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Abstract

Situated within the Neurocash® framework for measuring implicit emotional and cognitive responses, this 
review examines the human voice as a non-invasive psychophysiological marker. It outlines the physiological 
mechanisms of voice production and explains how emotional states influence breathing, vocal-fold vibration 
and articulation, shaping acoustic features such as pitch and intensity. The review then examines Speech 
Emotion Recognition as the main approach for extracting emotional information from speech, describing 
the methodological pipeline from emotional speech databases and preprocessing to classification using 
traditional machine-learning algorithms and modern deep-learning and self-supervised models. The analysis 
concludes that no single computational approach is universally optimal, as performance depends on 
language, emotional categories, data quality and environmental conditions. Overall, this review provides an 
interdisciplinary framework linking psychophysiology, vocal acoustics and artificial intelligence to support 
Neurocash® studies on cognitive workload, perceived security and implicit trust in cash design.

Keywords: acoustic feature extraction, affective computing, implicit emotion perception, multimodal 
emotion analysis, psychophysiology, self‑supervised representation learning, Speech Emotion Recognition, 
Neurocash®, cash design.

JEL classification: C55, C80, D91.



Resumen

A partir de la metodología Neurocash® para el estudio de las respuestas emocionales y cognitivas 
implícitas, en este documento se examina la voz humana como un marcador psicofisiológico no invasivo. 
En primer lugar, se describen los mecanismos fisiológicos de producción de la voz y se explica cómo los 
estados emocionales modifican la respiración, la vibración de las cuerdas vocales y la articulación, lo 
que altera características acústicas como el tono y la intensidad. A continuación, se analiza el sistema de 
reconocimiento de emociones en el habla (SER, por sus siglas en inglés) como la principal herramienta para 
extraer información emocional a partir de la voz, describiendo su proceso metodológico desde la selección 
de bases de datos y el preprocesamiento hasta la clasificación mediante algoritmos de aprendizaje 
automático clásico y modelos de aprendizaje profundo y autosupervisado. El análisis concluye que no 
existe un modelo universalmente óptimo y proporciona un marco interdisciplinar para apoyar estudios 
Neurocash® sobre carga cognitiva, seguridad percibida y confianza implícita en el diseño del efectivo.

Palabras clave: extracción de características acústicas, computación afectiva, percepción implícita 
de la emoción, análisis multimodal de emociones, psicofisiología, aprendizaje de representaciones 
autosupervisado, reconocimiento de emociones en el habla, Neurocash®, diseño del efectivo.

Códigos JEL: C55, C80, D91.
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1 Introduction

Cash design is not only a matter of visual aesthetics and security features, but also of how people implicitly 

perceive, interpret, and emotionally respond to cash during daily interactions. In this context, voice analysis offers 

a promising bridge between cash perception research and psychophysiological measurement, as vocal signals 

can reflect subtle changes in emotional arousal, cognitive load, confidence, and perceived security. Understanding 

these implicit human reactions is fundamental in cash design to optimize currency usability and the effectiveness 

of anti-counterfeiting measures.

The aim of this review is to offer a broad and connected perspective on voice analysis, encompassing 

the physiological bases of vocal production, its relationship with emotional expression, and the technological 

tools currently available for extracting acoustic features in perception and affective‑computing research. In doing 

so, the work synthesizes the present state of Speech Emotion Recognition (SER) technologies while preserving 

a conceptual and accessible perspective grounded in psychology. Rather than offering an exhaustive technical 

review of every computational component, the goal is to present a coherent, interdisciplinary overview that bridges 

psychophysiology, acoustics, and machine‑learning approaches to emotional voice analysis.

SER is situated within the broader domain of Automatic Emotion Recognition (AER), a field that integrates multiple 

biosignals, such as EEG (electroencephalography), facial expressions, gestures, or speech, to infer affective states. Within 

this ecosystem, the human voice stands out as a unique psychophysiological signal: it arises from the coordination of 

breathing, vocal-fold movement, and articulation, all of which change with emotional, cognitive, and autonomic states (De 

Lope & Graña, 2023). Understanding these biological mechanisms is therefore essential for interpreting how emotions 

shape the acoustic signal. For this reason, the document begins by outlining the physiological and anatomical bases of 

vocal production, following authors who argue that acoustic analyses must be grounded in vocal biomechanics.

Building on this theoretical foundation, the second section examines how emotional states influence key acoustic 

features such as fundamental frequency, intensity, spectral balance, and temporal dynamics. Recent reviews show 

that emotions reliably shape vocal acoustics, allowing speech to convey meaningful psychophysiological information 

(Van Puyvelde et al., 2018; Schewski et al., 2025). These relationships are central both to psychological research and 

to the development of computational models that aim to decode emotions from speech.

The study then presents the complete Speech Emotion Recognition (SER) methodological pipeline, 

outlining the process of transforming raw audio into emotional labels. These stages include audio‑source selection, 

preprocessing, acoustic feature extraction, and classification using either classical machine‑learning algorithms or 

modern deep‑learning architectures. 

Finally, after describing the pipeline, the document provides a structured overview of the most relevant 

technological tools for implementing SER, ranging from commercial to open‑source options. This includes 

commercial approaches (e.g., audEERING, iMotions), pretrained model pipelines with external or internal classifiers, 

custom SER systems built from scratch, and modular multimodal frameworks such as the MixedEmotions Toolbox.

By comparing these alternatives, practical considerations that researchers must evaluate when selecting 

tools for academic or applied contexts are highlighted, including model interpretability, data requirements, and 

computational costs.
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Although this review focuses on the human voice as a neurophysiological marker for implicit emotion, 

it is motivated by the broader research context of neurodesign for cash. Within the Neurocash® framework, 

the Innovation & Development unit of the Banco de España aims to establish an objective, multidimensional 

methodology to evaluate the public’s perception of banknotes. By integrating neuroscientific tools and implicit 

behavioral measures, this project seeks to overcome the traditional limitations of subjective surveys, capturing the 

subconscious emotional and cognitive reactions of users when interacting with currency (Banco de España, n.d.; 

Ortuño et al., 2020). 

Specifically applied to cash perception research, the Neurocash® methodology provides cash designers 

with a robust, quantitative tool to optimize the design process. By capturing these acoustic fluctuations during 

exposure to or evaluation of currency features, the human voice can complement other biometric and behavioral 

measures within this framework. This allows for the precise evaluation of how different visual and tactile elements 

capture attention, how cognitive workload is modulated during the verification of security features, and how these 

factors influence the user’s implicit trust and perceived security (Banco de España, n.d.; Ortuño et al., 2020). By 

systematically analyzing these biometric, neurophysiological, and vocal responses, Neurocash® acts as a scientific 

bridge that enhances the aesthetics, intuitive usability, and anti-counterfeiting resilience of banknotes throughout 

their entire lifecycle.

1.1 Justification of the review

Despite the rapid growth of Speech Emotion Recognition (SER), existing reviews remain fragmented and often focus 

on only one part of the field. Most surveys highlight technical advances, especially, new machine‑learning models 

and self‑supervised speech methods, while giving much less attention to the psychophysiological and acoustic 

principles that support emotional expression in the voice. As a result, many overviews adopt a mainly computational 

viewpoint, with limited connection to the biological mechanisms of vocal production or to the well‑established 

acoustic markers of emotion.

