
from prompts. Many other papers including (Ali et al, 2022; 
Deng and Rewn, 2023; Imran et al, 2020; Kabir and Madria, 
2021; Heredia et al, 2022; Li et al, 2020; Krommyda et el, 2021; 
Zhang et al, 2020; Bashir et al, 2023; Aslam et al, 2022), to name 
just a few, readily speak in the lines described just - dealing 
with textual or conversational data. (Tesfagergish et al. 2022) 
have done the same thing, using a two pronged approach.
Some of the research, however, dipped hands in providing a 
multimodal view – in describing how many different ways or 
sources can be used in the analysis of emotions. For example, 
], (Zhang, Pin and their colleagues 2022) have dealt with 
multimodal techniques in order to do emotion detection, and 
so have (Shenoy et al. 2020) who have advocated that in order 
to detect the emotion of persons, a multimodal approach 
is best chosen, and they have devised a solution involving 
end to end RNNs to that end, which, so they claim, outdid 
existing multimodal methods at the time of the paper by 
addressing existing drawbacks. (Abdullah et al. 2021) have 
also dealt with the topic of multimodal emotion detection. 
(Huddar et al., 2020) advocate an RNN based approach to 
deal with interlocutor and contextual states in conversations; 
their work, again, focus on the multimodal approach. This 
also extends to (Tu et al., 2024). 
A few other searches worth mentioning are those that involved 
EEG (Electro Encephalogram) recordings. For example, (Ding 
et al. 2020) had come up with “TCeption” – their own deep 
learning framework for analysing emotions from subjects’ 
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EEG data, and it was claimed in this paper that TCeption was 
performing better than similar approaches. (Liu et al., 2024) 
have worked on multimodal as well as EEG approaches to 
emotion detection.
Since the main focus of our research was face-based emotion 
detection, the next string that was used was “emotion 
detection on a mass scale through facial analysis”. Many 
research paper exist for facial detection, of which a very few 
are listed below as examples.
(Shahzad et al. 2023) go on to prove that while doing emotion 
detection through Deep Convolutional Neural Networks, 
if the classifiers of each layer is substituted by an SVM or 
ensemble classifier, the results improve by 7-9% per layer.
(Chavali and others 2023) propose a system of telling a 
person’s gender and age through facial analysis and emotion 
recognition.
(Kalyta et al. 2023) have devised a model to predict the sudden 
emotional changes in a subject under study.
The mass capture of emotions seems to be a not-so-treaded 
area. However, a part of the papers that seem to be very 
relevant for our research are as follows.
(Mukhopadhyay et al., 2020) have worked on continuous 
image frames from online classes to detect what emotion and 
what state of mind is exhibited by the students, and have 
respectively achieved 62% and 65% accuracy. 
(Gupta, Kumar and Tekchandani 2023) performed real-time 
facial analysis on students of online classes to see whether 
or not they were engaging in the learning activities. Using 
various deep learning models on a number of datasets in 
a system of their own devise, the authors have reported 
significant gains in accuracy.
(Savchenko, et al. 2023) addressed the difficulty of emotion 
detection in videos for want of proper and clean-enough 
labels in databases for this purpose, and has proposed a 
combination of multi-layered perceptron and LightAutoML 
classifier to tackle the situation.
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(Savchenko, 2022)   looks into the issue of students’ emotion 
detection in online  teaching-learning environments. The 
authors refer to their work on recognising student emotions 
through a single neural network, after a certain level of 
processing. In this paper, it is claimed that the system is able 
to detect (a) the degree of involvement in the lectures, (b) the 
type of emotion and (c) nature of effect to the study group.
Although (Zou et al. 2023) worked on large-scale videos in 
order to establish context-to-facial expression correlation in 
order to tackle confusions in emotion detection, this work 
does not fit the bill when it comes to detection of emotion 
of the masses. However, their ideas can be borrowed and 
perhaps can be scaled up in establishing emotions in the 
reactions of the masses.
(Castellano et al., 2023), has prepared an FER based system 
for emotion detection on masked faces. This study perhaps 
can be used in our research as masses will include masked 
faces.
(Alisawi et al., 2023) provide a valuable insight into the 
research on real-time emotion recognition done in the last few 
years.
(Bisogni et al., 2023) present a comparative study and conducts 
experiments that veer towards recognition of emotions from 
a distance.
(Atymtayeva et al., 2023) describe methods for rapid detection 
of emotions from candidates’ facial contours.
C)	Analysis
It is seen in the Literature Review section that, a few ML 
techniques have been used for detecting a range of emotions 
in general, analysing facial dynamics of the human subjects, 
electro encephalographs, textual information as evident 
from conversations and the like. There is a good scope of 
improving on the facial analyses aspects to increase the range 
and the degree of emotions that can be detected for individual 
subjects. It can then be explored if this same technology can 
be extended to include groups of subjects too.
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	 On the other hand, if it is enquired: how reliable is 
facial expression on its own, in telling emotions correctly, 
then it is found to be somewhat lacking in the sense, as per 
common knowledge goes, people sometimes make all sorts 
of expressions that do not really match with the situation at 
hand. For example, the loss of one’s home cricket team ought 
to make people make a sad face, but many a times people 
laugh or smile sarcastically and joke about it to lighten the 
grief or even to emphasise the ignominy in the loss. It would 
then be impossible for a machine learning algorithm to decide 
if the people were not laughing out of joy or happiness or 
merriment. (Huddar et al. 2021) presented a multimodal 
model by referring to interlocutor and context base emotion 
detection, albeit in textual data. It would then seem that the 
context of the home team loosing being put into view, the 
laughter would be deemed to have happened out of sarcasm 
and not out of joy.
	 However, in a classroom environment, when the 
task ITSELF is to determine the responsiveness and attention 
students are paying to a particular topic, or teaching style 
and mode and environment, or time of the day, etc, such 
contextual considerations are irrelevant.
	 In this paper we look at pupil dilation as an allied 
means to supplement facial analysis finding. To this effect, 
one or two noteworthy pieces of work may be cited.
	 It is noted by (Hershman, 2023) that pupil dilation is a 
direct function of cognitive engagement, a finding that is very 
relevant to the research that is being undertaken. 
	 (Baltacti et al., 2016), resorting to an amalgamation of 
decision tree and Adaboost Random	 Forest (ABRF), have 
worked on stress detection in computer users, where they 
have used pupil dilation as one of the methods.
	 (Khan and others, 2020) report using pretrained 
models and multiple strata of convolution to achieve pupil 
detection in video pictures, and claim to have gained more 
significant results than other efforts of that time.
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Thus, these three pieces of work gives enough incentives to 
pursue pupil dilation as a supplementary way to be double 
sure that our emotion detection, with respect to a student 
reacting to the prevalent teaching environment, is as far 
accurate as can be.
It is clear that this study aims to give accurate feedback 
regarding classes to the concerned teachers and mentors. 
Before a proposed model is designed, the following 
assumptions are to be made:
(i) The videos acquired during classroom teaching NEED NOT be 
analysed in real-time. The feedback of the class is to be taken 
after the class is over, and instead of feedback forms, the class 
video is to be perused.
(ii) Moving pictures need not be analysed for feedback, only frame 
by frame analyses are sufficient. The data for emotion detection 
and analysis can be understood by slicing the video feed in 
frames and then analysing them.
(iii) The classes into which the final results can be assigned can be 
made such that they are mutually exclusive and exhaustive. This 
is done so that there is no confusion in the classification. 
There may be several overlapping features in each of the 
results. However, for avoiding clashes and mixes, each of the 
predictions will be deemed separate and not overlapping. 
For example, if A, B, C, D are features, and we consider two 
predictions: P1(A-20%, B-40%, C-40%, D-20%) and P2(A-
30%, B-30%, C-30%, D-10%), then they will be considered as 
separate groups. This makes sense: although every frame of 
emotion that a human being exhibits contains bits and pieces 
of other frames possible, each frame refers to (or results in) a 
particular state of mind, and hence may easily be counted as 
separate from any other frame of emotion. In fact, leading on, 
each of the system results will form an Entropy of Information 
= 0 (pure) by design itself.
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As such, the system is proposed as follows:

