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Abstract— The crucial facets of human intelligence categorized
by reasoning, problem solving and learning [1] have been well
achieved by machine since the early days. The advancement in
Large Language Model (LLM) demonstrated how machine
achieved human’s linguistic ability. Linguistic ability has driven
active research in the area of natural language processing, partly
motivated to pass The Turing Test [2]. Emotion recognition in
machine, on the other hand, has been developed at a relatively
slower pace. Are human emotions understood well in machine?
In this study, we looked at emotion recognition from the
perspective of computer vision and natural language. This paper
presented the state of the art of emotion recognition achieved
thus far, the mapping of deep learning models for emotion
recognition and use cases of emotion recognition.
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I. INTRODUCTION

Computer was first invented to solve preprogramed
calculation; the first general purpose computer can be traced
back to the Analytical Engine designed by Charles Babbage [3]
back in the year between 18331843. Ada Lovelace seeded the
“intelligence” in machine with computer program and believed
that computer would be able to do everything except thinking.
Her translation notes were discovered by Alan Turing who
later shaped this to form the launching point for artificial
intelligence with the publication of “Computing Machinery and
Intelligence” [4] and “Can Machine Think?” [2]. The first
mention of “Artificial Intelligence” was made and defined by
John McCarthy in the year 1956 [5].

Machine has achieved the ability to see, hear and speak. The
ability to see is termed “Computer Vision”, providing vision
for computer to see and understand the objects in the world
through pattern recognition. Computer vision builds on
different image processing techniques to extract the object of
interest for recognition. This has been an area with significant
research and development in recent years as machine has not
been built to understand patterns well. Rule-based approach
does not work well as objects can appear differently in varying
background and intermingled with other objects. Google’s
Large Language Model (LLM) for has been trained with 100B
parameters and the LLM like model for vision is currently at
22B parameters [6]. The imageNet project [7] has collected
more than 14 million of images and organized according to
WordNet hierarchy. The use cases for computer vision are
plentiful. In healthcare, some works achieved significant
breakthrough ahead of other industries. For example, deep
learning-based skin cancer detection [810] achieved
dermatologist level of accuracy of as high as 98.3%, lung
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cancer stage detection achieved pathologists’ comparable
accuracy of 97% [11], diagnosing COVID19 and other lung
diseases detection [12], gastrointestinal cancer detection [13],
breast cancer detection [14, 15], and IBM Watson prescribing
cancer treatment for brain cancer patients [16, 17].

Another mature use case for computer vision is vision based
smart vehicles to recognize objects on the road for smart
steering. A smart vehicle combines several computer vision
decision systems like road sign detection [18, 19], lane
detection [20, 21], road scene segmentation [22], vehicle
detection [23] and other smart system for assisted driving.
Other potential extension includes automated car damage
inspection system [24, 25] to automate car insurance claim
[26].

Speech recognition starts with converting speech waveforms
into spectrograms, followed by frequency transform and
transcription through natural language processing. It has found
use cases in virtual assistants, voice activated intelligent
transport system, conversational Al to auto transcribe dialog,
voice search and customer service auto responding system. The
deep learning speech recognition system adopted Convolution
Neural Network or Recurrent Neural Network [27]. Other
Deep Learning system for Speech recognition includes
Generative Adversarial Network (GAN) and Transfer Learning
[28].

Emotion is a high-level task that represents human inner state.
In order to understand emotions and react accordingly is vital
in maintaining relationships. Affective computing relates to the
study in computing field relates to human affection on the
various emotional states. Human brain is primary originator of
emotion  which  shows  brainwave  detected by
Electroencephalogram (EEG) [29]. The EEG signal is recorded
through different measure points over the scalp to understand
the activation signal of neurons. EEG studies [30] have shown
significant differences between positive and negative emotions.
The left anterior region of the brain relates to positive emotion,
and the right anterior region of brain relates to negative
emotion. More accurate monitoring can be measured using
Magneto Resonance Imaging (MRI) [31]. This complicated
response has not been well modelled by machine. Further,
emotion triggers response and connection between amygdala
and hippocampal complex [32] which further complicates the
possible modelling from existing brain inspired deep learning
model. Darwin published the first facial expression work [33].
It highlighted that some emotions are inborn. A century later,
Ekman and Friesen [34] published the foundational primary
emotions which expressed six distinctive unique facial
expressions.
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Apart from understanding emotion through facial expression,
tone of voice reflects human emotions as well. The acoustic
characteristics of voice, such as pitch range, rhythm, amplitude,
or duration variations, can offer indications of valence and
specific emotions. [35]. A user feeling bored or sad would
generally speak with a slower pace, lower pitch, and minimal
high frequency energy in their speech. Conversely, someone
experiencing fear, anger, or joy would speak at a faster rate,
with louder volume and an emphasis on high frequency energy
[36]. Recent deep learning work on voice emotion recognition
utilized Convolution Neural Network [37] to model
architecture of visual cortex with multiple cortex layers,
amplitude and frequency of speech were used as features. The
database of speech recognition generally consists of recorded
speech synthesis, prosodic modelling, speech conversion that
are voiced out by actors like the work in [38].