This limitation in the review literature reflects a broader problem in the field: a lack of integration across 

disciplines. Psychophysiology, vocal acoustics, and deep‑learning‑based SER systems are often treated as separate 

research areas, even though they naturally depend on one another. Because of this separation, key concepts, such 

as subglottal pressure changes, vocal‑fold behaviour, prosodic shifts, and spectral patterns, rarely appear together 

in computational surveys. This reduces the interpretability of SER models and makes it harder to understand the 

psychophysiological meaning of the features these systems extract.

A further challenge is that research on how emotions influence vocal acoustics is spread across different 

fields such as clinical voice science, neuroscience, phonetics, and machine learning. Because these findings are 

rarely brought together, it is difficult to build a clear, unified understanding of how emotional processes shape the 

voice and how these cues are used in SER systems.

For these reasons, an integrative review that unifies physiological mechanisms, acoustic correlates, 

psychological theory, and contemporary SER methodologies is necessary. The present work aims to consolidate 

these domains into a coherent conceptual framework, offering the scientific community a comprehensive, 

interdisciplinary account of how emotions are encoded and decoded through the human voice.
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2 Methods

This article was written as a narrative integrative review, a method that brings together different types of evidence 

from fields such as psychophysiology, acoustics, speech science, affective computing, and machine learning. This 

type of review makes it possible to combine empirical studies, theoretical work, technical documentation, and 

methodological papers to create a broad understanding of a research area. Because Speech Emotion Recognition 

(SER) involves many disciplines, this approach is well suited to summarizing its physiological, acoustic, and 

computational aspects within a single framework.

2.1 Search Strategy and Sources

Between October 2025 and February 2026, a broad literature search was performed across the following databases 

and platforms:

• Google Scholar

• PubMed (physiology, voice science)

• IEEE Xplore (machine learning, signal processing)

• ACM Digital Library [Human Computer Interaction (HCI), affective computing]

• arXiv (deep learning and transformer-based SER studies)

• Publisher websites for technical documentation (e.g., audEERING, iMotions, Affectiva, Microsoft, and 

Amazon Web Services)

• GitHub repositories for open-source SER toolkits.

The search combined keywords and Boolean operators such as:

“speech emotion recognition” OR “SER” OR “emotional prosody” OR “acoustic correlates of emotion” OR 

“self-supervised speech models” OR “wav2vec2” OR “HuBERT” OR “WavLM” OR “affective computing” OR “voice 

physiology” OR “emotion acoustics”.

2.2 Inclusion Criteria

Sources were included if they met at least one of the following criteria:

• Conceptual relevance to the physiological, psychological, or computational foundations of emotional voice 

production (e.g., Liebenthal et al., 2016).

• Empirical or methodological contribution to acoustic correlates of emotion, vocal stress, or prosody (e.g., 

Van Puyvelde et al., 2018; Schewski et al., 2025).
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• Technical relevance to SER pipelines, preprocessing, feature sets, or databases (e.g., openSMILE, GeMAPS, 

EmoDB, RAVDESS, IEMOCAP).

• Machine learning or deep learning significance (e.g., de Lope & Graña, 2023; Kaur & Singh, 2023; Latif et al., 

2023; Baevski et al., 2020; Hsu et al., 2021).

• Applied frameworks in HCI, IoT, or affective technologies (e.g., Chang et al., 2024; Wang et al., 2022).

• Commercial and tool documentation, when necessary to describe real world SER implementations (e.g., 

audEERING, iMotions, Affectiva).

2.3 Exclusion Criteria

• Studies unrelated to emotional voice analysis or without a clear methodological contribution.

• Papers focused exclusively on Automatic Speech Recognition (ASR) without relevance to emotion or 

prosody.

• Non scholarly sources lacking technical or conceptual value.

• Duplicated versions of the same paper (e.g., arXiv version and published journal version; only one was 

retained).

2.4 Selection and Synthesis Process

Rather than filtering the literature in a strict, linear way, the review built its themes gradually through several cycles 

of reading and analysis.

1. Initial screening of titles and abstracts to identify relevance.

2. Full‑text assessment of a large corpus of documents (approx. 80–100) dated between 1980–2026

3. Thematic clustering into core domains: 

 — Vocal physiology and how the voice is produced (breathing, vocal folds, and articulation). 

 — How emotions shape the acoustic signal (changes in pitch/F0, loudness, voice quality, and timing). 

 — The SER pipeline (audio collection, preprocessing, feature extraction, and classification methods). 

 — Emotional speech datasets used for training and evaluation (e.g., EmoDB, RAVDESS, IEMOCAP). 

 — Types of acoustic features (prosodic, spectral, cepstral, energy related, temporal/fluency features, 

and standard sets like eGeMAPS). 
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 — Modelling approaches in SER (classical machine learning, deep learning models, and self supervised/

pretrained speech models). 

 — Implementation options and tools (commercial platforms, pretrained models with or without external 

classifiers, full custom pipelines, and multimodal frameworks like MixedEmotions). 

 — Complementary NLP methods (ASR to text combined with sentiment or affect analysis).

4. �Cross disciplinary integration, linking psychophysiology with computational modelling to construct a 

coherent conceptual narrative.

Because integrative reviews focus on conceptual synthesis rather than performing statistical analyses, no 

formal quality‑assessment tools (such as PRISMA or GRADE) were used. Instead, priority was given to selecting 

recent, rigorous, influential sources that showed consistency with findings from other studies.
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3 Definition and Applications of SER

3.1 Definition

Within the broader field of Automatic Emotion Recognition (AER), which includes analyses based on EEG, gestures, 

facial expressions, and other biometric signals, we find Automatic Speech Recognition (ASR), whose primary 

function is to convert audio into text. This process relies on signal processing and machine learning methods that 

are shared with emotion related systems (De Lope & Graña, 2023).

One of ASR’s key subfields is Speech Emotion Recognition (SER), which uses similar signal processing 

tools such as speech rate, pitch, and prosody to identify and classify emotions present in speech. Recent work 

highlights the importance of these acoustic cues in predicting emotional states accurately (Van Puyvelde et al., 

2018; Schewski et al., 2025).

3.2 Applications 

SER is used in many areas, including psychology, healthcare, and marketing. However, for the purposes of this 

work, in the context of implicit perception measurement, we focus on its role within the Internet of Things (IoT). 

In IoT environments, devices interact continuously with users, and emotional information can help these systems 

adjust their behaviour, personalise their responses, and create more natural interactions (Chang et al., 2024). The 

IoT ecosystem includes several interaction focused fields, such as Human–Computer Interaction (HCI), Human–

Machine Interaction (HMI), Human–Robot Interaction (HRI), and Affective Computing.

Within this ecosystem, SER becomes especially relevant for Affective Computing, a field whose goal 

is to detect and interpret human emotions so that systems can adapt affectively. This “affective layer” is what 

distinguishes Affective Computing from other interaction oriented disciplines:

• HCI, HMI, and HRI focus on the mechanics and design of interaction, such as interfaces, usability, 

ergonomics, and task performance, without necessarily analysing emotional states.