Explanation of (3.1):
Subsystem 1: 
(i) Convolutional Neural Network based classifier
(ii) Trains on available data sets as well as datasets that maybe 
prepared from video frames of classroom footages
(iii) Detects various degrees of various facial expressions, as 
possible indicators of emotions.
(iv) Its output is combined with a weight W1 indicative of 
how important its output is in the scheme of things.
Subsystem 2:
(i) Convolutional Neural Network based model to detect and 
analyse various degrees of pupil dilation.



150

Applied Machine Learning: Concepts, Algorithms, and Real-World Applications 

(ii)  Its output is combined with a weight W2 to determine its 
importance in the total calculation.
Subsystem 3:
(i) Compares and combines (1, W1) and (2, W2) to form 
dataset D of tuples 1 to N. Let each tuple be designated as 
T1, T2,…,Tn such that:Each Ti consists of values to attributes 
A1,…,Am of the dataset.There are separate classes of results 
as per assumption (iii). For all i <= k, Ci is mutually exclusive 
and exhaustive to Ci+1. K = number of classes. 
Subsystem 4:
(i)  A Naïve Bayesian Classifier that will map on the observed 
attributes to a particular state of mind in the class, with 
regards to attentiveness, liveliness, engaged, somewhat 
engaged, disengaged, etc,
Design Analysis
The following points are to be observed:
(i) Use of convolutional neural networks renders the 
classifications very accurate, leaving room for fine tuning of 
the networks as   per performance,
(ii) Weighted outputs and weight-based combination of 1 
and 2 further allows “the mixing of the right ingredients”. 
The weights W1 and W2 maybe started off as 0.5 and 0.5 
respectively, to show equal weightage to both facial analysis 
and pupil dilation. However, as the experiments keep 
running, it will become more and more decidable as to which 
subsystem s poised to have a better say in the predictions, and 
here, the weights will play a crucial role.
(iii) The nature of forming the final data set before final 
classification at Subsystem 4 ensures least amount of entropy 
at the dataset before classification.
(iv) Use of a naïve Bayesian classifier ensures that all the 
probabilities have been taken into consideration before a 
particular emotion and state of attentiveness is declared.
(v) Once the two subsystems 1 & 2 have been trained on 
frozen frames from the classroom footage, they may further 
be developed to train on real-time data.
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(vi) A valid question also is on the quality or resolution of 
the CCTV cameras that will enable the capture of the pupil 
as well as the facial emotions. It must be noted that in order 
to develop, train and refine the technology preliminarily, it is 
not required to use extremely high end frames. Development 
can occur in experimental settings, with the last stages of 
development done with data frames from live feeds.
Conclusion
In this paper, a preliminary design of an emotion detecting 
and classifying unit is provided that is aimed at aiding in 
understanding students’ emotions and attentiveness in classes 
better by analysing facial expressions and pupil dilation of 
the eye. The approach uses Convolutional Neural Networks 
as primary classifiers individually for facial expressions and 
pupil dilation, combines the results into low entropy datasets, 
and finally uses a Naïve Bayesian Classifier to formulate the 
results. Although without actually concretising the set up and 
running the experiments, only guesses maybe made on the 
technology, the design appears to be theoretically sound and 
the problem it targets is definitely worth pursuing. 
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