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ABSTRACT

Speech emotion recognition (SER) is crucial in various real-world applications,
including healthcare, human-computer interaction, and affective computing.
By enabling systems to detect and respond to human emotions through vocal
cues, SER enhances user experience, supports mental health monitoring, and
improves adaptive technologies. This research presents a bibliometric analysis
of SER based on 68 articles from 2020 to early 2024. The findings show a
significant increase in publications each year, reflecting the growing interest in
SER research. The analysis highlights various approaches in preprocessing, data
sources, feature extraction, and emotion classification. India and China emerged
as the most active contributors, with external funding, particularly from the Na-
tional Natural Science Foundation of China (NSFC), playing a significant role in
the advancement of SER research. Support vector machine (SVM) remains the
most widely used classification model, followed by K-nearest neighbors (KNN)
and convolutional neural networks (CNN). However, several critical challenges
persist, including inconsistent data quality, cross-linguistic variability, limited
emotional diversity in datasets, and the complexity of real-time implementation.
These limitations hinder the generalizability and scalability of SER systems in
practical environments. Addressing these gaps is essential to enhance SER per-
formance, especially for multimodal and multilingual applications. This study
provides a detailed understanding of SER research trends, offering valuable
insights for future advances in speech-based emotion recognition.
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1. INTRODUCTION
Hate speech is often driven by strong negative emotions, such as hatred or anger, which can trigger

social conflicts and escalate tensions between individuals or groups [1], [2]. In this context, speech emotion
recognition (SER) emerges as a technology capable of detecting and interpreting emotions from human speech.
By identifying negative emotions such as anger in speech, SER can be utilized to support online content mod-
eration, enhance hate speech detection systems, and analyze social interactions to prevent conflict escalation.

SER was first introduced by Rosalind W. Picard and her team at the MIT Media Laboratory in the
early 2000s [3]. Since then, this field has experienced rapid growth, with advancements in feature extraction,
classification models, and multimodal approaches. Over the past decade, the rise of deep learning and the

Journal homepage: http://ijai.iaescore.com



3422 ❒ ISSN: 2252-8938

availability of larger speech datasets have significantly improved the accuracy of SER systems. Today, this
technology is widely applied in various domains, including healthcare, human-computer interaction, and digital
security.

This study aims to provide a bibliometric analysis of 68 articles on SER published between 2020 and
early 2024. This timeframe was selected due to the increasing number of publications in recent years, reflecting
the growing interest in SER research, particularly following the COVID-19 pandemic, which accelerated the
adoption of voice-based technologies in communication and emotion analysis. The analysis is conducted by
collecting data from the Scopus database, covering key trends in SER, methodological developments, and
research collaborations among scholars from various countries.

Bibliometrics is a statistical analysis technique used to understand the historical development of a
scientific field [4]. This method helps uncover collaboration patterns in multidisciplinary research [5], identify
trends in scientific publications, and analyze inter-article relationships [6]. Additionally, bibliometric analysis
enables the evaluation of research impact and the mapping of scientific structures using various statistical
indicators [7]. Research collaboration tends to enhance the influence of a study compared to individual research
efforts [8], particularly when it involves multiple relevant disciplines.

SER has become a rapidly evolving research field, employing various approaches to recognize
emotions in human speech [9]. In several studies, SER has been applied in sentiment analysis [8] and human-
computer interaction [10], helping to identify dominant topics in scientific publications. Moreover, its applica-
tion in speech and video data analysis demonstrates significant potential for understanding emotional dynamics
across different contexts. Although SER research has seen substantial growth in the past five years, several key
challenges remain. These include difficulties in collecting and analyzing accurate speech data, the complexity
of understanding and interpreting human emotions through speech, and limitations in handling linguistic
and cultural variations. This study aims to identify SER’s contributions and impacts on other fields while
highlighting areas that require further exploration. One of the primary challenges in this study is ensuring the
accuracy and consistency of the collected data from various sources. A rigorous data-cleaning process and
manual review are necessary to ensure that the analyzed articles are relevant and of high quality. Additionally,
the complexity of interpreting bibliometric analysis results presents another challenge. While SER has been
widely explored, bibliometric studies specifically mapping the distribution of classification models, the inter-
disciplinary collaborations, and cross-cultural gaps in emotion recognition remain limited. This study seeks
to fill these gaps by providing a comprehensive overview of trends, collaborations, and underexplored areas in
SER literature between 2020 and 2024.

