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Abstract

:

Mouth sounds serve several purposes, from the clinical diagnosis of diseases to emotional recognition. The following review aims to synthesize and discuss the different methods to apply, extract, analyze, and classify the acoustic features of mouth sounds. The most analyzed features were the zero-crossing rate, power/energy-based, and amplitude-based features in the time domain; and tonal-based, spectral-based, and cepstral features in the frequency domain. Regarding acoustic feature analysis, t-tests, variations of analysis of variance, and Pearson’s correlation tests were the most-used statistical tests used for feature evaluation, while the support vector machine and gaussian mixture models were the most used machine learning methods for pattern recognition. Neural networks were employed according to data availability. The main applications of mouth sound research were physical and mental condition monitoring. Nonetheless, other applications, such as communication, were included in the review. Finally, the limitations of the studies are discussed, indicating the need for standard procedures for mouth sound acquisition and analysis.
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1. Introduction


Mouth sounds occur due to the passing of airflow through muscles in the vocal tract and are powered by the lungs, producing audible vibrations. Sound waves are modified by the pharynx, larynx, mouth, nasal cavity, and paranasal sinuses, which act as resonance chambers. Resonance refers to the prolonging, amplification, or modification of a sound by vibration. Sound is also modified by the constriction and relaxation of the muscles in the wall of the pharynx and the movement of muscles of the face, tongue, and lips, for example, to produce recognizable speech [1]. Mouth sounds serve several purposes, from the clinical diagnosis of diseases to emotional recognition. Figure 1 illustrates the organs and regions involved in mouth sound production.



The following review aims to synthesize and discuss the different methods to apply, extract, analyze, and classify the acoustic features of mouth sounds. The current work is divided as follows: Section 2 explains the types of mouth sounds and the acoustic features employed in the revised literature. Section 3 describes the thorough methodology followed to review research articles concerning mouth sounds. Section 4 presents the main findings of the literature review. Section 5 discusses common trends and limitations observed in the reviewed literature. A conclusion regarding the relevance of mouth sound research is given in Section 6, and finally, future directions are given in Section 7.




2. Mouth Sounds and Their Acoustic Features


2.1. Which Are the Mouth Sounds?


2.1.1. Speech


Human speech production is the most common type of sound that humans make. Typically, speech contains frequencies between 100 and 3000 Hz [1]. Any structural or neurologic pathology in one of the organs involved in speech production may disrupt this function completely [2].



Different timbres, pitches, and fundamental frequencies (f0) are produced by different types of vibrations in vocal folds that occur due to the stiffness of the tissue by the contraction of muscles [3]. When there is decreased tension, the voice has a lower pitch. In contrast, during the contraction of the cricothyroid muscle, there is an increase in length and tension, strengthening the contraction of other muscles and generating a rise in pitch [2].



The variations in f0 in sustained vowel sounds are the best index to explore the instability of the vibration of the larynx in the presence of a shaking and abnormal voice [4].




2.1.2. Singing


Singing is powered by air exiting the lungs, and is produced by muscular contractions of the vocal folds via the laryngeal muscles [5]. The frequency range of singing reported in the literature is 80 Hz–1 kHz [6], without considering overtones caused by resonances. Singing has been used to treat diseases, such as obstructive pulmonary disease, as singing requires active expiratory effort. Therefore, recordings before and after treatment could be useful for better tracking in patients [7].




2.1.3. Babbling


Unintelligible speech-like sounds are a definition of babbling [8]. Present in the prelinguistic vocalization stages of babies, babbling consists of articulatory gestures. Babbling sounds have been researched to improve language in people with Autism Spectrum Disorder (ASD) [9]. The frequency range must be similar to that of speech, but it has been suggested that f0 can be observed in the range of 30–2500 Hz [10].




2.1.4. Whistling


Human whistling is resonance caused by compressed air entering or exiting the mouth [11]. The whistle frequency range is 0.9–4 kHz [11,12]. A smaller area in the oral cavity is related to a higher pitch in whistling, while a greater area is related to low frequencies. Whistles have been demonstrated to encode information related to muscular strength in participants with neuromuscular disorders [13].




2.1.5. Breathing Sounds


Normal breathing sounds originate from the lungs, causing air turbulence in the airways, such as the trachea and bronchi [14]. Breathing sound production is due to turbulent flow caused inside large cavities, either entering (inhalation) or exiting (exhalation) the lungs [15]. The chaotic airflow exits from the mouth in a noise-like sound with random amplitudes between 200 and 2000 Hz, which is almost inaudible due to reduced loudness [16]. Noisy and audible inspiration and expiration could be indicators of diseases such as bronchitis and asthma [15]. Therefore, spectral analysis of breath sounds could aid in the clinical diagnosis of illness.




2.1.6. Cough


Coughing, either voluntary or involuntary, is a defense mechanism of the body forcing exhalation to prevent foreign bodies or substances from entering the cavities of the respiratory tract [17,18]. Exhalation is caused by neural impulses sent through the vagus nerve, closing and opening the glottis, contracting muscles in the larynx and those involved in expiration, to produce airflow from the lungs to the outside of the mouth [19]. F0 in cough sounds can range from 100 to 2000 Hz, but the sound can reach 20 kHz [20]. Bronchopulmonary dysplasia and bronchial asthma are diseases in infants that have been studied utilizing cough sounds [21,22].




2.1.7. Snoring


Snoring is a respiratory sound event caused by air turbulence passing through the pharyngeal structure, causing soft tissue vibration in the vocal tract [23,24]. Research has shown the frequency range of snoring sounds, which is from 20 to 300 Hz [24], reaching up to 1000 Hz in overtones [23]. The abnormal duration and frequency content could be indicators of diseases, such as apneas and hypopneas [24].




2.1.8. Crying


Crying in infants is a form of communication caused by air pressure exiting the mouth with additional resonances from the oral cavity [25]. The frequency range of crying is between 400 and 700 Hz [26,27,28]. Sound information in crying has been shown to be useful for the detection of hearing impairments [29]. It can be accompanied by sobbing, respiratory spasms, and accelerated inhalation and exhalation.





2.2. Acoustic Features of Mouth Sounds


Mouth sounds are recorded using a microphone that converts air pressure fluctuations into electrical signals [30,31]. The discrete versions of those signals are analyzed to extract the acoustic features mentioned below.