• Affective Computing, in contrast, explicitly incorporates emotion. It studies how machines can understand 

and respond to the user’s affective signals (Wang et al., 2022), making SER a key component for enabling 

emotionally adaptive behaviour.
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4 Voice Physiology and Acoustic Correlates of Emotion

As illustrated in Figure 1, voice production begins with airflow originating in the lungs. The vocal folds, two bands of 

tissue located in the larynx between the base of the tongue and the top of the trachea, remain open during breathing 

and close during phonation (National Institute on Deafness and Other Communication Disorders [NIDCD, n.d.]). When 

speaking, the diaphragm contracts to expand the thoracic cavity, allowing the lungs to fill with air before releasing 

it during exhalation, which initiates the phonatory process (Ladefoged, 2001). Sound is produced when exhaled 

air passes through the closed vocal folds, increasing subglottal pressure until they separate, allowing air to flow 

through the glottis. The glottis widens during breathing and narrows during voice production (NIDCD, n.d.; Zhang, 

2016). Rapid airflow creates pressure changes that bring the vocal folds back together, causing them to vibrate 

and generate sound. Typical speech requires normal vibratory behaviour of both the larynx and the vocal folds 

(Morrison, Rammage, Nichol, Pullan, & May, 1994).

Once phonation is understood, further components of speech production can be defined, namely articulation 

and resonance. Vocal production relies on the coordinated action of several subsystems: 

• The respiratory phase: during which air exits the lungs (Morrison, Rammage, Nichol, Pullan, & May, 1994).

SOURCE: From Vocal fold paralysis, by the National lnstitute on Deafness and Other Communication Disorders [NIDCD], n. d., Department of Health & Human 
Services, https://www.nidcd.nih.gov/health/vocal-fold-paralysis.

Structures involved in speech and voice production
Figure 1
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• Phonation: in which airflow sets the vocal folds into vibration (Morrison, Rammage, Nichol, Pullan, & May, 

1994).

• Articulation, involving lips, tongue, teeth, and hard palate.

• Resonance, produced by the oral and nasal cavities that amplify and shape the voice (NIDCD, n.d.). 

Physiological factors such as pitch, influenced by vocal‑fold length and tension; intensity, determined by 

airflow force and vibratory amplitude; timbre, shaped by the vocal tract’s configuration; and duration, defined by the 

length of vocal‑fold vibration, all contribute to the acoustic characteristics of the human voice (Morrison, Rammage, 

Nichol, Pullan, & May, 1994 & Zhang, 2016).
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5 Emotions and their Influence on Acoustics

Emotions influence the way our voice sounds because they affect how we breathe, how the larynx is positioned, and 

how the vocal tract moves. In psychology, emotions are understood as complex reactions that include thoughts, bodily 

changes, and expressive behaviours, all of which can shape our vocal output (American Psychological Association 

[APA], n.d.). Research shows that emotional states modify key acoustic features, such as fundamental frequency (F0), 

loudness, spectral balance or voice quality, and timing, through physiological changes in subglottal pressure, vocal fold 

vibration, and the configuration of the vocal tract (Liebenthal et al., 2016; Van Puyvelde et al., 2018). For example, 

positive emotions often occur alongside facial and postural changes like smiling, which alter the shape of the vocal 

tract and tend to produce a higher, brighter‑sounding voice. More generally, high‑arousal emotions such as joy or 

anger are associated with louder voices and greater variation in intensity than low‑arousal states like sadness 

or tenderness (Liebenthal et al., 2016).

Emotional and cognitive demands also influence vocal behaviour. When people are under cognitive–

emotional load, their voices show measurable shifts in F0, loudness, and perturbation‑based voice measures, 

reflecting the combined effect of attention, mental effort, and affective state on vocal production (Van Mersbergen 

& Payne, 2021; Van Puyvelde et al., 2018). Clinical reviews further show that increased tension in the larynx can 

produce rougher voice quality and reduced vocal power, illustrating how physiological stress and emotional strain 

affect the sound of the voice (Eastwood et al., 2015). Taken together, these findings support the idea that emotions 

influence speech through coordinated changes in bodily, cognitive, and expressive systems, consistent with the 

three‑component model of emotion.

A growing body of research demonstrates that emotions also shape prosody, patterns of pitch, rhythm, 

and intonation, in reliable ways. A large review of speech produced under negative emotions, stress, and cognitive 

load shows that anger, fear, anxiety, and stress frequently involve increases in F0 and, in some cases, noticeable 

changes in speech rate or pausing, although results vary across studies (Schewski et al., 2025). Evidence from acted 

emotional speech in Mexican Spanish similarly reveals distinct prosodic profiles: emocionado [excited] and enojado 

[angry] show high F0 values, wide pitch movements, and rising bitonal accents, while tranquilo [calm] and triste 

[sad] display flatter, more even pitch contours with smaller differences between syllables. Neutral utterances follow 

the expected declarative pattern typical of Central Mexican Spanish (González Franco et al., 2023).
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6 Methodological Pipeline SER

Once we understand how the voice is produced and how emotions can shape it, we can look at how Speech Emotion 

Recognition (SER) systems go from a simple audio recording to identifying the emotion behind it. This process 

typically involves four stages:

• Audio source selection: Studies may employ spontaneous speech recordings or standardized emotional 

speech databases. Widely used corpora, such as EmoDB (Burkhardt et al., 2005), RAVDESS (Livingstone & 

Russo, 2018), and IEMOCAP (Busso et al., 2008), provide controlled, annotated emotional material essential 

for SER benchmarking.

• Data preprocessing: Includes denoising, normalization, segmentation, and amplitude or sampling‑rate 

standardization to ensure signal quality and consistency across recordings (De Lope & Graña, 2023).

• Feature extraction: Extracted acoustic features typically involve pitch, prosodic dynamics, spectral energy, 

speech rate, and voice quality. In many studies, researchers rely on standardized sets like eGeMAPS or 

openSMILE so that acoustic features remain comparable across different projects (Eyben et al., 2016).

• Classification approaches: SER tasks may be addressed using traditional machine‑learning models (e.g., 

SVMs, Random Forests) as well as deep learning architectures (e.g., CNN‑, RNN‑, or transformer‑based 

systems) trained on emotional speech databases (De Lope & Graña, 2023).

6.1 Emotional Speech Databases

Table 1 presents a comparison of emotional speech databases according to the number of target emotions, 

language, availability of visual and acoustic modalities, whether speech is acted or natural, speaker demographics, 

and total number of utterances (De Lope & Graña, 2023). These databases can be used both to train deep learning 

models for emotion recognition and to benchmark different SER approaches.
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6.2 Preprocessing

Before extracting acoustic features, the audio signal must undergo a dedicated preprocessing stage. This phase 

typically includes noise reduction, signal normalization, segmentation, and the conversion of the waveform into 

formats suitable for analysis or model training. Figure 2 summarizes the main steps involved in the preprocessing 

workflow. Preprocessing is essential because improperly cleaned or poorly normalized audio can degrade the 

performance of classifiers and distort the resulting emotional inferences, as emphasized in recent reviews of speech 

emotion recognition pipelines (De Lope & Graña, 2023). Furthermore, detailed methodological work on audio‑based 

affective systems highlights that preprocessing steps, such as padding, spectrogram generation, normalization, and 

SOURCE: Author’s own elaboration adapted from De Lope and Graña (2023). An ongoing review of speech emotion recognition, Neurocomputing, 528, 1-11. 
https://doi.org/10.1016/j.neucom.2023.01.002

Database summary table
Table 1

Database
ofNumber

emotions
displayed

Language
&Visual

acustic
data

Natural
Actorsvs

Gender

W: Women

Number
phrasesof

Number of times 
havethey

untilreferencedbeen
2023

2 M 2 WActorsNoDanish5DES 6

518005 M 5 WActorsNoGerman7EMODB

34 M 8 WNaturalYesEnglish6eINTERFACE
shortsuccessive6

stories
6
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25

104804 MActorsYesEnglish7SAVEE
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42.8002 WActorsNoEnglish7TESS

221.44012 M 12 WActorsYesEnglish8RAVDESS
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sessions 12h

2 isolated words 9 short
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2 passages

SOURCE: Author’s own elaboration adapted from De Lope and Graña (2023) and Katti and Sumana (2023).