This research advances existing methodologies by integrating SER models with a comprehensive
review of relevant literature. Data collection is based on titles, abstracts, and the full content of selected articles,
followed by a manual review to ensure relevance to the research topic. The main objectives of this study are:
i) to provide an overview of SER research trends using the 5W+1H approach (what, who, when, why, where,
and how); and ii) to identify potential research subtopics that warrant further exploration.

The structure of this article is organized as follows. Section 2 explains the data collection methodol-
ogy. Section 3 presents the research findings related to SER. Lastly, section 4 provides the study’s conclusions.

2. METHOD
Scientific articles are obtained from the Scopus database, where some articles can be accessed directly,

while others are closed access. The availability of access to scientific articles can influence the ease of obtaining
relevant information and literature. Additionally, access-restricted articles may require additional efforts to gain
full access, such as through an institutional library or database subscription service. In the context of academic
research, it is important to consider the available information sources and the access methods that can be used
to optimize the use of existing information resources. Data collection was a crucial step in this research,
ensuring that the study could be replicated. To ensure that this research can be replicated, a well-defined
query strategy was implemented, which had been tested for effectiveness in retrieving relevant articles from
the Scopus database. This structured approach helped obtain consistent and high-quality data for bibliometric
analysis. Moreover, the user-friendly interface of the Scopus database facilitated the data retrieval process,
enabling researchers to focus more on data interpretation and analysis. The article selection and data analysis
were primarily carried out using spreadsheet software, which allowed for efficient organization, filtering, and
summarization of the dataset. This approach was chosen to maintain flexibility in the review process and
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to adapt to the evolving nature of the research. The article search was conducted using an advanced search
query applied to titles, abstracts, and keywords, with additional filters based on publication year, article source,
publication stage, and document type. The last data collection was performed on February 2, 2024, resulting
in an initial set of 80 articles. Since these articles originated from diverse sources, a rigorous data-cleaning
process was undertaken to remove duplicates and inconsistencies. The names of authors, publishers, journals,
and research funders were cross-checked for duplication. The workflow for data collection and analysis is
illustrated in Figure 1 (data collection flowchart) and Figure 2 (query instruction). The data collection steps
were carried out as follows:

– Search by query: articles were retrieved using an advanced search query applied to title, abstract, and
keywords, with filters based on publication year, article source, publication stage, and document type.

– Data cleaning: the names of authors, publishers, journals, and funding institutions were checked to
eliminate duplication.

– Article numbering: each article was assigned a unique identification number to facilitate tracking during
the review and analysis process.

– Manual review: a detailed manual review of each article was conducted by a team of three independent
reviewers to ensure relevance to the research topic, verify the adequacy of the information presented,
and assess the quality of the journal. Discrepancies in the selection of articles were resolved through
discussion.

– Reviewed summary: compile a summary of each article that has been reviewed to provide reference
material in writing a literature review.

– Nomenclature: compile a nomenclature or list of terms used in the articles to facilitate readers’ under-
standing.

– Dataset source: compile the dataset source or list of data sources in the articles.
– List document: compile a list of articles that will be reviewed, based on certain criteria to be used as a

basis for compiling a literature review.

