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Abstract. Artificial Intelligence (AI) has become a useful tool in human emotion recognition, with a 
broad application range. To better cater for the applications, numerous researches are conducted, 
helping developing the related technologies rapidly. This review broadly explores the main methods 
in emotion recognition based on AI. It begins with facial emotion recognition (FER), analyzing its 
general working flow (from constructing database to preprocessing to extracting features to machine 
learning). It is seen in the following that this flow commonly applies to other three modalities. Then, 
speech emotion recognition (SER) is briefly discussed, mainly on its feature extraction and 
classification (classification is a part of machine learning). Subsequently, emotion recognition from 
physiological signals is deeply explored, due to its passive nature and resistance to artificial control. 
Among a variety of physiological signals, the review concentrates on electroencephalographic (EEG) 
and electrocardiographic (ECG) signals. Afterwards, textual emotion recognition (TER) is roughly 
introduced, outlining four basic methods based on it. Finally, the review concludes the challenges 
which occur to nearly every experiment regarding emotion recognition. Additionally, the strengths 
and limitations of each modality are presented in the discussion module. The highlight of the review 
is that it provides a systematic analysis of basic methods of using AI to recognize emotion. 
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1. Introduction 

Nowadays, the interaction between humans and computers serves as an important part of daily life 
[1]. Emotions are also significant for individuals [1]. The utilization of artificial intelligence for 
emotion recognition is gaining significant traction, with extensive applications. For instance, AI-
based emotion recognition is employed in software engineering, website customization, education 
and gaming [2]. It also intrigues interests in areas involving human–computer interaction, cognitive-
behavioral science and the treatment of emotion-related diseases [3]. Particularly, in human-computer 
interaction, AI’s comprehension of humans’ emotions can help computers not only respond more 
naturally, but also understanding individuals’ needs more accurately [4]. As a result, it’s important to 
learn and develop the technologies concerning AI-based emotion recognition. 

Therefore, this review aims to provide an easy overview over the main methods used to identify 
emotions with the help of AI. The literature review is separated into five sections, revolving around 
four primary data modalities: facial expressions (section 1), speech (section 2), physiological signals 
(section 3) and text (section 4). Finally, in section 5, the general challenges in all four modalities are 
discussed. For each modality, the author explores its basic impletion processes, including constructing 
database, preprocessing, extracting features and machine learning.  

When discussing FER, which is the first part of the main body, all four steps are introduced in 
detail. This aims to provide a comprehensive perception of the total process. Later in SER, emotion 
recognition from physiological signals and TER, only several parts which the author regards as the 
most important ones are discussed. In detail, in this review, SER focuses on feature collection and 
classification in machine learning; emotion recognition from physiological signals concentrates on 
feature extraction and machine leaning from EEG signals, as well as some novel methodologies 
employed in ECG-signal-based emotion recognition; TER discusses four basic methods, namely 
keyword-based approach, rule-based approach, machine learning/classical learning–based approach, 
and deep learning–based approach. 
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2. Literature Review 

There are basically four modalities in emotion recognition using AI, namely facial emotion 
recognition (FER), speech emotion recognition (SER), emotion recognition from physiological 
signals and textual emotion recognition (TER). Among them, FER is the most popular modality, 
hence the author discusses it firstly. 

2.1 Facial Emotion Recognition (FER)  

FER is the recognition of human emotion states from static images and videos [5]. To sum up, 
there are three main original steps of FER: firstly, a comprehensive database should be built; secondly, 
faces are identified from a video or a photo when non-facial components are removed; thirdly, some 
features are selectively removed or adapted for following steps; fourthly, data which have undergone 
pre-processing in step two and three are utilized to train a classifier, which produces affective tags 
during the training. Next, let’s see it in a more detailed way.  

2.1.1 Database  

Those data used for researches usually come from pictures or images captured in videos [6]. Some 
of the pictures are taken when individuals pose for the photograph, others record spontaneous 
emotions, with lower quality compared to the former [6]. Nevertheless, it’s expensive and time-costly 
to collect those data [7]. Also, photos taken from the real world may invade people’s privacy [8]. To 
deal with those problems, researchers generate facial expression images using a wide range of tools. 
For instance, in the research conducted by Darne, Quan and Luo, images of facial expressions are 
created by firstly generating facial images using StyleGAN2 model and secondly applying EmoStyle 
model to the edition of facial expressions [7]. 

2.1.2 Pre-processing 

Pre-processing is necessary for FER, since it can enhance the accuracy of recognition results 
significantly.  