Preprocessing workflow schema (noise removal, audio segmentation, signal normalization, silence trimming)
Figure 2

INPUT OUTPUT

• Noise removal
• Audio segmentation
• Signal normalization
• Silence cuts
• Etc.
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silence trimming, constitute a foundational component of any machine‑learning workflow involving speech signals 

(Katti & Sumana, 2023). Together, these studies demonstrate that preprocessing is not an optional step but a critical 

requirement for ensuring reliability, reproducibility, and model robustness in SER research.

6.3 Feature extraction

A speech recording contains thousands of measurable acoustic properties, many of which are useful for Speech 

Emotion Recognition (SER). Recent reviews group these properties into several main categories, temporal, prosodic, 

spectral, cepstral, and energy‑related features, and describe standardized feature sets developed for paralinguistic 

analysis (De Lope & Graña, 2023; Bhangale & Kothandaraman, 2023).

6.3.1 Temporal and fluency features

Temporal features describe how speech unfolds over time. They include overall duration, speech rate, syllable timing, 

rhythm, and the presence or length of pauses, as well as distinctions between vocalic and non‑vocalic segments. 

These patterns often change with emotional arousal or cognitive load and are frequently included in both traditional 

feature sets and deep‑learning SER models (Byun & Lee, 2021; De Lope & Graña, 2023).

6.3.2 Prosodic features

Prosodic features relate to pitch and loudness patterns, such as fundamental frequency (F0), intonation contours, 

intensity, accentuation, and overall variability. Because they reflect adjustments in phonation and respiration, 

prosodic cues are reliably associated with emotional expression in speech (Bhangale & Kothandaraman, 2023; De 

Lope & Graña, 2023).

6.3.3 Spectral features

Spectral features capture how energy is distributed across frequencies. They include formants, spectral centroid, 

roll‑off, kurtosis, and various energy bands, as well as spectrogram‑based representations such as Mel‑spectrograms. 

These features reflect vocal‑tract configuration and are essential in both classical machine‑learning and deep 

learning–based SER systems (Bhangale & Kothandaraman, 2023).

6.3.4 Cepstral features

Widely used in speech and emotion recognition, cepstral coefficients such as MFCCs, delta and delta‑delta 

coefficients, GFCCs, and LPCCs capture perceptually and physiologically meaningful aspects of the signal. Many 

SER studies adopt them as core inputs for both machine‑learning and neural architectures (Byun & Lee, 2021; 

Bhangale & Kothandaraman, 2023). 

6.3.5 Energy‑based features

Energy features measure the overall power of the signal and its variation over time. Metrics such as root mean square 

(RMS) energy can help differentiate high‑arousal from low‑arousal emotional states (Bhangale & Kothandaraman, 

2023).
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6.3.6 Frequency- and pitch-related indicators

Low‑level features such as zero‑crossing rate (ZCR) and line spectral pairs (LSP) describe signal oscillation patterns 

and spectral‑envelope properties. They remain useful complementary indicators in multi‑feature SER models 

(Bhangale & Kothandaraman, 2023). 

6.3.7 Predefined standardized feature sets

Standard feature sets like eGeMAPS, GeMAPS, and ComParE (available in the openSMILE toolkit) combine many 

of the audio features mentioned earlier into well‑tested, ready‑to‑use configurations. These sets are widely used in 

affective computing and other speech‑related research areas (audEERING, n.d.; De Lope & Graña, 2023). 

Finally, current SER research often compares these handcrafted features with representations learned 

directly from data, such as embeddings derived from self‑supervised learning (SSL) models or automatic speech 

recognition (ASR) systems. Even so, traditional feature categories remain essential for benchmarking and 

interpreting these newer approaches (Gao et al., 2024).

For reference, these categories are summarized in Figure 3, with the features highlighted in bold 

corresponding to those repeatedly shown to carry strong emotional information.

SOURCE: Author’s own elaboration synthesizing concepts discussed in De Lope and Graña (2023), Bhangale and Kothandaraman (2023), Byun and Lee (2021) 
and Gao et al. (2024).

Overview of principal acoustic feature categories used in Speech Emotion Recognition (SER)
Figure 3
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6.4 Classifier Approaches: Conventional (Classical Machine Learning) vs. Deep Learning

Speech Emotion Recognition (SER) systems are commonly divided into two major methodological families. The 

first relies on conventional machine‑learning models built on hand‑crafted acoustic features, while the second 

uses deep learning techniques that learn informative representations directly from the speech signal or from its 

time–frequency transformations. This section provides an overview of the modelling assumptions, typical input 

features, representative algorithms, and the main advantages and limitations associated with each approach. A 

comprehensive survey of the field discusses these developments in detail and motivates the comparison presented 

here (Kaur & Singh, 2023).

6.4.1 Conventional methods (classical machine learning)

• Modelling pipeline: Conventional Speech Emotion Recognition (SER) methods begin by extracting a set 

of hand‑crafted features from the audio signal. These features describe core aspects of the voice, such 

as pitch, loudness, rhythmic patterns, and widely used acoustic descriptors like Mel‑Frequency Cepstral 

Coefficients (MFCCs), which summarise how energy is distributed across frequency bands. After these 

features are obtained, they are passed to a traditional machine‑learning classifier, such as Support Vector 

Machines, k‑Nearest Neighbours, Naïve Bayes, decision trees or Random Forests, Gaussian Mixture Models, 

or Hidden Markov Models, which learns to distinguish between emotional categories. Because these 

features are manually designed rather than learned automatically, this approach tends to work reliably 

even when only limited training data are available. It is also generally considered more transparent and 

easier to interpret than modern deep‑learning systems. MFCCs, in particular, have a long history in speech 

processing research, originating in the influential work of Davis and Mermelstein (1980).

• Representative classifiers:

 — Support Vector Machines (SVMs): SVMs try to find the best boundary that separates different emotion 

classes in the feature space, keeping the classes as far apart as possible. They were widely used in 

early SER systems (Kaur & Singh, 2023). 

 — k‑Nearest Neighbours (k‑NN): k‑NN classifies a new speech sample by checking which labelled 

samples it most closely resembles and assigning it the majority emotion among those neighbours 

(Kaur & Singh, 2023). 

 — Naïve Bayes: A simple probabilistic model that estimates which emotion is most likely based on the 

features, assuming each feature contributes independently (Kaur & Singh, 2023). 