Figure 1. The flowchart for collecting data

Figure 2. The query for collecting data

From the 80 initially retrieved articles, 68 (85%) were deemed relevant and included in the final
dataset. The selection process was carried out through a structured screening procedure to ensure that only the
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most pertinent and impactful studies were retained. This process involved a thorough review of each article’s
abstract, keywords, and full text when necessary to determine its suitability for inclusion. The selection process
was based on the following criteria:

– Relevance to SER: articles that explicitly discuss SER methodologies, datasets, or applications were
prioritized.

– Citation impact: articles with significant citations (when available) were given preference to ensure
academic influence.

– Publication year: articles published between 2020 and early 2024 were included to reflect recent
developments in SER research.

The bibliometric analysis revealed a significant increase in SER-related research over the past five
years, indicating growing interest and impact in this domain. However, the number of publications alone
does not necessarily correlate with high citation counts. Some journals with a high number of publications had
relatively low citation averages, while others with fewer articles had a substantial citation impact. Table 1 shows
the summary per provenance as a result of that query. Based on it, there are variations in the number of articles
published and the average citations per year for each journal. In general, journals that publish more articles
tend to have a higher average of citations per year. However, the correlation between the number of articles
and the average citations per year is not always the case. For instance, the Multimedia Tools and Applications
journal, despite having a high number of articles (13.24%), has a relatively low average of citations per year
(7 citations per year); the International Journal of Advanced Computer Science and Applications, with only
2.94% of 68 articles, has a very high average of citations per year (59 citations per year). This suggests that
other factors, such as article quality, research novelty, and journal indexing, also contribute to citation impact.

Table 1. The summary per provenance
Journal Number of articles Percentages % Average number of citations/years
Multimedia Tools and Applications [3]–[7], [9]–[12] 9 13.24 8 (8 citations)
IEEE Access [13]–[19] 7 10.29 20 (20 citations)
Applied Acoustics [20]–[24] 5 7.35 39.8 (40 citations)
International Journal of Speech Technology [25]–[27] 3 4.41 7.4 (7 citations)
Journal of Supercomputing [28]–[30] 3 4.41 1.4 (1 citation)
Signal, Image and Video Processing [31], [32] 2 2.94 0.8 (1 citation)
Electronics (Switzerland) [33], [34] 2 2.94 2.8 (3 citations)
Sensors (Switzerland) [35], [36] 2 2.94 1.4 (1 citation)
IEEE/ACM Transactions on Audio Speech and Lan-
guage Processing [37], [38]

2 2.94 2.2 (2 citations)

Journal of Ambient Intelligence and Humanized
Computing [39], [40]

2 2.94 4.4 (4 citations)

International Journal of Advanced Computer Science
and Applications [41], [42]

2 2.94 59.2 (59 citations)

The journals that have only 1 article [8], [43]–[70] 29 42.65 2.83 (3 citations)
Total 68 100 -

The review technique that will be carried out by applying the 5W+1H concept (what, who, where,
when, why, and how) shows the following:

– What: data sources used, features, types of emotions. Information on data sources used in research can
be obtained from the data/material section, while the method for extracting voice characteristics/features
and determining emotions as output is obtained from the method section.

– Where: country of origin of the main researcher and correspondent. Information on the author’s country
of origin can be obtained on the first page, commonly below the author’s name.

– When: year of publication. Information regarding the year of publication of the article can be obtained
from the first page. It is generally put before the abstract; it states the time of submission, revision time,
time of acceptance, and time of publication of the article in the journal.

– Who: research funding agent. Information about the institution that funded the research was obtained
from the acknowledgment section as a form of the researchers’ thanks. Some articles did not mention
the institution that provided the research funding, which could mean that the research was funded inde-
pendently.
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– Why: the root of the problem. Reviewing the root of the problem is carried out by observing the back-
ground, including the problem formulation defined by the researcher.

– How: classifier model used. An overview of the classifier models used by researchers can be found in the
method section. Several researchers compared various classifier methods; others applied a single method
but refined the model’s architectural configuration.

