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Abstract—With the increasing use of speech and audio in modern communication, sentiment 
analysis using these modalities has become an important area of research. This article offers a 
thorough discussion of the most recent developments in speech emotion recognition. It covers a 
wide range of topics, including emotional speech corpora, various speech features, and models 
for emotion recognition from speech. In addition, a large number of representative voice 
datasets have been evaluated in terms of the languages used, the number of speakers included, 
the range of emotions covered, and the aim of the collection. This study presents a 
comprehensive overview of sentiment analysis from three distinct vantage points, namely 
databases, feature extraction techniques, and methods of detection. This is accomplished by 
conducting an in-depth analysis of previously published works. This review aims to provide 
researchers with a comprehensive understanding of the current state of sentiment analysis in 
voice, speech, and audio by synthesizing the research that has been done on this topic and 
providing a summary of that research.  
 
Index Terms— Sentiment detection, Speech emotion recognition, Speech feature extraction, 
Deep learning, Machine learning. 

I. INTRODUCTION 

Paralinguistic and non-linguistic information is also used by humans to communicate with one another in 
addition to language [1]. Included in paralinguistic data are style, attitude, and intention. Sentiment and emotion 
are examples of non-linguistic information. Sentiment can be thought of as a division of emotion. It is 
comparable or identical to valence in terms of emotions with dimensions. Yet, sentiment and categorical emotion 
has been the subject of distinct investigations in the past. Speech sentiment analysis usually follows the 
algorithm shown in Figure 1. 
Speech is a sophisticated communication that carries data about the speaker, the message, the language, the 
emotion, and more. The majority of currently available speech systems process studio-recorded, neutral speech 
well, but they perform poorly when processing emotional speech. This is because it is challenging to model and 
characterize the emotions that are expressed in speech. Speech becomes more natural when emotions are present. 
Non-verbal communication in a conversation conveys significant information, such as the speaker's goal. The 
emotion recognition from the speech follows the process shown in Figure 2. 
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Figure 1: Speech Sentiment Analysis 

 

Figure 2: Speech Emotion Recognition System 

In addition to text-based communication, the way the words are delivered also carries important non-linguistic 
information. By combining the right emotions, the same textual message could be sent with varied meanings. 
Depending on how it is said, spoken text can be interpreted in several various ways. For instance, in English, the 
phrase "OKAY" might be used to convey appreciation, skepticism, agreement, apathy, or an assertion. To clarify 
the semantics of a given utterance, one must grasp the spoken language as well as the written text. Yet, speech 
systems must be able to process both the message and non-linguistic information, such as emotions [2]. This 
paper is limited to the analysis of speech-related emotions. Understanding emotions that are available from the 
speech and synthesizing desirable emotions in a speech following the targeted message are the two fundamental 
goals of emotional speech processing. From a computer's point of view, classifying or separating different 
emotions might be considered as understanding speech emotions. You could think of the synthesis of emotions 
as putting emotion-specific knowledge into speech synthesis. 

II. LITERATURE REVIEW 

Early studies on speech emotion identification focused on recognizing acoustic parameters like frequency, 
utterance intensity, and bandwidth.  Teager energy operated-based features, formants, Mel frequency cepstral 
coefficients (MFCC), log frequency power coefficients (LFPC), linear prediction cepstral coefficients (LPCC), 
and other features provide the basis for further research. 

 
Figure 3: Plutchik’s emotion wheel 
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The emotions expressed in different mental conditions are well explained by Plutchik [3] in a work that presents 
the classification of the emotions by employing a dimensional approach, in the form of a wheel, as shown in 
Figure 3. 