 — Decision Trees / Random Forests: hierarchical partitioning; Decision trees split the data step by step 

based on feature values until they reach an emotion label. Random Forests combine many such trees, 

which makes them more stable and often more accurate, for example, outperforming SVMs on some 

SER datasets (Yan et al., 2020). 

 — Gaussian Mixture Models (GMMs): GMMs represent each emotion as a combination of several 

Gaussian (bell‑shaped) distributions. The model then estimates which emotion’s distribution best fits 

the input speech (Bishop, 2006).
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 — Hidden Markov Models (HMMs): HMMs model speech as a sequence of short frames and capture how 

acoustic patterns change over time. They are especially useful for time‑dependent signals like speech 

(Rabiner,1989). 

• Strengths and limitations: Conventional pipelines are computationally light, perform reasonably well with 

small, labelled datasets, and facilitate diagnostics (e.g., feature importance). However, performance 

strongly depends on the quality of the hand‑crafted features, and classical models may face challenges 

when conditions change (e.g., speaker variation, noise, or language differences); limited multimodal fusion 

support is another constraint (Lian et al., 2023, Entropy).

6.4.2 Deep learning methods

• Modelling pipeline: Deep learning models tend to discover acoustic patterns on their own, whether they 

work directly with the waveform or with spectral representations. In doing so, they reduce the need for 

manually engineered features and instead discover informative representations automatically. A variety of 

neural encoder architectures are commonly used for this purpose. Convolutional Neural Networks (CNNs) 

are effective for analysing the two‑dimensional structure of spectrograms, capturing local spectro‑temporal 

patterns. Recurrent Neural Networks (RNNs), including LSTMs and GRUs, are suited to modelling how 

emotional cues evolve over time in the speech signal. Many SER systems combine these strengths 

through hybrid CNN–RNN models, which first extract local acoustic patterns and then learn their temporal 

dependencies. More recently, Transformer‑based encoders have become prominent, using multi‑head 

self‑attention to capture long‑range relationships across the speech sequence (Latif et al., 2023). 

• Representative deep learning model families:

 — Convolutional Neural Networks (CNNs): CNNs extract local patterns from spectrograms (e.g., pitch, 

formants, energy) and are very effective when SER is formulated as an image-like problem. They were 

among the first deep models to outperform classical MFCC+SVM pipelines (Neumann & Vu, 2017; Satt 

et al., 2017).

 — Recurrent Neural Networks (RNNs): RNNs, especially LSTMs and GRUs, model the temporal dynamics 

of speech, capturing how emotions evolve across frames. They became a standard baseline for 

sequence modelling in SER before Transformers gained traction (Trigeorgis et al., 2016; Satt et al., 

2017).

 — CNN–RNN hybrids: Hybrid models combine CNNs for spectral feature extraction with RNNs for 

temporal modelling. This architecture is common in SER because it combines the strengths of both 

approaches: they capture local spectrotemporal details while also modelling how the signal evolves 

over time (Trigeorgis et al., 2016; Abdelhamid et al., 2022).

 — Variational Autoencoders (VAEs): learn compressed emotional representations without labels. They are 

used for feature learning, noise reduction, or generating synthetic emotional speech (Latif et al., 2018).
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 — Transformer-based models: Transformers use self-attention to model long-range dependencies and 

have become the most powerful architecture in SER. Pretrained variants like wav2vec 2.0 and HuBERT 

dominate current benchmarks (Pepino et al., 2021; Latif et al., 2023).

 — Supervised vs. Self-supervised learning:

• Supervised learning requires labelled emotional audio and was the traditional setup for CNN/RNN models. 

Its performance depends strongly on dataset size and annotation quality (Trigeorgis et al., 2016).

• Self-supervised learning (SSL) learns general speech features from unlabelled audio (e.g., wav2vec 2.0, 

HuBERT), achieving far better generalisation in low-resource emotional datasets (Hsu et al., 2021; Pepino 

et al., 2021).

• Novelties:

 — Pretrained models: One of the biggest recent advances is the use of models like wav2vec 2.0 and 

HuBERT. They are first trained on huge amounts of unlabelled audio and then fine-tuned for emotion 

recognition. This helps a lot when emotional datasets are small and currently give some of the strongest 

results, especially for valence (Pepino et al., 2021; Hsu et al., 2021; Wagner et al., 2023).

 — Multimodal models: Deep learning also makes it easy to combine multiple signals at once, for example, 

speech together with facial expressions or text. Different “fusion” strategies (early, late or intermediate) 

are used to mix these modalities, and recent surveys summarise the main techniques and datasets in 

multimodal emotion recognition (Lian et al., 2023).

 — Data augmentation: Since emotional datasets are often small, data augmentation is increasingly used 

to improve model robustness. Typical techniques include pitch shifting, time‑stretching, adding noise, 

SpecAugment, vocal tract length perturbation and synthetic data generation. These methods improve 

generalisation, especially for deep models working in low‑resource conditions (Ko et al., 2015; Park et al., 

2019; Atmaja & Sasou, 2022; Chatziagapi et al., 2019; Qu et al., 2022).

• Strengths and limitations. Deep learning eliminates manual feature design, learns non‑linear hierarchical 

patterns, scales with data, and integrates multimodal cues. However, these advantages come with 

trade‑offs: deep models usually require large amounts of labelled data (although this can be reduced through 

self‑supervised or transfer learning), they are harder to interpret, and they demand more computational 

resources during training and deployment (Latif et al., 2023; Wagner et al., 2023).

The main differences between conventional and deep learning approaches are summarized in Figure 4, 

including their respective architectures, advantages, and limitations.
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6.4.3 Is there an optimal model?

A recurrent theme in the literature is that there is no single optimal model for Speech Emotion Recognition (SER). As 

highlighted by De Lope and Graña (2023), SER encompasses a wide spectrum of classical machine learning methods 

and deep learning architectures, each with different strengths depending on the characteristics of the data and the task 

at hand. Their review shows that performance varies substantially across datasets, languages, emotional taxonomies, 

and feature extraction strategies, and that both classical and deep learning approaches continue to coexist in SER 

research. This diversity of methods reflects that model choice is inherently problemdependent rather than universal.

In practical terms, this means that the “best” model depends on what the researcher seeks to achieve, for 

example, maximising accuracy, ensuring interpretability, working with limited training data, or integrating multimodal 

inputs. As De Lope and Graña (2023) emphasise, SER systems are highly sensitive to dataset properties and 

experimental conditions, and no approach consistently outperforms all others across benchmarks. Thus, the field 

does not converge toward a single optimal classifier, but rather toward a set of techniques that must be matched to 

the specific requirements of each application.

SOURCE: Author’s own elaboration adapted from De Lope & Graña (2023).

Conventional vs. Deep Learning Approaches
Figure 4
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7 Complementary Approach to SER

A complementary approach to Speech Emotion Recognition (SER) is Natural Language Processing (NLP), which 

focuses on analysing the verbal content of speech rather than its acoustic properties. NLP requires converting 

the audio signal into text using an Automatic Speech Recognition (ASR) system. Modern ASR pipelines, covered 

extensively in standard NLP textbooks, transform the speech waveform into linguistic units that can be processed 

computationally (Jurafsky & Martin, 2026). 