3. RESULTS AND DISCUSSION
After conducting a thorough review of the literature, the researchers decided to include only 68 articles

in the final analysis, revealing the results of the processed data. This selection provides a comprehensive
overview of various aspects of recognizing emotions in speech and offers valuable insights into the current
state of research in this field.

3.1. What
In the review of the articles, four key aspects were identified as crucial components within the “What”

category of SER. These aspects include the preprocessing stages used in the analysis, the data sources employed
for training the models, the types of features extracted from the speech signals, and the emotions that serve as
the target or class for emotion detection in speech. These four factors play an essential role in shaping the
methodologies used to recognize and classify emotions in speech and have a significant impact on the accuracy
and applicability of the models.

Figure 3 presents a detailed map of the data, illustrating the distribution of articles that discuss each
of these four critical aspects. The map categorizes the number of articles into seven distinct ranges based on
the frequency with which each aspect is covered. These ranges are as follows: 6> articles, 6-10 articles, 11-20
articles, 21-30 articles, 31-40 articles, 41-50 articles, 51-60 articles, and >60 articles. This classification allows
for a better understanding of which aspects of emotion recognition in speech are most frequently addressed in
the literature, highlighting the areas of the field that are receiving the most attention and those that may require
further exploration.

Figure 3. Distribution of review data based on the concepts of ‘What’

3.1.1. Preprocessing
Preprocessing, or the preprocessing stage, is a critical step in processing speech signals for the recog-

nition of emotions in speech. This stage aims to improve the quality of the sound signal before further analysis
is carried out. In this research, preprocessing includes three main stages: silence removal, noise removal, and
unspecified. The results of the analysis show that researches involving silence and noise removal processes are
only 7 articles [9], [23], [25], [36], [39], [57], [61] and studies examining preprocessing of silence removal
only are 2 articles [21], [65] and others focusing noise removal only are 23 articles [3], [6], [7], [11]-[13], [15],
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[16], [20], [30], [32], [40], [42], [46], [48]-[55], [66], [69]. However, most of the articles (32 articles) did not
specifically mention the preprocessing steps they used. A summary of the types of preprocessing. There is
still variation in the preprocessing approaches used in SER research. Most researchers did not provide specific
details about the preprocessing step they undertook. The main challenge in this stage is to ensure that the re-
sulting sound signal is free from interference and ready for further analysis. Therefore, further researches need
to explore various preprocessing methods that can improve the quality of speech signals and the accuracy of
emotion recognition in speech.

3.1.2. Data sources
Data sources are an important component in research into emotion recognition in speech, as the quality

and representativeness of the data can have a major impact on the results of the analysis. In this research, there
are variations in the data sources used by researchers. Berlin database of emotional speech (EMO-DB) is the
most commonly used data source, with 31-40 articles using data from it [4]-[7], [9]-[14], [18], [20]-[23], [26],
[28], [31], [32], [34], [35], [37], [38], [42], [45], [49], [50], [52], [56]-[60], [63]-[65]. There are also other
popular data sources such as the interactive emotional dyadic motion capture (IEMOCAP) taken by 21-30
articles [8], [11], [14], [15], [17]-[22], [28], [29], [33], [35]-[38], [43], [49], [52], [54]-[56], [58], [59], [62],
[65], [68], ryerson audio-visual database of emotional speech and song (RAVDESS) [5], [6], [8], [10], [11],
[23], [27], [30], [31], [35]-[37], [39], [40], [42], [43], [45], [52], [53], [58], [59], [64], [65], [69], [70] and
surrey audio-visual expressed emotion (SAVEE), fairly common data source, is used in 11-20 articles [3], [10],
[13], [18], [21], [23], [31], [34], [35], [39], [42], [45], [50]-[53], [58], [60], [63], [69].