A. Databases 
The databases of the audio that are used for emotion recognition are comprised of different types of emotions as 
can be seen from Figure 4. “The Toronto Emotional Speech Set (TESS)” [4] is a dataset made up of 2,800 brief 
audio clips pronounced by two women who are, respectively, 20 and 60 years old. For 200 different sentences, 
they each mimicked seven sentiments. A team of 56 students blindly labeled the dataset.  
Busso et al. [5] proposed the “Interactive Emotion Dyadic Motion Capture (IEMOCAP)” dataset, which is 
frequently used in speech sentiment analysis applications, was first proposed in 2008. Professional actors gather 
it through many hours of talk and dialogue in various scenes. It lasts up to 12 hours and has five segments. The 
dataset contains nine different emotions in total. Three or more factors analyze each conversation, and when 
higher than half of the factors reach a consensus, the dialogue is given the associated label. The conversation is 
labeled “Other” when the raters cannot agree. This method of gathering data is more natural. Different types of 
emotions considered for the sentiment analysis from speech or audio are shown in Figure 4. 

 
Figure 4: A two-dimensional structure of emotional space 

The Danish emotional database, “DES (Danish Emotional Speech)” [6, 7] is supported by the European Union. It 
accommodates speech recordings from four professional actors, two of whom are male and two of whom are 
female. The two separated words “yes” and “no,” nine brief phrases – four of which are questions – and two 
paragraphs make up the recordings. The five emotional states were all imitated in each of the spoken words. One 
of the most popular databases in this sector has been used by scholars. Its uses include evaluating SVM methods 
on their own or associating with hidden Markov models.  
The “Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS)” dataset [8] consists of audio 
and visual English recordings of 24 individuals (12 male and female). 7,356 files are present in RAVDESS (total 
size: 24.8 GB). In this instance, only the speech samples are utilized, and the sentences are said with eight 
various emotional expressions. The difficulty level of sentiment analysis from speech or audio depends on the 
database, as can be seen in Figure 5. 

 
Figure 5: Emotion recognition databases and their difficulty level 
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The study by Ramakrishnan [9] highlights the normalization of signals, which is a pre-processing stage that is 
carried out before the extraction of the features, in addition to the databases, features, and classifiers in the SER 
systems. Additionally, he offers SER system application areas that are not SER technologies but have an impact 
on them in terms of needs and design. In a recent yet succinct assessment, Basu et al. [10] highlight articles 
involving databases, noise reduction methods for pre-processing of signals, features, and classifiers, including 
the latest developments like convolutional and recurrent neural networks. 
Spanish professional actors, one male, and one female, are recorded for INTER1SP [11]. It has 184 utterances, 
including single words, numbers, and complete phrases. 6,040 samples totaling approximately 4 hours of data 
from each speaker are included. It was developed as part of a European effort. Both traditional machine learning 
and deep learning methods use it as a dataset. The 535 German audio files in the “EMODB” dataset [12] are 
broken down into seven different emotion categories. Ten performers—five males and five females—simulated 
the various emotions while uttering ten German expressions—five brief and five lengthy—that could be used in 
normal conversation and could be understood in the context of all employed emotions. The dataset was assessed 
using a perceptual test that looked at emotions' naturalness and capacity to be recognized. More than 60 people 
deemed the utterances to be natural. The data was phonetically labeled with unique markers depending on the 
quality of voice, phonatory and articulatory settings, and articulatory characteristics. The wide variety of 
databases considered for this review article is mentioned in Table I. 

TABLE I. MOST CITED SER DATABASES. #EM = TOTAL NUMBER OF EMOTIONS, AV = DATA OF AUDIO-VISUAL, NAT. = NATURAL V/S ACTORS 
RECORDING, #MS = TOTAL MALE SUBJECTS #FS = TOTAL FEMALE SUBJECTS, #UT = NUMBER OF WORDS, SENT = NUMBER OF SENTENCES 

Database #em language AV Nat. #ms #fs #ut #sent 

TESS [Error! Bookmark not 
defined.] 7 English n actors - 2 200 2800 

IEMOCAP [Error! Bookmark 
not defined.] 10 English y actors 5 5 - - 

DES [Error! Bookmark not 
defined., Error! Bookmark not 
defined.] 

5 Danish n actors 2 2 13  

RAVDESS [Error! Bookmark 
not defined.] 8 English y actors 12 12 2 1440 

INTER1SP [Error! Bookmark 
not defined.] 