2.2.1. Time Domain Features


Time domain audio signal features are extracted directly from the audio signal samples [32] and help to analyze acoustic parameters, such as the signal-to-noise ratio of background noise in recordings [33]. Moreover, the most recurrent parameters in this review can be classified into three categories: (1) Zero-Crossing Rate (ZCR), (2) Power/Energy-Based Features (PEBF), including Short-Time Energy (STE) and Volume or Loudness; and (3) Amplitude-Based Features (ABF), including includes Shimmer, Amplitude Descriptor, Linear Predictive Coding, Maximum Phonation Time, and Speech Intensity Prominence. Features in these categories are described in this section, and the rest can be found in Appendix A.



	A.

	
Zero-Crossing Rate (ZCR)







The ZCR is defined as the rate of change in a signal sign during a time frame [34]. The ZCR can be interpreted as a measure of the noisiness of a signal, and it is useful to reflect the spectral characteristics of a signal without a domain transformation [32]. In speech, it is used to estimate the f0 and to detect unvoiced and voiced segments [34]. This feature is presented in Figure 2.



	B.

	
Power/Energy-Based Features (PEBF)







Short-Time Energy (STE). A high variation is expected between high- and low-energy states in speech signals because of the brief periods of silence between words [32]. Therefore, to predict a value, the STE is defined as the average energy per time frame [34]. This feature is presented in Figure 2.




2.2.2. Frequency Domain Features


Frequency domain analysis is a valuable tool in audio signal processing. The frequency domain is mostly studied to observe the periodicity and spectral composition of signals. To analyze a signal in the frequency domain, it is necessary to convert the time domain signal using a mathematical transformation, such as Fourier transformation [34,35]. The most recurrent features in this review can be classified into three categories: (1) Tonality-Based Features (TBF), including jitter, Harmonic-to-Noise Ratio (HNR), Noise-to-Harmonic Ratio (NHR), fundamental frequency (f0) or pitch, and formants; (2) Spectral-Based Features (SBF), including spectral centroid or spectral brightness, spectral roll-off, spectral spread, spectrum envelope, spectral flux, spectral kurtosis, and entropy; and (3) Cepstral Features (CF), including the Mel-Frequency Cepstral Coefficient (MFCC), Bark Frequency Cepstral Coefficient (BFCC), Linear Prediction Cepstral Coefficients, Cepstral Peak Prominence (CPP), Cepstral Peak Prominence–Smoothed (CPPS), Linear Frequency Cepstral Coefficients (LFCC), Rasta-PLP, Teager energy cepstral coefficient, and Teager energy based Mel-frequency cepstral coefficient. Features in these categories are described in this section, and the rest can be found in Appendix B.



	C.

	
Cepstral Features (CF)







Mel-Frequency Cepstral Coefficient (MFCC). MFCC is a technique for speech feature extraction [35], which represents the power spectrum based on discrete cosine transform [34]. This feature is presented in Figure 3.



Bark Frequency Cepstral Coefficient (BFCC). This is a process that combines perceptual linear prediction processing of the spectra and cosine transformation to compute the cepstral coefficients [36]. This feature is presented in Figure 3.






3. Materials and Methods


3.1. Databases


The articles included in this review were accessed through the following databases: EBSCO Academic Search Ultimate, Scopus, ScienceDirect, IEEE Xplore, AES E-Library, and the Journal of the Acoustical Society of America.




3.2. Inclusion Criteria


In the first search, 11,631 papers in total were found in the databases. The literature material for this review fulfilled the following criteria: (1) articles published between 2017 and 2022; (2) articles describing the analysis and processing in time or frequency of audio signals coming from the mouth; (3) acoustic features of the signals were extracted; (4) database of signals had to be previously validated; and (5) research had an application (e.g., clinical diagnosis, mental health, or communication).



Research with applications on voice commands, signals outside of the 20–20 kHz range of frequency (infra- or ultrasound), auscultation or recordings of audios that did not come from the mouth, not-validated signal databases, books or book chapters, theses, and articles not published in journals were excluded.



After considering these criteria, 93 articles were included in the review and are analyzed in Section 4.




3.3. Boolean Operators and Keywords


To facilitate searching and find the best material related to the objective of the review, Boolean operators were used to filter articles outside of the scope of this work.



Further, the authors made a list with 20 keywords related to five questions intended to be answered during the review: (1) What is the main objective? (2) What was done to the signal? (3) How was the signal acquired? (4) What was used to process the signal? Finally, (5) which were the fields of study? Basic Boolean operators AND, OR, and parentheses were used to narrow the results obtained from the databases. Table 1 shows the words used during the search.





4. Main Findings


Figure 4 summarizes the most common trends in mouth sound types, sample rates, bit depths, software, hardware, and applications across studies.



4.1. Recording Conditions


The most common recording parameters were (1) sampling rate of 44.1 kHz and (2) 16-bit depth [37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52]. However, other sampling frequencies (e.g., 96 kHz and 16 kHz) and bit depths (e.g., 32 bits and 24 bits) were selected [10,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,69,70]. In the case of speech sounds, the highest frequencies of the human voice are in the limit of 3 kHz; therefore, having a sampling frequency of 8 kHz should be enough to adequately capture all the information of the mouth according to the Nyquist theorem [71].



According to the reviewed literature, specialized devices with external microphones have been reported, and microphone placement ranged between 2.5 and 50 cm [33,39,40,42,44,45,52,60,61,72,73,74,75,76]. Those distances seemed to achieve a good representation of the information obtained. Some studies included filters, such as low-pass, band-pass, and high-pass filters, to reduce unwanted noises [37,39,44,51,68,77,78,79,80,81,82].



In many studies, the most used software packages for signal analysis were PRAAT [41,51,53,60,69,73,83,84,85,86,87,88,89] and MATLAB [39,44,59,74,75,77,81,90,91]. Moreover, Audacity was commonly used for audio recording [38,41,43,50,61,64,84,92,93,94].



Recording hardware portability was found to play an important role in data acquisition. The most common devices were smartphones [41,44,52,61,63,64,68,69,93,95,96] and small recorders, such as H4 Zoom [46,54], H5 Zoom [42,97], H6 Zoom [57], and Olympus [51,98]. On the other hand, the most used microphones were headsets and head-mounted microphones from many different manufacturers [39,45,47,48,53,66,70,74,75,89,99,100,101]. From this, we can find that there is no specialized and standardized hardware for signal acquisition. Hence, there is a need to establish it.




4.2. Acoustic Signal Processing Techniques


There are several methods to extract information from the sounds generated by people through the mouth. Signals are processed in two domains: time and frequency [34,99]. Each of them and their most recurrent features will be described separately.



4.2.1. Time Domain


From the revised literature, the most analyzed acoustic parameters in the time domain were ZCR [49,51,77,80,93,94], volume or loudness [10,66,67,102,103], shimmer [50,64,70,83,85,87,89,97,102], the amplitude descriptor, including duration [33,47,49,50,73,89,90,91,104,105], and STE [49,94]. Another recurrent feature in the time domain was sound level [47,49,73,75,104]. Figure 5 summarizes the most employed features and their main applications in the literature.




