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Speech emotion recognition (SER) as a Machine Learning (ML) problem continues to garner a significant amount 
of research interest, especially in the affective computing domain. This is due to its increasing potential, 
algorithmic advancements, and applications in real-world scenarios. Human speech contains para-linguistic 
information that can be represented using quantitative features such as pitch, intensity, and Mel-Frequency 
Cepstral Coefficients (MFCC). SER is commonly achieved following three key steps: data processing, feature 
selection/extraction, and classification based on the underlying emotional features. The nature of these steps, 
coupled with the distinct features of human speech, underpin the use of ML methods for SER implementation. 
Recent research works in affective computing employed various ML methods for SER tasks; however, only 
a few of them capture the underlying techniques and methods that can be used to facilitate the three core 
steps of SER implementation. In addition, the challenges associated with these steps, and the state-of-the-art 
approaches used in tackling them are either ignored or sparsely discussed in these works. In this paper, we 
present a systematic review of research that addressed SER tasks from ML perspectives over the last decade, with 
emphasis on the three SER implementation steps. Different challenges, including the issue of low-classification-
accuracy of Speaker-Independent experiments, and solutions associated with them, are discussed in detail. The 
review also provides guidelines for SER evaluation with a focus on common baselines, and metrics available for 
experimentation. This paper is expected to serve as a comprehensive guideline for SER researchers to design 
SER solutions using ML techniques, motivate possible improvements of existing SER models, or trigger novel 
techniques to enhance SER performance.

1. Introduction

Speech emotion recognition (SER), a sub-discipline of affective com-
puting (Picard, 2000), has been around for more than two decades 
and has led to a considerable amount of published works (Akçay & 
Oğuz, 2020; Gadhe & Deshmukh, 2015). SER involves recognizing the 
emotional aspects of speech irrespective of the semantic content (Lech 
et al., 2020). A typical SER system can be considered as a collection 
of methodologies that isolate, extract and classify speech signals to 
detect emotions embedded in them (Akçay & Oğuz, 2020). The use 
cases of SER in real-world applications are countless, some of which 
have demonstrated that the inclusion of emotional attributes in human-
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machine interactions can significantly improve the interaction expe-
riences of users (Mustafa et al., 2018). For example, a SER system 
can evaluate call centre agents’ performance by detecting customer 
emotions such as anger or happiness. This information can support 
companies in improving service quality or providing targeted training 
which leads to improving customer satisfaction and call centre effi-
ciency (Mekruksavanich et al., 2020).

SER has become an important building block for many smart service 
systems in areas such as healthcare, smart homes, and smart enter-
tainment (Zhu et al., 2017). Emergency call centres can use speech 
emotion analysis to identify hazardous or life-threatening circumstances 
(Ahmad et al., 2016). SER could also be used by an interactive voice 
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Fig. 1. Number of publications per year in the application of ML for emotion 
recognition.

response system in a car to prevent accidents due to fatigued drivers 
(Zhou et al., 2016). In clinical settings, SER could promote tele-mental 
health (Madanian et al., 2022) or use to support mental health diagno-
sis (Rawat & Mishra, 2015), such as detecting signs of potential suicidal 
ideation (France et al., 2000). For online education services, SER is a 
valuable tool, as it allows teachers to assess the degree to which stu-
dents have mastered new skills by analyzing the emotional content of 
their responses. This can be used to fine-tune the teaching plan and 
optimize the learning experience (Zhou et al., 2016).

One of the more daunting tasks of SER is to identify and extract in-
formation from speech that is most suitable for computational identifi-
cation and discrimination of emotion. While human speech contains an 
abundance of information, including both linguistic and para-linguistic 
features, it is the para-linguistic features that will be the focus of this 
research. Linguistic features refer to the qualitative patterns in human 
articulation, like content and context, while para-linguistic features 
quantitatively describe the variations in the pronunciation of the lin-
guistic patterns (Anagnostopoulos et al., 2015; Zhao et al., 2019b). 
These include the prosodic features, like pitch and intensity, and spectral

features, such as Linear Predictor Coefficient (LPC) and Mel-Frequency 
Cepstral Coefficients (MFCC) (Alu et al., 2017). Moreover, the speech 
signals can also be represented by more visually-direct forms, such as 
time-frequency spectrograms.

Several SER studies have investigated the connection between hu-
man emotions and prosodic/spectral acoustic parameters in speech. 
More recently, the advancement in digital signal processing, improve-
ments in human-machine interactions (Costantini et al., 2021), and 
rapid advances in Machine Learning (ML) (Zhang et al., 2020) have sig-
nificantly increased the use of ML techniques for identifications of emo-
tions. This increase is evident when searching for “machine learning” 
and “emotion recognition” in scientific databases such as IEEEXplore 
(Fig. 1) on which we extracted the number of publications per year 
(search date was 13/06/2022). Based on this interest and emphasize 
on ML and emotion recognition, and the increased number of studies 
that have been conducted, it is needed to focus on ML. These studies 
mainly accomplished SER tasks by using ML pipeline methods that in-
clude isolation of the speech signal, dimensionality reduction, speech 
features extraction, and emotion classification based on the underlying 
speech features. The main aim is to leverage ML to better understand 
its users and communicate with them more effectively while improving 
users’ interaction with technology (Czerwinski et al., 2021).

The distinct features of speech, spectrograms and other attributes of 
human speech underpin the use of ML methods for SER tasks. Tradi-
tionally, ML involves the process of learning patterns and calculating 
feature parameters from raw data (such as speech, images, ECG and 
videos). These features are used to train a model that learns to provide 

the desired output label in either a prediction and/or classification task. 
Testing numerous distinct features, integrating diverse features into a 
common feature vector, or using alternative feature selection strategies 
can provide some insights into which features provide the most efficient 
clustering of data into classes. In addition, recent ML methods, such as 
graphs/deep neural networks, provide more elegant ways of bypassing 
the challenge of an optimal feature selection (Lech et al., 2020).

For SER, the speech features and spectrograms provide a discrim-
inative representation of different emotions in speech, which could 
be extracted from the audio data to train the ML model. Existing 
ML-based SER studies have analyzed the acoustic speech parameters 
and established correlations between the parameters and a speaker’s 
emotions. Majority of the studies applied standard classifiers such as 
Support Vector Machine (SVM) (Jain et al., 2020; Milton et al., 2013; 
Bhavan et al., 2019; Kuchibhotla et al., 2014; Kerkeni et al., 2018), 
Gaussian Mixture Model (GMM) (Vondra & Vích, 2009), K-Nearest Neigh-

bour (KNN) (Umamaheswari & Akila, 2019), Recurrent Neural Net-

works (RNN) (Yadav et al., 2021), and Neural Networks (NN) (Li et al., 
2019). The ML approaches used in these works generally follow three 
key steps: data pre-processing/speech signal isolation, feature extraction/se-

lection, and classification of emotions from audio signals (Yogesh et al., 
2017b).

The inherent challenges of recognizing a speaker’s emotional states 
from the speech are driven by a variety of factors (El Ayadi et al., 2011). 
First, it is not clear which speech features are most effective in discrim-
inating distinct emotional states. The acoustic variability introduced by 
the existence of different sentences, speakers, speaking styles and speak-
ing rates adds additional layers of difficulty as these factors could have 
a direct impact on the retrieved speech features (Swain et al., 2018; El 
Ayadi et al., 2011). The dependency of certain emotional expressions of 
the speaker and the speaker’s culture, dialect, and environment could 
also affect the SER performance. Second, there may be emotion over-
laps or multiple emotions perceived in the same utterance, making it 
difficult to determine the boundaries between each distinct emotional 
state. Even though many research efforts in SER have explored diverse 
ML approaches with various combinations of speech features, the ma-
jority of these works did not describe the techniques or methods used 
in carrying out the three core steps (i.e., data pre-processing, feature 
extraction, and emotion classification) of the SER task. Moreover, the 
challenges associated with these methods such as the pervasive low-

classification-accuracy issue of Speaker-Independent SER systems, and po-
tential solutions are either not addressed or sparsely discussed.

To assist in understanding the highly diverse use of ML algorithms 
and their available methods and techniques, we conducted a systematic 
review of ML-based speech-emotion recognition systems. The aim was 
to provide a review of techniques, strategies, and methods used in fa-
cilitating the three core steps of an ML-based SER, and to address the 
challenges associated with ML-based SER tasks. We acknowledge that 
more recently (past 3 to 4 years) are more relevant and interesting in 
terms of using novel ML algorithms and techniques; however, we se-
lected studies from 2010 onward to demonstrate the evolution of the 
field and provide the necessary foundation required for the recent de-
velopments. In addition, we analyze existing solutions that address the 
speaker dependency issues and the low-classification-accuracy issue of 
Speaker-Independent SER system. The structure of this paper is as fol-
lows: Section 2 describes the research background and motivation for 
this review, Section 3 provides the research methodology, Section 4
presents the research findings and Section 5 presents the ML processes.

2. Background and motivations

Speech is the fastest and the most natural mode of communication 
between humans (Latif et al., 2021; El Ayadi et al., 2011). The speech 
captures formal features of linguistic expressions (i.e., phonology, mor-
phology, syntax and semantics) along with the emotional states of the 
human. It carries affective information associated with emotional ex-
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Fig. 2. Speech Signal Analysis.

pressions through linguistic (explicit) and para-linguistic cues, which 
can be extracted using speech processing techniques (Anagnostopoulos 
et al., 2015; Liu et al., 2018; Latif et al., 2021). Furthermore, speech 
signal analysis can provide insight into what has been spoken (the lexi-
cal content), who has spoken (the speaker), the language used, and how it 
is spoken (the emotional component) (Fahad et al., 2021) - see Fig. 2.

This emotional component is important for understanding human 
decisions and can reveal the mental state of an individual (Harati et al., 
2018; Miner et al., 2020; Mitsuyoshi et al., 2017; Minardi, 2013). These 
facts motivate the use of speech signals as an effective means of human-

machine interactions. Although several other modalities including facial 
expression (Ali et al., 2015; Kerkeni et al., 2019), text (Madanian et al., 
2023b) and physiological signals, such as heart rate, respiration, skin con-

ductivity, and neural membrane (Kerkeni et al., 2019; Swain et al., 2018), 
can also be explored to recognize human emotional states, certain in-
herent attributes of speech signal make it a more effective source for 
affective computing. For instance, unlike physiological/biological sig-
nals, speech signals can be acquired more readily and economically. 
Furthermore, it is more difficult to identify emotions from the text as 
a result of the syntactic and semantic ambiguities, and not all emo-
tions can be detected from facial expressions (Koolagudi et al., 2018). 
In the case of using heart rate, it may be confounded by physical activ-
ity (Madanian et al., 2022).

The para-linguistic content of speech provides extremely valuable 
acoustic features that can be used to encode the emotional state of the 
speaker and have been explored using different ML approaches (Latif 
et al., 2021; Konar & Chakraborty, 2015; Kuchibhotla et al., 2014). 
These features are highly similar in all languages; therefore, a generic 
classification model can be used across languages (Fahad et al., 2021). 
Additionally, emotion detection from speech can also help avoid the 
privacy concerns associated with facial emotion detection, which could 
be more appealing from Patients’ perspectives on using digital health 
tools (Madanian et al., 2023a).

To build a generalizable speech recognition system, one needs to 
recognize specific features of a speech signal (e.g., the emotional as-
pect), while nullifying other speech aspects (e.g., linguistic and cultural 
information). Specifically, the SER system must be able to accommo-
date different speakers with different languages (i.e., Speaker/Language 
Independence). For this reason, some recent SER research focused on 
addressing the challenge of the speaker and language dependency in 
SER implementations (Kalhor & Bakhtiari, 2021; Sun & Wen, 2015; Liu 
et al., 2019; Kim et al., 2009; Albornoz & Milone, 2015; Fahad et al., 
2021; Abdelwahab & Busso, 2017; Deng et al., 2014).

Many of the recent SER research results leveraged ML methods and 
techniques to tackle different challenges in SER implementation. Al-
though almost all of these works describe the SER process in three steps 
(Fig. 3) — data pre-processing, feature extraction, and classification of 
emotions from audio signals — many studies focus on a single strat-
egy or method for performing the ML tasks.

For example, Alu et al. (2017) only used the 𝑀𝐹𝐶𝐶 of speech fea-
tures and a single-classifier architecture (𝐶𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙𝑁𝑒𝑢𝑟𝑎𝑙𝑁𝑒𝑡𝑤𝑜𝑟𝑘 −

𝐶𝑁𝑁) for emotion classification. The use of other audio features or 
ensembled-model architectures (e.g., ensembled-model based on CNN 
and SVM) were not mentioned. Tashev et al. (2017) used GMM and 
NN as feature extractors, but very little was mentioned on feature se-
lection and extraction techniques. Niu et al. (2017) performed the SER 
task with an ensembled-model (based on CNN and RNN) and speech 
spectrograms. The use of low-level descriptors (𝐿𝐿𝐷𝑠) was not consid-
ered. Jalal et al. (2019) compared several single-models (e.g., CNN with 
attention model, 𝑅𝑁𝑁 − 𝐿𝑆𝑇𝑀 , and 𝑆𝑉𝑀) performance in the SER 
task with some of the 𝐿𝐿𝐷𝑠 and spectrograms. However, the data pre-
processing techniques were not mentioned. Some other studies mostly 
focused only on a very specific step in the ML process or very specific 
ML algorithms. For example, Swain et al. (2018) concentrated mostly on 
emotion features and classifiers, or Lieskovská et al. (2021) and Schon-
eveld et al. (2021) focused on deep learning approaches. Furthermore, 
some of the studies only focused on addressing a particular challenge 
in SER. For instance, the data insufficiency and imbalance issues were 
solved by a particular data augmentation technique in Niu et al. (2017). 
Shih et al. (2017) address the negative impact of speaker difference in 
audio data using a Histogram Equalization technique. And Kerkeni et 
al. (2019) reduce the detrimental influence of audio signal trends using 
a zero-crossing rate detection strategy. Nevertheless, very few studies 
provide a comprehensive view of the current problems and solutions in 
the SER task.

We acknowledge some existing SER surveys over the last decade; 
such as Fahad et al. (2021); Yadav et al. (2021); Schuller et al. (2011); 
Latif et al. (2021); Akçay and Oğuz (2020); Mustafa et al. (2018); 
Swain et al. (2018); Anagnostopoulos et al. (2015); Schuller (2018); 
El Ayadi et al. (2011); Koolagudi and Rao (2012). Table 1 shows a 
comparison of these surveys with our review. These works mostly cap-
ture the key components of SER, including database, data-processing, 
feature extraction, selection, and classification. For example, Fahad et 
al. (2021) discussed both conventional and deep-learning techniques 
for SER. The authors presented three categories of databases including 
acted, evoked, and natural databases, and outlined their pros and cons. 
Details of challenges and approaches for solving issues related to natu-
ral environments such as speaker/language/textual dependencies were 
described. Acoustic and non-acoustic classes of speech emotion features 
were also discussed. They explain various techniques suitable for ex-
tracting emotion features. Common evaluation metrics were captured 
in the paper, but no information was provided on evaluation strategies, 
baselines, and data pre-processing. From databases to evaluation strate-
gies, Schuller et al. (2011) present an end-to-end survey. The authors 
address SER tasks as both a classification and regression problem. They 
extensively cover SER components such as features, and feature selec-
tion methods. Their survey illustrates how to evaluate SER models using 
several strategies. Their work also captures the challenges surrounding 
the robustness of SER in noisy and cross-corpus environments, although 
it does not go into detail on the methodologies.