Pre-processing involves three main steps [6]. Firstly, human faces are detected in each picture, 
followed by the removal of non-facial parts. The Viola-Jones face detector is one of the most 
commonly utilized technology for this step [9]. Secondly, features in the images are reduced and 
normalized. Dalvi, Rathod, Patil, Gite and Kotecha suggests that illumination and pose should be 
normalized in FER, in order to enhance the capabilities of FER models [6]. Thirdly, data are enhanced 
in the face of the lack for data. This could be achieved by generating poses, glasses and so on [10]. 
Similar efforts are made in other studies, for example, researchers apply two models to create facial 
expression images [7], as mentioned above, in “1.1database”. 

2.1.3 Feature Extraction 

There are several ways to extract features from a picture. Global and low-dimensional features can 
be extracted by Principal Component Analysis (PCA), which is one of the most widely used way in 
FER [6]. But if more detailed features are needed, Independent Component Analysis (ICA) could be 
a better way [6]. There are also methods which can be useful in extracting both global features and 
local features. For example, there are methods based on features regarding texture, such as using 
Gabor filter; we can also extract features based on edges [6]. 

2.1.4 Machine Learning 

In FER, convolutional neutral network (CNN) is the most popular and effective way [6]. However, 
this kind of unimodal system has its own limitations. For example, an only CNN applied in FER 
possesses complex structure, too many training parameters and unideal identification results [11]. 
Hence, Qiao, Hou and Liu introduce an optimization algorithm, in which CNN is combined with 
support vector machine (SVM). This new method consists better accuracy and robustness, confirmed 
by examinations [11]. Also used to improve CNN’s capabilities on FER, three CNN models with 
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different filters and layers are combined to distinguish different kinds of emotions [12]. It can also 
enhance the accuracy, though in a limited extent. 

The model shown by Wang also bases on CNN. Different from other methods, this measure 
divided the FER process into two stages, namely ESER and ECER. Emotion State Expression 
Recognition (ESER), which uses DenseNet169, VGG16 and ResNet50 as basic models, is responsible 
to identify or classify the express of emotion states [5]. Among them, DenseNet169 and VGG16 build 
on CNN. Emotion Cause Extraction and Recognition (ECER), which employs two models, Xception 
and ViT, recognizes or extracts the reason of the arousal of a specific emotion [5]. This method 
possesses striking effectiveness, with the accuracy 95% in recognition of basic emotions and 88% in 
the recognition of mixed emotions.  

2.2 Speech Emotion Recognition (SER) 

Speech Emotion Recognition (SER) includes two major stages: feature extraction and 
classification [13]. Using convolutional neural network (CNN) is one of the methods (with two phases: 
initially, a sparse auto-encoder (SAE) with reconstruction segregation is employed to extract the local 
invariant features (LIFs) from unlabeled data; then, these LIFs are fed into a feature extractor for 
further analysis) [14]. Researchers also consider using semi-CNN firstly, and then extract features 
from contractive convolutional network [15]. 

2.3 Emotion Recognition from Physiological Signals 

Compared with emotion recognition based on the analysis of facial expressions and speeches, 
technology focused on physiological signals are much more passive [1]. That is because, it’s nearly 
impossible for a person to control his or her brain activities [16], suggesting subjects to be less capable 
of hiding their emotions deliberately or unconsciously. Thus, emotion recognition from physiological 
signals could be a rather good way for emotion recognition. 

2.3.1 Electroencephalographic (EEG) Signals 

Some features extracted from EEG signals can reflect several specific emotional states of 
individuals. For example, the alpha and beta bands correspond to positive emotions regarding 
evaluating oneself, such as gratefulness, inspiration and pride; the theta and gamma bands are 
associated with pleasurable emotions such as entertainment, interest and delight [22]. Hence, 
numerous researches employ EEG signals to detect people’s reactions to external stimuli [22]. 

2.3.1.1. Feature Extraction 

There are several methods of feature extraction developed. In the experiment conducted by 
Chaudary, Khan and Mumtaz, a large language model called GPT-4 is applied in the hybrid CNN-
LSTM-LLM framework [16]. In this framework, CNNs aim to detect spatial information, with 
LSTMs intended for the extraction of temporal features and LLMs applied to reason the signals by 
transforming them into vector embedding. Using this method, it attains 60.3% accuracy in three-class 
emotion recognition. The author of [16] also suggests that the challenges in this technology focus on 
the prediction of positive moods (which are likely to be overestimated) and neutral ones. In the 
research done by Mehmood and Lee, Hjorth parameters are employed to detect features after the 
pretreatment of the input of EEG signals with the help of SVM [17]; in the study conducted by Sohaib, 
Qureshi, Hagelb¨ack, Hilborn, Jerˇci´c and Petar, Higher- Order Crossings analysis is applied [1]. 