Meanwhile, toronto emotional speech set (TESS) only becomes sources in less than 11 articles [3],
[6], [25], [37], [38], [40], [53], [69]. In addition to this main data source, there are also other data sources used
by fewer than 6 articles, which are included in the “Others” category. The variations in data sources indicate
that researchers have diverse choices in selecting data for their research. This also shows the importance of
having good access to a variety of relevant data sources to ensure the representativeness of research results. In
the context of SER research, it is important to select data sources that are appropriate to the research objectives
and capable of representing a variety of different emotional states. Parameters that can influence data quality
include the distance from the recorder to the transmitter of respondents, the specifications of the equipment
used, the recording duration of the recording, and the significance of the emotions given by the respondents.

Despite the frequent use of well-known datasets such as EMO-DB and IEMOCAP, this analysis re-
veals a lack of diversity in the selection of data sources, particularly those that capture spontaneous emotional
expressions or represent non-Western cultural contexts. This suggests a research gap in cross-cultural emotional
representation and real-world data variability, which may limit the generalizability of current SER models. By
identifying this gap through bibliometric mapping, this study encourages future research to explore and develop
more inclusive, diverse, and naturalistic datasets to enhance the robustness of SER systems.

3.1.3. Features
The features used in speech analysis play an important role in the recognition of emotions in speech.

In this research, the mel-frequency cepstral coefficients (MFCC) feature is the most commonly used feature,
with more than 41 articles using it [3], [4], [6], [7], [9], [10], [12], [13], [15], [16], [19], [21]-[23], [25]-
[30], [34], [36], [38]-[40], [42], [43], [45], [46], [48], [49], [51]-[53], [57], [60], [61], [63], [67], [68], [70].
Besides, pitch is also a popular feature, found in 12 articles [6], [7], [9], [14], [21], [25], [27], [29], [34],
[46], [68], [70]. In addition, there are several other features used by 6-10 articles, including mel-spectrogram
[3], [5], [10], [46], [48], [51], [54], [58], linear predictive coding (LPC) [6], [9], [13], [26], [29], [40], [61],
formant [9], [14], [27], [46], [57], [59], energy [6], [9], [29], [46], [51], and chroma [25], [28], [46], [48],
[51], [61]. These features reflect variations in speech analysis approaches used to identify emotional patterns in
speech. Apart from these main features, there are also other features used in fewer than six articles, which fall
into the “Others” category. The variation shows that researchers have applied varied approaches in analyzing
sound signals for emotion recognition, with each feature having its advantages and disadvantages. Therefore,
selecting appropriate features is a critical step in the development of an effective emotion recognition system.
As in previous research, the use of the dominant weight normalization feature selection algorithm also has an
influence on the level of accuracy, which shows sufficient transmission with a relatively small amount of data.
This research shows that with 300 data points, it is able to show an accuracy rate of 86%, so that this algorithm
can be used as a consideration for use in developing SER research [71].
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3.1.4. Emotions
Analysis of emotions in speech involves identifying the different types of emotions that can be

expressed through sound. In this study, the emotion “Happy” was found out to be the most commonly in-
vestigated emotion, sometimes referred to as “Joy/Joyful”, with more than 62 articles (91.18%). In addition,
the emotions “Angry” 60 articles (88.24%), “Sad” 60 articles (88.23%), and “Neutral” 59 articles (86.76%)
are also equally chosen. The emotions “Fear” 47 articles (69.12%) and “Disgust” 46 articles (67.65%) are
also quite commonly used. Apart from that, there were also “Surprise” emotions in 36 articles (52.94%), and
“Boredom” emotions in 24 articles (35.29%). In addition to them, there are also others used by fewer than
11 articles in the category ‘Others’. The variation in the types of emotions shows that researchers have varied
interests in understanding and identifying different types of emotions in speech. Research classified these
emotions into 3 types, namely positive, negative, and neutral [35]. It also reflects the complexity of human
emotional expression and the challenges in developing systems capable of recognizing emotions with high
accuracy in a variety of contexts and situations.