Koolagudi and Rao (2012) presented an SER survey that covers 
databases, features, and classifiers. They discussed the benefits of us-
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Fig. 3. Speech Signal Analysis.

Table 1

Comparison of the coverage of our work with existing SER surveys over the last decade.

Survey Paper Speaker 
Independent

Feature 
Extraction & 
Selection

Emotion 
Classifications

Data Pro-
cessing

Evaluations 
Strategies

Fahad et al. (2021) ✓ ✓ ✓ ✓ ✗

Yadav et al. (2021) ✗ ✗ ✓ ✓ ✗

Latif et al. (2021) ✗ ✓ ✓ ✗ ✓

Akçay and Oğuz (2020) ✗ ✗ ✓ ✓ ✗

Mustafa et al. (2018) ✗ ✗ ✓ ✓ ✗

Swain et al. (2018) ✗ ✗ ✓ ✓ ✗

Schuller (2018) ✗ ✗ ✓ ✗ ✗

Anagnostopoulos et al. (2015) ✗ ✓ ✓ ✗ ✗

El Ayadi et al. (2011) ✗ ✓ ✓ ✓ ✗

Koolagudi and Rao (2012) ✗ ✗ ✓ ✗ ✗

Our Paper ✓ ✓ ✓ ✓ ✓

ing different databases including elicited, acted, and natural databases. 
They also covered different classification techniques and categories of 
features including prosodic, excitation, and vocal-tract features. How-
ever, they do not capture the techniques to deal with the speaker depen-
dency issues and do not discuss emerging ML techniques used in SER. 
The survey presented in El Ayadi et al. (2011) addressed speech emotion 
classification with a focus on three key components of SER includ-
ing feature selection, speech classification schemes, and preparation of 
speech emotion databases. The authors discussed issues associated with 
the feature extraction step in SER, and presented different categories of 
features including global and local and continuous and voice quality fea-
tures and explained the influence of each category on SER performance. 
However, this survey does not cover speaker-independent challenges 
and SER evaluation techniques. Similarly, Swain et al. (2018) presented 
an SER survey that captures components such as databases, features, 
and different classifiers for speech emotion recognition in several lan-
guages. Deep learning, hybrid, and fusion techniques for emotion clas-
sification were also discussed in their research. However, their survey 
did not discuss challenges and the current state-of-the-art approaches 
for achieving speaker independence, feature selection, evaluation, and 
several key techniques for speech data pre-processing.

The survey conducted by Akçay and Oğuz (2020) captured essential 
components of SER including databases, features, emotional models, 
preprocessing, supporting modalities, and emotion classification. Two 
methods of modelling emotions and their trade-offs were also discussed. 
The first approach is based on discrete models, which are based on 
the six categories of independent emotions: sadness, happiness, fear, 
anger, disgust, and surprise. These emotions are mostly observed in hu-
man daily activities and are only experienced for short periods of time. 
However, discrete emotions are not able to capture some of the more 
complex emotional states observed in human communications. Dimen-
sional models, on the other hand, make use of a small number of latent 
dimensions to characterize human emotions such as valence, arousal, 
control, and power. In a systematic way, these emotions are analogous 
to one another. The authors also discuss various ML-based and emerging 
deep learning classifiers such as 3D-CNN and auto-encoders. Although 
this survey does provide various techniques for speech data preprocess-
ing, it does not include evaluation strategies, speaker adaptation and 
language-independent techniques, and feature selection.

Our review builds on these prior studies (Torres-Carrión et al., 
2018; Grant & Booth, 2009; Kitchenham et al., 2010) by consolidat-
ing and bridging the knowledge gap with respect to the state-of-the-
art in SER. Unlike the previous studies, this work followed a three-
step systematic review, which comprehensively captured existing and 
emerging methods, techniques, and strategies used for carrying out the 
main steps in SER implementation. This approach enables us to pro-
vide fine-grained information missed in the prior surveys. Moreover, 
this work provides specific information regarding SER evaluation, and 
speaker-independent experimentation concerns, specifically, the reason 
behind the low-classification-accuracy issue associated with speaker-
independent SER during the evaluation process in the vast majority of 
the studies. We further provide a summary of reviewed papers used in 
this work under the following headings: Paper Title, Signal Pre-processing, 
Feature Extraction and Feature Selection, Emotion Classes, Machine Learn-

ing Algorithms, Evaluation Criteria, and Classification Results (see Ap-
pendix A).

3. Research methodology

To summarize and integrate the available knowledge in the field 
of ML and SER, we adapted a systematic literature review research 
methodology based on Xiao and Watson (2019) guidelines to form a 
more comprehensive knowledge base. This systematic review was con-
ducted in 𝑃𝑢𝑏𝑀𝑒𝑑, 𝐼𝐸𝐸𝐸, 𝑆𝑐𝑜𝑝𝑢𝑠, and 𝐺𝑜𝑜𝑔𝑙𝑒𝑆𝑐ℎ𝑜𝑙𝑎𝑟 databases. The 
following search queries were constructed to identify the relevant re-
search articles: ‘Automatic’ 𝐴𝑁𝐷 (‘Emotion Detection’ OR ‘Emotion Recog-

nition’) 𝐴𝑁𝐷 (‘Audio’ OR ‘Speech’) 𝐴𝑁𝐷 ( ’AI’ OR ‘Artificial Intelligence’

𝑂𝑅 ‘ML’ 𝑂𝑅 ‘Machine Learning’ 𝑂𝑅 ‘Neural Network⋆’ 𝑂𝑅 ‘NN’ ). The 
search results were limited to English, full text, with publication years 
ranging from 2011 to 2021 only to capture ML techniques’ trends and 
evolutions in SER. From the initial 263 collected articles, 95 met the 
exclusion criteria (Table 2).

We used thematic analysis (Braun & Clarke, 2022) to extract infor-
mation from the 95 studies, using NVivo, a qualitative data analysis 
software. Based on deductive and inductive reasoning (Yi, 2018) dif-
ferent categories were created to cover different stages of ML for SER 
(Table 3). Each category provides a reflection on the importance of the 
stage and ML techniques and methods on the overall performance of 
SER. The procedure of our systematic review is presented in Fig. 4.
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Fig. 4. Study selection process.

Table 2

Exclusion criteria used for literature selection.

Exclusion Criteria

1 Book chapters, company reports, white papers, or abstracts
2 Studies in emotion detection or recognition using both audio and facial 

information
3 Studies in speech or audio emotion detection/recognition using 

non-machine-learning techniques
4 Studies with the main focus on speech recognition
5 Studies with the detection o other targets from speech, like gender, voice 

disorder, attitude etc.
6 Studies with emotion detection on animals
7 Studies with emotion detection from music
8 Studies with Artificial Intelligence or ML in general healthcare application
9 Studies with qualitative study only
10 Studies with a medical focus only

4. Findings and discussion

Our findings are based on the outcome of our systematic review in 
four scientific databases (Fig. 5) and presented in SER three steps of 
data pre-processing, feature extraction, and emotion classification. The 
findings include the utilised methods or techniques in each of the steps 
and some special methods.

4.1. Data pre-processing

This step is the foundation in speech processing-based applications 
(e.g., SER) which can have a significant impact on the subsequent fea-
ture extraction and classification steps. If this step is undertaken effec-
tively, it can improve the overall recognition performance (Semwal et 

Table 3

ML Aspects of SER.

ML Aspects of SER

1 Emotion datasets
2 Data pre-processing
3 Sampling, quantisation, and pre-emphasis
4 Audio features
5 Feature extraction
6 Emotion classification
7 Evaluation criteria
8 Speaker-Independent SER

al., 2017). However, before starting the pre-processing the speech emo-
tion datasets should be prepared. The majority of the studies used the 
available speech-emotion datasets. The common datasets are presented 
in Table 4. Other utilised datasets were: MSP-Improv (Neumann & Vu, 
2019), eNTERFACE (Xie et al., 2019), Marathi (Darekar & Dhande, 
2018), and TESS (Mekruksavanich et al., 2020).

One of the major goals of the pre-processing step in SER implemen-
tation is to remove unwanted noises from audio signals. Audio signals 
get disturbed by the noise signals at varying decibels such as 0 db, 5
db, and 10 db (Niveditha & Ashok, 2019). Such noise can negatively af-
fect the SER performance. It is worth noting that some pre-processing 
techniques are employed to facilitate feature extraction processes like 
feature normalization, which could help reduce the effects of variations 
of speakers on the recognition process (Akçay & Oğuz, 2020).

There are two routes of pre-processing for audio data with respect 
to expected features to be extracted (see Fig. 6). First, is the traditional 
route for 𝐿𝐿𝐷𝑠 extraction. This includes common audio pre-processing 
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Fig. 5. SER results based on SLR.

Table 4

Speech emotion databases.

Dataset Name Sample of Reference Studies Modality Actors Language Emotion Categories

IEMOCAP Niu et al. (2017), Pandharipande et al. (2018), Zhao 
et al. (2019a), Ramet et al. (2018), Jalal et al. 
(2019), Neumann and Vu (2019), Jiang et al. 
(2019), Suganya and Charles (2019)

Audio-Visual 5 Male and 5 Female English Anger, Happiness, Excitement, Sadness, 
Frustration, Fear, Surprise, Neutral and 
other

SAVEE Yogesh et al. (2017a), Sivanagaraja et al. (2017), Liu 
et al. (2018), Mekruksavanich et al. (2020)

Audio-Visual 4 Male English Angry, Disgust, Sad, Fear, Happy, 
Surprise, and Neutral

RAVDESS Darekar and Dhande (2018), Mekruksavanich et al. 
(2020), Jalal et al. (2019)

Audio-Visual 12 Male and 12 Female English Happy, Sad, Angry, Fearful, Surprise, 
Disgust, Calm, and Neutral

Emo-DB Pandharipande et al. (2018), Zhang et al. (2018a), 
Niu et al. (2017), Zhou et al. (2016), Suganya and 
Charles (2019), Meng et al. (2019)

Speech 5 Male and 5 Female German Angry, Boredom, Disgusting, Fear, Happy, 
Sad and Neutral

CASIA Wen et al. (2017), Xie et al. (2019), Liu et al. 
(2018), Mao et al. (2019), Ke et al. (2018)

Speech 2 Males and 2 Female Chinese Anger, Fear, Happy, Neutral, Sad and 
Surprise

methods such as sampling, pre-emphasis, windowing and framing, and de-

noising. Tools like OpenSMILE (Eyben et al., 2010) are commonly used 
for data transformation and feature extraction. The other route captures 
methods and techniques that transform audio signals into spectrograms

and wavelets, which are used for the SER task. Besides the framing, win-
dowing and pre-emphasising, additional approaches, which are based 
on Fourier Transform and Wavelet-transform techniques, are used to 
transform audio segments from time-frequency domain signals into 
spectrograms and wavelets (Vasquez-Correa et al., 2016; Fahad et al., 
2021). A spectrogram represents the strength or loudness of a signal 
over time at different frequencies in a particular waveform (Badshah et 
al., 2019). Wavelets give a short-term multi-resolution analysis of time, 
energy, and frequencies in a speech signal (Schuller et al., 2011).

Some studies use supporting methods in the data pre-processing step 
to deal with particular challenges while implementing ML-based SER 
systems (see Table 5). An example of these methods includes the use 
of a data augmentation strategy for generating more audio data. A de-
tailed description of the pre-processing methods and other supporting 
methods used during SER audio data processing is provided in the next 
section.

4.2. Sampling, quantisation, and pre-emphasis

Sampling is the process of converting the raw audio signal into a 
digital signal (Niveditha & Ashok, 2019). The sampling rate, the pri-
mary parameter of sampling, refers to how many samples per second 
are extracted from the raw and continuous signal to create the digi-
tal and discrete signal. Another application of sampling in SER (e.g., 
down-sampling technique) is usually used to provide data augmenta-

tion (Fayek et al., 2015) and decompose the signal to reduce the influ-
ence of perturbations, like jitters, and flutter (Sivanagaraja et al., 2017). 
The quantisation happens with sampling in digitising the raw audio sig-
nal and is used to quantize the sampling values to the nearest levels 
(Niveditha & Ashok, 2019). The pre-emphasis is deployed to augment 
the effects of high and low frequency to reduce the noise of audio sig-
nals. A higher frequency’s amplitude will be increased whereas a lower 
frequency’s amplitude is decreased, as the former usually contains rel-
atively more important information compared to the latter, which is 
blended with noise (Gunawan et al., 2018).

4.2.1. Framing

Framing is the process of partitioning input speech signals into 
fixed-length segments; where each segment is referred to as a frame

and thus helps to visualise each frame as an isolated feature vector. 
Frameshift/overlapping is a key concept in framing, which describes 
overlapping portions between current and previous frames. The frame 
size and the overlap ratio are determined during the pre-processing to 
help differentiate the starting points of each frame and the duration of 
the frames (Deng et al., 2013; Basu et al., 2017). The overlap rate is 
employed to reduce information loss and soften the transition from one 
frame to the next (Ozseven, 2018).

Although several studies did not apply overlapping during fram-
ing and windowing (Lalitha et al., 2019; Muthusamy et al., 2015), 
Sivanagaraja et al. (2017) noted that overlapping could be better than 
non-overlapping, especially for SER. Framing is usually carried out to 
address other specific challenges during speech signal processing. In 
SER, continuous speech signals restrain the use of processing techniques 
such as Discrete Wavelets Transform (DWT) and Discrete Fourier Trans-
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Fig. 6. Data pre-processing and feature extraction routes.

Table 5

Common SER challenges and solutions.

Challenges Solutions

Silence and noise removal 𝐴𝐹𝐹𝑇 and adaptive filtering;
The algorithm proposed by Saha et al. (2005);
Google 𝑊 𝑒𝑏𝑅𝑇𝐶 𝑉 𝐴𝐷.

