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Abstract

The individuals with cleft lip and palate (CLP) suffer from speech disorders due to articulatory

impairments. As a result, measurable reductions are observed in the speech intelligibility and quality.

Despite the advances in surgical management, the problems of articulation and resonance still remain

to some degree in the individuals with CLP. For repaired CLP speakers, another direction of improve-

ment in the speech intelligibility could be achieved through exploration of signal processing algorithms.

Among all the speech disorders demonstrated by individuals with CLP, certain disorders relatively

have a more severe impact on speech. In CLP speech, it is reported that the speech intelligibility

is affected by two factors mainly: hypernasality and articulation errors. These two speech disorders

are addressed in this thesis. In this thesis, we consider enhancement of CLP speech intelligibility by

modifying frequently observed phoneme-specific distortions (fricative misarticulation, stop misarticu-

lation, and vowel nasalization). The CLP speech modification is performed with an assumption that

the ground truth of the phoneme distortions is available.

The first work in the thesis addresses the modification of fricative /s/ misarticulation. Based

on the deviant characteristics, the misarticulated fricatives are segmented automatically followed by

categorization of the type of distortion into palatalization, phoneme specific nasal air emission, and

glottal stop. The fricative distortions that involve change in place of articulation are corrected using

spectral compression and spectral tilt modification. While the insertion method is used when both

change in the place and manner of articulation are observed.

In the next work, misarticulated stops are modified. As the stop consonants play an important role

in speech perceptivity, it is important to address them as well. The work focuses on three unvoiced

stop consonants /k/, /t/, and /T/. Three type of misarticulations are studied: glottal, palatal, and

velar stop substitutions. An event-based modification approach is used to correct the misarticulated

stops, where at first, automatic detection of burst onset and vowel onset events is carried out. The

misarticulated stops are modified using spectral conversion method.

For an entire word enhancement, apart from stops, the vowel distortion needs to be addressed. The

nasalized vowels (hypernasality) are observed to influence the speech intelligibility and quality both.

Hence, vowel modification is performed as the third work. The issues related to nasalization is studied

for vowels /a/, /i/, and /u/. In this work, the CLP distortions are analyzed in children speech and they

exhibit high-pitch speech. Additionally, hypernasality introduces nasal resonances in the oral sounds,
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with consistent nasal resonances in the low-frequency region. Therefore, an accurate representation

of the spectral envelope is necessary, for which extended weighted linear prediction (XLP) method

is used. The transformation is achieved using spectral conversion method. The deviated spectral

characteristics results in interference/additional signal components in the residual signal. Therefore,

a weighting function is used for de-emphasizing the interfering signal components in the XLP residual

signal.

Finally the word-level intelligibility is attempted by combining the specific phoneme modification

techniques discussed in the earlier works. Several issues exist in performing the entire word-level

intelligibility because many times, both articulation error and hypernasality are observed in the same

word. It is challenging to detect such misarticulations in an unsupervised method. Hence, with certain

assumptions and prior knowledge, the enhancement task is carried out.

To transform the CLP speech, different attempts are made in the thesis. The notable contributions

of the thesis are listed below:

• A database is developed for analysis and enhancing the CLP speech. Database comprised of

nonsensical words, vowel phonations, meaningful words, and short phrases. However, only some

nonsensical words and vowel phonations are used in this thesis.

• Misarticulated fricative /s/ is first studied because it is observed as one of the frequently occur-

ring speech distortions in the database and findings of various studies also support the same.

• Misarticulated unvoiced stops /k/, /t/, and /T/ are analyzed and modified.

• Nasalized vowels /a/, /i/, and /u/ are modified using temporal as well as spectral processing.

• Finally, phoneme specific modification techniques are combined to achieve entire word-level

intelligibility.