 Spanish n actors 1 1 184 6040 

EMODB [Error! Bookmark not 
defined.] 7 German n actors 5 5 10 800 

MSP-PODCAST [Error! 
Bookmark not defined.] 8 English n natural - - - 18000 

“MSP-PODCAST” [13] is a strategy to efficiently develop a big, realistic emotional database with overall 
emotional content. It depends on currently available spontaneous recordings gathered from audio-sharing 
services issued under public licenses. It contains more than 18,000 natural emotional sentences, with a length of 
over 27 hrs, from numerous persons with audio chunks ranging from 2.75 sec. to 11 sec. Then, a set of roughly 
300 assessors tagged the samples with emotional qualities (“arousal”, “valence”, “dominance”) and an enlarged 
list of category emotions. Only the labeling with emotional qualities is balanced. It has been utilized to evaluate 
a listener-dependent strategy to employ architectures of deep learning to SER. 

B. Methods of feature extraction 
To classify emotions, Gao et al. [14] employ a linear kernel SVM with sequential minimal optimization. Pitch, 
intensity, “MFCC (Mel Frequency Cepstral Coefficients)”, “LSP (Line Spectral Pairs)”, and “ZCR (Zero 
Crossing Rate)” are calculated on the audio files as local characteristics of windows between 20 and 100 ms. To 
get values for the duration and overlap of windows, they also employ a depth-first search. The statistics of all 
speech local features that were extracted from each utterance then smoothed, normalized, and used as global 
features are then obtained. A sample of the extraction of MFCC features from audio signals is shown in Figure 6. 
Since it is generally known that the audio part processing in the voice sentiment analysis task is an activity that 
goes with a certain sequence. For the model to properly interpret the audio signal's sentiment aspects, the 
sequence of the audio signal is crucial. The Long Short-Term Memory (LSTM) network is regarded by the 
majority of researchers as the ideal model to handle sequential modeling tasks since the advent of deep learning. 
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Zhang et al. [15] suggested a unique heterogeneous parallel convolutional Bi-LSTM model while taking into 
account the acoustic model and the efficiency of feature extraction. The model understands spatiotemporal 
feature information using heterogeneous parallelism, permitting more effective feature extraction. 
“Convolutional neural networks (CNNs)” and “LSTM” networks are combined in the method for “context-
aware” emotionally relevant feature extraction that Trigeorgis et al. [16] proposed. On this kind of job, deep 
neural networks typically perform well after being trained on basic acoustic data, however, continuous 
recognition  of dimensional  emotion  from audio is not been extensively considered. It is handled as a sequential  

 
(a)                                    (b) 

Figure 6: (a) MFCC extraction process (b) Example of extracting MFCC features from audio signals 

regression issue, where the objective is to minimize the average deviation while maximizing the correlation 
between successive regression outputs and continuous-valued emotion contours [17]. Figure 7 depicts an 
example of a deep learning architecture that combines CNNs and LSTMs to process the input MFCC image and 
identify the emotions. 

 
Figure 7: A deep learning architecture for SER based on MFCC input as a sequence of images 