Audio data insufficiency Data augmentation
Data imbalance Data augmentation; Skew-robust technique.
Speaker differences in audio data Cross-Speaker Histogram Equalisation (𝐶𝑆𝐻𝐸)
Signal trend issues Removing signal trend by zero-crossing rate detection method.
Perturbations in audio signal Reducing the impact of perturbations by using down-sampling to decompose the signal.
Solve the non-stationary and non-linearity 
issues

𝐸𝑀𝐷 − 𝑇𝐾𝐸𝑂 technique
(Empirical Model Decomposition - Teager-Kaiser Energy Operator)

Redundant and irrelevant information in 
LLD and HSF features

Feature selection methods, e.g.,
𝑃𝐶𝐴, 𝐿𝐷𝐴, correlation analysis and Fisher Criterion

Speaker-independent challenges Attention model; 𝐿𝐹𝐿𝐵 (Local Feature Learning Block); EnhancedGaussian Mixture Model audio features; 3 Dilated 𝐶𝑁𝑁𝑠 for 
feature extraction on 3 transformations (based on delta) of the log- spectrum; A combination loss function of centre-loss and softmax

to train neural network

form (DFT) during feature extraction. As a result, fixed-size frames are 
suitable for classifiers (e.g. NN-based classifiers) while preserving emo-
tion information in speech. Furthermore, because the speech signals 
are non-stationary, emotion can vary in the course of a speech, how-
ever, speech stays invariant for a brief amount of time ranging from 
10 to 30 ms. This quasi-stationary condition can be approximated and 
local characteristics retrieved by framing the speech signal (Akçay & 

Oğuz, 2020). The recommended frame size is 10 − 20 ms, as advised by 
Rabiner (1978).

4.2.2. Windowing

Following the framing phase of the speech signal, the next step 
is to apply a window function to the frames. The function is used to 
mitigate the effects of spectral leakages generated by discontinuities 
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Table 6

Windowing Approaches for SER.

Windowing Approach

1 Hamming Window: the most common approach in SER applications which 
removes the discontinuities and decreases ripples in each frame (Lokesh & 
Devi, 2019; Lalitha et al., 2019). Hamming window size of 40 ms could lead to 
better emotion classification performance (Zhang et al., 2018b).

2 Rectangular Window: this approach is considered the simplest window that 
was used in Badshah et al. (2019) for feature extraction spectrograms.

3 Triangular Window: This method was used only in a very few research studies. 
Niveditha and Ashok (2019) and Jain et al. (2011) applied a series of 
triangular windows to find the weighted spectral components in their SER 
applications.

4 Hann Window: It is a window function used to perform Hann 
smoothing (Essenwanger, 1986). It is used in signal processing to select a 
subset of a series of samples in order to perform Fourier transform or other 
calculations.

at the signal’s edges during the Fast Fourier Transform (FFT) (Akçay 
& Oğuz, 2020). After the speech signal is framed, each frame is then 
windowed to eliminate discontinuities at the beginning and end of the 
frame and adjust spectral infiltration in the signal and intersection due 
to overlaps (Ozseven, 2018). Lokesh and Devi (2019) points out that the 
windowing and framing approaches are used to remove the Gaussian 
white noise in the audio signal. The identified windowing approaches 
in our systematic review are discussed in Table 6.

Other forms of windowing techniques such as Bartlett, Kaiser and 
Gaussian windowing functions (Pereira et al., 2016) exist but are rarely 
used in SER. Based on the investigation of Pereira et al. (2016) on the 
impact of different windowing functions on SER performance, Ham-
ming and Hanning’s windowing approaches performed better than the 
other techniques while Bartlett and Rectangular performance were poor. 
There are few studies discussing the influence of the size of the window 
on performance’s SER. Among 32 studies that mentioned their window-
ing details, 22 of them use a window size of 25 ms to process the frames. 
The overlapping/slide size is usually 1∕3 or 1∕2 of the frame size (Ra-
jisha et al., 2016) and the studies that choose a 25 ms window size all 
set the overlapping size as 6, 10, or 15 ms.

4.2.3. Noise and silence removing

Noise and silence should be removed to decrease the negative im-
pact of unwanted data on speech signals. The audio signals used for 
training the ML model are usually recorded in a normal environment 
with noise backgrounds. Therefore it is necessary to isolate the speech 
from the noise (Kannadaguli & Bhat, 2019). Moreover, the removal of 
silence in speech can help some deep learning models (e.g., attention 
model) to focus on specific parts (Mu et al., 2017). Four studies incor-
porated silence and/or noise removal steps in their data pre-processing 
phase. Different techniques were used for this removal with no evidence 
showing the comparison of these techniques in their contribution to SER 
performance.

Hussain et al. (2017) used FFT and adaptive filtering for noise and 
silence removal. An algorithm proposed by Saha et al. (2005) was 
also used by Kannadaguli and Bhat (2019) to do the same task. A 
WebRTC Voice Activity Detector (VAD) developed by Google is used 
by Harár et al. (2017); Mu et al. (2017) to remove the silent parts in the 
speech sample.

4.2.4. Fourier transforms

To analyze speech signals more effectively, the frequency domain 
acoustic features can be used (Fahad et al., 2021). However, raw speech 
signals are in time-amplitude waves in which the frequency information 
is not contained, whereas spectrograms require frequency information. 
Hence, the 𝐹𝑇 is applied to transfer the raw audio wave from the time 
domain to the time-frequency domain to gain the frequency informa-
tion. The Fourier Transform (𝐹𝑇 ) is famous for transforming the signal 
into a particular domain to gain its amplitude, phase, and frequency. 

Table 7

Fourier Transforms for SER.

Approach for Fourier Transforms

1 Fast Fourier Transform (FFT): To convert time domain speech signals to 
frequency domain 𝐹𝐹𝑇 is used (Basu et al., 2017; Zheng et al., 2015; Rawat & 
Mishra, 2015; Aouani & Ben Ayed, 2018). FFT generates the frequency 
spectrum of each frame of a speech signal to obtain the spectrum features in a 
particular frame.

2 Discrete Fourier Transform (DFT): DFT converts a finite sequence of 
equally-spaced samples of a function into a same-length sequence of 
equally-spaced samples of the Discrete-Time Fourier Transforms (DTFT). DFT 
is mostly useful to transform temporal speech samples into spectra (Zhu et al., 
2017). This allows better compression (Nasreen et al., 2016). DTFT is usually 
used for frequency analysis of discrete signals, however, since discrete-time 
signals are continuous, DTFT is not suitable for numerical systems. DFT is 
usually derived from DTFT when conducting frequency analysis.

3 Discrete Cosine Transform (DCT): DCT is a reversible frequency domain 
transformation (Ramakrishnan et al., 2015). It collects cosine waves with 
varying frequencies to represent data. Due to DCT’s symmetrical elongation 
features, the application of DCT involves less interruption when compared to 
DFT (Sonmez & Varol, 2019; Kerkeni et al., 2019).

4 Short-Time Fourier Transform (STFT): FT only provides amplitude with 
frequency functions, not the time instants at which the frequencies occurred. 
To overcome this limitation, STFT is a more advanced type of FT which is 
used to overcome the restriction of the traditional FT (Kerkeni et al., 2019; 
Zheng et al., 2015). It captures both temporal and spectral information (Fahad 
et al., 2021).

𝐹𝑇 is commonly employed in DNN-based SER applications to extract 
deep features from the spectrograms (or Mel-spectrograms) of the audio 
signal which requires frequency information. The spectrograms (or Mel-

spectrograms) can be derived from the frame transformed by 𝐹𝑇 and 
the determination of the spectrogram segment size should be consid-
ered. The size of the spectrogram segment, in other words, the number 
of frames contained in a segment, should be long enough to contain 
sufficient emotional information. Although the specific standard for a 
segment length 𝐿 is still an open question in this research area (Zheng et 
al., 2015), studies such as Kim and Provost (2013) and Provost (2013)
pointed out that segments with 𝑆𝑒𝑔𝑚𝑒𝑛𝑡𝐿𝑒𝑛𝑔𝑡ℎ𝐿 greater than 250 ms 
could contain enough emotional information.

The common FT-based transformation techniques used in existing 
SER applications are presented in Table 7.

4.2.5. Wavelet transform

As Fourier Transform cannot simultaneously capture time and fre-
quency components of the speech signal, it has some limitations. 
Emotional speech varies considerably with time more than neutral 
speech (Fahad et al., 2021), therefore details and rapid component 
changes in an emotional speech might be difficult to track with a 
fixed window length of STFT. To address this issue Wavelet Transform 
(WT) is often used. WT decomposes the signal into high-frequency and 
low-frequency components which provides better time resolution for 
high-frequency components and better frequency resolution for lower-
frequency components. WT has been used for Time-Frequency analysis 
and to model emotional speech (He et al., 2013; Wang et al., 2020). 
Wavelets are a class of functions that are localized both in the time and 
frequency domains. Each wavelet in the classical setting is a variation 
of a single wavelet 𝜓 known as the mother wavelet (Ha et al., 2021). 
The following are different variations of Wavelet Transform:

• Discrete Wavelet Transform (DWT): is a wavelet transform with 
discretely sampled wavelets. A fundamental benefit it has over 
Fourier Transforms is temporal resolution; it captures both fre-
quency and time information. A group of discrete wavelets can 
be generated by scaling and translating the mother wavelet into 
discrete increments (Ha et al., 2021). The time-frequency multi-
resolution capability of DWT was explored in Palo and Mohanty 
(2015) which led to better emotion classification.
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• Continuous Wavelet Transform (CWT): is a non-numerical trans-
formation approach that provides an over complete representation 
of a signal by letting the translation and scale parameter of the 
wavelets vary continuously.

• Wavelet Packet Transform (WPT): is an extension of DWT and is 
a generalisation of wavelet decomposition with a wider variety of 
signal processing capabilities. A wavelet packet is a collection of 
wavelet functions that have been linearly concatenated (He et al., 
2013). As a result, wavelet packets inherit the orthonormality and 
time-frequency localisation properties of their respective wavelet 
functions. Instead of only decomposing the low-frequency repre-
sentation, the entire time-frequency plane can be subdivided into 
distinct time-frequency components. Wavelet packet analysis has 
the advantage of allowing the combination of several levels of de-
composition to produce the best time-frequency representations of 
the original signal.

Some SER studies have been leveraging the characteristics of 
Wavelet Transform to enhance the performance of their application. For 
instance, Shegokar and Sircar (2016) proposed a speaker-independent 
SER using features selected based on CWT and prosodic coefficients. 
Huang et al. (2015) proposed a Wavelet packet filter-bank-based acous-
tic feature extraction approach for SER that considerably improved 
emotion recognition performance over the traditional MFCC feature.

4.2.6. Data augmentation

Two common problems for the speech database for SER are: (1) the 
amount of audio data is not large enough, especially for training a deep 
learning classifier; (2) the data in different emotion classes is often un-
balanced. These two problems would considerably influence emotion 
classification performance. To address these issues, a data augmenta-
tion strategy is being used. Data Augmentation is designed to generate 
more data to increase the amount of data and to balance the data in dif-
ferent emotion classes. This method can decrease models’ over-fitting 
which leads to enhancing the model generalization. However, among 
all the included studies in this review, only very few explain their data 
augmentation strategies and those achieved higher classification perfor-
mance.

Data Augmentation Algorithm Based on Retinal Imaging Principle 
(DAARIP) is proposed in Niu et al. (2017). It compared the classification 
performance between using the raw data and using the augmented data 
to train the same deep learning architecture. The result demonstrated a 
significant increase in classification accuracy. 𝐷𝐴𝐴𝑅𝐼𝑃 simulated the 
relationship between focal distance and image size in human retina. It 
receives the spectrograms of the speech signal and generates different 
sizes of images by changing the focal distance.

In another study, the log Mel-spectrogram extracted from an ut-
terance was divided into a certain number of overlapping segments 
to augment data (Zhao et al., 2019a). Fayek et al. (2015) used a re-
sampling strategy to generate more audio data at different sampling 
frequencies. Although other methods such as adding Gaussian noise, 
and Vocal-Tract Length Perturbation (VLTP) were explored in their ex-
periments, re-sampling proved to be more successful. In their research, 
they used the augmented data for training the 𝐷𝑁𝑁 which significantly 
improved its generalisation ability. Zhang et al. (2018a) created more 
audio data by setting the overlapping size to a relatively small number, 
while in Ramet et al. (2018), random white noises were added to aug-
ment data. Other methods such as RNN to utilize past speech frames 
(Meng et al., 2019) and Multi-Task Learning (Singh et al., 2019) were 
also suggested.

4.2.7. Cross-speaker histogram equalisation

Another challenge in SER by ML is the differences (e.g., emotion am-
biguity) in speech data caused by speaker differences (e.g., gender and 
age). This challenge is considered to contribute to the low SER perfor-
mance (Shih et al., 2017). A method called (𝐶𝑆𝐻𝐸) is experimented 

in Shih et al. (2017) to normalise the training data and the result shows 
it considerably increases the SER performance by neutral network and 
(𝑆𝑉𝑀) classifiers.

4.2.8. Signal trend removal

The existence of a signal trend in the speech could be detrimental 
to the SER task. Great error could be caused by the signal trend in the 
correlation analysis of time domain (raw audio wave), in the spectral 
analysis of frequency domain (spectrograms), and in the authentica-
tion of low-frequency spectrum (Kerkeni et al., 2019). The signal trend 
removal is based on the zero-crossing rate detection method (Li & Li, 
2011). This method mentioned in Kerkeni et al. (2019) includes two 
steps. The first step is calculating the signal trend by setting a particu-
lar threshold. It could be shown as the two formulae:

𝑅𝐼𝑀𝐹𝑖

𝑅𝐼𝑀𝐹 1

< 0.01 (𝑖 = 2,3,4,…𝑛) (1)

The 𝐼𝑀𝐹 is the Intrinsic Model Function derived by 𝐸𝑀𝐷 (introduced 
in Section 4.2.1) and 𝑅 is the zero-crossing rate.

𝑇 (𝑡) =
∑

𝑖

𝐼𝑀𝐹 (2)

𝑇 (𝑡) is the signal trend.
The second step is the subtraction of the signal trend from the orig-

inal speech signal:

𝑆(𝑡) =𝑋(𝑡) − 𝑇 (𝑡) (3)

𝑋(𝑡) is the original speech signal. 𝑆(𝑡) is the derived signal by re-
moving the trend.

4.3. Audio features and feature extraction

This step happens on the speech signals from the pre-processing step 
and will determine the inputs for training the ML model to make emo-
tion classification. Extraction of the necessary information from the 
speech signal is a vital step in the SER system (Kerkeni et al., 2019), 
and has a direct impact on the system performance. Feature extraction 
is necessary to obtain characteristics from speech signals that are in-
dicative of the emotional content of the speech (Semwal et al., 2017). 
Feature extraction also aims to remove redundant and unnecessary 
features leading to enhancing the models’ accuracy. The essential con-
sideration for the feature extraction step includes the types of audio 
features appropriate for the SER task and how to extract them.