4.2.2. Frequency Domain


The most recurrent frequency features and main applications in the literature are detailed in Figure 6. After the signals were captured, to carry out analysis, data were transformed into the frequency domain. Several studies analyzed pitch, f0, or harmonics [29,41,42,49,51,56,57,59,60,70,73,85,89,94,95,104,106,107,108].



Other studies used MFCC for their analyses [40,41,42,44,52,56,58,60,61,63,65,72,73,77,80,87,94,100,101,107,109,110,111,112], also combined with other techniques, such as LFCC [113]. Several researchers used CPP [84,97] and CPPS [45,73,74,75]. The most recurrent SBFs were spectral centroid [49,52,67,77,80,93], followed by spectral spread [67,80,93], and, finally, spectral roll-off [52,67,77,93].



A small number of researchers concentrated their analyses on voice formants, another frequency feature related to vocal tract characteristics and voice analysis [37,46,47,48,49,59,60,80,86,89,107,114].



Further, Welch’s method for the short-term average spectrum and the Fourier transformation of the Hilbert envelope for the modulation spectrum were used to investigate speech production in noisy environments [33].



Lastly, energy was a feature analyzed in time and frequency domains across several studies [49,56,80,94,107,115].




4.2.3. Spatial Filtering


In addition to the acoustic features described in Section 2.2, a method that has shown promising results for mouth sound extraction is beamforming, which is discussed in this section. This technique aims to extract signals of interest by isolating the source from specific positions relative to an array of microphones, increasing the amplitude of the signal and attenuating sources of noise [116,117]. Delay-and-sum beamforming was used to extract cough sounds and sibilants of words from people for health-related analysis: COVID-19 [100] and sigmatism [39,101]. Fifteen- [39] and one-hundred-and-twelve-microphone [100] arrays have been used in the study of source extraction; for the version with one hundred and twelve microphones, the model increases anomaly classification in machine learning algorithms when combined with video content.





4.3. Acoustic Feature Analysis


It is known that acoustic signals provide features useful for several applications, such as speech recognition [55], disease identification [49,65,68,113], and recognition of notes with musical purposes [118].



This subsection summarizes the statistical analysis techniques, traditional Machine Learning (ML) methods, and more complex algorithms that apply Deep Learning (DL) algorithms, all of which aim to detect patterns and associate features in audio recordings coming from the mouth of a person. ML and statistical analyses are used in all research articles to provide certainty of the results in each investigation. Both methods have been used to reach conclusions related to physical and emotional health.



4.3.1. Statistical Analyses for Evaluation


Across studies, normality in data was primarily tested with the Kolmogorov–Smirnov test [29,45,74,75,89] and the Shapiro–Wilk test [47,73].



The parametric Student’s t-test was reported in most studies comparing two acoustic variables, either paired or unpaired [29,41,45,50,79,84,85,87,88,89,104,105,119]. In [79], an unpaired Student’s t-test was employed to analyze pathologies, such as vocal fold cysts, unilateral vocal fold paralysis, and vocal fold polyps. Cohen’s effect size was used in [50] to analyze pre/post-session changes in the voices of actors. The non-parametric Mann–Whitney U test for unpaired data was also reported [61,74,82,94].



Several studies conducted multiple comparisons across variables. To counteract multiple comparison issues, Bonferroni’s correction was used [50,53,82].



Analysis of variance (ANOVA) and its variations was another method employed in statistical testing. Some studies used one-way ANOVA [46,75,83,87,106], two-way ANOVA [84,97], repeated-measures ANOVA [33], multivariate ANOVA [102], Friedman’s test [70,82], analysis of covariance [73], and Welch’s unequal-variances t-test [65,105].



Correlation between variables was assessed using Pearson’s test [47,75,108,119]. In [50], the inter-rater reliability was correlated in listening evaluations of vocal exercises. Additionally, in [82], the relationship between the cough peak flow and cough peak sound pressure level was measured using Spearman’s rank correlation coefficient analysis.



Other statistical analyses presented in different works were descriptive statistics, mainly involving measures of central tendency [37,91,120]. These measures help to gain a better understanding of behavior and tendency. Furthermore, regression analysis was used across different studies to model relationships among variables [37,91,92].



Some studies previously mentioned using combinations of statistical methods for a better inference of results based on the behavior of the analyzed signal. For example, Ref. [87] computed descriptive statistics, t-tests, and multivariate ANOVA, taking features such as shimmer, f0, jitter, and NHR from the sounds of women. This procedure aimed to detect hyposalivation. Note that these techniques were used to describe relations between groups, conditions, and group interactions.



Other studies showed the application of non-conventional statistical methods to compare features extracted from audio recordings. For example, Bonferroni’s corrected planned comparison led to a better understanding of the effects of certain masks in acoustic features and communication [53]. Similarly, the log-likelihood function proved useful in the classification of sounds between PD sufferers and control patients, employing cross-validation leave-one-subject-out before Welch’s t-test [65].



Regarding statistical tools, the most used software was the Statistical Package for the Social Sciences [53,62,82,83,87,88,114], a statistical software broadly use for basic analyses.




4.3.2. Machine Learning (ML) Techniques for Pattern Recognition


ML algorithms, including DL, performed well when used to classify features from audio recordings [55,64,113]. Most of these techniques were used to differentiate between control and experimental groups [87,114]. For this purpose, correlation models, such as the identification of autocorrelation between variables [10] and correlation-based feature subset algorithms [78], have proven useful to identify features for a better classification of data in ML algorithms.



The most common algorithms used in studies included Support Vector Machine (SVM) [40,49,72,78,80,94,96,101,107,108,111,115,121,122], Neural Networks (NNs) [38,39,42,45,62,67,72,100,123,124], the Gaussian Mixture Model (GMM) [63,65,72,109,112] combined with the Hidden Markov Model (HMM) [51,60,76,90,110], and Random Forest (RF) [80,93,115].



One of the most pursued differentiations is the detection of apneas/hypopneas presented in snoring during sleep [68,113], showing promising results in classifying apneas and hypopneas compared with a gold standard. The logistic regression model was used to classify snoring sounds as apnea/hypopnea and non-apnea sounds.



Another very commonly pursued differentiation refers to emotion recognition. In [125], a classification performance of 73.1% was achieved when analyzing cries from babies containing frequent short noises. Furthermore, a classification algorithm named SemiEager reported accuracies of 88.08% and 90.66% [56] in classifying emotional states. This learning algorithm was intended to reduce computational cost while receiving perceptual-based features, such as MFCC and BFCC, and time features, such as ZCR and STE. The highest accuracy scores were observed when feature fusion was employed [49,56].