3.2. Where
The discussion regarding “Where” stems from an in-depth analysis of the countries of origin and

the institutions affiliated with the first author and the corresponding author, as illustrated in Figure 4. This
aspect of the research is crucial for understanding the geographical and institutional spread of the studies on
SER. By examining whether the first and corresponding authors come from the same or different countries, we
can gain insights into the international collaboration patterns within the field of emotion detection in speech.
A significant number of articles authored by researchers from multiple countries suggests a broad, global
network of researchers engaged in voice emotion identification. Conversely, studies with authors from a single
country or institution may indicate more localized research efforts. Figure 4 shows the number of authors from
countries, either as the first author or corresponding author, who have published on SER with more than three
contributing authors. Others come from Taiwan, Turkey, Pakistan, Australia, Indonesia, Japan, Egypt, France,
Iraq, Italy, Kazakhstan, London, Portugal, Saudi Arabia, Vietnam, Bhutan, and Malaysia.

Figure 4. Top 4 countries by number of authors

Moreover, this geographical analysis indicates the level of global interest and involvement in SER
research, reflecting how research in this domain is distributed across different regions. It also allows for the
identification of leading countries or institutions that are driving innovation and contributing to advancements
in this field. Understanding the “Where” thus highlights not only the scope of international collaboration but
also the potential for future networking opportunities and the sharing of knowledge across borders.

3.2.1. The first author
The first author of a study often reflects the institution or country where the research was conducted.

In this study, the first authors came from countries around the world. The countries contributing the most first
authors are India, with 27 articles [3], [5]-[8], [10], [11], [13], [20], [23], [25], [27], [30], [31], [39], [40],
[43], [46], [48], [50], [52], [53], [56], [60], [65], [66], [70] and China, with 17 articles [15], [16], [19], [32],
[33], [34], [38], [44], [45], [49], [54], [55], [59], [61], [62], [67], [68]. Apart from that, there are several
other contributing countries with much fewer articles such as Iran (4 articles) [9], [21], [28], [57], South Korea

Exploring bibliometric trends in speech emotion recognition (2020-2024) (Yesy Diah Rosita)



3428 ❒ ISSN: 2252-8938

(2 articles) [29], [36], Pakistan (2 articles) [33], [39], Taiwan (2 articles) [14], [58], Turkey (2 articles) [22], [24]
and several other countries with an article including Egypt, France, Indonesia, Iraq, Italy, Japan, Kazakhstan,
London, Portugal, Saudi Arabia, and Vietnam. Among the authors, Banusree Yalamanchili from India was the
most active by publishing 3 articles over the last 5 years as first author.

3.2.2. The corresponding author
Corresponding authors often have an important role in research, especially in terms of communication

with journal editors and other researchers. In this research, they come from various countries of origin. A
similar figure is seen like the first author trend. Again India is the country with the most contributions for its
corresponding author, with 25 articles [3], [5]-[8], [10], [11], [20], [23], [25], [27], [31], [39], [40], [43], [46],
[48], [50], [52], [53], [56], [60], [65], [66], [70], followed by China with 16 articles [15], [16], [19], [30], [32]-
[34], [38], [44], [45], [49], [54], [59], [61], [67], [68]. Apart from that, several other countries also contribute,
such as Iran (4 articles) [9], [21], [28], [57], South Korea (3 articles) [29], [35], [36], Australia (2 articles)
[12], [62], Indonesia (2 articles) [26], [42], Japan (2 articles) [17], [55], Taiwan (2 articles) [14], [58], Turkey
(2 articles) [22], [24], and several other countries have only an article such as Bhutan, Egypt, France, Iraq,
Italy, Kazakhstan, London, Malaysia, Pakistan, and Portugal. Among the corresponding authors, 43 authors
are also the first authors. This shows that they have a significant role in the research carried out, both as the
main initiator and as the person responsible for communication and coordination with other parties, such as
journal editors and other researchers. This also shows the high level of involvement and contribution of these
researchers in the development and dissemination of knowledge in the field of SER.