An intriguing solution to the features extraction challenge is offered by Kadiri et al. [18] By recording the 
differences between the emotional and the neutral, non-emotional speech, they take a different technique than 
that often used in the state-of-the-art. According to their report, their hierarchical binary decision tree-based 
approach is on par with or superior to the current prosody and spectral features. 
Frame-level low-level descriptors (LLD) and high-level statistical functions (HSF) were integrated by Vlasenko 
et al. [19] for effective speech emotion identification. The findings highlighted feature integration at various 
feature extraction stages. There is, however, no research examining the balance between the employment of 
LLD, HSF, and hybrid characteristics. It was not suggested how to speed up the extraction of functions, which 
calls for computing LLD. A feature extraction algorithm was proposed by Koduru et al. [20]. To assess the 
speech signal, this algorithm primarily extracts the acoustic characteristics, like discrete wavelet transform, pitch, 
over-zero rate, “MFCC”, and energy. 
Deep learning techniques are now receiving more and more interest in audio research. Using a hybrid of pitch, 
zero crossing, formants, MFCC, and its statistical characteristics, Dahake et al. [21] retrieved the features. After 
comparing it to autocorrelation and AMDF, the cepstral algorithm determines the pitch. MFCC, intensity, 
spectral flux (SF), beat histogram, and the spectral centroid are audio variables that are crucial for sentiment 
analysis. The openSMILE software must be capable of successfully extracting the audio elements related to 
vocal pitch and intensity. This software is used to extract audio parameters such as the pause time, voice quality, 
beat histogram, pitch, and spectral centroid (SC). It is also possible to extract statistical functions such as 
amplitude mean, skewness, and standard deviation. The well-known openSMILE program, which is used to 
extract audio features, will extract the features with a sliding window at a rate of 30 Hz. The identification of 
attitudes based on audio is crucial for human-computer interaction, claim the researchers (Tajadura-Jiménez and 
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Västfjäll [22]; Vogt et al. [23]). Local and global characteristics are the two categories of speech-related features 
that can be retrieved. By dividing the audio modality into various overlapped and non-overlapped segments, the 
audio modality can be simply examined. Within each section, the signal is thought to be static. 
For recognizing emotions, Jiang et al. [24] suggest using parallelized convolutional recurrent neural networks. 
They start by identifying traits in each speech that are remembered through the use of long short-term memory. 
They also compute the Mel spectrograms and extract visual attributes using a CNN. To determine the emotion 
from the utterance, these two collections of high-level features are recognized, normalized, and introduced into a 
softmax classifier. 
The research team Tamulevicius et al. [25] has used a variety of emotional speech-based databases that span 
different languages to perform emotion recognition from voice data. According to the investigation conducted by 
the researchers Khalil et al. [26], it is simple and effective to determine the sentiment by taking the emotions out 
of the speech. There are some speech-based sentiment analysis database options available. 
The majority of current studies primarily focus on extracting speech features, although the models' precision and 
prediction rates still need to be increased. In a study by Pang et al. [27], a new framework is presented to 
enhance the extraction followed by the fusion of speech sentiment feature information. To improve the model's 
accuracy, the framework uses a model of hierarchical conformer and a model of attention-based GRU. Learning 
groups of local and global features are the two fundamental components of the method. To more accurately 
obtain the spatiotemporal properties and the long- and short-term dependencies of the speech signal, this work 
combines convolution and a transformer. This method takes into account the need to create suitable learning 
groups for local and global features. To improve the extraction of local, long, and short-term feature information, 
convolution and transformer are combined. The attention mechanism then performs the feature fusion to access 
the weights of feature information once the AUGRU model has extracted the global features. The proposed 
system in this study achieves good results, with IEMOCAP and REVDESS achieving recognition accuracy rates 
of 80% and 81%, respectively. 

TABLE II. DIFFERENT FEATURE EXTRACTION TOOLS USED FOR SPEECH EMOTION RECOGNITION 

Method Description Reference 

MFCC 
Speech and music discrimination. Higher-order MFCCs have a higher 
proportion of music-specific information, while fewer MFCCs have a 
higher proportion of speech-specific information. 

Gao et al. [Error! 
Bookmark not 
defined.], Koduru et al. 
[Error! Bookmark not 
defined.], Dahake et al. 
[Error! Bookmark not 
defined.] 

MFCC with CNN-
LSTM 

MFCC is used for the extraction of images from an audio signal which 
will act as an input to CNN-LSTM 

Trigeorgis  et al. 
[Error! Bookmark not 
defined.] 

LLD LLDs are hand-crafted acoustic features from short parts that are 
combined with RNN 

Vlasenko [Error! 
Bookmark not 
defined.] 

HSF HSFs, which integrate DNN with specific statistics based on LLDs 
over all frames of an utterance 

Vlasenko [Error! 
Bookmark not 
defined.] 

C. Methods of detecting sentiments 
The two major methods that can be employed for sentiment analysis from speech or audio are deep learning and 
machine learning methods. The flow mechanism of deep learning and machine learning is shown in Figure 8. 