Overall, a trend was observed in research articles, including the diagnosis of pathologies or disorders. The majority of them used either ML algorithms, smartphone applications, or both [10,78,96,125,126,127].




4.3.3. Beyond ML Strategies


DL techniques could also be combined with classical ML methods to improve information extraction from the original data. For example, in [64], an embedded hybrid feature deep-stacked autoencoder was developed using both original and deep features from the audio signal. The autoencoder consisted of three parts: (1) original features embedding into the layer hidden in the stack encoder; (2) information regularization and feature reduction algorithm; and (3) feature reduction method for outlier removal. The results showed better effectiveness than other deep autoencoders, and the combination of the three parts performed better than any other significant parts separated from each other. Still, only three out of four autoencoders achieved higher than 85% accuracy when trying to classify four mental disease groups.



In other applications, a novel deep clustering technique was developed to separate image and audio from video recordings and identify voice in a mixture of different noises [55]. Looking at the performance of the technique, it seemed that Audio–Visual Deep Clustering outperformed other methods.





4.4. Applications


4.4.1. Physical Health Monitoring


	A.

	
Clinical Diagnosis







In the clinical environment, acoustical analysis has been a way to diagnose health problems [40,79,84,109,121], pathologies, and speech language complications, such as language development in children [10], those with a cleft palate [122], speech intelligibility from cochlear implant users [33], diplophonia [76], lateral sigmatism [39,101], asthma and chronic obstructive pulmonary disorder [80,91,93,96], and pathologies affecting sound production through the voice (e.g., dysphonia, laryngeal changes, and hyposalivation) [45,54,72,73,74,75,87,106,119]. Technology used for voice recordings has helped to evaluate and measure progress before and after treatment. For example, early word production in children was evaluated through an app using only the internal microphone of a tablet device [13].



In speech and language complications, acoustical features from voice recordings tend to change. The extraction of f0, CPP, and smoothed CPP were the most studied acoustic features across studies. In [45,72,73,74], CPP and CPPS have shown significant differences (p < 0.05) for pathology detection. Other features, such as MFCC, have shown 95% when introduced to ML algorithms, such as SVM [72,75]. However, in diplophonia, there are two simultaneous f0; therefore, the analysis of single f0 is limited [76].



In [87], acoustic differences between the voice of women with hyposalivation and normal voices were explored by performing tasks, such as reading and pronouncing isolated vowels. Significant differences were observed only in isolated vowels /a/ and /i/ on f0. Therefore, the results of these studies might indicate that the frequency parameters of sound voices are useful for abnormality detection in voices.



Besides speech, snoring has also been acoustically analyzed for clinical purposes by measuring sound intensity, formant frequencies, and spectrographic patterns before and after surgery due to nasal septal deviation [88], and describing acoustic differences in normal and drug-induced sleep [114].



Recently, cry signals have provided relevant information about the physical and psychological states of newborns [128]. To diagnose diseases based on the analysis of the sound of a cry, in [51], a fully automatic non-invasive system using the crying sounds of babies (expiratory and inspiratory) in different contexts was developed. The signals were collected in a natural hospital environment at different times. The results achieved a high average true positive rate of approximately 95.6% for the expiratory class and 92.47% for the inspiratory class using GMM and HMM classifiers, respectively.



In the same context, newborn cries have been correlated with negative sensations, such as hunger and discomfort [58]; on the other hand, hearing problems are related to the future development of speech disabilities [29].



Only one study [72] used voice recordings from the MEEI Voice Disorder Database. As speech is also altered when the human body is stressed, in [38], it was proposed to extract its acoustic features to predict biological signals, such as blood volume pressure and skin conductance. The conclusion was that deep representation learning using pre-trained convolutional NN is a practical approach for blood volume pressure biological prediction [38]. Therefore, the acoustic analysis of speech can be part of a complete diagnosis and prediction of overall health.



	B.

	
Respiratory Complications







Smartphones with ML classifiers have been used to diagnose lung diseases, such as asthma and chronic obstructive pulmonary disease, by detecting forced exhalations using SVM (97% accuracy) [93] or adventitious sounds in breathing using RF (96.47% F-score) [96]. Digital devices could serve as a tool for clinicians and patients to keep track of health at home and the early detection of health complications.



In the same way, in [63], an automatic system to assist clinicians in the decision-making process was developed. The system analyzed coughs and the vocalized /A:/ sounds of asthmatic and healthy children. The MFCCs with additional constant-Q cepstral coefficients features were extracted and modeled using two separate GMM-universal background models from both sounds. The fused model with both sounds showed the best results achieved a 91.1% sensitivity and 95.0% specificity. The better performance here was attributed to the larger number of cough sounds per child.



To evaluate the cough ability using cough sound with or without a facemask, in [82], a cough flow prediction model associating cough sounds with cough flow was proposed. The amplitude and envelope were analyzed using different correlation methods. One of them showed that the correlation coefficients were 0.895 (p < 0.001; 100% power) for the in-ear mic, 0.879 (p < 0.001; 100% power) for the mini-speech mic, and 0.795 (p < 0.001; 99.9% power) for the smartphone mic. The study revealed a non-linear relationship between cough sound and cough flow.



Furthermore, a feedback system for inhaler usage has been proposed to monitor subjects with asthma and chronic obstructive pulmonary disorder [80]. This system included a micro-electro-mechanical system microphone with a microcontroller to acquire acoustic breathing signals. The extracted characteristics were the MFCC, ZCR, spectral centroid, spectral spread, and energy entropy. The acoustic parameters scored high values in classification metrics with SVM (98.5% accuracy, 100% precision, 97.8% recall, and 98.9% F1 score). Nevertheless, the sample consisted of six participants, and the recording condition was an indoor environment, without further details. The results open the opportunity for further research in health monitoring through acoustic signals related to respiratory diseases.



	C.