Understanding emotion from text is classified under text
recognition. Calefeto et. al. published a toolkit for emotion
recognition from nine thousand text banks [39] to recognize six
basic emotions based on Support Vector Machines. Deep
learning-based system can be found in [40] based on
bidirectional Long Short Term Memory and Convolution
Neural Network on the same standardized six basic emotions.
Recognizing additional no standardized emotions like
Anticipation and Trust were attempted by [41]. Overall, the
recognition results vary depending on subprocesses within
Natural Language Processing like Part of Speech tagging and
parsing [42], the approaches for implicit and explicit emotion
recognition were studied.

In this work, we studied the backgrounds of emotion
recognition and the recent development. The current state of
the art for emotion recognition and use cases presents
opportunity for future works. This work ends with illustration
the use cases of emotion recognition, how it can be used to
advance the field of financial services, manufacturing, real
estate, accommaodation, and healthcare.

Il. METHODOLOGY AND TOOLS

Emotion recognition in Artificial Intelligence was first started
by Picard [43] and classified this under affective computing
that attempted to bridge the understanding on human emotion
from psychology to computing. It laid the groundwork for
computers to recognize, interpret and express emotions.
Several models were proposed to utilize images, speech,
physiological signals and text data. Facial emotion and
expressed text represent voluntary disclosure to the currently
experienced emotion. Visual interpretation of emotion in
computer vision goes through processes of locating face, image
segmentation, region extraction and emotion classification.
Text data expresses emotion directly or indirectly. Its
interpretation goes through text encoding, machine translation,
tokenization, root word extraction, tagging and classification.

Emotion expressed through facial expression may not capture
the entirety of human emotion as mixed emotion could be felt
while only the more pronounced emotion is expressed. The
response is also not universal, and is influenced by other
factors like memory, past emotional experiences, and
differences in individuals. Human emotion is processed in
brain that coordinates facial muscles movement through
complex network. Multiple parts of brains are linked to
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emotion understanding and expression. For example,
hippocampus encodes emotional memory and interact
emotions [32, 44], amygdala process and generate emotion
response [32, 44], prefrontal cortex regulates and modulates
emotion response [45, 46], while cingulate cortex interacts and
coordinates with other parts of brain and facial muscle to
process emotion [47, 48]. Different parts of brains work in
conjunction to regulate, comprehend, and express the emotion
as response. When the brain receives emotional response like
happy or sad, the relevant facial muscles are activated to
express the corresponding facial expression. As such,
architecture for neural networks should be of multiple facets
for emotion understanding and response.

Linguistic ability is unique to human. Thoughts are processed
in multiple parts of brains expressed in words that constitutes
verbal expression. Language enables more varied ways to
express emotions than facial expression as nonverbal
expression. Amygdala plays a significant role in language and
emotion, it integrates emotion into language comprehension
and expression [49, 50]. Hippocampus takes care of processing
emotion information and plays a key role in components of
language [51] including expressing verbal emotion. Other
related parts include Anterior Cingulate Cortex, Orbitofrontal
Cortex, and Ventromedial Prefrontal Cortex work together and
play critical role in emotion and decision making [52]. The role
of language in emotion was found to be bidirectional where
both affect and influence each other [53]. Language is also a
crucial factor [53] in understanding emotion processes. Brooks
et. al. [54] discussed how language influences the neural
processes in the perception and experience of emotions. It
suggested language acts as a mediator for emotion and shape
the response with regulation. The labelling of emotion like
happy or sad assists brain to recognize the emotion and hence
reinforce the labelling process.