Based on our findings, the audio features are mainly categorised 
into traditional (or hand-crafted) and advanced features. Traditional 
features include the prosodic, spectral, and acoustic features (Alu et al., 
2017), and their statistical features (Zhu et al., 2017). Prosodic features, 
such as speech intensity, pitch, energy, zero crossing rate, refer to the 
musical aspect of speech (Alva et al., 2015) and are considered as the 
main indicator of a speaker’s emotional (Ortony et al., 1990; Fei et al., 
2016). Spectral features (i.e., the speech signal’s short-time representa-
tion (Fei et al., 2016)), are calculated by the vocal tract system (Lalitha 
et al., 2019). MFCC and Linear Predictor Coefficient (LPC) are two com-
mon spectral features in the studies. The prosodic and spectral features 
are the most common traditional features used in SER studies. Never-
theless, some studies (e.g., Alu et al., 2017; Liu et al., 2018) use acoustic 
or quality features as a supplement.

The mentioned features are Low-Level Descriptors (𝐿𝐿𝐷) which re-
flect the audio characteristics in the word or frame level. These LLD 
descriptors are used to derive time, spectral and cepstral domain, for 
short speech frames of the speech signal (Semwal et al., 2017). On the 
other hand, to recognise the temporal variations and outlines of the 
speech, a series of high-level statistical features (𝐻𝑆𝐹 ) are applied on 
the LLD at the utterance level (Mirsamadi et al., 2017), such as max-
imum, minimum, or variance of pitch and 𝑀𝐹𝐶𝐶 . These 𝐻𝑆𝐹 are 
dynamic and thus assumed to contain emotional contents more than 
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Table 8

Audio features.

Categories Audio features

Prosodic features (Zhu et al., 2017; 
Anagnostopoulos et al., 2015) (Zhao et 
al., 2019c) (Alu et al., 2017)

Intensity, pitch (fundamental frequency, energy, zero crossing rate, Harmonics-to-noise Ratio (HNR), shimmer, jitter, speech rate, 
normalized amplitude quotient, spectral tilt, spectral balance

Spectral features (Zhu et al., 2017; 
Anagnostopoulos et al., 2015) (Alu et al., 
2017) (Fei et al., 2016; Zhao et al., 2019c)

Linear Predictor Coefficient(LPC); Linear Predictor Cepstral Coefficient; Log-frequency Power Coefficient (LFPC); Line Spectrum 
Pair (LSP); Perceptual Linear Prediction Cepstral Coefficients (PLP); MFCC, One-Sided Auto-correlation Linear Prediction 
Coefficient (OSALPC); One-Sided Auto-correlation Linear Prediction Cepstral Coefficient (OSALPCC); Zero Crossing Amplitude 
Peak (ZCPA)

Acoustic features (Alu et al., 2017; Liu et al., 
2018)

Formant frequency, glottis parameters (breath sound, brightness, and throat sound)

Statistical feature (Koolagudi et al., 2018; Shih 
et al., 2017) (Huang et al., 2018)

Maximum, minimum, mean, standard deviation, variance, kurtosis, skewness, relative position, range, Mean Square Error of linear 
regression.

Deep features (Fahad et al., 2021; Khalil et al., 
2019)

The features extracted by deep neural network

Features based on EMD and TKEO (Kerkeni et 
al., 2019)

The features extracted based on TKEO and EMD, like Mel Frequency Cepstral Coefficients based on the Reconstructed Signal 
(SMFCC); Energy Cepstral Coefficients (ECC); Frequency-weighted Energy Cepstral Coefficients (EFCC); Modulation Spectral 
(MS); Frequency Modulation (MF)

the static 𝐿𝐿𝐷. The usage of 𝐿𝐿𝐷 and 𝐻𝑆𝐹 for the traditional SER by 
𝑀𝐿 method usually includes a large number of combinations.

In addition to traditional features, two categories of advanced fea-
tures are now available, hypothesized to unveil a richer array of emo-
tional information embedded within the speech. The first type of ad-
vanced features is deep features. These features are not obtained man-
ually like the 𝐿𝐿𝐷 and 𝐻𝑆𝐹 , instead, they are captured automatically 
by the advanced ML algorithm — deep neural networks. The deep fea-
tures can be extracted from both raw speech clips and handcrafted 
features (Zhao et al., 2019b). The second type is the features based 
on Empirical Model Decomposition (𝐸𝑀𝐷) and Teager-Kaiser Energy 
Operator (𝑇𝐾𝐸𝑂) techniques (Kerkeni et al., 2019).

EMD is introduced to solve the stationarity and non-linearity issues 
in the speech signal. 𝑆𝑇𝐹𝑇 could alleviate the stationarity issue but 
leave the non-linearity problem unsolved, whereas the EMD method 
could decompose and analyse the non-linear and/or non-stationary 
speech signal while preserving the original qualities (Kerkeni et al., 
2019). The TKEO technique is used to track the real-time change of 
the amplitude and frequency of the AM and FM (Amplitude and Fre-
quency Modulation) constituents (Kerkeni et al., 2019). The 𝐸𝑀𝐷
method could be used to calculate the 𝐼𝑀𝐹𝑠 (Intrinsic Model Func-
tions), based on which the signal trend can be removed (Section 4.2.8) 
from the original signal and then the 𝑆𝑀𝐹𝐶𝐶 feature could be derived 
from the new signal with 𝐹𝐹𝑇 and 𝐷𝐶𝑇 (Discrete Cosine Transform). 
The combination of 𝐸𝑀𝐷 and 𝑇𝐾𝐸𝑂 technique can be used to extract 
modulation-related features, like Modulation Spectral (𝑀𝑆), and the 
cepstral-based features, like Energy Cepstral Coefficients (𝐸𝐶𝐶). The 
SMFCC and MS features are found to model human auditory perception 
better than the MFCC does. The cepstral features have similar func-
tionality to the MS while containing different emotional information. 
The experiment in Kerkeni et al. (2019) showed the combined usage of 
the two types of features above considerably improved the SER perfor-
mance.

The comprehensive list of audio categories and the related features 
is provided in Table 8.

To extract the mentioned features, traditional pre-processing and 
audio feature extraction for SER by ML is being used. This feature 
extraction relies on specific tools, that based on our findings, can be 
categorized into three types: (1) standard 𝑡𝑜𝑜𝑙𝑘𝑖𝑡𝑠 for audio feature ex-
traction, such as 𝑜𝑝𝑒𝑛𝑆𝑀𝐼𝐿𝐸, 𝑃𝑅𝐴𝐴𝑇 , 𝐴𝑃𝐴𝑅𝐴𝑇 , and 𝑜𝑝𝑒𝑛𝐸𝐴𝑅 (Yo-
gesh et al., 2017b). The most common toolkit is 𝑜𝑝𝑒𝑛𝑆𝑀𝐼𝐿𝐸, used 
by 12 out of 17 studies for audio feature extraction. (2) libraries in 
programing platforms (e.g., Python and MATLAB). For instance, the 
PyAudioAnalysis is used in Giannakopoulos (2015); Manamela et al. 
(2018) and is a powerful and specialised Python library for extracting 
audio features (Manamela et al., 2018). (3) lastly, models developed by 
SER researchers for audio feature extraction for particular purposes.

As discussed in Kerkeni et al. (2019), different feature extraction 
techniques can be used including Linear Discriminant Analysis (LDA), 
Principle Component Analysis (PCA), Sequential Forward Selection 
(SFS), and Recursive Feature elimination (RFE). The developed mod-
els for SER feature extraction are numerous. For example, 𝑉 𝐺𝐺𝑉 𝑜𝑥 is 
developed by Nagrani et al. (2017) and has been trained with 2000 
hours of audio files by over 1200 different speakers to be capable to 
extract speaker-specific features (Assunção et al., 2019). The extrac-
tion of deep features is performed by (𝐷𝑁𝑁) automatically. Zhang et 
al. (2018a) used a simplified Deep CNN model for feature extraction. 
𝐷𝑁𝑁𝑠 is commonly used for extracting deep features include 𝐶𝑁𝑁
on time-frequency spectrograms (Badshah et al., 2017) or raw audio 
waves (Bertero & Fung, 2017), 𝐷𝑁𝑁 on Mel-spectrograms (Fayek et 
al., 2017) and auto-encoder on spectrograms (Fei et al., 2016). Deep 
Belief Network was used for classification and feature extraction in Zhu 
et al. (2017).

The drawing of features from the raw speech signal usually hap-
pens on the raw time amplitude waves or spectrograms (or Mel-
spectrograms) of the signals. The Mel-spectrogram is derived based on 
the logarithmic scaling of the spectrogram with Mel-filter banks to make 
it close to the human’s audio perception mechanism (Singh et al., 2019). 
Therefore, MFCC is used for feature extraction as one of the most effec-
tive methods (Rawat & Mishra, 2015).

4.3.1. Feature selection

The 𝐿𝐿𝐷 and 𝐻𝑆𝐹 features extracted are sometimes not appropri-
ate to be directly used for emotion classification. The huge number of 
combinations of 𝐿𝐿𝐷 and 𝐻𝑆𝐹 features may contain redundant and ir-
relevant information and thus influence the final SER accuracy (Kerkeni 
et al., 2019).

To address this issue and reduce the classification cost feature selec-
tion method is used that provides selecting the most relevant features 
for SER task. Different feature selection methods were used in the re-
viewed studies. Recursive Feature Elimination (RFE) is used by Kerkeni 
et al. (2019), the combination of GainRatio, InfoGain, and OneR is used 
in Getahun and Kebede (2016). Principle Component Analysis (PCA) 
is used in Ke et al. (2018) and Liu et al. (2018) in which Linear Dis-
criminant Analysis (LDA) is also deployed. Liu et al. (2018) explored a 
special feature selection method by correlation analysis and Fisher Cri-
terion to perform and the result showed some improvements in final 
SER performance. To the best of our knowledge, there is no study com-
paring feature selection methods in terms of their contribution to final 
SER accuracy. Thus further investigation on comparing the performance 
of these methods is necessary.

𝑃𝐶𝐴 is a famous feature dimensionality reduction method which 
is based on the analysis of the correlation of the attributes. PCA uses 
eigenvectors to represent the covariance of samples’ vectors in the orig-
inal dataset, then uses the absolute value of the eigenvectors to evaluate 
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the i-th feature component of samples with regard to its statistical 
contribution to the feature extraction result and finally drop the not 
important feature components (Song et al., 2010). PCA focuses more on 
the global structure of the data rather than the local structure. RFE per-
forms the feature selection using an ML model (e.g., SVM) to evaluate 
the importance of the features. The features with the least values will 
be dropped and the rest features are assigned with respective weights, 
which means RFE selects the features recursively by assessing fewer and 
fewer features (Kerkeni et al., 2019). On the other hand, LDA decreases 
the feature dimensionality by measuring the information in different 
labels or classes. This makes the number of selected features more rel-
evant to the number of classes compared to 𝑃𝐶𝐴 (Liu et al., 2018). 
LDA increases the discrimination among diverse classes of features af-
ter reducing the feature dimensionality (Arjmandi & Pooyan, 2012). 
The detailed algorithm of LDA refers to Liu et al. (2018).

The correlation analysis and Fisher Criterion are also great fea-
ture selection methods. The correlation analysis firstly uses the par-
tial correction analysis to remove the mutual features that influence 
each other on representing the same emotional state and then applies 
Spearman rank correlation coefficient to measure the statistical corre-
lation between two features and thus finally derive the representative 
features (Liu et al., 2018). Fisher Criterion is a linear dimensionality 
reduction method and takes the variance between the class of feature 
components and the variance inside feature components into considera-
tion to evaluate the components’ emotionally- discriminative ability. It 
outperforms 𝑃𝐶𝐴 in extracting the discriminant embedded information 
from the emotional features with high dimensionality. The detailed al-
gorithms for correlation analysis and Fisher Criterion refer to Liu et al. 
(2018).

4.4. Emotion classification

Emotion classification is the final step for SER, which includes the 
design of the SER model architecture and the selection of the ML al-
gorithms. The model architecture design bridges the feature extraction 
step and the selection of ML algorithms for SER by suggesting what 
types of audio features are required and how to use them. The selec-
tion of algorithms is the implementation of the architecture design. In 
this research, we explored the types of ML algorithms for SER models 
used in past studies. This helps in forming a direction for the design of 
the SER model, recommendations for model architecture design and ML 
algorithm selection.

4.4.1. Algorithms for SER development

ML algorithm selection is a crucial step that influences SER per-
formance. As different datasets and emotion classes were utilised in 
previous studies, a comparison of SER models based on emotion classi-
fication performance is challenging. However, the overall trend of the 
SER models, including the architecture of the model and the selection 
of the ML algorithms, used in previous studies could be derived.

The architecture of the ML model deployed in previous studies could 
be divided into two groups — single-classifier architecture and ensem-
ble model architecture. The former refers to the classifier made from 
only one ML algorithm, like 𝑆𝑉𝑀 , or 𝐶𝑁𝑁 . In contrast, ensemble 
models are developed based on a particular combination of multiple 
algorithms, such as Convolutional Recurrent Neural Network (𝐶𝑅𝑁𝑁)
that is assembled from 𝐶𝑁𝑁 and 𝑅𝑁𝑁 . The proportion of the col-
lected studies which stress the ensembled-model architectures in each 
publication year shows an increasing trend (Fig. 7).

The other two conclusions based on the results of SER algorithms 
are:

• in all the studies that compare SER performance in ensembled-
models and single-classifiers, ensembled-models perform better

• the majority of the algorithms incorporated for developing the clas-
sifiers (either single-classifier or ensembled-model architectures) 

are neural network-related (𝐴𝑁𝑁 , 𝐷𝑁𝑁 , 𝐶𝑁𝑁 , and 𝐷𝑒𝑒𝑝𝐴𝑢𝑡𝑜 −
𝐸𝑛𝑐𝑜𝑑𝑒𝑟) rather than other algorithms (e.g., 𝑆𝑉𝑀 , and 𝐺𝑀𝑀).

To sum up, the ensembled-model architecture and neural network-
based algorithms are promising considerations to design the SER model. 
The comprehensive list of utilised algorithms, in past studies, is pro-
vided in Appendix A.

4.4.2. SER model design

Due to the propitious prospect of the ensembled-models, it is neces-
sary to consider the principles for assembling the algorithms to build an 
ensembled-model. To achieve this, arranging the use of the ensembled-
model architectures in previous studies could present a useful sugges-
tion.

The ensembled-model usually divides the whole SER model into the 
feature-learning component and classification component. The objec-
tive is to use 𝐷𝑁𝑁 − 𝑏𝑎𝑠𝑒𝑑 algorithms (e.g., Deep Belief Network and 
CNN) as the tool to extract deep features from the audio files (discussed 
in 4.3) while using the extracted features to make classification with 
another ML algorithm due to its particular advantages. For example, 
Zhu et al. (2017); Zhang et al. (2018a); Huang et al. (2018); Jiang 
et al. (2019); Wen et al. (2017) deployed 𝐷𝑁𝑁𝑠 (e.g., 𝐷𝐵𝑁 , Deep 
𝐴𝑢𝑡𝑜 −𝐸𝑛𝑐𝑜𝑑𝑒𝑟 and 𝐷𝑁𝑁) to extract deep features from audio signals 
and use 𝑆𝑉𝑀 as the final classifier to make classification. SVM was 
selected due to its simplicity and few parameters required considera-
tion. Guo et al. (2018) used a type of 𝐷𝑁𝑁 and the CNN to extract 
respective deep features to form a group of fusion features, and then 
used the Extreme Learning Machine (𝐸𝐿𝑀) to make a classification 
based on these fusion features. As ELM is a simple neural network-based 
algorithm, it has a higher generalisation ability that can be trained 
faster and requires fewer data samples for training rather than the DNNs 
(e.g., 𝑅𝑁𝑁) do.