Keywords: cleft lip and palate speech, articulation error, hypernasality, intelligibility, speech

enhancement.
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1. Introduction

Overview

Speech is a natural and convenient means of communication. It is used to express needs, emotions

and share knowledge. A majority of people use speech effectively to communicate in a real-world en-

vironment. Regardless of the communication environment (presence of noise, reverberation), people

understand how to adjust to deliver their message successfully and partake in the conversation with a

wide range of communication partners. However, a group of people with speech sound disorders (SSD)

such as dysarthria, cleft lip and palate (CLP), hearing impairment, laryngectomy, and glossectomy

face difficulty in using speech effectively for communication. The problem varies across a variety of

environments. Unfamiliar listeners find it hard to be involved in the conversation with most of the

people who exhibit SSD. Clinically, the treatment of SSD requires surgical correction, prosthesis, and

speech therapy. Besides clinical intervention, studies report the modification of SSD based on signal

processing techniques. In a similar direction, this work aims at improving the speech intelligibility and

quality of one of the SSD: CLP speech. The work attempts to examine the intelligibility and quality

differences between CLP and healthy (non-CLP) speech. The study analyzed the factors impacting the

CLP speech caused by vowel nasalization and specific obstruent errors such as misarticulated frica-

tive and stop consonants. The present study deals with phoneme-specific modifications. The deviant

acoustic characteristics that contribute to the intelligibility and quality distortion are identified and

transformed. The modified speech segments replaced the distorted segments in the original speech to

observe the impact of the enhancement method. Further, all the specific phoneme modification methods

are used to improve entire word-level intelligibility and quality.

1.1 Cleft lip and palate speech

Cleft lip and palate (CLP) is one of the common congenital disorder of the craniofacial region.

Besides other problems associated with cleft and craniofacial impairment, it mostly impacts the artic-

ulatory structures. Impaired articulatory systems lead to difficulty in speech production. Therefore,

individuals with clefts are at risk for delays in acquiring speech skills and language development. In-

dividuals with CLP require surgical repair (such as, maxilofacial surgery, palatal surgery), prosthesis,

and speech therapy to establish appropriate oral-motor skills. However, speech disorders may per-

sist due to velopharyngeal dysfunction (VPD), oronasal fistula, and mislearning even after clinical

intervention [2]. The presence of VPD results in the loss of oral pressure during the production of

2

TH-2534_146102035



1.1 Cleft lip and palate speech

pressure-sensitive obstruents and results in the misarticulation of obstruents (i.e., stops, fricatives, and

affricates). VPD also results in hypernasality. In the case of an oronasal fistula, air escapes through

the fistula opening. To avoid the airflow through the fistula, an individual made a constriction behind

the fistula and end up in producing deviated speech sound. An oronasal fistula may result in weak or

omitted consonants and the nasalization of consonants. Mislearning is an articulation disorder that

results in the substitution of certain nasal or pharyngeal sounds for oral sounds [3]. Based on the

nature of speech distortion, the different type of speech disorders demonstrated by the CLP individ-

uals are categorized into: hypernasality, hyponasality, misarticulations, nasal air emission, and voice

disorders.

Hypernasality corresponds to a resonance disorder, and the presence of nasal resonances during

speech production has an excessively perceptible nasal quality [4]. Mostly, the voiced sounds are

nasalized, and the nasal consonants tend to replace the obstruents due to severe hypernasality. All

these factors affect speech intelligibility and quality both [2,5,6]. Hyponasality is a type of abnormal

resonance that occurs due to blockage in the nasal cavity entrance and hence, affects the production of

nasal consonants. Besides hypernasality and hyponasality, the CLP speech intelligibility is also affected

by misarticulations (articulation error) such as weak consonant or nasalized consonant or glottal stop

or pharyngeal substitution or velar substitution [2, 3]. Misarticulations are produced either due to

the structural or functional disorder or both. Misarticulations in CLP speech are categorized into

two types: obligatory and compensatory errors [7]. Obligatory distortions occur when articulation is

normal, but the structure is abnormal. Weak and nasalized consonants are examples of obligatory

errors. Compensatory errors are those that occur when articulation placement is changed to avoid the

abnormal structure. Compensatory errors include glottal, pharyngeal, and palatal substitutions. The

glottal and pharyngeal substitutions produced for the oral targets are due to air escape through the

nasal cavity. Nasal air emission (NAE) consists of a turbulence noise source created in the nasal cavity.

The turbulence noise produced in the nasal cavity is exhaled forcibly, which becomes a part of the

generated speech signal. NAE also influences the speech intelligibility [2]. Voice disorder results in an

alteration in the normal phonatory quality of the voice. It is characterized by breathiness, hoarseness,

low intensity, and glottal fry [3]. Voice disorders may or may not impact speech intelligibility.