Deep learning network is the closest structure to model the
abovementioned activities when emotion is encountered or
expected. Neural network based model started from a single
perceptron that can only solves linear problem, to feedforward
neural network capable of solving nonlinear problem, it offers
only single direction propagation of activation signal.
Convolution Neural Network (CNN) works on the idea
dissecting vision data into multiple segments or layers, it
evolves from the idea of image convolution which multiplies
segment of image for aggregation into another set of matrices.
The layering approach was inspired by human visual cortex
which maps to visuals using cascading segments of area similar
to applying different filters on data. The origin of CNN
architecture can be traced back to “neocognitron” by
Fukushima [55] who implemented the idea of simple cell
(Scell) and complex cell (Ccell) found in visual primary cortex
in CNN. The architecture is further refined by including
pooling layers to scale down the large input features and
downsample to a subset that is representative of its original
salient features. To overcome the problem of overfitting, the
concept of Dropout [56] was introduced to randomly drop units
during the training process to prevent neurons from
coadoption.

Machine learning process goes through a series of generalized
steps like features representation, features engineering,
followed by learning and performance measurements. The
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desired emotion understanding framework consists of modules
to understanding the currently experienced emotion followed
by reaction to respond to the emotion. Recent works on
emotion understanding can be categorized into the following
main types:

A. Convolutional Neural Network

Convolutional Neural Network (CNN) is often used for image
classification and video analysis. Hierarchy and relationship
between features are learnt and convolved by the network.
CNN can extract and distinguish features such as AlexNet [57],
Residual Net (ResNet) [58, 59], and Visual Geometry Group
(VGG) [6062]. The details of number of layers, parameters are
provided in Table 1. The number of training images are similar
at 1.2 million.

B. Recurrent Neural Network

Recurrent Neural Network (RNN) is designed to handle
sequential data and using recurrent connection to retain data in
the earlier time steps as hidden state. It is useful data expressed
in time steps like speech, video, and text sequence data. It
builds on the backpropagation algorithm to backpropagate
through time to minimize the error in prediction. Long term
dependency is handled well in variants like Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU). LSTM
[63] started from addressing vanishing gradient issue in RNN
due to using earlier data. [64] proposed advanced LSTM for
weighted pooling RNN with accuracy of 55.3%. Semantic and
emotional word vectors were adopted to enhance emotion
recognition performance of LSTM in [65] with accuracy of
70.66%. The base GRU model was proposed in 2014 [66]
introduced as an alternative to LSTM for machine translation
task. The improvement is on lesser parameters required thus
lower computations. Improved variant like Bidirectional GRU
incorporates an attention mechanism was proposed [67] for text
emotion recognition. The attention mechanism allows for
selective focus on emotion related information. Emotion
recognition from dialogue was studied in [68] with
Convolutional Self-Attention Network (CANGRU) with
baseline performance of 6567% and optimized to 8488% with
pretrained model. Bidirectional models improved the models
by approximately 2%.

Libraries for deep learning are actively being developed and
updated. The earliest implementation, Torch, started from year
2002 was implemented in C Programming language. Followed
by rapid development in TensorFlow, Keras and PyTorch since
year 2015. Table 2 illustrates the main deep learning libraries
with integration of Recurrent and Convolution Neural
Networks. Table 3 tabulates workflow based deep learning
tools where deep learning workflow can be designed with basic
understanding of deep learning foundation. The tiers of licenses
and deep learning libraries they integrate are shown. Table 4
lists down the libraries or SDK that comes with integration of
emotion recognition. Some have been pretrained with billions
of texts or image emotion data.

I1l. USE CASES FOR EMOTION UNDERSTANDING

In this section, we look at the use cases that can be developed
from emotion recognition or under-standing from visual or
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text. The use cases are ar-ranged by industries. There are some
existing use cases and some untouched opportunities.
According to the latest Al Index Report [69], research in Al
continues to rise rapidly with industry races ahead of academia
from year 2014 onwards due to larger amounts of data,
resources and fund required in which industry actors inherently
possess in greater amounts as compared to academia.