Some studies took the contextual information into emotion clas-
sification by using the 𝑅𝑁𝑁𝑠, including Long Short-Term Memory 
(𝐿𝑆𝑇𝑀) and 𝐵𝑖𝐿𝑆𝑇𝑀 , as the final classifier, with the extracted deep 
features by 𝐶𝑁𝑁 (Mu et al., 2017; Guo et al., 2018; Luo et al., 2018; 
Zhao et al., 2019a). A more advanced architecture — 3 − 𝐷𝑖𝑙𝑎𝑡𝑒𝑑 −
𝐶𝑁𝑁 −𝑤𝑖𝑡ℎ −𝐵𝑖𝐿𝑆𝑇𝑀 is proposed in Meng et al. (2019) which used 
three 𝐶𝑁𝑁𝑠 deep feature extraction from Log Mel-spectrum, delta, and 
delta of the spectrum of the audio signals. The extracted features fed 
into the 𝐵𝑖𝐿𝑆𝑇𝑀 to make 𝑆𝐸𝑅.

Besides the mentioned architecture design and algorithm selection 
mentioned, there are some methods used by some of the studies to 
further improve the algorithm for SER. An attention model was used 
to improve the NN-based algorithms’ SER performance (Jalal et al., 
2019; Zhang et al., 2018b; Mu et al., 2017; Xie et al., 2019; Ramet 
et al., 2018; Tao et al., 2018). It helped the model to learn the speaker-
independent emotional context information to avoid the bias towards 
the learned data and boost the emotional-information-mining speed. 
The detailed implementation of the attention model is discussed in Xie 
et al. (2019). On the other hand, Shih et al. (2017) used a skew-robust 
technique to improve the robustness of the ML algorithms (including 
SVM, MLP, and DNN) against the negative impact of the imbalanced 
distribution of data samples in different emotion classes. This technique 
modifies the formula for calculating the sum of cross-entropies between 
targets and outputs in the candidate algorithms by incorporating the 
class weights and notably improving their classification accuracy on 
imbalanced datasets. Sivanagaraja et al. (2017) revised the traditional 
CNN to deploy a series of 1-D convolution filers to take the multi-scale 
and multi-frequency transformations from the raw audio signal as the 
extended inputs to improve its SER performance. The multi-scale and 
multi-frequency signals are created by the down-sampling technique. 
These discussed methods and their contributions to solving SER prob-
lems are summarised in Table 3.
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Fig. 7. Trends of discussion on ensembled architectures.

4.5. Evaluation criteria

The evaluation step is critical to validate the final performance of 
the developed SER models. Despite several different evaluation crite-
ria used in previous studies, accuracy is the most popular, common 
and wildly used criteria for evaluating SER’s performance (Zhou et al., 
2016). Among all the included studies in this review, over 70 percent of 
the collected studies use it as the only or main validation criterion. The 
accuracy can be calculated by this formula:

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

(4)

𝑇𝑃 and 𝑇𝑁 stand for true positive and true negative classification, 
the sum of which is the total number of correctly classified samples. 
Similarly, 𝐹𝑃 and 𝐹𝑁 refer to the number of misclassified samples. 
Thus, accuracy means the ratio of correct classifications over the whole 
observation.

According to the different objects that the accuracy is used to mea-
sure, there are two types of accuracy used in SER studies — weighted 
accuracy (WA) and unweighted accuracy (𝑈𝐴) or mean class (Chernykh 
& Prikhodko, 2017; Wen et al., 2017). WA considers the overall ac-
curacy with regard to all the utterances, whereas UA refers to the 
average score of the different accuracies for different emotions’ classifi-
cation (Zhang et al., 2018b). UA is used as the most important metric to 
evaluate the SER performance on imbalanced dataset. In another study, 
Weighted Average Recall (WAR), known as the standard accuracy, and 
Unweighted Averaged Recall (UAR) were used to evaluate the perfor-
mance of SER (Zhang et al., 2018a).

Moreover, confusion matrix and related measures, like precision, 
sensitivity, specificity, recall and F1-score are also used by some stud-
ies (e.g., Harár et al., 2017; Niveditha & Ashok, 2019; Lim et al., 2016; 
Darekar & Dhande, 2018) as the complementary method to accuracy. 
Trigeorgis et al. (2016) used Concordance Correlation Coefficient (CCC) 
for arousal-valence distribution to represent the emotion classes. CCC 
measures the level of agreement in terms of the linear correlation and 
the bias between two variables (Han et al., 2017b). It is a metric to 
evaluate the time and value-continuous predictions of emotion (Han et 
al., 2017a). 𝐶𝐶𝐶 ranges from -1 to 1. The more it is close to 1, the 
more a complete concordance appears, and the opposite polar it moves 
towards, the discordance is more obvious, while 0 stands for no corre-
lation. False Positive Rate (FPR) and False Discovery Rate (FDR) were 

only used in Darekar and Dhande (2018) and Mannepalli et al. (2018), 
although in both studies accuracy was the main criteria for performance 
measurement.

4.6. Speaker-independent experiment concern

For the SER task, a primary factor that influences the final perfor-
mance is whether the experiment is of speaker-dependent or speaker-
independent type. Among all the studies, the speaker-dependent exper-
iments gain an accuracy above 70 percent regardless of the databases 
used and target emotion classes to classify. By contrast, the vast ma-
jority of the speaker-independent experiments can only result in an 
accuracy ranging from 29 to 65 percent. This suggests the challenging 
task of SER in these cases.

A very few studies gain relatively high classification accuracy in 
𝑠𝑝𝑒𝑎𝑘𝑒𝑟 − 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 experiments. This suggests there could be some 
unique techniques or methods used by them that help improve the 𝑆𝐼
SER performance (Table 3). Zhao et al. (2019b) gained an accuracy 
above 95 percent in the speaker-independent experiment with regard to 
SER for 7 emotion classes on 𝐸𝑚𝑜𝐷𝐵. They used an ensembled-model 
based on the local feature learning block (𝐿𝐹𝐿𝐵) and 𝑅𝑁𝑁 −𝐿𝑇𝑆𝑀 . 
The 𝐿𝐹𝐿𝐵 is the unique algorithm used in this study. It is similar to 
CNN and comprises a convolutional layer, a batch normalisation layer, 
one exponential linear unit layer, and a max-pooling layer, which is 
designed to learn emotion features - see Zhao et al. (2019b) for LFLB 
detailed description. Wen et al. (2016) also achieves a high SER per-
formance (over 97 percent of average recognition rate) for 7 emotion 
classes on BES database by ELM with GMM-enhanced (Gaussian Mix-
ture Model) audio features. Its particularity is the audio features used 
for SER. The GMM-based clustering method is used in this study to 
pre-group some special audio features (wavelet packet energy and en-
tropy features) and thus to reduce their intra-class error and to increase 
their inter-class variance to improve the classification performance. The 
essence of this method is assuming all the data samples could be lo-
cated by a mixed-coordinate from various GMM distributions and thus 
using the GMM-based strategy to cluster the data samples. The cen-
troid of each cluster could be used to calculate the ratio of the data 
features’ means to the corresponding centroid. Lastly, the ratio will 
be applied to each feature to enhance the data features’ discrimina-
tive ability. The detailed implementation of this method referenced by 



Intelligent Systems with Applications 20 (2023) 200266

13

S. Madanian, T. Chen, O. Adeleye et al.

Muthusamy et al. (2015). Meng et al. (2019) also proposed an assem-
bled architecture by 3 Dilated 𝐶𝑁𝑁𝑠, 𝐵𝑖𝐿𝑇𝑆𝑀 , and Residual Block 
and achieves nearly 70 percent of accuracy in speaker-independent ex-
periment for 4 emotion states’ classification on 𝐼𝑀𝑂𝐶𝐴𝑃 database. The 
special technique thereof are the three 𝐶𝑁𝑁𝑠 used to extract deep fea-
tures from different forms of spectrograms (mentioned in Section 4.4.2). 
Moreover, this study also utilised a special loss method for training the 
𝐶𝑁𝑁 − 𝐵𝑖𝐿𝑆𝑇𝑀 architecture, which could make the extracted deep 
features more discriminative. This method is a combination usage of 
soft-max and centre-loss. The former one is responsible for maximising 
the 𝑖𝑛𝑡𝑒𝑟 − 𝑐𝑙𝑎𝑠𝑠 distance while the latter one aims at minimising the 
𝑖𝑛𝑡𝑟𝑎 − 𝑐𝑙𝑎𝑠𝑠 error. The centre-loss was uniquely used by this study be-
cause it could generate centres of the deep features in each class and 
penalise the errors between the features and their class centres (Wen et 
al., 2016). Although there is no further evidence showing the techniques 
mentioned above help improve the SER performance in SI experiments, 
they are uniquely used by the studies as fore-mentioned to obtain sig-
nificant achievement and therefore are valuable for SER researchers to 
consider applying them to other audio databases or real-conversation 
experiments.

5. Discussion

This article summarises the main methods for SER since 2010. It can 
demonstrate the ML trends for SER and forms a comprehensive guide-
line for developing robust SER models. We aimed to capture all the 
possible steps in developing a SER system from speech signal analysis to 
model development and evaluation. This helps with (1) how the audio 
signals can be transformed into digital signals to be easily recognised 
by machines (e.g., sampling and pre-emphasis), (2) standard process-
ing methods to prepare the signals for audio features extraction (e.g., 
framing, windowing and Fourier Transform), (3) types of audio features 
and their extraction techniques and tools, (4) suggestions for designing 
the SER models based on the trend and algorithm-advancing techniques 
based on previous studies, and (5) validation methods of developed ML 
models. A very recent trend in SER systems included an End-to-End 
approach in which raw speech signals are used directly for SER de-
velopment (Tzirakis et al., 2018). However, due to the major method 
differences between end-to-end systems and the common three-step ML 
for SER, this study did not consider them in the review.

The overall trend of ML for SER has been evolving fast. In this re-
gard, we explored the most recent trends in the area in this section. 
This includes different steps of ML such as feature selection and using 
pre-trained models, selection of ML algorithms, feature embedding and 
evaluation criteria.

5.1. Pre-trained speech feature embeddings

In addition to handcrafted features and deep features, more recently, 
studies explore speech representations derived from large-scale pre-
trained speech processing models for SER tasks. These self-supervised 
speech processing models are gaining attention towards SER due to 
their promises of universal representation of speech (Atmaja & Sasou, 
2022). The potentiality of the presence of both linguistic and para-
linguistic information in speech representations can lead to investiga-
tions of pre-trained speech models in SER domain viable (Atmaja & 
Sasou, 2022) and these pre-trained models can be used as a feature 
extractor (Chen & Rudnicky, 2023). Atmaja and Sasou (2022) con-
ducted research with 19 self-supervised pre-trained models as acoustic 
feature extractors and all performed better than the classical filter-
bank. Wav2vec 2.0, WavLM, UniSpeech-SAT and HuBERT are some 
pre-trained models studied in Atmaja and Sasou (2022). Wav2vec 2.0 
is explored in Pepino et al. (2021) as an SER feature extractor. Their 
speech embedding model was derived from pre-trained wav2vec 2.0 
models using simple neural networks, combining the outputs from mul-
tiple layers using trainable weights. They have tested with two wav2vec 

2.0 models pre-trained on Librispeech, one fine-tuned for speech recog-
nition and the other is not fine-tuned. Results are evaluated on IEMO-
CAP and RAVDESS databases for four and seven emotion categories 
respectively. Chen and Rudnicky (2023) fine-tuned wav2vec 2.0 us-
ing a proposed new algorithm and evaluated on IEMOCAP and SAVEE 
datasets to classify four and seven emotion categories. Wav2vec 2.0 
models pre-trained on the speech of LibriSpeech without transcriptions 
were chosen as base models (Chen & Rudnicky, 2023). Several audio-
only pre-trained models for SER have been explored in Sharma (2022). 
They presented a wav2vec 2.0 based multi-lingual multi-task model to 
identify seven emotions.

While the above experiments investigate discrete emotions, Wagner 
et al. (2023) studied wav2vec 2.0 and HuBERT pre-trained models on 
dimensional emotion recognition where emotions are recognized over 
the dimensions of arousal, valence, and dominance. Utilising a compre-
hensive testing scheme, they have evaluated the generalisation, robust-
ness, fairness, and efficiency of transformer-based pretrained models on 
SER. The study demonstrated promising results in valence prediction 
without using linguistic information explicitly, but implicitly learning 
from them. Their findings are tally with Chen and Rudnicky (2023)
where fine-tuned wav2vec 2.0 model has demonstrated capturing of 
correlation between linguistic content and emotion labels in SAVEE 
speech, by surpassing para-linguistic based emotion annotations by hu-
man evaluators. Accordingly, recent research efforts on speech process-
ing pre-trained models towards SER may lead SER models that learn 
both linguistic and para-linguistic information, as illustrated with trans-
former based speech models (Wagner et al., 2023).

5.2. Trends in evaluation and privacy of SER

In addition to accuracy, SER models are required more trustwor-
thiness in broader deployments conserving the sensitivity of speech 
signals (Tia). A review study consolidates the trustworthiness of speech-
centric ML over different dimensions including privacy, safety and 
fairness (Tia). Privacy evaluates the models’ ability to protect the sen-
sitive information of data owners while safety assesses the ability to 
produce reliable model outcomes withstanding potential adversarial at-
tacks.

The fairness of models is evaluated on the discrepancy of model 
performance towards individuals or groups of the population (Gorrosti-
eta et al., 2019; Tia). In general, ML models can unintentionally bias 
towards certain protected attributes of the population such as race, gen-
der or age (Chen & Rudnicky, 2023; Gorrostieta et al., 2019). Studies 
evaluate the fairness of models over gender by comparing the accu-
racy of predictions between male and female groups (Gorrostieta et al., 
2019; Wagner et al., 2023). The robustness of SER ML models is de-
fined as their capability of consistent outcomes despite changes to the 
input signals. This can be quantified by testing SER models against data 
augmentations without affecting emotion ground truth (Wagner et al., 
2023).

Moreover, the computational complexities of models limit practical 
deployments and applications, despite the promising results in research 
evaluations. Thereby studies evaluate the efficiency of their computa-
tions by focusing on resource optimizations. For instance, Wagner et 
al. (2023) evaluated the efficiency of their models in terms of opti-
misation stability, computational complexity, and data efficiency. In 
optimization stability, they investigated the role of different seeds on 
convergence time and performance stability of pre-training while com-
putational complexity examined the complexity of the model such as 
the number of transformer layers. Data efficiency referred to the eval-
uation of model performance by reducing the amount of training data 
without sacrificing performance (Chen & Rudnicky, 2023; Wagner et 
al., 2023).