Once the speech is transcribed, NLP techniques can be applied to perform lexical, syntactic, and semantic 

analyses of the text. One widely used NLP application is Sentiment Analysis, which identifies explicit or implicit 

emotional content expressed through words, considering both word frequency and contextual meaning. Sentiment 

analysis is recognised as a core task within NLP, enabling the detection of attitudes, affect, and evaluative language 

in written or transcribed text (Ramdani, 2025; Jurafsky & Martin, 2026).
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8 Available Tools for SER Implementation

This section reviews the tools that are most commonly used today to build SER systems. By summarizing the most 

relevant tools and computational approaches, it provides a clear view of the technical options and considerations 

that guide the design of contemporary SER systems.

To provide an integrated view of the technological landscape for Speech Emotion Recognition (SER), 

Figure 5 presents a structured decision pipeline that organizes current implementation pathways into a sequence 

of choices. The process begins by determining whether the system will rely on a commercial tool or an opensource 

alternative. If a commercial option is selected, platforms such as audEERING or iMotions offer readymade, 

endtoend solutions (Step 1). For noncommercial approaches, the next decision concerns the use of a pretrained 

model (PTM), which may require additional classifiers depending on the target task (Steps 2 and 3). If PTMs are not 

used, practitioners may either construct the entire SER pipeline from scratch—covering audio preprocessing, feature 

extraction, model design, and emotion inference (Step 4), or employ modular research frameworks such as the 

MixedEmotions Toolbox, which supports multimodal analysis across audio, text, and video (Step 5). In the following 

sections, each of these numbered pathways is examined in detail.

Figure 5 provides a visual representation of the decision pathway described above.

SOURCE: Author’s own elaboration adapted from audEERING (2025); Butelaar et al. (2018); iMotions (2025); and Ravanelli et al. (2021).
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8.1  Commercial tools

Table 2 summarises the most relevant commercial tools currently available for voice‑based and multimodal emotion 

analysis. The listed services include widely used platforms such as iMotions and Affectiva/Smart Eye (Affectiva, 

n.d.; iMotions, 2023, 2025), Microsoft Azure Cognitive Services/Foundry Speech (Microsoft, n.d.), Amazon Web 

Services—Amazon Chime SDK Voice Analytics/Tone Analysis (Amazon Web Services, 2023, 2024), Google Cloud 

Natural Language for text‑based sentiment analysis (Google Cloud, 2026), Beyond Verbal (Beyond Verbal, n.d.), 

audEERING (audEERING, n.d.), and Imentiv (Imentiv, n.d.). 

These products differ in the modalities they support (voice, text, facial expression, or multimodal bio-signal 

integration) and are generally neither open‑source nor free to use. A notable exception is audEERING, which provides 

an academic‑use‑only Free Research Edition of its technology through the openSMILE‑based toolkit (audEERING, n.d.).

Overall, Table 2 provides a structured comparison of the commercial ecosystem in SER and multimodal 

emotion analytics. The compilation is based on publicly available documentation from Affectiva, Amazon Web 

Services, audEERING, Beyond Verbal, iMotions, Google Cloud, Imentiv, and Microsoft (Affectiva, n.d.; Amazon 

Web Services, 2023, 2024; audEERING, n.d.; Beyond Verbal, n.d.; Google Cloud, 2026; iMotions, 2023, 2025; 

Imentiv, n.d.; Microsoft, n.d.).

8.2 Non-academic tools with PTM and external classifiers

In the second branch, we focus on open‑source approaches that are common in research and usually free to 

use. A practical strategy is to start with pretrained speech models (PTMs), models that are first trained on large 

audio datasets for general speech tasks such as ASR, rather than building an SER system from scratch (e.g., 

SOURCE: Author’s own elaboration. Tools were included based on publicly available documentation from Affectiva (n.d.); Amazon Web Services (2023, 2024 
audEERING (n.d.); Beyond Verbal (n.d.); Google Cloud (2026); iMotions (2023, 2025); Innerity (n.d.); and Microsoft Azure Cognitive Services (n.d.).
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wav2vec 2.0, HuBERT, WavLM) (Baevski et al., 2020; Hsu et al., 2021; Chen et al., 2022).  These PTMs produce 

speech embeddings that can then be (a) fine‑tuned with a small task head, or (b) used as features for a simple 

external classifier such as KNN, SVM, or MLP. This “embeddings + lightweight classifier” workflow is also how the 

SUPERB benchmark evaluates models: a frozen encoder with a small prediction head per task (Yang et al., 2021).  

In practice, many studies extract PTM embeddings and train conventional classifiers, or fine‑tune a shallow head, to 

achieve competitive SER results (Chen & Rudnicky, 2023; Chen et al., 2024; Matt & Mani Sekhar, 2026).

Figure 6 summarizes the general pipeline for using pre-trained speech models alongside external classifiers 

for speech emotion recognition.

Advantages. PTMs let researchers reuse large models without running expensive pre‑training, which 

reduces compute cost while keeping good accuracy and flexibility across tasks (Yang et al., 2021; Chen et al., 2022).

Limitations: PTMs are not end‑to‑end SER systems. They usually require an external classifier or a small 

task‑specific head, plus some integration steps (e.g., choosing layers, pooling embeddings, fusing features), which 

adds pipeline complexity (Yang et al., 2021; Baevski et al., 2020).

8.3 Non-academic tools with PTM and NO external classifiers

A second category of pretrained models includes end‑to‑end SER systems that already incorporate an internal 

classifier. Unlike feature‑extraction models that require an external classifier, these systems provide a single‑model 

solution: they process the audio, extract representations, and output an emotion label directly. Their simplicity 

comes at a cost, as their performance is constrained by the emotion labels and datasets used during fine‑tuning, 

most commonly the IEMOCAP corpus in its four‑class configuration defined in the SUPERB benchmark (Yang 

et al., 2021). 

Several ready‑to‑use models of this type are available on HuggingFace, including the SUPERB ports 

superb/wav2vec2‑base‑superb‑er and superb/wav2vec2‑large‑superb‑er, both fine‑tuned on IEMOCAP for emotion 

classification.  Additionally, the SpeechBrain toolkit publishes its own end‑to‑end SER model, speechbrain/

emotion‑recognition‑wav2vec2‑IEMOCAP, which is likewise fine‑tuned on the IEMOCAP dataset. These models can 

be used directly through HuggingFace pipelines without the need to train an external classifier (see Table 3).

SOURCE: Author’s own elaboration, based on information from wav2vec 2.0 (Baevski et al., 2020), HuBERT (Hsu et al., 2021), WavLM (Chen et al., 2022), the 
SUPERB benchmark describing PTM-based feature extraction pipelines (Yang et al., 2021), and recent SER studies employing PTM embeddings with external 
classifiers such as SVM or MLP (Chen & Rudnicky, 2023; Chen et al., 2024; Matt & Mani Sekhar, 2026).
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8.4 Create a model from scratch

Developing a custom SER system involves manually designing and integrating each component of the pipeline. This 

approach offers full control over how audio is processed, which features are extracted, and how the classifier is 

built, but it also introduces greater technical complexity.

• The workflow typically follows the previously reviewed five stages:

1. Audio acquisition: The process begins with selecting an audio source, either from existing emotional 

speech datasets such as EmoDB (Burkhardt et al., 2005), RAVDESS (Livingstone and Russo, 2018), or 

IEMOCAP (Busso et al., 2008), or from self‑recorded material.