3
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1. Introduction

Figure 1.1: Illustration of the waveform and spectrogram of the sentence /Sarita kattari ta/ for
(a)-(b) non-CLP speaker and (c)-(d) CLP speaker.

1.1.1 Primary factors associated with CLP speech distortion

Among the many speech disorders demonstrated by individuals with CLP, certain disorders rela-

tively have a more severe impact on speech. It is reported that in the case of individuals with CLP,

speech intelligibility is primarily affected by hypernasality and articulation errors [8]. Hence, in this

subsection, a brief review of the impact of articulation error and hypernasality in CLP speech is

presented to draw insights for the study.

For an illustration, the impact of articulation error and hypernasality is depicted in Figure 1.1.

From Figure 1.1, the differences between non-CLP (Figure 1.1 (a)-(b)) and CLP (Figure 1.1 (c)-(d))

speech can be observed in terms of burst evidence, formant transitions, spectral energy in the low-

frequency region of the vowels, spectral energy in the high-frequency region of obstruents, and pauses

between words. From Figure 1.1, it is also observed that the phonemes are not easily distinguishable

in CLP speech. The utterance showed in Figure 1.1 (c)-(d) is considered from a CLP speaker with

moderate-severe speech intelligibility distortion. Due to severity, both articulation error and nasaliza-

tion are observed. The acoustic characteristics of the intended speech sounds are distorted because of

4
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1.1 Cleft lip and palate speech

the unintentional production of nasalized vowels and nasal cognates, as certain voiced stops share the

same place of articulation (PoA) with nasal consonants [8].

Several studies in the literature have also observed that the speech disorders shown in Figure 1.1

reduces the CLP speech intelligibility. A study in [9] analyzed the acoustic deviations of CLP speech

using the features extracted from the regions around the vowel onset points. The presence of nasal

sound characteristics in the speech signals is also analyzed to determine the nasalization impact on

speech intelligibility [10]. In the study, articulation and hypernasality scores are mapped to a measure

using a trained regression model. The mapped measure is considered as the composite measure of

intelligibility. The predicted intelligibility scores showed that the essential cues responsible for speech

intelligibility are distorted in the case of CLP speech [3]. Based on the reported speech outcome

measures, hypernasality is observed to reduce speech intelligibility or quality or both [11]. It is found

that with an increase in hypernasality, the intelligibility decreases, and the authors suggested that

hypernasality interacts with intelligibility [12]. Children with hypernasal speech are perceived by

peers to be less pleasant, attractive, and intelligent [13–15]. As the ratings of nasality increases, the

social acceptance ratings became more negative [16]. Another study examined the speech outcome of

110 adolescents with CLP, and they reported that 45% of the children demonstrated speech that was

considered non-acceptable [3]. A study also said that articulation, nasal resonance, and nasal escape

have a direct influence on the degree of intelligibility [17–20].

In a different study, a single-word intelligibility test was performed and found a significant cor-

relation (r = 0.79) between perceptual intelligibility ratings and percentage of consonants correct

(PCC) [21]. Articulation patterns and intelligibility were evaluated in 54 Vietnamese individuals with

un-operated and operated cleft palate in the age range of 3− 24 years [22]. The authors indicate that

there is relationship between the type of oral clefts and the proficiency of the speech skill attained by

the speaker. Another study reported that PCC and intelligibility were positively correlated. In [23],

the authors reported a significant correlation between articulation ratings and intelligibility ratings. A

significant correlation (r = 0.715) is also reported between articulation errors and speech intelligibility

in [24]. Additionally, a study investigated the relative contribution of speech disorders, namely articu-

lation error, hypernasality, and voice disorder on CLP speech intelligibility [25]. From the study, it is

observed that articulation error have the highest correlation r = 0.919 with the intelligibility ratings.

Hypernasality exhibit a relatively lower correlation r = 0.726 and voice disorder have the least corre-
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lation r = 0.244 with the intelligibility. This renders that CLP speech can be degraded by articulation

error and hypernasality, making CLP speakers socially less confident while conversing with others.

Since, the articulatory impairment affects the CLP speech intelligibility, it is given due focus. In the

clinical settings the interdisciplinary management team (surgeons, dentists, speech therapists) try to

improve the CLP speech intelligibility by using surgical intervention, prosthetics, and speech therapy.