Besides the technical implementation of SER, privacy protection 
plays a key role in SER’s performance since speech data is stored in 
central servers in most applications. Speech naturally encompasses cer-
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tain demographics such as gender, age and language background (Feng 
et al., 2022; Jaiswal & Provost, 2020). Accordingly, a model trained 
to recognize emotions by audio even without taking gender as a fea-
ture can have gender discriminative capability. Studies evaluate SER 
model capabilities to minimize the probability of privacy leakage by 
their model outcomes (Feng et al., 2022; Jaiswal & Provost, 2020). 
In this regard, Jaiswal and Provost (2020) defined a demographic pri-
vacy metric of SER models to measure the model capability to deny the 
prediction of gender from their SER predictions. The gender leakage 
probability of an SER model is taken as the gender prediction proba-
bility from a new model that is trained from a known set of genders 
and original SER outcomes. Thereby, the demographic privacy met-
ric is considered as 1-gender leakage probability. On the other hand, 
Feng et al. (2022) relied on the comparative performance of target and 
adversarial models to evaluate model performance on information pro-
tection.

5.3. Emerging techniques in SER

Recent studies are exploring emerging techniques in SER to en-
hance their performance, trustworthiness, and computational complex-
ity (Stappen et al., 2020). While studies evaluate model performance 
over privacy protections, some studies are investigating the protec-
tion of speech data from adversarial attacks via Federated learning 
(FL) in SER (Latif et al., 2020). FL is a distributed ML paradigm 
that decentralises training models with privacy-sensitive personal data 
(Tsouvalas et al., 2022). In FL for SER, speech data are kept in 
user devices and only the model parameters computed locally are 
transferred to a central server which aggregates updates from multi-
ple participating users to collectively train the model. Therefore, no 
speech data is transferred between the end user and the central server, 
but only the initial and updated model parameters do (Latif et al., 
2020).

Latif et al. (2020) analyzed the feasibility of FL for SER, train-
ing CNN and RNN-based classifiers to recognize four emotion classes 
based on Mel Filterbank features and different numbers of participat-
ing users. However, the study highlights the communication and re-
source overhead at client ends in FL for SER. Moreover, traditional 
FL techniques assume the availability of sufficient label data at user 
ends for training which is challenging in SER applications (Tsou-
valas et al., 2022). To address this issue, Tsouvalas et al. (2022) ex-
plored semi-supervised learning under FL settings to utilize both la-
belled and unlabelled data for training on users’ devices. They compute 
pseudo-labels for unlabelled data and only highly confident estima-
tions are considered in the training process considering estimations 
as target classes similar to ground truth. An attention-based CNN ar-
chitecture is investigated as an SER classifier under FL (Tsouvalas et 
al., 2022). To utilize both labelled and unlabelled data at the user 
end, Amiriparian et al. (2022) also propose a semi-supervised fed-
erated learning framework where pseudo labels for unlabelled data 
are computed based on multiple complementary views. Experiments 
are carried out with an MLP-based SER model (Feng & Narayanan, 
2022).

6. Conclusion and future work

SER is becoming an important sub-discipline of human-machine 
interaction, that could bring benefits to different areas, such as mini-
mizing fatigue driving, assisting some medical diagnosis, and collecting 
feedback from students in online education. The speech features under-
lie the use of ML methods to perform SER tasks. Although there are 
numerous studies in SER by ML method, few of them form a com-
prehensive guideline of what techniques or methods could be used 
in the three steps (data pre-processing, feature extraction, and emo-
tion classification) of the SER. Moreover, the common challenges and 

solutions are rarely presented in an entire view. Particularly, the per-
vasive low-classification-accuracy issue in the Speaker-Independent ex-
periment is not addressed in previous studies. This paper performed a 
systematic review of the SER literature to address the common tech-
niques.

This study could create the foundation to understand the detailed 
occurrences of each specific step of SER systems. This underlies further 
research efforts through the revision of existing techniques and/or the 
addition of more useful models to enhance emotion classification per-
formance. The potential enhancement of SER modelling could also be 
enlightened by the challenges and solutions of SER addressed in this pa-
per. Common challenges in previous speech emotion recognition studies 
depict problems faced across each step of SER and how these problems 
impede ML models from learning the audio features effectively. This un-
derstanding allows researchers to improve the current techniques in a 
step-by-step approach which can effectively guide researchers to apply 
ML methods to detect emotion states from human speech. Furthermore, 
the challenges and solutions comprehensively addressed in this study 
can potentially direct the significant improvement of the existing SER 
models or trigger new and better methods or techniques to solve the cur-
rent challenges. Particularly, the attention to the underlying strategies 
to enhance the Speaker-Independent SER performance from previous 
studies provides a chance to solve the universe issue of low classifica-
tion accuracy in SI experiments.

This research intended to collect the reported challenges in SER de-
velopment. For instance, the signal trend issue pointed out by Kerkeni 
et al. (2019) could influence the correlation analysis of the signal in 
the time-domain. This suggests that if models are designed to extract 
features from raw audio signals, there is an underlying factor which 
is likely to misdirect the ML model to catch the real emotional pat-
tern. On the other hand, the solutions collected from previous studies 
could be seen as a guideline for solving the challenges or even a trig-
ger for deriving more solutions. This is seen in Muthusamy et al. (2015)
where GMM-based clustering, which aims at improving the audio fea-
tures for training SER models, is motivated by the multiple successful 
applications of GMM on speech and image processing in earlier stud-
ies. Moreover, the data augmentation strategy mentioned in Niu et 
al. (2017) was created in light of concurrently solving the data insuf-
ficiency and data imbalance problems. Therefore, the comprehensive 
address of both the problems and solutions, via systematic review, 
could help us in developing more advanced models or techniques, 
encompassing all issues, thus making considerable improvements in 
SER.

Finally, this paper distributes a particular focus on Speaker-
Independent experiments with regard to several studies that achieve 
high SER performances in Speaker-Independent tasks. This provides 
possible solutions for the low performance observed in a vast majority 
of previous studies. It is not difficult to find that the SER performance 
is largely impacted by Speaker-Dependent or Speaker-Independent ex-
periments. The accuracy range for Speaker-Dependent experiments is 
observed to be higher than that of the Speaker-Independent exper-
iments in previously published works. However, some studies still 
gain high SER accuracy in Speaker-Independent experiments. Except 
for the common techniques or methods they use, the unique ones 
in the studies have the highest probability to contribute to this re-
sult. Addressing these particular techniques or methods can under-
pin further research and subsequent applications on other databases. 
Moreover, these techniques may have the potential to inversely lo-
cate specific reasons why Speaker-Independent experiments always 
lead to lower performance in comparison with Speaker-Dependent ex-
periments. For example, the unique feature-enhancing method used 
in Muthusamy et al. (2015) indicates the ambiguities in speech fea-
tures of different people to represent the same emotion. This is be-
cause the GMM-based clustering method actually alleviates the am-
biguities by adjusting the audio features’ intra and inter-class vari-
ance.
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Nevertheless, this research also has some limitations. Our research re-
sults are limited to the searched databases and the articles that met 
the inclusion and exclusion criteria. Therefore, there might be a poten-
tial for some missed topics such as graph networks for SER or Google 
SpecAugment (Liu et al., 2023) in data augmentation for SER. There-
fore, it is recommended that future research focus more on the ML 
domain advancements and techniques within the past four years and 
consider the contribution of leading international organisations such as 
Google and Microsoft. Due to the restricted space and the complicated 
dimensionality of the SER task, some findings useful for other directions 
(e.g., real-time application and regression application by the arousal-
valence framework) cannot be covered in this paper. Furthermore, as a 
result of the high generalisation of the search keywords, some studies 
which further discuss the techniques for solving the extremely spe-
cific problems in SER cannot be incorporated. Future research could be 
conducted based on these limitations.
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Appendix A

Table A

Summary of Reviewed Papers with Descriptions.

Paper Signal Pre-processing, Feature 
Extraction & Feature Selection

Audio Parameters Emotion Classes ML Algorithms Evaluation 
Criteria

Classification Result

Alu et al. (2017) Hamming window (25 ms); 
PRAAT program, program 
(frame rate 10 ms)

MFCC (Spectral) happy, fear, anger, 
sad, disgust, surprise

CNN Accuracy CNN 71.4%

Zhou et al. 
(2016)

Prosodic (intensity, energy); 
Spectral(LPC, LFPC, LPCC, 
MFCC); Acoustic formant, 
glottis)

Sampling: Frequency 
16 kHz Framing: Hamming 
Window (Length 256.5% 
Overlap)

anger, boredom, 
disgust, anxiety, 
happiness, sadness, 
neural state

Stacked 
Autoencoder 
DBN

Accuracy For speaker independent 
experiment and the results 
in the best case: DBN: 
39.0% SAE: 29.0%

Zhu et al. (2017) Pre-emphasis; Framing: 
Window 25 ms with Overlap of 
10 ms; Endpoint Detection

Prosodic (pitch, energy, 
zero-crossing); Spectral 
(MFCC); Acoustic 
(formant)

angry, fearful, 
happy, neutral, sad, 
surprise, neural state

SVM; DBN; 
SVM+DBN

Accuracy For gender-dependent, 
experiment DBN+SVM: 
95.8% DBV: 94.6% SVM: 
84.8%

Zheng et al. 
(2015)

Framing: Window 25 ms with 
sliding at 10 ms each time; 
Whitening log-transform and 
processPCA (60 components); 
Normalisation

Spectral (MFCC, LPC, 
LPCC); RASTA-PLP; 
Prosodic (Pitch, Zero Zero 
crossing)

excitement, 
frustration, 
happiness,neutral, 
surprise

SVM with; 
hand-crafted 
acoustic 
features; DCNN; 
DCNN with PCA

Accuracy For speaker-independent 
experiment DCNN with 
PCA: 40.02% DCNN: 
33.7% SVM: 37.6%

Brester et al. 
(2015)

Praat and (OpenSMILE system) Prosodic (pitch, intensity), 
harmonicity; Spectral 
(MFCC); Acoustic 
(formant)

For Emo-DB 
database neutral, 
anger, fear, joy, 
sadness, boredom or 
disgust

MLP; Ensemble 
of MLPs by 
MOGA; 
Ensemble of 
MLPs by MOGA 
with FS

F-Score Ensemble of MLPs Wby 
MOGA: 82.9% Ensemble of 
MLPs by MOGA with FS: 
81.6% MLP: 80.8%

Agrima et al. 
(2019)

Segmented into the syllabic 
form (consonant & vowel)

Prosodic (the fundamental 
frequency, intensity, 
number of pulses); 
(Formats)

joy, sadness, and 
neutral state terms 
of Ba, Du, and Ki 
syllabic Funits

Neural 
networks; SVM; 
Decision Trees 
J48

Accuracy For Ba unit: Neural 
network with prosodic and 
formant features: 75.49% 
For Du unit: Neural 
network with prosodic 
features: 88.40% For Ki 
unit: SVM with: 80.59% 
with prosodic and formant 
features

Alex et al. 
(2018)

Segmented into the syllabic 
form

Prosodic at the,utterance 
level; (denoted as group 1) 
and syllable level (denoted 
as group 2)

anger, sadness, 
neutral fear, 
happiness, boredom, 
disgust

DNN (group); 
DNN (group 2); 
The fused 
model of DNN 
(group1) and 
DNN (group2)

WA The fused DNNs: 61.68%, 
DNN (group1), DNN 
(group2): 58.88%

Aouani & Ayed 
(2018)

Frame segmentation; 
Pre-emphasis; Windowing; FFT 
with IFT

Group 1: 39 MFCC, 
coefficients (12 MFCC + 
energy, s12 Δ MFCC + 
energy, 12 ΔΔ MFCC + 
energy); Group 2: 65 
(MFCC features)

anger, disgust, fear, 
neutral, sad, surprise

SVM;DSVM Recogni-
tion 
rate

SVM with 65 MFCC 
features: 73.01% SVM with 
39, features: 68.25%

(continued on next page)
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Table A (continued)

Paper Signal Pre-processing, Feature 
Extraction & Feature Selection

Audio Parameters Emotion Classes ML Algorithms Evaluation 
Criteria

Classification Result

Alex et al. 
(2018)

Segmented into the syllabic 
form

Prosodic at the, utterance 
level; (denoted as group 1) 
and syllable level (denoted 
as group 2)

anger, sadness, 
neutral fear, 
happiness, boredom, 
disgust

DNN (group); 
DNN (group 2); 
The fused 
model of DNN 
(group1) and 
DNN (group2)

WA The fused DNNs: 61.68%, 
DNN (group1), DNN 
(group2): 58.88%

Badshah et al., 
2017

Transformed into Spectrograms Spectrograms 
(time-frequency), 
representation of audios

anger, disgust fear, 
neutral, sadness, 
boredom

CNN Accuracy CNN: 84.3%

Bertero et al. 
(2016)

Filter for CNN: a convolution 
window of 25 ms (with 
overlapping of 6 ms)

Raw Audio File creative/ passionate; 
criticism/ cynicism; 
defensiveness/ 
anxiety; friendly/ 
warm; hospitality/ 
anger;-leadership/ 
charisma;-
loneliness/ 
fulfilment; love/-
happiness;-sadness/ 
sorrow; self-control/ 
practicality; 
supremacy/ 
arrogance;

SVM (L2 
regularised) 
and CNN fo 
binary 
Classification 
across 11 
emotion classes

Accuracy CNN: 62.1% SVM: 54.6%

Bertero and 
Fung (2017)

Filter for CNN: a convolution 
window of 25 ms with 
overlapping of 6 ms

Raw Audio File angry/ Happiness; 
sadness

CNN and SVM Accuracy CNN: 66.1% SVM: 63.0%; 
For Angry, happy:CNN 
>SVM For Sad:SVM>CNN

Chernykh and 
Prikhodko 
(2017)

Framing: Window of 200 ms 
(with overlapping of 100 ms); 
Extract audio features by 
PyAudioAnalysis 
(Giannakopoulos, 2015)

Acoustic (13 MFCCs);zero 
crossing rate, energy, 
entropy of energy; Spectral 
centroid, spread, entropy, 
flux, rolloff; 
12-dimensional chroma 
vector, standard deviation 
of chroma vector

sadness, anger, 
excitement, neutral

Connectionist 
Temporal 
Classification 
(CTC), which is 
RNN-based 
approach

WA; UA For speaker-independent 
experiment: CTC: weighted 
accuracy: 54%, 
unweighted accuracy: 54%

Palo and 
Mohanty (2015)