 
Figure 8: Machine Learning Flow v/s Deep Learning Flow 
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D. Deep Learning Approach 
Most of the current academic work has employed models of deep learning for tasks of voice sentiment analysis, 
such as “CNNs”, “RNNs”, “LSTMs”, and “DNNs”. Indeed, deep learning models can keep the original low-
level properties while learning deeper features from voice signals than typical machine learning models. “Deep 
Stochastic Convolutional Neural Network (DSCNN)” architecture was presented by Mustaqeem and Kwon [28]. 
The design employs a shared network methodology to identify distinguishable characteristics in the voice 
signal's spectral map. To enable better implementation, the architecture has been improved. At the time of the 
experiments on audio speeches with an emotion dataset, higher recognition rates are produced by combining 
MFCC (Mel-frequency cepstral coefficient), discriminant analysis, and NSL (Neural Structure Learning) than by 
using other conventional approaches like “MFCC-DBN (Deep Belief Network)”, “MFCC-CNN (Convolutional 
Neural Network)”, and “MFCC-RNN (Recurrent Neural Network)”. The strategy outlined above, put forth by 
Uddin et al. [29], can be used in intelligent settings like homes or clinics to deliver effective healthcare. NSL can 
be tested on edge devices with constrained datasets gathered from edge sensors because it is quick and simple to 
build.  
Slimi et al. [30] put forth the utilization of a DL network to be employed with small-sized databases. The 
technique does not employ typical data enhancement techniques. Firstly, the spectrogram connected to each 
recording is created by utilizing traditional procedures, and scaled while keeping the aspect ratio. It has been 
claimed that the greater the final image dimensions, the greater the accuracy, albeit it also entails increased 
computing complications, and increasing the amount of neural network characteristics. The neural network 
comprises just one unseen layer and greater accuracy has been reported than the state of the art. 
Standard features, temporal feature integration strategies, and 1D and 2D “DCNN” architectures were 
thoroughly compared by Vrysis et al. [31]. The developed convolutional algorithms outperformed the 
conventional feature-based methods in terms of performance. The best “2D DCNN” architecture outperformed 
“1D DCNN” in accuracy while using a similar amount of parameters. In addition, “1D DCNN” executed four 
times more slowly. 
Many scholars have developed speech sentiment analysis frameworks and tools over the past few years. In this 
part, some latest unique methods and improvements to these methods are given. In a study, Lu Zhiyun et al. [32] 
recommended using pre-trained ASR model parameters to resolve the downstream investigation of speech 
sentiments. End-to-end ASR characteristics are demonstrated to incorporate acoustic and textual speech data and 
to deliver proof-of-concept outcomes. They used RNN as a self-aware sentiment classifier that also enables a 
clear display utilizing weights to comprehend model predictions. They conducted their analysis using an 
“IEMOCAP” dataset and a brand-new, sizable “SWBD” – sentiment dataset. This method obtains an accuracy of 
70.10% on “SWBD” – sentiment and raises the state-of-the-art accuracy of “IEMOCAP” from 66.6% to 71.7%. 
An innovative voice sentiment recognition system was put out by Chernykh and Prikhodko [33]. The “Deep 
Recurrent Neural Network (DSRNN)” and a connectionist time-based classification approach are used in the 
algorithm. A bunch of acoustic features calculated by small speech intervals is used to train the network. The 
system can forecast the emotional sequence of sentences and take into consideration the non-emotional 
components that are included in emotionally charged words and phrases. 