1.2 Speech enhancement in clinical settings

Individuals with disordered speech require different types of interventions to establish normal

speech production. Those who exhibit articulation and resonance problems may require both surgical

management and speech therapy. On some occasions, an individual is not considered suitable for

physical management, then prosthetic intervention is recommended. Most of the individuals with a

history of CLP undergo speech therapy to minimize speech sound production difficulties caused by

VPD and other reasons. Post-operatively, speech language pathologists (SLP) recommend speech

therapy because it is essential to make the speaker learn the use of surgically corrected structure to

produce speech like that of non-CLP [8, 26]. Several times, the surgical intervention may or may

not result in functional correction of CLP speech, and deviant speech persists even after surgery.

Therefore, speech therapy is recommended to obtain correct speech sound production.

Before proceeding with speech therapy, the SLPs evaluate the CLP speech using perceptual and

instrumental measures. The SLP investigates the speech characteristics by engaging the individual

with CLP in a conversation and make judgments regarding their intelligibility, articulation, voice, and

resonance. The instrumental measures involve the techniques like nasometry, videofluoroscopy, na-

sopharyngoscopy, and electropalatography, to obtain crucial additional information [2]. The primary

task in assessment is to determine whether the individual is stimulable or not for eliminating the com-

pensatory placement errors with adequate correction of articulation placement. An SLP examines the

relationship between intelligibility and other speech-language variables to select appropriate treatment

methods. In some instances, different forms of supplemental evaluation procedures (such as visual,

tactile, and auditory testing) are employed to more clearly determine the speech characteristics and

its underlying causes [2, 3].

The individuals with CLP demonstrate a wide range of speech production problems. The SLP

selects an appropriate strategy to enhance articulation or phonological development or general expres-
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sive language functioning based on the type of impairment. At first, the SLP performs an auditory

discrimination test, where digital recording equipment is used to help the individual discriminate

against the correct and disordered speech. If the speaker with CLP cannot distinguish the contrast,

the SLP further investigates other associated issues. A finding that the perception of the misarticu-

lated speech sound is inadequate motivates the SLPs to include the perceptual component as a target

in clinical intervention. The SLPs also examine whether an individual display problems on higher-level

knowledge of phonemic categories using speech-production-perception task. The task assesses an in-

dividual ability to appreciate the phonological contrast between clear productions of the target sound

and the substituted sound [27, 28]. Once the problem is identified, the SLPs considers the individual

for speech therapy. In the case of articulation problems, the SLPs try to establish appropriate artic-

ulatory placement. If necessary, the SLPs work on specific phonemes in isolation, where they ask the

individual to prolong phoneme placement. During speech therapy, biofeedback (visual, tactile, and

auditory) is considered an effective treatment form. Although all forms of biofeedback were reported

to be helpful, the auditory feedback is usually considered most effective as it entails the cognitive

ability of an individual. In auditory feedback, the SLPs simulate the disordered speech sounds and

present them along with the correct speech sounds. Through auditory discrimination and training an

individual can achieve good understanding on acoustic quality of the speech. The SLPs pointed out

that the correction of abnormal speech sounds requires motor learning and motor memory. Motor

learning occurs through audio feedback while motor memory is acquired through many repetitions

(practice) of the correct speech sounds. Hence, intensive speech therapy is considered an effective

form of treatment for speech-language problems.

1.3 Issues associated with CLP speech distortion

The development and innovation in technology have eased our daily lifestyles. Specifically, speech-

based applications such as automatic speech recognition (ASR), language identification have changed

the way people interact with their devices [29]. Various potential applications of ASR include voice

search, voice dialing, interactive voice response, automatic dictation of spontaneous text, telephonic

access to services, voice command and control of domestic appliances. The interaction with mobile

devices and other speech-based applications require the ASR system to be robust to the wide range of

speakers. However, many speakers with speech difficulties are devoid of using the technology effectively
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as the system models are trained with typical speakers speech. When the distorted speech is input

to such systems, the system performance accuracy decreases [30,31]. The reason for low-performance

accuracy maybe because the models ignore high variations (for example, nasalization, substitution

errors, imprecise obstruents) in the disordered speech. A study in the literature [32, 33] attempted

to examine the ability of the digital speech assistants in recognizing the speech of individuals with

amyotrophic lateral sclerosis (ALS)-induced dysarthria. Although the recognition accuracy is low,

the researchers reported that individuals with speech impairments prefer to use the speech assistants.