Frame segmentation;Hamming 
window;LP analysis

Time-frequency 
parameters (pH vectors); 
Spectral features (LP-VQC 
vectors)

boredom, angry, sad, 
happy

PNN with pH 
PNN with 
𝐿𝑃𝑉𝑄𝐶

Average 
classifica-
tion 
error

PNN with pH: 10.25% PNN 
with 𝐿𝑃𝑉𝑄𝐶 :15.14%

Assunção et al. 
(2019)

Frame segmentation (1 to 10 s 
long); Extract audio features by 
VGGVox model (Nagrani et al., 
2017) PCA or LDA for FS

speaker-specific features 
from VGGVox model

anger, disgust, fear, 
happiness; sadness, 
surprise;the neutral 
state

KNN (5-nearest 
neighbour); RF 
(500-Tree);LMT

Accuracy For one-speaker’s emotion 
recognition experiment: 
LMT: 81.1%; KNN 80.1%; 
RF: 77.3%

Chang et al. 
(2017)

Transformed into Spectrograms 
(with short time Fourier 
transform of window size of 
1024 samples)

valence, activation valence/ activation: 
5-class;3-class

Multi-task 
DCGAN; 
DCGAN; CNN; 
Multi-task CNN

UA For 5/3-class: DCGAN: 
43.88%/49.80%; 
Multi-task DCGAN: 
43.69%/48.88%; CNN: 
38.52%/46.59%; 
Multi-task CNN: 
6.78%/40.5%

Chhabra et al. 
(2016)

Not mentioned standard deviation of 
pitch, MFCC, formants, 
envelope, differentiated 
envelope, energy, 
amplitude, and spectrum

fear, disgust, happy, 
bored, neutral, sad, 
anger-1.low; 
2.-medium; -3.high

Adaptive boost Accuracy Adaptive boost: 78.3%

Fayek et al. 
(2015)

Data augmentation for training 
set (five-fold); Hamming 
window of 25 ms (with a stride 
of 15 ms); Transformed into 
spectrogram by linearly-spaced 
log Fourier-transform based 
filter banks; concatenate 
windows

Not mentioned ENTERFACE 
database (anger, 
disgust, fear, 
happiness, sadness, 
surprise) SAVEE 
database (anger, 
disgust, fear, 
happiness, sadness, 
surprise, neutral)

DNN Accuracy For speaker-independent 
experiment: DNN for 
ENTERFACE dataset: 
60.53% DNN for SAVEE 
dataset: 59.7%
16
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Table A (continued)

Paper Signal Pre-processing, Feature 
Extraction & Feature Selection

Audio Parameters Emotion Classes ML Algorithms Evaluation 
Criteria

Classification Result

Darekar and 
Dhande (2018)

PCA for feature-dimension 
reduction

Cepstral feature, NMF 
feature, pitch feature

happy, angry, 
neutral, sad, fear, 
surprised

NN with 
PSO-FF; NN 
with LM; NN 
with FF; NN 
with PSO

Accuracy 
main crite-
rion; 
Sensitiv-
ity; 
Speci-
ficity; 
Precision; 
FPR; FNR; 
NPV; FDR; 
F1-score; 
MCC

For benchmark database in 
accuracy criterion: NN 
with PSO-FF:88.72%, NN 
with PSO:87.15%; NN with 
FF/ LM: 86.81% For 
Marathi database: NN with 
PSO-FF: 80.0%

Fayek et al. 
(2016)

Hamming window of 25 ms 
(with a stride of 10 ms); Log 
Fourier transform-based filter 
bank with 40 coefficients 
distributed on a Mel scale

acoustic features anger, happiness 
(including 
excitement), sadness, 
neutral

CNN Error rate; 
Un-
weighted 
Error rate

For speaker-independent 
experiment: The combined 
classifier: Error rate 
46.44%; Unweighted Error 
rate 48.96%

Deng et al. 
(2017)

Use openSMILE to frame the 
raw audio data with window of 
25 ms and 10 ms stride to gain 
the LLD features; Incorporate 
K-mean pooling to process the 
raw LLD data; Mean 
subtraction and standard 
deviation are performed to 
each utterance; Down-sampling 
is used to balance the training 
data

A frame level of Log-Mel 
feature vector including 40 
log-mel filter bank 
features, energy and their 
first deltas; ComParE: 
including 4 energy-related 
LLD (e.g., RMS energy, 
zero-crossing, Sum of 
auditory spectrum),55 
spectral LLD (e.g., MFCC, 
spectral energy, flux, etc.), 
and 6 voicing related LLD 
(e.g., SHS and Viterbi 
smoothing, etc.)

Group1: anger 
(1.anger1 2.agner2, 
3.otherwise) 
Group2: anger 
(1.anger1, 2.anger2)

Experimented 
classifiers: 
LSTM (Last 
Frame), LSTM 
(Mean Pooling); 
BLSTM (Mean 
Pooling); CNN 
with VGG 
model; 
CNN+LSTM 
with respect to 
using only 
Log-Mel feature 
vector and only 
ComParE 
feature vector 
Baselines 
from:GMM; 
SVM; SVM 
(ComParE)

UAR Classifiers with the highest 
performances: For Group1 
anger detection: BSTM 
(Mean Pooling) with 
Log-Mel LLD: 79.4% 
BLSTM (Mean Pooling) 
with ComParEmLLD: 
80.1% For Group2 anger 
detection: CNN+LSTM: 
71.0% BLSTM (Mean 
Pooling) with ComParE 
LLD: 72.2%

Fei et al., 2016 Pre-emphasis;Framing; 
Windowing; For DAE: doing 
wavelet decomposition for each 
audio frame and derive the 
Fourier Transform;extend each 
data frame before and after it 
to gain continuous data 
super-frame; normalise the 
super-frame data

MFCC, PLP, LPCC (for 
SVM)

anger, fear, 
happiness, neutral, 
surprise, sadness

SVM;DAE Accuracy 
for classi-
fication in 
each emo-
tion 
class

For anger: DAE: 86.41% 
SVM with MFCC: 75.23% 
SVM with LPCC: 73.51% 
SVM with PLP: 82.17%

Getahun and 
Kebede (2016)

Channel and format 
conversion, down-sampling, 
segmentation, and 
normalisation by Audacity 
software; Intensity 
normalisation by average RMS; 
Pitch normalisation by average; 
Framing: window of 25 ms 
with 10 ms overlapping FS by 
Weka with regard to Gain 
Ratio, InfoGain, and OneR

(mean, maximum, 
minimum, standard 
deviation, and median of) 
pitch, energy, MFCC, LPC, 
LFCC, voice quality 
features

Anger, Fear, 
Sadness, Positive

MLP Weighted 
average of 
precision 
and recall

MLP: 0.721/ 0.724 for 
precision and recall

Fayek et al. 
(2016)

Framing:Hamming window of 
25 ms with a stride of 10 ms; 
Log Fourier-transform based 
filter banks with 40 efficient on 
a Mel scale are collected to 
generate spectrogram in every 
frame

Audio features 
automatically extracted by 
deep learning

anger, happiness 
sadness, neutral

DNN (based on 
feed-forward 
and recurrent 
architecture) 
based on 
Utterance and 
Frame each;-
Baselines:-
DNN+ELM;-
SVM;-
Replicated-
Softmax-
Models+SVM; 
Hierarchical 
Binary Decision 
Tree

Accuracy 
and UAR

For speaker-independent 
experiment: DNN with 
Frame-based: 64.78%/ 
60.89%; DNN with 
Utterance-based: 57.74%/ 
58.28% Hierarchical 
Binary Decision Tree: -/ 
58.46% Replicated 
Softmax+SVM: -/57.39% 
DNN+ELM: 54.3%/ 48.2%
17
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Table A (continued)

Paper Signal Pre-processing, Feature 
Extraction & Feature Selection

Audio Parameters Emotion Classes ML Algorithms Evaluation 
Criteria

Classification Result

Trigeorgis et al. 
(2016)

Framing: window length of 3 s 
with 40 ms overlapping; 
Preprocess the time-sequences 
to have zero mean and unit 
variance; Segmenting the raw 
waveform to 6 s long sequences

(maximum, minimum, 
range, mean, and standard 
deviation) of minimalistic 
acoustic feature set 
(eGeMAPS-Eyben et al. 
(2015)) and LLD

Arousal; Valence Convolutional 
recurrent model 
Baselines: 
BLSTM 
(eGeMAPS) 
BLSTM 
(ComParE)

Concor-
dance 
Correla-
tion 
Coefficient

For Arousal/ Valence 
classes on testing set 
(speaker-independent): 
Convolutional recurrent 
model: 0.686/ 0.261 
BLSTM (ComParE): 0.382/ 
0.187 BLSTM 
(eGeMAPS):0.316/ 0.195

Hussain et al. 
(2017)

FFT and adaptive filtering are 
used to remove the noise and 
Goo

Pitch, intensity, MFCC, 
frequency contours

anger, disgust, fear, 
happy, sad and 
surprise

RBFNN 
Baselines: 
FFNN; 
GRNN;Elman 
NN

MSE RBFNN:4.13e-025 GRNN: 
0.0056 FFNN: 1.998e+003; 
Elman NN:1.995e+004

Han et al., 
2017a

Framing:window of 25 ms with 
a stride of 10 ms; Use 
openSMILE toolkit to gather 13 
LLDs; The arithmetic mean and 
coefficient of variance are 
calculated based on the LLDs 
with an analysed window of 8 s 
(and 40 ms step forward); 
Speakers’ gender and age are 
balanced

LLDs Arousal; Valence Two groups of 
RNN-SVR, 
SVR-RNN, 
RNN-RNN 
classifiers with 
training sets of 
true and pseudo 
predictions 
respectively 
Baselines:SVR; 
-RNN (2 layers) 
RNN (4 layers)

Concor-
dance 
Correla-
tion 
Coefficient

For Arousal/ Valence 
classes on testing set 
(speaker-independent): 
SVR-RNN (trained with 
true predictions):0.730/ 
0.393 RNN-RNN (trained 
with pseudo predictions): 
0.744/ 0.377 SVR: 0.726/ 
0.300RNN (2 layers): 
0.738/ 0.278 RNN (4 
layers): 0.708/ 0.305

Harár et al. 
(2017)

Framing: window of 20 ms 
with no overlapping;Use the 
Google WebRTC voice activity 
detector to remove the silent 
parts of the audio signals; 
Audio files are standardised by 
mean value and unit variance

Audio features 
automatically extracted by 
deep learning

angry, neutral, sad CNN Overall 
accuracy; 
precision; 
f1-score

For the testing segments’ 
overall accuracy: CNN: 
77.51%

Han et al., 
2017b

Dataset is divided and balanced 
on gender, age, and mother 
tongue; Framing: window of 
25 ms with stride of 10 ms; Use 
openSMILE toolkit to extract 
acoustic features; The 
arithmetic mean and coefficient 
of variance are computed

LLDs (frame-based or 
segment-based statistical 
features), including MFCC 
and logarithmic energy

Arousal; Valence Two 
RNN-BLSTM + 
RNN-BLSTM 
classifiers on 
LLD frame 
based and 
functional 
based features 
respectively 
Baselines: 
RNN-LSTM

Pearson’s 
Correla-
tion 
Coefficient

For the 
speaker-independent 
experiment results in 
arousal/ 
valence:RNN-BLSTM + 
RNN-BLSTM (LLD): 0.729/ 
0.309 RNN-BLSTM + 
RNN-BLSTM (functional): 
0.720/ 0.360 RNN-LSTM: 
0.350/ 0.199

Guo et al. 
(2018)

For heuristic features: Framing 
by window of 265 ms size with 
25 ms window shift; Use 
openSMILE to derive the 
heuristic features; Calculate the 
segment-level statistical 
features For bottleneck 
features: Use DNN to process 
the heuristic features

LLDs; Spectrograms happiness, boredom, 
neutral, anger, fear, 
sadness, disgust

CNN-ELM (+ 
heuristic fea-
tures)Baselines: 
DNN-ELM; 
CNN-BLSTM; 
CNN-BLSTM(+ 
heuristic fea-
tures); 
CNN-ELM

Precision,-
Recall,-
F1-Score

For Precision, Recall, and 
F1-Score:CNN-ELM (+ 
heuristic: 93.30%, 91.97%, 
92.50%

Mefiah et al. 
(2015)

Segment the speech signals and 
label them; HTK tool is used to 
do segmentation and 
alignment; Speech rhythm 
matrix is calculated based on 
the segmentation and labels

Speech rhythm matrix neutral, sad, happy, 
surprised, 
questioning and 
angry

MLP with IM 
metrics; MLP 
with 
PVImetrics; 
MLP with both 
metrics

Accuracy MLP with both metrics: 
72.41% MLP with PVI: 
63.79% MLP with IM: 
55.71%

Rajisha et al. 
(2015)

Framing: Hamming window of 
20 to 30 ms wit overlapping of 
1∕3 or 1∕2 or the frame size

MFCC, STE, Pitch anger, happy, sad, 
neutral

ANN;SVM Accuracy ANN: 88.4%, SVM: 78.2%

Lotfidereshgi & 
Gournay (2017)

Speech signal is separated into 
orthogonal and complementary 
components; Then a LP 
analysis is performed on each 
frame; PCA is used to reduce 
feature dimensionality

source and vocal tract 
components

anger, boredom, 
disgust, fear, 
happiness, sadness, 
neutral

LSM Recogni-
tion 
rate

LSM: 82.35%
18
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Paper Signal Pre-processing, Feature 
Extraction & Feature Selection
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Classification Result

Huang et al., 
2018

Use openSMILE to extract 
acoustic features

12 functionals (statistical 
features) of zero-crossing 
rate, RMS, energy, pitch 
frequency, HNR, MFCC

angry, happy, sad, 
neutral

Ladder Network 
(based on DAE 
and SVM) 
Baselines: DAE; 
SVM (with 
static acoustic 
features)

Accuracy Ladder Network: 0.591% 
DAE: 0.564% SVM: 0.538%

Huang et al. 
(2017)

Framing: Hamming window of 
25 ms with a frame rate of 10 
ms.Use 
Fourier-transform-based filter 
bank to generate raw speech 
features.Use openEAR tool to 
extract audio features

LLDs Valence (Negative 
and Positive)

PCASS 
Baselines:-
CT;DAE;MT-
;KMM;SHLA-
;SSF;SF

Cross-
corpus 
UARs with 
the 
training 
datasets of 
ABC and 
Emo-DBy

For Speaker-independent 
experiment:PCASS: 
63.75%/ 61.41%SHLA: 
63.36%/ 56.52%KMM: 
62.52%/ 58.23%MT: 
60.57%/ 61.20%SSF: 
59.67%/ 56.86%SF: 
59.12%/ 56.35%DAE: 
56.20%/ 57.05%CT: 
56.03%/ 51.01%

Lim et al. (2016) Transform audio signal into 2D 
graphs with a frame size of 256 
and the overlapping of 50% by 
STFT; Then the graphs are 
processed by CNNs, followed 
by RNN-LSTM networks;