 

Figure 9: Overview of ResNet152 CNN Model [50] 

The Conversational Transform Network (CT Net), developed by Lian et al. [34], simulates intra-modal and 
cross-modal interactions between multimodal features using a transformer-based design. Multi-headed attention 
networks aid in the formation of speaker- and context-sensitive dependency models and also the improved 
temporal information capture in discourse. The system suggested in this paper uses a model conformer, which is 
a fusion of a “CNN” with a transformer and generally performs great in learning local features. The “CNN” 
branch employs the “ResNet” structure and the transformer branch uses the “ViT” structure in the conformer, 
which is a parallel two-body network structure. A ResNet152 CNN model can be seen in Figure 9. 
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E. Machine Learning Approach 
The machine learning approach that can be used for sentiment analysis using speech or audio has wide 
classification as shown in Figure 10. 
For voice emotion recognition, Hajarolasvadi and Demirel [35] presented a “3D CNN” model. The utterances 
were processed as overlapping frames, and for each frame, 88-dimensional characteristics and a spectrogram 
were retrieved. K-means clustering was used with the retrieved features to pick the k-most discriminant frames 
for use in the 3D spectrogram representation. This method makes it possible to record both temporal and spectral 
data. The proposed architecture was able to outperform a “2D CNN” model that had been trained before being 
applied to the SER challenge. 

 
Figure 10: Classification of machine learning approach 

To identify emotions, Milton et al. [36] use SVM classifiers with linear and RBF kernels and MFCC features. By 
suggesting the use of a 3-stage SVM, they advance the state of the art. Speech emotions are categorized by Sinith 
et al. [37] using SVM and a combination of MFCC, pitch, and energy-based characteristics. A speech-based 
emotion detection system is described by Zhu-Zhou et al. [38] that uses MFCCs as features while simulating 
various real-world noise and reverberation settings. 
In a study by Ghriss et al. [39], an effort was made to incorporate sentiment information into the job of voice 
emotion recognition. In that study, the authors trained a dataset using the loss of automatic speech recognition 
(ASR) and loss functions of cross-entropy sentiment to accommodate the sentiment-aware technique to enhance 
speech emotion identification performance. The model was subsequently improved to predict valence, arousal, 
and dominance using the “Concordance Correlation Coefficient Loss (CCCL)” function. It has been 
demonstrated that CCCL produces higher results than other loss functions [40]. The findings highlighted the 
relationship between sentiment analysis and prediction of valence by showing an enhancement in valence 
prediction in the identification of emotions in speech. 
Source features are speech attributes that are obtained from excitation source signals. Speech is used as the 
excitation source signal after vocal tract (VT) features have been suppressed. This is accomplished by first 
estimating the VT information from the speech signal using filter coefficients (LPCs), and then differentiating it 
using an inverse filter formulation. The emerged signal, known as the linear prediction residual, mainly tells us 
where the excitation came from. Features generated from LP residual are indicated as the source of excitation, 
sub-segmental, or just source characteristics in research by Makhoul [41]. To better understand glottal pulse 
features, glottis open and closure phases, and excitation intensity, sub-segmental analysis of speech signals is 
used. The excitation source features can be used to estimate the elements of the glottal activity that are unique to 
the emotions. 
In a work by Liu et al. [42], the number of retrieved features is reduced using “LDA (Linear Discriminant 
Analysis)” and “PCA (Principal Component Analysis)” methods, and the classification stage is then completed 
using a genetic algorithm. The accuracy of the speaker-dependent outcomes is 71.05% for the “FAU Aibo”  
dataset, 76.40% for the “SAVEE” dataset, and 90.28% for the “CASIA” dataset, whereas the speaker-
independent results are 64.60% (“FAU Aibo”), 38.55% (“CASIA”), and 44.18% (“SAVEE”) (SI). 
Speech emotion and sentiment recognition for interactive dialogue systems were carried out by Bertero et al. 
[43]. The “TED-LIUM” release 2 corpora was annotated by the authors for emotion recognition, and Twitter and 
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Movie Review corpora were used for sentiment analysis. These authors used word2vec for sentiment analysis 
and raw speech for emotion recognition. The authors utilized two different models for each task, even though 
they recommended doing both sentiment analysis and emotion recognition (using different datasets). The usage 
of “SVM” and “CNN” techniques for emotion recognition was assessed by the authors. The authors compared 
the “CNN” and “LIWC (Linguistic Inquiry and Word Count)” approach for sentiment analysis. 
Same to the investigation of sentiments in text, the analysis of sentiments in speech is critical to pinpoint 
sentiments by utilizing certain acoustic parameters including pitch, bandwidth, speaking rate, intensity, and other 
factors. It is favored for voice sentiment recognition because some prosodic elements better convey emotions. 
According to a study by Koolagudi et al. [44], acoustic parameters are dependent on personality characteristics 
that influence sentiment polarity. 
The speaker-dependent approach and the speaker-independent approach are two categories into which existing 
techniques for sentiment identification from speech can be divided. As demonstrated in [45], the speaker-
dependent strategy produced significantly better performance than the speaker-independent technique. More 
accuracy was attained by combining the “Mel frequency cepstral coefficients (MFCC)” with the “Gaussian 
mixture model (GMM)” as a classifier. The speaker-dependent strategy, however, is impractical in many 
applications. The best outcome for the speaker-independent application thus far is just 81% [46], where features 
are chosen using the sequential floating forward selection technique] (SFFS). 
Moreover, Jing et al. [47] look for the ideal qualities for rendering audio files. It is suggested a novel sort of 
prominence-related feature that, along with conventional acoustic parameters, can be used to categorize seven 
different types of common emotional states. In speaker-dependent and speaker-independent studies using 
classifiers from the “Support Vector Machines (SVM)”, “k closest neighbors (kNN)”, “Naive Bayes (NB)”, and 
“Partial Least Squares-Discriminatory Analysis” families, the prominence features are confirmed. According to 
the findings, utilizing combination characteristics increases average identification rates by 6.2% in speaker-
independent studies and by 6.6% in speaker-dependent experiments as compared to utilizing simply acoustic 
features. 
Using a “1D CNN” for the raw audio recording, a “2D CNN” for the Mel-spectrogram created out of the original 
waveform, and a “3D CNN” for temporal-spatial dynamic, Zhang et al. [48] present a template of “multi-CNN” 
to identify emotion in utterances. An average-pooling layer integrates the outputs to create the categorization 
outcome. The tests use databases in the Mandarin language and only slightly enhance other cutting-edge 
solutions. 
The fragmentation of the audio signals into acoustically homogenous portions is a step in the pre-processing of 
speech signals. These areas are then divided into speech and non-speech zones, and they aid in speaker 
identification. After utilizing specific techniques to denoise the voice data, the background regions can also be 
isolated. To determine whether the words were spoken by the same speaker, it is important to identify the 
speaker. It also addresses identifying gender and socioeconomic factors. A speaker identification system that 
separates the audio stream into homogeneous sections depending on the speaker's identity has been created by 
the researchers Sinha et al. [49]. 