In this direction, another study [34] reported on how users with speech distortion prefer the use of

speech-controlled devices, with many difficulties.

Additionally, in clinical interventions, studies revealed that despite the advances in surgical man-

agement and the advantages of an interdisciplinary teams involvement, a substantial number of in-

dividuals with CLP demonstrate articulation and resonance problems. For some instances, it is not

easy to modify the compensatory patterns, once it becomes habituated. Intensive speech therapy is

required for the improvement of such speech disorders. However, to obtain corrective-remedial inter-

ventions, individuals with CLP need access to speech therapy services. For financial, logistical, and

geographical constraints the access to such services often becomes challenging. This is the reason why

some CLP individuals are unable to get the effective speech therapy.

The above mentioned reason necessitates the need for improving the intelligibility of disordered

CLP speech from another perspective such as signal processing techniques. The techniques such as

acoustic transformations, spectral conversion, spectral tilt modification and various other spectral and

temporal processing techniques are reported to enhance both the degraded speech and pathological

speech. In the following section, we present the salient features of the enhancement techniques.

1.4 Overview of speech enhancement methods

Speech enhancement is a widely studied topic by many researchers in the field of speech technology

because of its applications in medical, commercial, and military contexts. In the speech enhancement

literature, two broad categories of enhancement studies are noted: one corresponds to the speech

enhancement for degraded speech of healthy speakers and the other corresponds to the enhancement

of speech sound disorders (dysarthric speech, glossectomy speech, electrolaryngeal speech, CLP, and

speech enhancement for hearing impaired).

8
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Typically, the speech signal gets degraded due to background noise, reverberation, and communi-

cation channel discrepancies. Additionally, the advancement in speech technology has increased the

interest in mobile speech processing applications such as speech controlled devices, smart phone appli-

cation, and assistive devices. Therefore, the methods that enhance the speech using signal processing

based techniques are widely studied by many researchers. Specifically, in voice telephony, speech en-

hancement methods are used as preprocessing technique in speech coding or speech recognition. This

section presents a review of enhancement technique.

The non-CLP speakers speech enhancement method focuses on speech in noise, where the back-

ground noise is suppressed, and the speech quality and intelligibility are improved [35]. The intel-

ligibility of noise degraded speech is improved using the techniques, such as spectral subtraction,

subspace filtering [36,37], codebook based Wiener approach [38], hidden Markov model (HMM)-based

approach [39,40], dictionary-based approach [41], and deep neural network (DNN)-based approach [42].

Various other techniques attempt to improve the speech intelligibility and quality by exploiting the

audio and signal properties, namely, amplitude compression scheme, dynamic range compression,

and peak-to-root mean square reduction [43–45]. Certain other speech intelligibility enhancement

techniques exploit the knowledge of noise mask, such as optimizations based on speech intelligibility

index and glimpse proportion maximization [46, 47]. Further, adaptation based approaches are also

explored to improve speech intelligibility [48]. Studies report the advantage of exploiting the natu-

rally produced speech acoustic characteristics to improve speech intelligibility in an adverse listening

environment [49,50].

The motivation behind the enhancement of speech sound disorders is to improve the mediated in-

teraction of pathological speaker with human or machine. In line with this motivation the dysarthric

speech modification is achieved using acoustic transformation [51], Gaussian mixture modeling (GMM)

based voice transformation [1], duration modification, and nonnegative matrix factorization (NMF)

based spectral conversion [52, 53]. Electrolaryngeal (alaryngeal) speech enhancement includes the

transformation of speech by enhancing formants and perceptual weighting technique, respectively [54,

55]. The enhancement of electrolaryngeal speech is also investigated using hybrid noise source mod-

eling [56] and fundamental frequency control [57]. Some other studies [58,59] have reported improve-

ment in the quality of electrolaryngeal speech using a speaking-aid system based on voice conversion

method and one-to-many eigenvoice conversion. A statistical approach is exploited in [60] to enhance
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the body-conducted unvoiced speech for silence communication. Methods like frequency lowering were

proposed for improving the intelligibility of degraded speech [61]. A few studies also report speech

enhancement for individuals with articulation disorders using voice conversion technique [53,62]. For

hearing impaired listeners, a wide range of research is reported in the literature, where microphone

arrays were shown to improve the speech intelligibility in noise. The noise reduction algorithms based

on multichannel Wiener filter with and without partial noise estimates are studied in [63]. Vocoder

based frequency lowering system and vowel enhancement are explored in [61,64]. A study also focused

on speech enhancement based on binary masking [65].