2D representations of 
audio signal

neutral, anger, fear, 
disgust, sadness, 
boredom, happy

Time dis-
tributed CNNs 
(CNN with 
RNN-
LSTM)Base-
lines:CNNs;RNN-
LSTM

Average 
precision, 
recall, and 
F1-score

Time distributed CNNs: 
88.01%/ 86.86%/ 86.65% 
CNNs: 87.74%/ 86.32%/ 
86.06%RNN-LSTM: 
79.87%/ 78.83%/ 78.31%

Partila et al. 
(2015)

Preprocess the audio signals by 
normal operations, such as 
removing DC element; 
Pre-emphasis; Segmenting 
signals into quasi-periodic 
frames

MFCCs (39), first and 
second derivative of 
MFCC, LPC (12), LSP (12), 
Prosodic features (RMS 
energy, log-energy, ZCR, 
MCR, position of 
maximum, maximum, 
minimum, HNR)

anger, boredom, 
disgust, fear, 
happiness, sadness, 
neutral state

GMM;KNN 
(k=5);ANN

Accuracy ANN: 90% for MFCC 
feature

Rawat and 
Mishra (2015)

Remove noise by High Pass 
Filter; Use framing with 
hamming window to gain the 
audio segmentations of equal 
length; Use FFT to generate the 
frequency spectrum; Use Mel 
scale filter bank defines the 
energy in each frame; Gain the 
logarithm of the 
energy;Compute the DCT; Use 
cepstral mean correction to do 
compensation for MFCC

MFCC, energy happy, sad, neutral, 
disgust, anger

NN Accuracy 
for each 
emotion 
class

NN: happy with 95%, sad 
with 94.16%, neutral with 
91/58%, disgust with 
93.42%, anger with 
92.74% of accuracy

Rázuri et al. 
(2015)

Use MATLAB to extract desired 
audio features

SF, SC, Spectral Rolloff 
Point, RMS, SCV, ZCR, 
MFCC, LPC, LPCC, 2DMM, 
Fraction of Low Energy 
frame,

anger, disgust, fear, 
joy, sadness, and 
surprise

DT (J48); 
MLP;SVM-P2; 
BN

Confusion 
Matrix 
with more 
focus on 
Average 
Recall

MLP: 96.98% BN: 96.97% 
SVM-P2: 96.62% DT (J48): 
96.22%

Wen et al. 
(2017)

Not mentioned Prosodic features, Spectral 
features (LPCC, ZCPA, 
PLP), HuSWF features with 
statistical representations 
(max, min, kurtosis, 
skewness, median)

EMODB database: 
anger, anxiety fear, 
boredom, disgust, 
happiness, neutral, 
sadnessSAVEE 
database: anger, 
disgust, fear, 
happiness, sadness, 
surprise, 
neutralCASIA: anger, 
fear, happiness, 
sadness, surprise, 
neutral FAU 
database: anger, 
emphatic, neutral, 
positive, rest

RDBN based on 
DBN and SVM-
RBF;-Baselines-
:SLDBN-
;DLDBN,-
TLDBN;-KNN;-
SVM

Confusion 
Matrix; 
WA UA

In speaker-independent 
experiment for the four 
databases: For EMODB in 
WA: RDBN: 82.32%, 
LSVM: 81.19%SLDBN: 
72.84%KNN: 
70.74%DLDBN: 
53.85%TLDBN: 24.59% 
For SAVEE in WA:RDBN: 
53.60% LSVM: 46.25% 
KNN: 43.13% SLDBN: 
30.42% TLDBN: 25.00% 
DLDBN: 20.62%
19

(continued on next page)



Intelligent Systems with Applications 20 (2023) 200266S. Madanian, T. Chen, O. Adeleye et al.

Table A (continued)

Paper Signal Pre-processing, Feature 
Extraction & Feature Selection

Audio Parameters Emotion Classes ML Algorithms Evaluation 
Criteria

Classification Result

Wen et al. 
(2017)

Not mentioned Prosodic features, Spectral 
features (LPCC, ZCPA, 
PLP), HuSWF features with 
statistical representations 
(max, min, kurtosis, 
skewness, median)

EMODB database: 
anger, anxiety fear, 
boredom, disgust, 
happiness, neutral, 
sadnessSAVEE 
database: anger, 
disgust, fear, 
happiness, sadness, 
surprise, 
neutralCASIA: anger, 
fear, happiness, 
sadness, surprise, 
neutral FAU 
database: anger, 
emphatic, neutral, 
positive, rest

RDBN based on 
DBN and SVM-
RBF;-Baselines-
:SLDBN-
;DLDBN,-
TLDBN;-KNN;-
SVM

Confusion 
Matrix; 
WA UA

In speaker-independent 
experiment for the four 
databases:% For CASIA in 
WA:RDBN: 48.50% LSVM: 
42.08% SLDBN: 38.50% 
KNN: 34.33% DLDBN: 
29.50% TLDBN: 18.25% 
For FAU in UA: RDBN: 
42.20% SLDBN: 40.52% 
LSVM: 37.37% KNN: 
35.70% DLDBN: 30.50% 
TLDBN: 30.10%

Muthusamy et 
al. (2015)

Framing: window width of 
32 ms with no overlapping; 
Frames with low-energy were 
dropped; The rest speech 
signals are flattened by a 
first-order pre-emphasis filter; 
Glottal wave-forms are formed 
based on inverse filtering and 
linear predictive analysis; 
Feature enhancement by GMM; 
Feature reduction by SLDA

30 relative energy 
features, 30 relative 
entropy features; glottal 
waveform

BES database: anger, 
disgust, fear, neutral, 
happiness, sadness, 
boredom SAVEE 
database: anger, 
disgust, fear, neutral, 
happiness, sadness, 
surprise SES 
database: neutral, 
surprise, happiness, 
sadness, anger

KNN;ELM; Average 
Recogni-
tion 
Rate

For BES database in 
speaker-independent 
experiment:ELM with 
enhanced 
features:97.24%ELM with 
raw features: 56.61%KNN: 
49.12%

Muthusamy et 
al. (2015)

Framing: window width of 
32 ms with no overlapping; 
Frames with low-energy were 
dropped; The rest speech 
signals are flattened by a 
first-order pre-emphasis filter; 
Glottal wave-forms are formed 
based on inverse filtering and 
linear predictive analysis; 
Feature enhancement by GMM; 
Feature reduction by SLDA

30 relative energy 
features, 30 relative 
entropy features; glottal 
waveform

BES database: anger, 
disgust, fear, neutral, 
happiness, sadness, 
boredom SAVEE 
database: anger, 
disgust, fear, neutral, 
happiness, sadness, 
surprise SES 
database: neutral, 
surprise, happiness, 
sadness, anger

KNN;ELM; Average 
Recogni-
tion 
Rate

For SAVEE database in 
speaker-dependent 
experiments:ELM with 
GMM-enhanced features: 
97.60%ELM with raw 
features:58.33%KNN with 
GMM-enhanced features: 
94.27% KNN with raw 
features:50.31% For SES 
database:ELM with GM 
features: 92.79%ELM with 
raw features:42.14%KNN 
with GMM features: 
84.58%KNN with raw 
features: 27.25%

Niu et al. (2017) Transform speech files into 
spectrograms by short time 
Fourier transform with window 
size of 512, overlapping of 384; 
Gain larger images by data 
augmentation technique; 
Convert the images to the size 
of 256*256

Speech spectrogram anger, happiness, 
sadness, neutral, 
frustration, 
excitement, surprise, 
fear

DRCNN with 
raw data; 
DRCNN with 
augmented data

Accuracy DRCNN with raw data: 
41.54%DRCNN with 
augmented data: 99.25%

Mirsamadi et al. 
(2017)

Extract acoustic features from 
framed audio files with 25 ms 
at the rate of 100 frames/s; Use 
statistical functions to gain 
statistical features

LLDs (pitch, voicing 
probability, energy, 
etc.);HSFs (mean, min, 
max, etc.)

happy, sad, neutral, 
angry

RNN-frame-
wise;RNN-final 
frame;RNN-
mean 
pool;RNN-
weighted pool 
with attention

WA; UA In terms of WA and 
UA:RNN-weighted pool 
with attention: 63.5%/ 
58.8%RNN-mean pool: 
62.7%/ 57.2%

Le et al. (2017) Arousal and valence are 
computed in each 40 ms of the 
audio files; Extract log Mel 
filterbank coefficients for every 
utterance by a 25 ms window 
with 10 ms frame shift; 
Combine every four adjacent 
frames into the features with 
160-dimension and 40 ms span 
to align with the labels; Apply 
z-normalisation on the features 
in each utterance; Label 
discretisation with K-Means;

valence, arousal valence, arousal of 
audio files

CLS-Raw;CLS-
DecodedREG-
MSE; 
REG-CCC

CCC CLS-Raw: 
0.682;CLS-Decoded: 
0.680REG-CCC: 
0.664REG-MSE: 0.652
20
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Koolagudi et al. 
(2018)

Extract spectral features from 
the frame of 20 ms in speech 
signal with a variation less than 
20 ms

Prosodic (pitch, intensity, 
jitter, shimmer);Spectral 
(MFCCs, 
formant);Statistical values 
(minimum, maximum, 
mean, standard deviation) 
of prosody

anger, fear, 
happiness, neutral, 
sadness

VQ;K-
Means;GMM-
;ANN

Accuracy For MDB and IIT-KGP 
databases: GMM: 84%/ 
81% K-Means: 74%/ 71% 
ANN: 72%/ 79% VQ: 57%/ 
62%

Zhang et al. 
(2017)

Augment the data;Framing: 
Hamming window of 25 ms 
with 10 ms of overlapping;Use 
64 Mel-filter banks from 20 to 
8000 Hz to derive the entire 
log Mel-spectrogram;Apply a 
context window of 64 frames to 
the log Mel-spectrogram to 
obtain 2-D segments with the 
size of 64*64, among which a 
frame shift of 30 frames is used 
to produce overlapping 
segments

log Mel-spectrogram (3D) 
segments;utterance 
features from 
segment-levelfeatures by 
DTPM

EMO-DB 
dataset:anger, joy, 
sadness, neutral, 
boredom, disgust, 
and fearRML 
dataset:anger, dis-
gust, fear, joy, 
sadness, sur-
priseeNETERFACE05 
dataset: anger,dis-
gust, fear, joy, 
sadness, 
surpriseBAUM-1s 
dataset:joy, anger, 
sadness, disgust, 
fear, surprise,bore-
dom,contempt

DCNN-
DTPM;DCNN-
Average (These 
two methods 
are both based 
on DCNN and 
SVM)

WAR For EMO-DB, RML, 
eNETERFACE05, and 
BAUM-1s 
datasets:DCNN-DTPM: 
76.27%/ 62.40%/ 56.08%/ 
38.42%DCNN-Average: 
72.35%/ 59.46%/ 
51.33%/ 36.10%

Shih et al. 
(2017)

Use CSHE to normalise data to 
eliminate speaker difference in 
audio files

16 LLDs: ZCR, RMS 
energy: pitch frequency 
(normalised to 500 Hz), 
HNR, MFCC, delta of LLDs; 
12 functionals: mean, 
standard deviation, 
kurtosis, etc.

anger, emphatic, 
neutral, positive, rest

SVM, NN, DNN, 
and their 
advanced 
versions by SR 
and CSHE+SR 
respectively

UA For speaker-independent 
experiment:NN+CSHE+SR: 
45.3%NN+SR: 
39.6%NN:30.1% 
-DNN+CSHE+ -SR: 44.9% 
-DNN+SR: 39.9% -DNN: 
28.6%;-SVM+- CSHE+SR: 
42.6% -SVM+SR: 
41.1%SVM:29.8%

Sivanagaraja et 
al. (2017)

Speech signals are resampled; 
Segmenting the speech 
recording with various lengths 
with overlapping/ 
non-overlapping respectively; 
Use multi-scale decomposition 
and multi-frequency 
decomposition to process the 
speech signals

raw speech signals; 
down-sampled speech 
signals;

happiness, anger, 
fear, sadness

MCNN accuracy MCNN with audio signals 
of 700 ms length and 50% 
overlapping: 50.28% 
MCNN with audio signals 
of 700 ms length and 
non-overlapping: 46.08%

Liu et al. (2018) FS by correlation analysis and 
Fisher Criterion

prosodic, quality, and 
spectrum features of 
speaker-dependent and 
speaker-independent 
groups

surprise, happy, sad, 
angry, fear, neutral

ELM-DT;SVM-
DT-Baselines-
:KNN;NN-BP

Average 
Recogni-
tion 
Rate

ELM-DT with FS: 89.6% 
SVM-DT with FS: 87.2% 
ELM-DT without FS: 
88.25% SVM-DT without 
FS: 87.63%;NN-BP with FS: 
82.3%KNN with FS: 80.7%

Hadjadji et al. 
(2019)

Not mentioned MFCC, duration, shimmer, 
jitter

neutral, joy, anger, 
sadness

MLP Intra-
speaker 
Recogni-
tion 
Rate;Inter-
speaker 
Recogni-
tion 
Rate

For intra-speaker: MLP: 
98.01%; For inter-speaker 
with 13 speakers’ 
utterances as the learning 
base and one/ four/ non 
speaker in the learning 
base as the test samples: 
92.50%/ 84.25%/ 54.75%

Jalal et al. 
(2019)

Not mentioned For proposed method:F0, 
MFCC, energy augmented 
by delta and delta-delta, 
which are denoted, For 
baseline 
systems:log-spectrogram 
feature with 128 
filter-banks, the eGeMAPS 
and super-vector features

RAVDESS 
database:-neutral, 
calm, happy, sad, 
angry, fearful, 
surprise and disgust

CNN with 
self-attention 
model;-
Baselines-
:TCapsNet; 
-RNN-LSTM; 
RNN-BLSTM; 
CNN; SVM

UA For RAVDESS 
database:CNN with 
self-attention model: 
95.1% TCapsNet: 68.1 to 
69.4; BLSTM: 63.9% 
BLSTM+CNN: 51.3% SVM: 
36.3% CapsuleNet + 
BLSTM: 35.4% CNN: 
34.6%
21
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Ke et al. (2018) FS by PCA RMS of energy, ZCR, 
fundamental frequency, 
sounding probability, 
MFCC, the 1st, 2nd, and 
3rd formant frequency and 
bandwidth; Statistical 
features, such as range, 
maximum, minimum, etc.

neutral, angry, fear, 
happy, sad and 
surprise

SVM with 
one-to-one 
method; 
ANN-BP

Accuracy ANN: 75.0% SVM: 75.83%

Jiang et al. 
(2019)

Use OpenSMILE to extract 
LLDs; Use deep speech 
recognition networks to extract 
high-level acoustic features

LLDs (IS10 including 
energy, pitch, jitter, etc., 
MFCCs, eGeMAPS 
features); High-level 
features (SoundNet and 
VGGish Bottlenecks)

angry, happy, 
neutral, sad

Proposed 
method: 
DNNs-SHLA 
and SVM 
architecture

Accuracy Proposed method: 0.64%
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