	
Coronavirus Disease 2019 (COVID-19)







In 2019, the world was hit by a wave of COVID-19, and the importance of knowing its impact on the health of people and daily life gained attention rapidly. Most studies focused on finding acoustic biomarkers of COVID-19 [61,97] for its detection by means of ML algorithms [42,43,44,52,60,62,77,100]. The most recurrent mouth sounds were sustained vowel /a/ [42,43,52,59,61], cough sounds [43,44,60,77,100], and sentences [43,44,52,59,62]. Some authors reported using acoustic features, such as MFCC [42,44,52,60,61,62,77,100] or a large combination of those mentioned in Section 2.2, as inputs for NNs [42,43,52,59,61,77]. The Visual Geometry Group (97.2% accuracy) [100], Honey Badger Optimization-based Deep Neuro Fuzzy Network (91.76% accuracy) [77], convolutional NN (95% accuracy) [44], and feed-forward neural network (89.71% accuracy) [42] were the DL algorithms employed. However, studies pointed out the need for many acoustic characteristics (e.g., 512 [62]) to obtain accuracy scores above 80%. Interestingly, when using fewer characteristics, traditional ML methods, such as SVM and HMM-based algorithms reported 90.24% [52] and 93.33% [60] accuracy, respectively, suggesting the high performance of these methods under these conditions when data are limited.



Moreover, other studies focused on the intelligibility of messages when using masks, one of the main pandemic safety measures worldwide. In [53], the effects of different masks on the voice showed no significant differences in intelligibility for single words and sentences (p = 0.621 and p = 0.542, respectively). Still, the intelligibility of speakers decreased depending on the type of mask used compared with using no mask. Meanwhile, in [59], the intelligibility of sentences was measured when wearing KN95 face masks against not wearing them. This study showed better intelligibility when using the mask (mean accuracy 89.38%  ±  12.39) against not using it (84.86%  ±  14.84). Nevertheless, these results could be biased by the subjective perception of the speech-language pathologist who interpreted the sentences of speakers through audio calls or by the speaking effort made by the participants. It was also noted that, following strategies such as speaking clearly, louder, and slower, the intelligibility of the message improves (94.25%  ±  12.87, 96.20%  ±  5.26, and 92.50%  ±  11.91, respectively).



	D.

	
Neurological Disorders and Conditions







The acoustic features found in speech recordings have helped to identify symptoms of neurological disorders, such as abnormal prosody in schizophrenia [37], depression [64], cerebral palsy with dysarthria [46], early detection of ASD in children [78], ataxia [111], observation of differences between high-risk ASD and typically developing babies [94], dementia [89], multiple [70,85] and amyotrophic lateral sclerosis [48], and PD analysis under several conditions [47,65,85,92,104,108,112,115].



The features involved in the analysis of abnormal prosody in schizophrenia were mainly the formant frequencies, involving the variability in pitch given by the standard deviation of f0, intensity, and loudness [37]. The results showed reduced variability in pitch and loudness for patients with schizophrenia compared with controls by using distributional properties and descriptive statistics. This study suggested that symptoms of aprosody may be quantified by acoustical analysis.



For instance, in [78], vocalization recordings in children while reading words, sentences, and stories were used to detect ASD. A correlation-based feature-subset-selection algorithm selected paramount acoustic features out of 74. These features were demonstrated to be age- and gender-independent. Parameters. such as the root-mean-square energy, MFCC, ZCR, probability of voicing, f0, and the first-order delta coefficients, of these elements combined with visual facial attributes have achieved significant results in classifying voice features between high-risk ASD and typically developing babies. SVM was the algorithm with the best results observed in the metrics of the classifier (96.39% accuracy, 95.00% recall, 97.67% specificity, 94.59% area under the curve, and 97.44% positive predictive value) [94].



Another example refers to dementia detection. Promising results by studying pitch, overall intonation, differences between harmonics, jitter, shimmer, HNR and NHR, creakiness, and breathiness were reported in [89]. SVM with selected features by recursive feature elimination showed 100% accuracy. Features were extracted from manually transcribed conversations between neurologists and patients.



Regarding types of sclerosis, significant differences (p < 0.05) were observed in jitter, f0, shimmer, NHR, and the formal centralization ratio for the detection of multiple sclerosis [70,85]. Furthermore, linear discriminant analysis reported 88% accuracy when vowel features, such as differences between envelopes, mutual formant elements, and harmonic amplitude structure, were introduced to the classifier.



The most investigated acoustic parameters across studies concerning PD were f0, jitter, shimmer, range, and intensity [47,85,104,108]. Some studies showed significant evidence for voice anomaly detection related to PD (p < 0.05) [85,104] or 99% accuracy using SVM [47].




4.4.2. Mental Condition Monitoring


	A.

	
Emotional Well-Being and Disorders







Regarding emotional disorders, some studies analyzed the effects in mouth sound recordings of psycho-emotional and posttraumatic stress disorders, either using ML algorithms or statistical analysis [103,126].



One study suggested using voice recordings to detect human psycho-emotional disorder through formant analysis and an improved complete ensemble empirical mode decomposition with an adaptive noise algorithm [126]. First- and second-type errors were calculated for recording sets of databases, including syllables, words, and sentences, to evaluate the effectiveness of pathology and normal voice determination. The results showed that the proposed method in the study achieved the most precise identification of the disorder when analyzing sentences, as this pathology seriously affects vocalized characteristics. The first-type error (α) was a false assignment of a normal speech signal produced by a person with an emotional disorder, and the second-type error (β) was a false assignment of the pathology to the speech signal produced by a healthy person. The results of the most precise study were α = 8.16% and β = 5.66% [126].



Another application of acoustic analysis of mouth sound recordings is in the research field of posttraumatic stress disorder [103]. It is suggested that the vocal analysis of the acoustic startle response could be a way to identify changes in vocal features with changing stimuli parameters, such as intensity, duration, rise time, and spectral type. The results were obtained from statistical analyses applied to f0, voice energy, response peaks, peak times, fall times, and duration [103]. Therefore, the analysis of acoustic features in speech recordings could be a useful way to assess the psycho-emotional states of patients, and it could possibly help to diagnose other pathologies related to emotional states.



	B.

	
Emotion Recognition







A trend in certain aspects was observed from research articles that addressed emotion recognition [49,107,125,129]. Research studies used the discrete domain of emotions, categorizing them as anger, disgust, fear, happiness, sadness, and surprise. The most commonly extracted features were MFCC, pitch, formants, and energy. None of these studies selected the valence and arousal model, which relies on the appetitive system that seeks well-being, and the aversive system, which prevents individuals from entering dangerous situations [130,131]. Emotion recognition in the continuous dimensions of valence and arousal could serve as an initial phase of emotion recognition by classifying emotions in positive and negative (valence) sensations, and between the level of calmness and excitation (arousal) [130,131].



Just one of the research articles included an analysis of the dimensions of valence, power, and arousal in their study, using a regression for sets of acoustic components [102]. The results showed that valence was the worst predictor, while power and arousal provided 50% of the variance accounted for by the predictive sets [102]. The acoustic parameters that power and arousal had in common were formant amplitude, dynamics, and low-frequency energy. Therefore, emotion recognition in the dimensions of valence, arousal, and power could indeed be part of future analysis for emotion recognition in voice recordings.