A. Financial Services

Fraud detection has been a long-standing priority in financial
services. Fraud is costly for finance industry; it is estimated
that every $1 of fraud costs businesses $4 [70]. The early
detection of misconduct is enforced in some jurisdictions.
Emotion recognition can provide additional cue to the
likelihood of fraudulent transactions when client is performing
the transaction. Emotion touch point can be over voice for
telephone banking, or facial expressions recognition for
transaction at physical branch. Questionnaires can be asked
during online transactions to gather additional emotion cues.
Endo et. al. [71] conducted experiments using voice recordings
from individuals engaged in fraud activities, and it exhibited
heightened emotional patterns like persuasion, excitement and
anxiety. In another study, [72] uses text to predict financial
distress using emotion understanding. There are cases of
fraudulent transactions from internal employees, like the cases
in JPMorgan Chase [73, 74] and other financial institution [75].
Emotion recognition at workplace can potentially provide early
detection of unethical act before it is too late. Boyd et. al. [76]
proposed ethical speculation lens to examine emotion at
workplace.

B. Manufacturing

Combining other technology like Internet of Things (IoT) to
embed emotion recognition can potentially transform
manufacturing industries. Emotion recognition can be
embedded in manufacturing processes for detecting sudden
change in emotion responses of workers on the floor and pick
up issues or defects. Monitoring of emotion responses can be a
coherent source of input to improve overall productivity and
improve product yield. Hu et. al. [77] proposed an iRobot-
Factory that interconnects production line and incorporates
cognitive emotion recognition of users to enhance decision
making and problem solving in manufacturing systems. This
idea can be further developed into manufacturing floor
ergonomic redesign to layout machines, workstation for
improved worker’s comfort and fatigue reduction. It was found
that fatigue is often associated with emotional exhaustion [78,
79], hence the use of emotion detection could provide an initial
cues and further cues like alertness in eyes can provide useful
features for fatigue detection. Future manufacturing can
incorporate facial expressions in the process of manufacturing
personalized products, for example the work in [80] proposed
the idea of personalized jewelry manufactured from emotion of
individuals.

C. Real Estate

Real Estate industry entails the development, leasing,
marketing, management of residential, commercial, or
industrial properties [81]. Most parts involve heavy human
interactions, communication, and negotiation. The use of face
recognition or emotion recognition system subjects to privacy
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laws. The use of individual information, consent and
anonymization should be addressed, this is discussed in [82,
83]. In a recent study [84] that examined the role of emotion as
a response to property attributes, attributes like location and
parking space display high significance from the inferred
emotions. The relationship between emotion and renovation
solution for a building was studied in [85], emotional state is
affected and expressed in the building being renovated with
sustainable design. Future work in this area can be extended to
linking emotion to property viewing, from there understand
factors that influence viewers and shortlist properties that fulfil
the criteria. Emotion plays complementary role in helping
buyers to filter properties of their likings.

D. Accommodation and Tourism

The use of emotion recognition in hotel industry was studied in
[86] to enhance customer experience. Feedback system can
incorporate emotion for issues to be attended to. Adaptive
room environment to adjust room settings can create
personalized experi-ence based on the expressed emotions.
Designing emotion-based tourism recommenders in wearable
form was proposed in [87]. Multi-modal approach was used to
construct customized user profiles and recommendations. Risk
of destination is a challenge to be determined as future works.
The incorporation of chatbot can also foster improved customer
satis-faction [88] with emotion understanding. The other
related works include service bots in hotel environ-ments [89,
90], using sensors and provide service using the service bots.
The emotions and expecta-tions of guests are captured through
the interaction with service bots. Barriers of adopting service
bots include technological barriers especially for less tech
savvy people, lack of human touch during the interaction, and
complexity results in longer time spent to figure out how to use
the bots [91].