III. CONCLUSION 

The field of sentiment analysis has recently emerged as a major area of research, prompting extensive 
investigation and a plethora of studies. This paper provides a comprehensive overview of the most recent 
advancements in speech and audio sentiment analysis. The review has highlighted the difficulties posed by 
emotional speech corpora as well as the diverse techniques and models for emotion recognition from speech. In 
addition, a large number of representative voice datasets have been evaluated in terms of their language, speaker 
count, emotional range, and collection purpose. The review has presented sentiment analysis from three unique 
perspectives: databases, feature extraction techniques, and detection methods. This review aims to provide 
researchers with a comprehensive understanding of the current state of sentiment analysis in voice, speech, and 
audio by conducting an in-depth analysis of previously published works. Even though the field of speech 
emotion recognition is maturing in terms of the relevant signal features and the widespread use of deep learning 
architectures, additional validation and analysis are required to determine their sensitivity to data sampling and 
overfitting. The joint exploitation of available corpora can help alleviate the data deficiency and lead to the 
development of more general emotion recognizers capable of identifying emotions across the diverse 
characteristics of different databases. In addition, the rapid development of deep learning architectures and 
features is anticipated to lead to significant improvements in sentiment analysis performance shortly, given the 
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importance of emotional user interaction. Overall, this paper is a valuable resource for researchers interested in 
speech and audio sentiment analysis. 
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