	C.

	
Mental Health







Regarding mental health, in [132], the voice of participants related to personality traits was analyzed. It was expected to find information linked to mental disorders, specifically alexithymia, the inability to perform or match actions with emotions. The results obtained showed a correlation between personality traits and speech features. Nevertheless, this investigation did not consider participants with any mental disorders, and considered only healthy people.



In [81], cries from newborns before feeding were recorded to study neurodevelopmental disorders. F0 and five basic melodic shapes (falling, rising, symmetrical, plateau, and complex) were analyzed. After feature extraction, parameters were introduced into an automated classification method that reached 89.5% accuracy. Further research is needed to identify a trend, because only six babies participated in the study.




4.4.3. Other Applications


	A.

	
Sleep Disorders







Breathing sounds can be an effective method of sleep monitoring and the early diagnosis of sleep disorders. In [133], a novel audio-based algorithm was proposed to estimate the four sleep stages and attend chronic sleep disorders. The breathing and snoring sounds of a male were recorded while asleep. Extracting the periodicity, intensity, variation, and non-linearity for each audio, a decision tree was developed using the vertical box control chart to detect the breath or snore sound. The results showed an accuracy of classifying deep and light sleep of 97.8%.



In the same form, in [134], a snore-detection algorithm was developed by combining two NNs. Five microphones were placed around a bed to record the snoring of people. A combination of a convolutional NN and a recurrent NN using a constant-Q transformation spectrogram was employed. It was found that the performance of the proposed method was more related to the distance than the position of the microphones.



Some studies focused their attention on one disorder. Obstructive sleep apnea is a pervasive disorder present in patients with breathing problems, being one of the most severe diseases related to the respiratory process [68,113]. Using microphones from smartphones seemed to be the form that helped users feel less uncomfortable while sleeping. In [68], the average accuracy of apnea and hypopnea detection was 81.79%, while in [113], it reached 92% using a WB-microphone.



	B.

	
Speech and Communication/Expression







Over time, speech has worked as a communication tool between individuals. For completing the process of receiving and understanding auditory messages, researchers have looked for different situations where it is difficult to accomplish. In [55], a novel complex method solved the cocktail party problem while analyzing images and audio from recordings. The algorithm outperformed other speech separation methods when combining information from two speakers.



The ability to produce sounds with the mouth has helped humans to express feelings through art. In [50], the acoustic and auditory short-effect of vocal warm-up in theatre actors was determined. Acoustic parameters, such as five formants F1–F5, jitter, duration, shimmer, NHR, and dynamic range, did not show noticeable differences. Still, the self-confidence of the actors improved their performance after the warm-up.



Furthermore, using applications on smart devices to encourage and record vocalization demonstrated an improvement in children. The system analyzed recordings in terms of pitch and loudness [10]. The results indicated a strong correlation between the app’s performance and assessments by human experts.



Finally, in [118], the melody of human whistling was extracted using time–frequency analysis. Their method consisted of four stages: (1) audio recording transformation into the frequency domain, (2) single-frequency value extraction, (3) conversion to a note number corresponding to a MIDI standard, and (4) MIDI file creation with identified notes. The algorithm showed promising results, with an average of 92.7% accuracy for detecting musical errors.






5. Discussion


5.1. Recording Conditions


Previous studies providing information on the processing, recording, and analysis of mouth sounds were limited in several aspects. Firstly, it was observed that some studies did not detail their recording conditions [48,57,94,105,132], pointing out the need for audio experts in these multidisciplinary teams. In [50], the influence of real environments on recorded data was mentioned, as real-life settings may have altered the quality of recordings. In [135], it was suggested that voice data must be collected in a quiet room and assessed in a controlled environment. However, this is extremely difficult for many studies due to the nature of the context, for example, recording cough sounds in a hospital with typical background noise, such as talking, ambulance sirens, and machine noises [63]. Several researchers performed experiments in noisy environments [56,83,89,118] or used non-professional audio equipment, such as cellphones or laptops [10,43,48,61,68,69,78,88,89,93,94,96,114,118], which could reduce the quality of the data obtained. Only three studies reported recording sounds in acoustically treated rooms [46,47,108]. This condition is vital, because treated rooms reduce unwanted reflections or noises in recordings that could alter the original sound, as previously mentioned. Nevertheless, it reduces pathology detection under the noisy conditions present in daily life, which indicates the need for noise-robustness algorithms.



The recording conditions and acquisition systems in studies related to neurological condition identification had some other implications. In [89], a built-in microphone from a laptop was used, which could impact the fidelity of audio recordings. The frequency responses of audio devices tend to modify the frequency content of audio signals to the point that they can distort them [136]. In future studies, smartphones with a wide and flatter frequency range should be used to acquire more spectral information about mouth sounds.



Still, obtaining suitable recording equipment could be difficult due to its cost [113]. This limitation calls for more accessible devices over which acoustic analyses can be conducted, and using smartphones as a tool for recording audios has proven to be a reliable technique. Microphone selection is crucial for quality audio recordings and, consequently, for analyzing the human voice. According to [83], the most important characteristics to consider on a microphone for voice recording are directionality, transduction, frequency response, and mouth-to-microphone distance. Additionally, iOS devices were compared against a gold-standard computer preamplification system. The results concluded that recordings from the iOS device had no statistically significant difference compared with the gold standard [83]. However, there were limitations, as only healthy subject voices were used, and only one type of iOS device was employed.



Further, the distance between microphones and lips varied across studies, ranging from 2.5–50 cm. There was no standardization of the distance, which should be further considered. Close placement of the microphone to the lips could cause the proximity effect [137], which accentuates lower frequencies, having implications when extracting acoustic features. In fact, in [82], it was affirmed that a constant distance between the mouth and the microphone is critical for improving estimation accuracy. Nonetheless, the distance to the mouth varied widely either for the comfort of the subject [65,68,70,87,89,113,114] or for the simulation of the distance between two people [53,64]. Either way, this separation distance between the mouth and microphone could significantly affect the recorded signal’s quality.



Several studies standardized the sampling rate of the voice signal to 44.1 kHz and 16-bit depth [46,47,48,70,112]. Others chose 16 kHz [52,60,62,112] and 22,050 Hz sampling rates at 16 bits [70]. The sampling frequency should be selected with caution to ensure the quality of recordings and the effective acquisition of the expected frequency range. Moreover, bit depth is related to the dynamic range of the recording. Higher bit depths allow higher sound pressure levels to be recorded. An inappropriate selection of these parameters could cause unnecessary data acquisition, signal distortion, or aliasing [138].