When it comes to extracting EEG features, there is a common challenge: too many noises. The 
noises range from physiological artifacts (say, muscle activity and eye movements) to environmental 
artifacts (say, power lines interference, radiation from lights and other radio frequency emissions 
from medical devices) [16]. This poses a huge challenge to accurate emotion recognition based on 
EEG signals. To mitigate this problem, Saha, Kunju, Majid, Kashem, Nashbat, Ashraf, Hasan, 
Khandakar, Hossain, Alqahtani and Chowdhury introduce a one-dimensional deep learning model, 
MultiResUNet3p, which helps effectively generate clean EEG signals [23]. 
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2.3.1.2 Machine Learning Technology 

There are five main related kinds of machine learning technology [1]. They are: K-Nearest 
Neighbor (KNN), Regression Tree (RT), Bayesian Network (BNT), Support Vector Machine (SVM) 
and Artificial Neural Network (ANN). In the experiment, SVM is shown the best classifier (with a 
highest accuracy 77.78%), while KNN lags slightly after it. Although the other three classifiers don’t 
demonstrate rather ideal results, it’s suggested that RT is widely used in medical domain [18]; 
additionally, ANN can effectively deal with noisy data [19]. 

Apart from using single models, hybrid models can also be used to enhance accuracy and reduce 
the impact of noise (such as eye movements). For instance, a EEG-CNN-souping model can be 
employed [16]. In this combined model, several EEG-CNN models are separately trained, and then 
their weights are averaged. Consequently, the accuracy of emotion recognition is enhanced, but with 
the identify time not increased. 

2.3.2 Electrocardiographic (ECG) Signals 

According to a range of experiments, ECG signals differs when it comes to different emotion states 
[22]. Additionally, it’s more comfortable to record ECG signals compared to EEG signals, making 
subjects more likely to accept continuous monitoring [3]. As a result, ECG could serve as a useful 
tool to recognize emotions. Generally, cardiac activity is assessed utilizing key electrocardiographic 
parameters, which includes the P wave, Q wave, T wave, QRS complex and QT/QTc intervals. 
Among them, QRS complex is most commonly used in emotion-recognition-related researches, with 
its duration and amplitude mostly focused on [22]. 

It is concerned in many ECG studies that individual differences exist in the sense of responses. 
Thus, the study conducted by Fan, Qiu, Wang, Zhao, Jiang, Wang, Xu, Sun and Jiang develops a 
method of introducing attentional mechanisms to deep learning models. In more details, this is done 
by combining the deep convolutional neural network and Convolutional Block Attention Module 
(CBAM) [21]. In the system, the deep convolutional neural network captures ECG features while 
CBAM adds weight information to those extracted features. Thanks to this disposal, the neural 
network can better concentrate on those important and common information while avoid the majority 
of noise. 

However, it’s argued that using deep neural networks possesses larger complexity and requires 
more training time. Hence, Fang, Pan, Yu, Yang and He suggest to employ random convolutional 
kernel method in ECG emotion recognition [3]. By deploying multiple convolutional kernels with 
parameters including length, weight, bias, dilation and padding, this method is able to extract a variety 
of emotional states from ECG signals, with both high efficiency and high accuracy.  

2.4 Textual Emotion Recognition (TER) 

There are four basic methods for Textual Emotion Recognition (TER), namely keyword-based 
approach, rule-based approach, machine learning/classical learning–based approach, and deep 
learning–based approach [24].  

The keyword-based approach recognizes different emotions by analyzing the keywords’ locations 
in the input text and comparing them with relevant labels from the dataset [24]. It includes five stages: 
determining emotional keyword lists from normative vocabulary-related databases, preprocessing of 
the given text, matching keywords found in the text with the prepared keyword lists, assessing the 
emotional intensity and carrying out negation checking. In the end, the label regarding emotional state 
is attained [24]. 

By contrast, the approach built on rules identifies emotions with the use of regulations in the terms 
of logic and grammar, while machine learning approach employs complex classifiers with features 
on n-gram, lexical, semantic and grammatical dimensions [24]. Different from the machine learning 
approach, in which supervised machine learning algorithms are extensively employed, deep learning 
algorithm allows unsupervised learning from unlabeled data [24]. This trait also differentiates it from 
the keyword-based approach, which needs labeled data.  
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2.5 Challenges 

As generally researchers define and distinguish different emotions by themselves to offer tags, 
significant differences could be seen between different researches [6]. This is a challenge rather hard 
to be overcome. Although in the experiment produced by Wang, each tag is decided by voting [5], 
which is a useful method to reduce the error caused by subjectivity, this problem is still inevitable. 
That is because, it’s rather hard to define a kind of emotion precisely, and different people may have 
different views on which category a specific emotion belongs to. 