E. Healthcare

Affective computing has great potential in healthcare industry.
For example, in patient care, patient rehabilitation, and
diagnosis. Understanding the emotions of patient in pain for
patient care, patients recovering from surgery, and elderly who
may not be able to express themselves well will improve the
quality of care. Emotion recognition can provide more
systematic way for various diagnosis to aid the decision of
clinicians. Zhiyun et. al. [92] conducted a systematic review on
the use of emotion recognition to identify schizophrenia,
studies have shown impaired facial emotion are observed in
patients with schizophrenia. Other major mental health also
displays traces on distressed emotions like depressive disorder
[93, 94]. Recent works adopting deep neural network for
emotion recognition reported results in the range of 85% to
detect cognitive impairment from facial emotion [95]. Using
multiple sources of data like speech, text and EEG will further
optimize the accuracy. Early work to attempt emotion
recognition in military health care setting can be found in [96]
to detect emational change un-der stress for potential post-
traumatic stress disorder, depression and suicide through voice.
Kodati and Tene [97] attempted to detect negative emotions
through patient text. Egger et. al. [98] reviewed different
measures of ECG, EDA and other physiological signal to
enhance emotion recognition from lab setting to wearable
options.
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IV. CONCLUSION

In this paper, we looked at the ways and means of systems that
digitalizes and understands human emotions. The Artificial
Intelligence progresses from the seeding question of "Can
Machine Think?". The development in affective computing
looks at how this can further progress to emotion exchange
between human and machine. This work links the ability of
machine to see, hear and speak to emotion understanding. It
started off by looking at emotion as an outcome of mixed
exchanges in different parts of brains to express it through
facial expression and languages. This forms the early
inspiration for convolution neural network to mimic the way
vision and languages are processed by dissecting visuals or text
being perceived followed by pooling and dropout to complete
the recognition task. The state of the art of the relevant trained
models, libraries, and workflow-based tools were also
presented.
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Table 1 Comparison of Convolutional Neural Network

Variants No. of Layers No. of Parameters

AlexNet (Krizhevsky

etal., 2017) Convl 96 349,440
Conv2 256 614,656
Conv3 384 885,120
Conv4 384 1,327,872
Convs 256 884,992

Residual Net (He et

al., 2016) ResNet18 18 11 million
ResNet34 34 21 million
ResNet50 50 25.6 million
ResNet101 101 44.5 million
ResNet152 152 60.2 million

VGG (Simonyan &

Zisserman, 2014) VGG11 11 132 million
VGG13 13 133 million
VGG16 16 138 million
VGG19 19 143 million
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Table 2 Deep Learning Libraries for RNN and CNN

Library (Release
Year) RNN CNN Dependencies Available from:
TensorFlow
(2015) v v https://www.tensorflow.org/
TensorFlow,
Keras (2015) v v Theano https://keras.io/
PyTorch (2016) v v Torch https://pytorch.org/
Caffe (2013) v https://caffe.berkeleyvision.org/
Theano (2007) v Vv https://pypi.org/project/Theano/
Torch (2002) Vv Vv https://pypi.org/project/torch/
MXNet (2015) v V' https://mxnet.apache.org/
FastAl (2018) v v PyTorch https://www.fast.ai/
TFLearn (2016) v v TensorFlow http://tflearn.org/
Lasagne (2014) v v Theano https://github.com/Lasagne/Lasagr
Deeplearning4j
(2014) v v https://deeplearning4j.konduit.ai/
Table 3 Workflow-based Deep Learning Tools
Tool RNN CNN License
KNIME v v Free + Paid Versions
WEKA \ V' Free
RapidMiner ' ' Free + Paid Versions
Orange \ Vv Free
Dataiku DSS ' \ Free + Paid Versions
Alteryx \ v Free Trial + Paid Versions
Azure ML \ v Free + Paid Versions
H20.ai v v Free
IBM Watson Studio | V ' Free + Paid Versions
Google AutoML \ \ Paid Version
Databricks v ' Free + Paid Versions
Table 4 Libraries/SDK with Integration of Emotion Recognition
Librarv/SDK RNN CNN Commercial
PvTorch Geometric \' No
TensorFlow.is \ \) No
Affectiva SDK v v Yes
Microsoft CNTK \' \' Yes
OpenFace v v No
EmoVoice No
EmoPv v No
DeepMoii \ \) No

I JERTV 141 S020060

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



https://www.tensorflow.org/
https://keras.io/
https://pytorch.org/
https://caffe.berkeleyvision.org/
https://pypi.org/project/Theano/
https://pypi.org/project/torch/
https://mxnet.apache.org/
https://www.fast.ai/
http://tflearn.org/
https://github.com/Lasagne/Lasagne
www.ijert.org
www.ijert.org