3.3. When
The distribution of articles about SER by year shows an interesting trend in the last five years as shown

in Figure 5. In 2020, 14 articles [12]-[14], [20], [21], [26], [29], [35], [36], [41], [54], [57], [61], [62] were
published, indicating a moderate level of research activity in this area. The following year, in 2021, the number
of articles increased slightly to 11 articles [7], [15], [22], [23], [30] [33], [34], [42], [58], [59], [64] showing a
temporary increase in research output. A higher increase is also seen in 2022 with 17 articles [10], [11], [17],
[24], [27], [32], [40], [43], [46], [51], [53], [55], [56], [62], [63], [65], [67], showing renewed interest in SER
research. This trend continues in 2023, with the highest number of articles reaching 22 articles [3]-[5], [8],
[9], [16], [18], [19], [25], [28], [37]-[39], [44], [45], [48], [50], [52], [60], [66], [68], [70] indicating continued
growth in research activity and perhaps also maturity of the field.

Figure 5. Number of articles published by year

As of February 2024, there are four articles [6], [47], [50], [69] that prove research in this field remains
sustainable, despite a dramatic downturn. During this period, some articles begin discussing calm SER, and
it is possible that by the end of 2024, there will be a significant rise compared to 2023. A clearer trend of
the last five years in the number of publications regarding SER articles. It shows that emotion recognition
in speech remains a relevant and interesting topic, and it can be expected that further research will continue
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to be conducted to expand understanding of the technologies that can be used to detect and interpret human
emotions.

3.4. Who
An analysis of funding sources for research into emotion recognition in speech shows the diverse

origins of funds used to support this research. This diversity is reflected in several patterns identified in the
dataset. From the data, these situations are identified:

– An institution funds research, totaling thirteen studies [12], [13], [17], [18], [20], [29], [32], [37], [45],
[62]-[64], [68];

– A funding institution provides the funds for many studies, such as the National Natural Science Founda-
tion of China (NSFC), supporting seven projects [32], [38], [45], [54], [55], [59], [61];

– A research is funded by many institutions; one research was funded by five institutions [15], [69], four
institutions [61], three institutions [55], and two institutions [35], [58], [68];

– Others are self-funded research.
Funding plays a crucial role in research, with the NSFC reflecting China’s commitment. However, many studies
do not list funding sources, suggesting a combination of external, internal, or independent funding. Interest-
ingly, the most cited studies are independent, particularly in the journal Multimedia Tools and Applications.

3.5. Why
The analysis of research methods behind emotion recognition in speech is visualized in Figure 6.

Most research in this area is driven by three main reasons: classification model selection, feature selection, and
implementation in other cases. There are studies (7 articles) discussing not only classification models but also
the selection of voice features [3], [4], [17], [32], [44], [52], [70].

Figure 6. Distribution of research reasons in emotion recognition

– Classification model: a total of 26 articles use the selection of a classification model which is only used
as the sole reason behind the methods of previous studies [3], [4], [10], [11], [14], [15], [17], [25]-[27],
[32]-[34], [41], [43]-[45], [47]-[49], [52], [54], [60], [66], [68], [70]. This reflects the importance of
selecting an appropriate and effective classification model for building an emotion recognition system
in speech. Classification models have become the main choice for researchers to classify emotions in
speech with high accuracy;

– Feature selection: a total of 39 articles use feature selection as the sole main reason behind their research
methods [3]-[6], [8], [9], [12], [13], [17], [18], [20]-[24], [29]-[32], [35], [37], [39], [40], [44], [46],
[50], [51]-[53], [56]-[59], [61], [62], [64], [65], [67], [70]. Appropriate and representative features
are essential in building a reliable emotion recognition system. Features such as MFCC, Pitch, Mel-
spectrogram, and others have become the focus of research to extract important information from sound
signals that can be used to identify emotions;
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– Implementation: a total of 7 articles used implementation in other cases as the rationale behind their
research methods [16], [28], [38], [42], [55], [63], [69]. This suggests that some researchers have applied
their approach in a broader application context, beyond emotion recognition in speech. This approach
may involve the use of emotion recognition technology for such purposes as sentiment analysis, human-
computer interaction, or psychological research.