Additionally, different individuals may behave differently to express identical emotions [1], not to 
mention people may arise different emotions in a same circumstance. Hence, feature election is 
definitely no easy task, which is also received by Sohaib, Qureshi, Hagelb¨ack, Hilborn, Jerˇci´c and 
Petar [1]. Some methods can be adopted to mitigate the problem, such as choosing features which 
possess larger absolute correlation among subjects [20] and introducing attentional mechanism [21]. 
But undeniably, the problem cannot be thoroughly eliminated. 

Besides, it’s clear that the chosen subjects cannot on behave of all human beings. This inevitably 
leads to errors. The rather that, it’s not an unusual case that selected features may not be able to 
conclude all subjects, leading to errors that cannot be ignored. 

3. Discussion 

55% of human emotions are conveyed through facial expressions, which represents the highest 
proportion [6]. Although contains plenty of emotional information, there is an obvious disadvantage 
in FER, which can also be seen in SER and TER: the detected results may be disturbed, as individuals 
can control their facial expressions, pitch, writing style and so on. By contrast, EEG signals and ECG 
signals are impossible to be controlled consciously or unconsciously [16], making them hopeful to 
help develop accurate emotion recognition technologies. However, they also face plenty of challenges. 
For instance, many noises affect the result of attaining EEG signals [16], necessitating sophisticated 
noise reduction models like MultiResUNet3p [23]. Additionally, physiological data-based methods 
pose many more difficulties to collect data, as specialized equipment are required [3]. 

Besides, several challenges can be seen in every modality. Firstly, it’s hard to define an emotion 
by oneself, and people may have different opinions on the exact definition. Secondly, different people 
may have different emotions in a same circumstance; even when they are in the same emotion state, 
they may behave differently. Thirdly, many chosen features cannot be shown in all subjects, and the 
subjects cannot on behalf of everyone. Basing on the discussions above, the advantages and 
disadvantages of the four modalities (FER, SER, EEG/ECG and TER) are analyzed and compared in 
this review (shown in Table 1). 

 
Table 1. Advantages and disadvantages of FER, SER, EEG/ECG and TER 

MODALITY ADVANTAGES DISADVANTAGES 

FER 
1. With highest proportion of 

emotional information 
2. More developed 

Easy-to-be-disturbed detected 
results 

1. Hard to define an emotion 
2. Different people behave differently 

in the same emotion state; 
Different people have different 
emotions in a same circumstance 

3. Chosen features hard to be shown 
in all subjects; 
Subjects cannot on behalf of 
everyone. 

SER Not invasive 
Easy-to-be-disturbed detected 

results 

EEG/ECG 
Impossible to be controlled 

artificially 
1. Noises 
2. Hard to collect data 

TER 
Capable of completing the 
picture for digital contexts 

Easy-to-be-disturbed detected 
results 

 
All of these show that no method can be totally perfect, each of them has its advantages and 

disadvantages. If it’s needed to decide which method to use, it’s suggested to balance those pros and 
cons carefully with users’ needs. Or maybe in the future, a multimodal AI system intelligently 
integrating information from faces, speeches, physiological signals and text will be developed, in 
order to draw on the strengths from every modality and avoid problems which don’t occur to all 
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modalities, such as subjective disturbance. In the meantime, efforts need to be done to mitigate 
challenges which generally exist in every method. This is the work of not only computer science 
learners, but also psychology learners. 

4. Conclusion 

In conclusion, this review provides a programmatic overview on emotion recognition based on AI, 
which is a rapidly developing technology integrating two different subjects (artificial intelligence and 
emotion recognition). Moreover, the author extracts a general working flow after referring to vast 
amounts of academic literatures. This presents a clear and easy-to-follow methodology framework, 
especially useful for those beginners. Additionally, four main modalities related to AI emotion 
recognition are compared in the “discussion” session, helping readers better understand and choose 
the most suitable method in a specific application occasion. 

It can be concluded from the review that there are plenty of methods to recognize human emotions 
with the help of AI. Different forms of data could be delivered to large language models after 
preprocess. Among them, FER, SER, emotion recognition based on physiological signals and TER 
are the four most common modalities. This review demonstrates some core methodologies based on 
each of them. 

The analysis indicates that there is no single superior method. While FER is more developed, 
emotion recognition based on physiological signals is resistant to deception. By contrast, SER is more 
non-invasive and TER completes the picture for digital contexts. 

Looking forward, hybrid and multimodal systems may be effective to draw on the advantages and 
avoid the limitations of a single method. This employs the complementary strengths of various 
methodologies. Especially when it comes to combining different modalities, as they differ from each 
other in numerous aspects, making it easier to find out complementary fields. Apart from improving 
algorithm, ethical issues should also be treated rigorously. No method should be utilized or developed 
when it invades the privacy of recorded individuals, for example. Sticking to this notion can help us 
develop a more trustworthy technology. 
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