In the context of CLP speech where the primary source of distortion include misarticulated obstru-

ents and vowel nasalization, the signal processing techniques are yet to be explored. Hence, motivated

by the potential of speech enhancement techniques for improving SSDs, CLP speech modification is

attempted in this thesis.

1.5 Motivation of the thesis

The studies mentioned in Subsection 1.3 showed that people with speech disabilities face many

challenges using the speech-based technologies. However, many of them also prefer to use speech-

enabled services to perform a multitude of everyday tasks with less effort. Speech-based applications

provide convenience, novelty, unique solutions for the medical industry, conversational interaction,

speech therapy, and learning support [66]. It is reported that some individuals with disabilities could

rely on speech-based applications for additional benefits. Benefits include access to information at any

time from almost anywhere, banking, weather condition, news, audiobooks, improved communication,

social interaction, and navigation [67].

In the clinical intervention, even after surgery, speech distortions do not get completely eliminated.

It is followed by speech therapy to achieve improvement in the speech intelligibility. Speech therapy

involves speech recognition systems [68–70]. It is as effective as traditional treatment with proper

monitoring by the SLPs [69]. Thus, the successful enhancement of CLP speech would be beneficial

not only for the access of speech-based applications by CLP speakers but also have potential to be

applied for their automated speech therapy. The outcomes of this study can be used in developing an

assistive tool but not as a substitute for SLPs.

Despite the potential of the enhanced speech in the usability of speech-based applications and
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speech therapy, CLP speech enhancement is not explored in the literature. Motivated by that objec-

tives, we undertook an initial study on the effectiveness of CLP speech modification for enhancing the

intelligibility and quality.

1.6 Scope of the work

The scope of the work is limited to studying specific CLP speech distortions in isolated phonemes

in the context of /CVCV/ words with identical /CV/ pairs. The study primarily focuses on enhancing

a few select obstruents and vowels. Later, it is extended to some nonsensical /CVCV/ words that can

be formed by combining the studied obstruents and vowels. After developing the phoneme specific

enhancement schemes, their impact on the intelligibility and quality of the CLP speech is studied

for both phoneme-level and word-level enhancements. Further, we have also illustrated whether the

proposed enhancements are effective in improving the CLP speech recognition performance.

This study has been performed on speech data collected in clinical settings from children having

mild to moderate CLP disorder. Despite our attempt to facilitate CLP speakers, the scope of our study

does not fully align with augmentative and alternative communication (AAC) which often focuses on

severe speech distortions [67].

In the analysis of the CLP speech, we focused on the speech distortions caused by specific obstru-

ent errors like misarticulated fricative /s/ and stop consonants /k/, /t/, /T/ and vowel nasalization

/a/, /i/, /u/. In fricative misarticulation, three types of errors are addressed: shift in spectral promi-

nence, absence of frication, and additional turbulence noise source created in the nasal cavity. All

these factors lowers the required intra-oral pressure for producing fricative sounds resulting in misar-

ticulated fricative. Fricatives represent a class of sound characterized by high-frequency energy and

misarticulated fricative exhibit prominent low-frequency energy. This poses the importance of pro-

cessing different frequency bands separately. In the case of misarticulated stops, absence of bursts,

formant transitions, weak bursts, and weak spectral prominence are observed due to change in place

and manner of articulation. Accordingly, different acoustic events around the stops must be processed

separately as they possess different degrees of variation. Therefore, the acoustic events can be used

as an anchor to apply different analysis and enhancement methods to improve the CLP speech. Con-

sidering the case of hypernasal speech, both the low-frequency and high-frequency spectral deviations

are observed [71]. As a result the auditory perception is characterized by broadened spectral peaks
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and flattened spectra [72, 73]. Each of the spectral components of the vowel has a different influence

on perceived hypernasality [74]. In this study, the work is carried out on children speech, hence, the

above mentioned problems gets further enhanced.