2. Preprocessing: Before analysis, the audio must be cleaned and normalized to ensure consistent signal 

quality. Standard preprocessing steps include noise reduction, segmentation, silence trimming, and 

amplitude or sampling‑rate normalization (De Lope & Graña, 2023; Katti & Sumana, 2023). These 

operations are essential because inadequate preprocessing negatively affects feature extraction and 

classifier performance.

3. Feature extraction: Once the signal is prepared, relevant acoustic properties are extracted. Emotional 

information is typically encoded in temporal, prosodic, spectral, and cepstral features, such as pitch, 

duration, energy, MFCCs, and formants—commonly used in traditional SER systems (De Lope & Graña, 

2023; Bhangale & Kothandaraman, 2023; Byun & Lee, 2021).

4. Classifier design: After feature extraction, a classifier is trained to map the acoustic descriptors to 

emotional categories. Conventional machine‑learning methods include SVMs, k‑NN, and Random 

Forests (Kaur & Singh, 2023; Yan et al., 2020), whereas deep‑learning approaches such as CNNs, RNNs, 

and hybrid CNN‑RNN architectures have become increasingly common for modelling both spectral and 

temporal patterns (Latif et al., 2023; Trigeorgis et al., 2016; Pepino et al., 2021).

5. Emotion prediction: Finally, the system outputs emotion labels or dimensional affect scores based on 

the trained model.

SOURCE: Author’s own elaboration based on the SUPERB benchmark (Yang et al., 2021) and HuggingFace model documentation for superb/wav2vec2-base-superb-er, 
superb/wav2vec2-large-superb-er and speechbrain/emotion-recognition-wav2vec2-IEMOCAP.

Non-academic tools with PTM and NO external classifiers
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• Advantages: This approach provides complete control over the system, allowing researchers to tailor the 

dataset, features, and classifier architecture to the specific goals of the study.

• Limitations: Its main drawback is complexity. Designing, integrating, and validating all pipeline components 

requires more technical expertise and computational effort than using pretrained models or end‑to‑end 

systems.

8.5 MixedEmotions Toolbox

In 2018, the MixedEmotions project released an opensource and free platform designed for multimodal emotion 

analysis, integrating modules for text, audio, video, and linkeddata processing (Buitelaar et al., 2018). The platform 

was developed through a collaboration between several European institutions, including the National University of 

Ireland, Galway (Ireland), the University of Passau (Germany), the Universidad Politécnica de Madrid (Spain), and the 

Brno University of Technology (Czech Republic). 

The MixedEmotions Toolbox provides a unified framework that enables automatic extraction of emotions 

across modalities and supports lexical and semantic analysis. For Speech Emotion Recognition (SER), the toolbox 

includes the “Emotion Recognition Audio (m6)” module, which implements a complete SER pipeline—from acoustic 

feature extraction to modelbased emotion prediction—returning continuous affect estimates such as arousal and 

valence (Buitelaar et al., 2018). 

The platform can be downloaded from GitHub and executed using Docker containers, as each module is 

packaged as an independent microservice that can be deployed without dependency issues (Buitelaar et al., 2018).
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9 Discussion

9.1 Overview and Interpretation of the Synthesis

This review integrates evidence from psychophysiology, vocal acoustics, and contemporary Speech Emotion 

Recognition (SER) to clarify how emotional information is encoded and decoded through the human voice. Vocal 

expression arises from coordinated respiratory, laryngeal, and articulatory mechanisms that systematically shape 

acoustic features such as pitch, intensity, spectral balance, and temporal dynamics. From this perspective, SER is 

not only a classification task, but a modelling process grounded in how the vocal system functions physiologically 

and how these mechanisms give rise to measurable acoustic markers of affect.

9.2 Interdisciplinary Integration and Added Value

A major contribution of this review is the integration of domains that are often treated separately. By linking 

physiological mechanisms with acoustic correlates, psychological interpretation, and machinelearning 

methodologies, the review shows how internal states are translated into features that SER systems can 

analyse. This interdisciplinary perspective improves interpretability, supports more informed feature selection, 

and provides a stronger foundation for applications in HCI, HRI, and IoT, where systems must adapt to users’ 

emotional states.

9.3 Methodological Heterogeneity in SER

The field exhibits substantial heterogeneity at multiple levels:

• Data: emotional classifications, acted versus naturalistic speech, language coverage, recording 

conditions, and speaker diversity vary widely across databases; these factors directly affect benchmark 

comparability and model generalizability.

• Features and representations: The field ranges from using handcrafted features like prosody and MFCCs 

to relying on deep‑learned and self‑supervised representations, and this choice affects both model 

performance and the interpretability of the results.

• Modelling approaches: Classical machine‑learning models still work well when data are limited and are 

easier to interpret, while deep learning, especially self‑supervised models, delivers stronger performance 

and better transfer, but at the cost of more computation and lower interpretability. Given these sources of 

variation, there is no single optimal model for SER. Instead, model choice should be matched to the task, 

data regime, constraints on interpretability, and deployment context. 

9.4 Implications for Research and Practice

Connecting computational methods to what we know about how the voice works offers two clear benefits: 

First, it helps researchers make better decisions when choosing acoustic features and analysing errors. 

If a model misclassifies an emotion, the mistake can often be linked to specific physiological or articulatory 

factors—such as changes in vocalfold vibration or airflow—rather than being treated as an unexplained blackbox 

outcome.
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Second, incorporating knowledge about vocal behaviour into the model design allows developers to include 

constraints that reflect how real speech is produced. These constraints, whether introduced through architecture 

or the training process, make the system more robust when dealing with background noise, different speakers, or 

natural variation in emotional expression.

In applied fields such as HCI, HRI, and IoT, this approach leads to systems that react more 

appropriately to users’ emotions while remaining interpretable for developers and practitioners. 

In studies related to cash perception, these methods can help analyse emotional and cognitive reactions to cash 

design and perceptions of security. This aligns with the goals of the Neurocash® framework, which focuses on 

understanding emotional impact, cognitive processing, visual impact, and the public’s sense of safety when 

interacting with cash (Banco de España, n.d.; Ortuño et al., 2020).

9.5 Potential Application to Cash Perception Research

Situated within the Neurocash® methodology, SER can act as an additional, noninvasive bio-signal to complement 

gaze, tactility and other physiological measures when evaluating cash prototypes, both in laboratory and virtual 

neurodesign settings. By capturing vocal features associated with arousal, valence and cognitive load during 

taskoriented interactions with cash stimuli, SER could help predict acceptance, clarity and perceived security of 

design elements. Moreover, integrating SER with current Neurocash® multimodal studies, such as EEG, gesture 

analysis and other biometric indicators, would provide a more holistic and robust view of implicit perception, 

enriching the project’s ability to identify how users emotionally and cognitively experience cashrelated designs.