At present, recording tools are being improved rapidly. As a result, other audio recording strategies should be also considered for mouth sound-detection purposes. For example, a state-of-the-art tool refers to audio segmentation, which divides digital audio into frames that then are typically classified into three classes (speech recognition, music, and noise) based on deep learning [139]. Mouth sounds vary depending on the condition or problem being investigated, creating challenging tasks for researchers in the field of sound analysis [135].




5.2. Acoustic Signal Processing Techniques


In brief, time domain analysis is mainly harnessed to develop online systems, as this analysis allows the monitoring of audio signal changes in real time. On the other hand, frequency domain analysis is usually applied to characterize systems, as such analysis provides the frequency composition of the audio signal in use. However, not just stand-alone applications, as presented in Figure 5 and Figure 6, have been undertaken so far. In many other applications, the integration of both analyses is the best solution [140], where voice activity was detected accurately (100%) when time domain features (ZCR, standard deviation, normalized envelope, kurtosis, skewness, and root-mean-square energy) and frequency domain features (13 MRCCs) were combined in conjunction with SVM.



Regarding this matter, considering a combination of time domain and frequency domain features would be the best way to obtain better results in detecting voice, and they could be employed in noisier environments where is difficult to identify the presence of a voice and, therefore, a message.




5.3. Acoustic Feature Analysis


From the revised literature, it was observed that researchers used statistical tests to evaluate the relationship between acoustic features and mouth sound conditions. Tests such as the t-test, ANOVA, and correlation tests were used to describe these relationships. ML algorithms were mostly employed for pattern recognition and the detection of conditions. It is important to note that ML and DL communities are moving toward audio–visual learning [141]. As is known, most ML/DL tools were designed based on human learning and animal behaviors. For both entities, a higher number of sensory inputs (more environmental information) leads to a more accurate human/animal response. Therefore, it appears consistent that novel ML/DL strategies are moving toward generating and representing audio–visual information to achieve better performance in the recognition of speech and voice.



Regarding the sample size, several studies did not have sufficient signals to work with DL algorithms, as they require a sufficiently large amount of training data [67,113]. Despite the reduced amount of signal information, SVM was the most-used ML method, suggesting a standard and reliable method to analyze and classify mouth sounds [49,108,111,115,121,142].



In some cases, authors preferred to use databases to train and prepare classification algorithms. All studies concerning emotion recognition used recorded data from those databases, but none of the studies used the same dataset. Therefore, a direct comparison of the results might not be valid. This limitation indicates the need for standard comparison methods in acoustic signals from several databases to reasonably observe significant differences across methodologies. Variation in recording databases across studies can affect results, as mentioned in [55] regarding phonetic differences.




5.4. Applications


In addition to the wide variety of applications discussed above, the scientific community is always innovative and is making use of all of these advances to develop emerging technologies, such as brain–computer interfaces based on imaginary speech. As was mentioned before, speech occurs due to the activation of the Broca’s Area, located commonly on the frontal lobe of the left hemisphere of the brain, controlled by the nervous system. This emerging technology makes use of the nervous system’s information resulting from imaginary speech in order to reestablish communication in completely paralyzed individuals [143]. Finally, Table 2 summarizes the most important aspects identified in the literature review concerning the questions posed in Table 1.





6. Conclusions


The current work aimed to identify trends in mouth sound applications. First, the physiology and acoustic mechanisms of mouth sounds were explained. Secondly, the methodology to review research was described. Further, the most common trends and limitations were discussed. The findings of the review indicated that vowels, speech, breathing sounds, and crying were the most researched sounds across studies. The most analyzed features were ZCR, PEBF (STE, volume or loudness), and ABF (shimmer and amplitude descriptor) in the time domain; on the other hand, TBF (jitter, HNR, NHR, f0, and formants), SBF (spectral centroid, spectral roll-off, and spectral spread), and CF (MFCC, CPP, and CPPS) were the most employed features in the frequency domain. Regarding acoustic feature analysis, t-test, variations of ANOVA, and Pearson’s correlation tests were the most common statistical tests used. SVM and GMM were the most-used ML methods. NNs were employed according to data availability. The main applications of mouth sound research were physical monitoring for disease detection and mental condition monitoring to assess emotions. Nonetheless, other applications, such as communication, have shown favorable results. Finally, the lack of recording condition specifications (recording environment, signal acquisition parameters, and audio devices), sample size, and database selection indicate the need for standard procedures for mouth sound acquisition and analysis. Future research is encouraged to improve acoustic pattern interpretation of mouth sounds.




7. Future Directions


Some challenges in this topic stem from the required robustness and self-adaptation capability of analysis algorithms that operate adequately in non-controlled environments under non-professional guidance or support and must provide very high levels of sensitivity and specificity. In these contexts, we highlight the following requirements that have a decisive impact on the adoption of the technology:



Usability. Solutions must be as simple as possible to provide high usability levels. In clinical applications, patients are mainly elderly people with significant physical impairment. To avoid impacting long-term utilization, systems should be applicable without any or much-reduced assistance. Single-signal solutions usually lend themselves to realizations with higher degrees of usability.



Robustness. Solutions must operate under non-controlled environments and will be handled by non-experts. Robustness and self-adaptation/self-calibration capability will directly impact the long-term adoption of health solutions, as it will affect confidence in the system and usability. False-positive rates must be as low as possible to avoid unnecessarily alarming the user. On the other hand, false negatives must be avoided in order to not compromise confidence in the system.



Computational complexity. Solutions must be efficient in terms of computational cost to provide feedback to users in real-time and for energy efficiency reasons.



Energy efficiency. Health systems must be energy-efficient to avoid frequent battery charges, which would affect the usability of the system. Single-channel solutions usually significantly impact the required hardware and local processing, lending themselves to more straightforward and energy-efficient realizations.



From the above indicators, it becomes clear that existing methods do not adequately meet these requirements; therefore, further research is necessary.
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Table A1. Definitions of different time features mentioned in the studies.
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Features

	
Definition






	
Power/Energy-Based Features (PEBF)




	
Volume or Loudness

	
It is used in the discrimination and segmentation of speech signals [144], and it is calculated as the root-mean-square (RMS) of the amplitude in a waveform for each time frame [34].




	
Amplitude-Based Features (ABF)




	
Shimmer

	
Based on the waveform, shimmer computes the cycle-to-cycle differences in the amplitude [35]. It is used to discriminate between vocal and non-vocal sound regions [144] and in the recognition and verification of speakers [34].




	
Amplitude descriptor

	
This feature allows differentiating between diverse envelopes, focusing on collecting the energy, length, and duration [34,144]




	
Linear Predictive Coding

	
It intends to model human speech by considering the formants of the vocal tract [145]. It intends to predict future values with previous information [34].