The assessment of the intelligibility of obstruent modification has been done in the context of

/CVCV/ words with only target obstruent being modified. The major contributions of the thesis are:

• Development of a database for the analysis and modification of disordered CLP speech.

• Misarticulated alveolar fricative is analyzed and modified using spectral compression, empha-

sizing spectral tilt, and insertion method.

• Misarticulated stop consonants are automatically detected and modified using the NMF method.

• The hypernasal speech characteristics are studied, and the nasalization of the vowels is reduced

using GMM based spectral conversion and temporal processing using fine weight function.

• An entire word modification is attempted based on all the isolated phoneme-specific modifica-

tions techniques.

The remaining of the thesis are organized as follows:

1.7 Organization of the thesis

• In Chapter 2 the speech intelligibility enhancement methods exploited for non-CLP speakers

speech are reviewed. Taking cues from the non-CLP speech enhancement techniques, intel-

ligibility enhancement of various SSDs are also attempted in the literature, and the same is

reviewed in this chapter.

• In Chapter 3, a detail description of the data is presented. The chapter describes the data

collection process, speaker characteristics, metadata, and the recording set-up. Further, it

discussed the subjective evaluation performed for different speech distortions and phonemes

studied in the thesis.

• In Chapter 4 the acoustic characteristics of misarticulated fricative /s/ is investigated. At first

automatic segmentation is performed followed by modifying the errors close to non-CLP /s/

characteristics. Three types of misarticulated fricative /s/ are analyzed: palatalized articulation,

phoneme specific nasal air emission (PSNAE) distorted /s/, and glottal stop substituted /s/.

The deviations of palatalized /s/ and PSNAE distorted /s/ are corrected by modifying the

spectral energy. The high-frequency energy levels are emphasized to improve the perception of
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fricative /s/ using spectral tilt modification. Glottal stop substitution is modified by inserting

artificially synthesized /s/. The fricative /s/ signal is synthesized using a white noise signal and

linear prediction filter obtained from non-CLP children fricative /s/.

• In Chapter 5 modification of compensatory errors produced for stop consonants /k/ ,/t/, and

/T/ are addressed. Three types of misarticulations are studied: glottal, palatal, and velar stop

substitutions. An event-based modification approach is used to correct the misarticulated stops,

where at first, automatic detection of burst onset and vowel onset events is carried out. Then,

the region from vowel onset to 20 ms duration of the vowel is extracted. Further, the region

from burst onset point to 20 ms duration of the vowel is defined as the region for modification,

and it is transformed using the NMF based spectral conversion.

• In Chapter 6, the issues related to nasalization is studied where, hypernasal vowels /a/ ,/i/, /u/

are studied. The hypernasal (HN) speech signal spectral characteristics are modified by trans-

forming the spectral envelope while retaining the fundamental frequency of the source speaker.

The transformation is achieved using GMM based spectral conversion function derived from

the source (HN) and target (non-CLP) speakers probabilistic model. Using the transformation

function, hypernasal speech is mapped to the non-CLP speech. Further, a weighting function is

used for de-emphasizing the interfering signal components of the XLP residual signal.

• In Chapter 7, word-level intelligibility is attempted by combining the specific phoneme modifi-

cations discussed in the above chapters. A comparison study is also done to observe whether

the single transformation method exploited in the above chapters can improve the entire word-

intelligibility or not. When the transformation method is used to modify the word as a whole,

it is observed that the speech sounds muffled. Thus, further processing is required to achieve a

good quality enhanced speech. Hence, phoneme specific modifications are exploited to improve

the word-level intelligibility.

• In Chapter 8, a summary of the thesis is presented by discussing the contributions of the

work. The chapter also discussed the feasible directions for future explorations based on the

shortcomings of the thesis.
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Overview