9.6 Limitations of the Present Review

This work is a narrative integrative review rather than a systematic review or meta‑analysis. As such, the goal 

was conceptual synthesis across heterogeneous literatures rather than quantitative aggregation. Because the 

sources span more than four decades of research (approximately 1980–2026), methodological conventions and 

technological capabilities vary considerably, which may limit direct comparability across studies. Although the 

search spanned multiple scholarly databases, preprint servers, and technical documentation, coverage cannot 

be exhaustive. In addition, the rapid pace of advances in deep learning and self‑supervised speech modelling 

implies that specific tools and benchmarks may evolve quickly. Finally, while this review emphasizes physiological 

grounding and interdisciplinary integration, it does not resolve ongoing challenges in cross‑lingual generalization, 

naturalistic emotion capture, and fine‑grained affect modelling (e.g., mixed emotions, appraisal dimensions, context 

dependence).

9.7 Future Directions

Building on the perspective developed in this review, several areas deserve attention:

• More natural and cross‑language data.

• Create larger and more diverse emotion‑speech datasets that:

 — Use clear and consistent ways of labelling emotions.
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 — Include detailed information about speakers and situations.

 — Capture emotions in real, everyday scenarios, not only acted speech.

This would help systems work better across different people, contexts, and languages.

• Models guided by how the voice works physically: Design models that consider what we know about voice 

production, for example, how pitch changes, how air pressure works, or how the tongue and lips move when 

emotions shift.  Combining these understandable features with modern deep‑learning methods may make 

systems stronger and easier to interpret.

• Understanding implicit emotion and multimodality: Develop studies and models that focus on implicit 

emotional signals, not only on explicit emotion labels. Additionally, evaluate multimodal systems that 

combine different sources of information, such as speech, text, facial expressions, and physiological 

signals, and systematically remove one source at a time to clearly identify the contribution of each modality.

• Better evaluation and more transparency: Develop testing standards that consider:

 — Uncertainty in emotion labels.

 — Unbalanced datasets.

 — Changes between training and real‑world conditions.

 — Pair performance scores with tools that show what parts of the sound the system paid attention to, and 

whether those parts match known acoustic patterns.

• Responsible and fair deployment: For real‑world applications (HCI, HRI, IoT), make sure systems handle 

privacy, consent, and fairness properly. This means documenting how data were collected, who is 

represented in the dataset, and how the system was checked for bias, not just for technical accuracy.
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10 Conclusion

This review has brought together different research domains to show that the human voice carries meaningful traces 

of emotional and cognitive activity. Rather than treating speech as a purely linguistic signal, the evidence reviewed 

here highlights how changes in respiration, vocal‑fold behaviour, and articulation leave measurable acoustic marks. 

These patterns —shifts in pitch, loudness, spectral balance, and timing — are not random; they reflect underlying 

psychophysiological states in ways that both psychologists and engineers can make use of.

Throughout the review, it has been emphasized that effective Speech Emotion Recognition (SER) depends 

as much on understanding how the voice works as on choosing the right computational tools. Clean preprocessing, 

thoughtful feature design or representation learning, and careful modelling choices are all important, but they make 

the most sense when grounded in vocal physiology and established acoustic correlations of emotion. Classical 

machine‑learning models are still relevant, especially when transparency or limited data are concerned, whereas 

deep and self‑supervised approaches have opened the door to stronger generalization. Even so, the field has not 

identified a single optimal modelling “answer”, as it is unlikely that one model will satisfy all research needs.

For applications in Human Computer Interaction (HCI), Human Robot Interaction (HRI), Internet of Things 

(IoT), and related domains, including emerging frameworks such as Neurocash®, SER can serve as an additional 

layer of information about users’ implicit reactions. Combining vocal cues via SER with NLP or with other biometric 

modalities seems promising, particularly when the goal is to capture subtle affective or cognitive shifts rather 

than explicit emotional displays. The success of these approaches, however, will likely depend on more diverse 

and naturalistic datasets, as well as clearer evaluation practices that consider label uncertainty and the mismatch 

between controlled laboratory data and real‑world settings. This becomes especially critical as perception studies for 

cash design have become increasingly important in recent years, demanding that the data obtained are sufficiently 

relevant to support reliable conclusions. In this context, modifying certain procedures—such as replacing on-screen 

response formats with the recording of participants’ vocal responses to questions presented on a screen—allows 

the direct application of SER to extract emotional information from speech, yielding richer data for cash design 

within the Neurocash® methodology.

Finally, advances in SER must be accompanied by responsible treatment of privacy, consent, and fairness. 

Voice is a personal biometric, and emotion inference can raise concerns beyond those encountered in traditional 

speech processing. Clear documentation, careful dataset construction, and transparent model reporting will be 

essential if voice‑based affective technologies are to be used in a way that is both scientifically grounded and 

socially acceptable.
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Annex: List of Acronyms

AER	 Automatic Emotion Recognition 
AI	 Artificial Intelligence 
APA	 American Psychological Association 
ASR	 Automatic Speech Recognition 
CNN / CNNs	 Convolutional Neural Network(s) 
ComParE	 (Computational Paralinguistics “COMPARE”) feature 

set used with openSMILE* 
EEG	 Electroencephalography 
EmoDB	 Berlin Database of Emotional Speech 
eGeMAPS	 extended Geneva Minimalistic Acoustic Parameter Set 
F0	 Fundamental frequency 
GFCCs	 Gammatone Frequency Cepstral Coefficients 
GMMs	 Gaussian Mixture Models 
GRADE	 Grading of Recommendations Assessment, 

Development and Evaluation (quality‑assessment 
framework) 

GRU	 Gated Recurrent Unit 
HCI	 Human Computer Interaction 
HMI	 Human Machine Interaction 
HRI	 Human Robot Interaction 
HMMs	 Hidden Markov Models 
HuBERT	 Self‑supervised speech model name; commonly 

“Hidden‑Unit BERT”
IEMOCAP	 Interactive Emotional Dyadic Motion Capture (dataset) 
IoT	 Internet of Things 
k‑NN / KNN	 k‑Nearest Neighbours 
LPCCs	 Linear Predictive Cepstral Coefficients 
LSP	 Line Spectral Pairs 
LSTM	 Long Short‑Term Memory 

MFCCs	 Mel‑Frequency Cepstral Coefficients 
MLP	 Multilayer Perceptron 
NIDCD	 National Institute on Deafness and Other 

Communication Disorders 
NLP	 Natural Language Processing 
openSMILE	 Toolkit name; widely known as “open‑source Speech 

and Music Interpretation by Large‑space Extraction”
PRISMA	 Preferred Reporting Items for Systematic Reviews 

and Meta‑Analyses (quality‑assessment/reporting 
framework) 

PTM / PTMs	 Pretrained Model(s) 
RAVDESS	 Ryerson Audio‑Visual Database of Emotional Speech 

and Song 
RMS	 Root Mean Square (energy) 
RNN / RNNs	 Recurrent Neural Network(s) 
SDK	 Software Development Kit (as in “Amazon Chime SDK 

…”) 
SER	 Speech Emotion Recognition 
SSL	 Self‑supervised learning 
SVM / SVMs	 Support Vector Machine(s) 
SUPERB	 Benchmark name for speech tasks 
UCLA	 University of California, Los Angeles (appears as 

“UCLA Linguistics”) 
U.S.	 United States (in “U.S. Department of Health & Human 

Services”) 
VAE / VAEs	 Variational Autoencoder(s) 
WavLM	 Self‑supervised speech model name
wav2vec 2.0	 Self‑supervised speech model name
ZCR	 Zero‑Crossing Rate
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