	
Maximum Phonation Time

	
It estimates the longest period one person can sustain the phonation of a vowel sound [146] and it is used to estimate vocal function.




	
Speech Intensity Prominence

	
It is used to estimate the overall loss of speech–sound intensity or attenuation effect. It is calculated by subtracting the floor intensity from the average intensity [53].










Appendix B. Frequency-Domain Feature Definitions
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Table A2. Definitions of the frequency features present in the majority of studies.
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Features

	
Definition






	
Tonality-Based Features (TBF)




	
Jitter

	
It computes f0 variations [35] and reflects the periodicity of vocal fold vibration [144]. It helps to analyze pathological voices and determine vocal and non-vocal sounds [34,144].




	
Harmonic-to-Noise Ratio (HNR)

	
It is a measure reflecting the amount of additive noise in a voice signal [144], and it is computed as the ratio between the harmonic part to the rest of the signal. It is used to analyze pathological voices [34].




	
Noise-to-Harmonic Ratio (NHR)

	
It is the inverse of HNR and refers to the ratio of noise to the harmonic energy of a signal [147].




	
Fundamental

frequency (f0) or pitch

	
In simple terms, f0, also denoted as pitch, is the lowest frequency of a waveform [34] and is calculated by evaluating the periodicity of it in the time domain [144].




	
Formants

	
Formants are resonances produced by the vocal tract. Formants can be seen as peaks in the spectrum signal and are usually significant in the pronunciation of vowels [35].




	
Spectral-Based Features (SBF)




	
Spectral centroid or spectral brightness.

	
It is defined as the center of ‘gravity’ of the spectrum [32], describing the brightness of a sound, and helps to measure timbre [34]. Moreover, it has a relation with the subjective intensity perception of a sound.




	
Spectral roll-off

	
It is the frequency below which the spectral magnitude is concentrated at 85% [144], 90% [32], and 95% [34] of the maximum spectral magnitude. Spectral roll-off is used in speech classification [34] and discriminates between voiced and unvoiced sounds [32].




	
Spectral spread

	
This feature is closely related to the bandwidth of the signal [34] and measures how the spectrum is distributed around its centroid [32]. Generally, it is narrow for speech sounds [34].




	
Spectrum envelope

	
It is a feature obtained with the log-frequency power spectrum, used chiefly in music genre classification [34].




	
Spectral flux

	
It measures the change in the spectral content over time [32] by the frame-to-frame difference in the spectral amplitude [34].




	
Spectral kurtosis

	
It is related to the flatness of the signal around the mean value; it has been used in Parkinson’s disease (PD) detection [34].




	
Entropy

	
It measures the flatness of a signal; it is used in automatic speech recognition [34].




	
Cepstral Features (CF)




	
Linear prediction cepstral

coefficients

	
Derived directly from linear predictive coding, it uses the recursion technique, rather than applying inverse Fourier transformation of the logarithms of the spectrum of the original signal [148]. It is used to capture emotion-specific information manifested through vocal tract features.




	
Cepstral Peak Prominence (CPP)

	
CPP measures the amplitude of the cepstral peak normalized to the overall amplitude. Having a higher CPP would imply a less periodic signal [149].




	
Cepstral Peak Prominence-Smoothed (CPPS)

	
CPPS is similar to CPP, but uses different algorithms because it smooths the cepstral feature before extracting the peak [150].




	
Linear Frequency Cepstral

Coefficients (LFCC)

	
LFCC is similar to MFCC, but the difference is found in the filter bank, as the coefficients of this filter are distributed with the same size throughout all the frequencies and have the same importance; in contrast, MFCC put more emphasis on low frequencies [151].




	
Rasta-PLP

	
It is used in speech recognition to reduce noise variations [34].




	
Teager energy cepstral

coefficient

	
It is similar to MFCC—the difference is that MFCC uses the standard energy instead of the non-linear Teager energy that is used for this feature [152].




	
Teager energy-based Mel-frequency cepstral coefficient.

	
It is a feature used for speech recognition when there are high noise levels. It uses the Teager energy, warping it to the MFCC [153].
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Figure 1. Organs involved in mouth sound production. Air powered by the lungs passes through the pharynx, larynx, and oral and nasal cavities, causing resonances and vibrations audible to human hearing. 
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Figure 2. Illustrations of the time features on a fragment of a speech signal. (a) Time signal. (b) ZCR. (c) STE. 
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Figure 3. Illustrations of frequency features on a fragment of a speech signal. (a) Time signal. (b) Spectrogram based on MFCC. (c) Spectrogram based on BFCC. 
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Figure 4. Most common trends across studies, from mouth sounds to applications. Here, important aspects regarding the processing and recording of mouth sounds, as well as the application of their analysis, are described. 
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Figure 5. Most used acoustic features in the time domain from the revised literature. The main applications for each group of features are shown inside the hexagons. 
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Figure 6. Commonly used acoustic features in the frequency domain from the revised literature. The main applications for each group of features are shown inside the hexagons. 
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Table 1. List of words used for this research. These keywords were used in the different databases to limit the research of material to only the topics of interest.
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	What Is the Main Objective?
	What Was Done to the Signal?
	How Was the Signal

Acquired?
	What Was Used to Process the Signal?
	Which Are the Fields of Study?





	Sound
	Processing
	Recording
	Algorithm
	Application



	Mouth
	Analysis
	Acquisition
	Code
	COVID-19



	Audio
	Extraction
	Conditions
	Devices
	Coronavirus



	Features
	Classification
	
	Instruments
	SARS-CoV-2



	Characteristics
	
	
	
	







COVID-19: Coronavirus disease 2019.













[image: Table] 





Table 2. Summary of important aspects regarding mouth sounds, analyzed acoustics features, and applications.
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Mouth Sounds

	
Acoustic Features

	
Applications




	
Time

	
Frequency






	
Vowels

	
ZCR

	
MFCC

	
Clinical diagnosis




	
Speech

	
Volume or loudness

	
CPP

	
Respiratory complications




	
Breathing sounds

	
STE

	
CPPS

	
Neurological disorders and conditions




	
Crying

	
Shimmer

	
Jitter

	
Emotional wellbeing and disorders




	

	
Amplitude descriptor

	
HNR

	
Emotion recognition




	

	

	
NHR

	
Mental health




	

	

	
f0

	
Sleep disorders




	

	

	
Formants

	
Speech and communication/expression




	

	

	
Spectral centroid

	




	

	

	
Spectral roll-off

	




	

	

	
Spectral spread
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