Although most of the research was driven by these reasons, some research has used other reasons beyond the
categories [59]. This shows that there is still variation in research motivations and approaches in emotion
recognition in speech, and there is potential for further exploration in developing more innovative methods and
techniques.

3.6. How
This research notes variations in the use of classifier models to identify emotions in human speech.

More than 20 articles use support vector machine (SVM) as the main model, showing its popularity and effec-
tiveness in emotion classification. Meanwhile, around 14 articles employ K-nearest neighbors (KNN) and 1D
convolutional neural networks (CNN) 12 articles, while about 5-10 articles apply approaches such as decision
tree (DT), deep neural network (DNN), long short-term memory (LSTM), multi layer perceptron (MLP), and
random forest (RF) in more detail is shown in Table 2. The use of various classifier models shows an effort
to explore various approaches in facing the challenge of emotion classification in human speech. In addition,
there are also several other approaches used in smaller numbers, demonstrating the diversity in strategies and
techniques used in SER researches.

Table 2. The summary of model classifiers
Number of articles Model classifiers

> 20 SVM
10–15 KNN, 1D CNN
5–10 DT, DNN, LSTM, MLP, RF

A clear trend shows that deep learning models, particularly CNN and LSTM, are gaining popularity
due to their ability to capture the complexity of speech signals and outperform traditional models like SVM,
especially with large datasets. These models automatically learn features from raw data, offering better gen-
eralization in noisy environments. In contrast, while traditional models like SVM work well with smaller,
structured datasets, they struggle with raw audio data, where deep learning excels. Therefore, deep learning
models are becoming more prevalent in SER research due to their higher accuracy and adaptability.

4. CONCLUSION
This research presents a bibliometric analysis of 68 articles on SER published between 2020 and

early 2024. There have been significant developments in SER research in the last five years, and India being
the top contributor. The exploration of research topics provides a comprehensive overview of developments
and trends in this field. The use of preprocessing techniques, such as silence removal and noise removal,
is the main focus. The most commonly used data sources are EmoDB, IEMOCAP, and RAVDESS, while
features such as MFCC and pitch are the most frequently used in the analysis. More diverse data sources,
including real-world noisy data, can significantly improve SER models. By integrating datasets that reflect
real-world conditions, including a broader range of emotional variations and loud environments, SER models
can be trained to be more resilient to the challenges faced in everyday situations. This will help address current
limitations, such as inconsistent data quality and a lack of emotional diversity in datasets, thereby enhancing
the accuracy and generalizability of models in practical applications. Based on these findings, further research
is suggested to develop multimodal approaches that integrate acoustic features with non-auditory data, such
as facial expressions, body movements, or physiological signals. The combination of multimodal features can
capture a more holistic representation of emotions, overcoming the limitations of single-voice-based systems
susceptible to environmental noise or ambiguous contexts. The most frequently analyzed emotions are happy,
angry, sad, neutral, fear, disgust, and surprise. In terms of classification modeling, SVM is the most widely
used model, followed by KNN, 1D CNN, and several other approaches. Overall, this study provides an in-
depth understanding of SER research trends and the techniques most commonly used in this analysis. It is
recommended to develop more sophisticated pre-processing techniques and classification models that are more
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efficient in classifying emotions in human speech, particularly in real-world, noisy environments. Moreover, the
application of SER technologies in fields like healthcare, customer service, and mental health shows significant
promise, offering potential improvements in emotional state monitoring and interaction. Looking toward the
future, SER research will likely move toward developing real-time emotion recognition systems and addressing
the challenges of cross-lingual and cross-cultural emotion recognition. These advancements will help create
more adaptable and globally relevant SER applications.
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