The correction of cleft lip and palate (CLP) speech require clinical interventions. However, the

clinical strategies exploited for the structural corrections may not result in functional correction of the

speech. Therefore, speech therapy is recommended. In certain cases, speech distortion persists after

all the corrections are performed. Besides clinical intervention, another direction of research showed

that speech enhancement can also be performed based on signal processing techniques. Several studies

in the literature present speech enhancement of different speech sound disorders (SSD) for rehabilita-

tion. Speech enhancement is also performed for non-CLP (healthy) speech, which is often corrupted by

various types of environmental conditions. Therefore, taking insight from the literature studies, this

work also aims at improving the CLP speech by analyzing the nature of the disordered phenomena and

transforming it into non-CLP speech characteristics. The chapter first presents the review of speech

enhancement techniques exploited for the non-CLP speakers degraded speech, where noisy speech, re-

verberant speech, and multi-speaker speech were addressed. Further, the speech enhancement performed

for different SSDs such as dysarthric speech, electrolaryngeal speech, glossectomy speech, speech of the

speakers after oral surgery, and speech for the hearing impaired listeners are reviewed.

2.1 Introduction

Speech tends to lose its naturalness, audibility and information content when it is corrupted by a

considerable amount of acoustic background noise, interference, and recording device. The presence of

noise or any form of interference causes signal degradation, and it can result in distorted speech. Speech

is also distorted when it is produced by a speaker who have a speech sound disorder (SSD). SSD refers

to the difficulty or a combination of difficulties with perception, motor production, and phonological

representations of speech sounds [75]. The SSDs caused by an impairment affects the motor act of

creating speech sounds, which may result in unintelligible speech. The degraded speech, whether it is

noise distorted speech or impaired speech, can be enhanced using speech enhancement algorithms [1,

76, 77]. The purpose of speech enhancement is to improve the perceptual aspects of speech signals

such as overall quality and intelligibility for listeners or machine recognition. Speech enhancement

is widely studied in the literature due to a variety of applications in medical (e.g., assistive aids,

speech therapy), commercial (e.g., mobile technology, navigating GPS, day-to-day service systems),

and military (e.g., air force, radio relays) contexts. Accordingly, the study is also focused on one

16

TH-2534_146102035



2.1 Introduction

such direction. This study aims to improve the CLP speech intelligibility and quality. The CLP

speech is affected by structural and functional deformities, causing difficulty in speech sounds motor

production. As CLP speech corresponds to the physiological disabilities, the study further concentrates

on the speech enhancement studies performed in medical contexts. The advancements made in healthy

speech enhancement studies are also reviewed to gain more insights into merits and de-merits of each

techniques.

An individual with SSD may face social difficulties due to poor speech intelligibility, which can

preclude them from the outside world affecting their potentials in education and employment [3]. In

medical contexts, besides clinical interventions, researchers have tried to transform the disordered

speech from the signal processing point of view. In a realistic environment when listeners are unable

to talk face to face with speakers having speech impediments, and the speakers have to rely on

certain electronic mediated application, it is assumed that a speech modification system may be

beneficial [51]. The poor speech intelligibility creates problem in situations with high vocal demands,

such as, telephone conversation, speaking in noisy conditions. Such situation motivates the researchers

to enhance the speech for better understanding. Individuals with SSDs prefer to communicate through

speech, but it is difficult to understand their speech in different situations. Even though, speech

therapy has the potential to improve the intelligibility to a large extent. However, it is hard to attain

the intelligibility level to that of a non-CLP speech for many of the individuals with SSDs. Therefore,

it is desirable to recognize the distorted speech automatically and improve the speech characteristics.

Speech enhancement systems presents one direction of research and practice, where the aim is to

find ways that can improve the task that the impaired articulators should have fulfilled. Hence, to

make speech communication more convenient in any situations specifically for any persons with speech

pathology, it is desirable to exploit and improve the technologies that will overcome the problems.

Considering the nature of the speech disorder (i.e., deviated acoustic characteristics), a speech

signal modification algorithm can be designed for enhancement. Therefore, to exploit an effective

enhancement method, a detailed summary of the state-of-art signal processing-based CLP speech en-

hancement is required to define the work motivation appropriately. Most of the existing approaches

concentrate on the intelligibility enhancement of dysarthric speech, electrolaryngeal speech, speech for

hearing impaired listeners, and the speech of the speakers with oral surgery. Apart from CLP speech,

enhancement of various other speech disorders has been studied to assist the needful individuals with
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speaking aids and adapt better communication skills. However, works specific to CLP speech enhance-

ment are not observed in the literature. Therefore, it is essential to study the speech enhancement

performed for different SSDs. Many of the disordered speech enhancement studies benefit from the

recent advances made for healthy speech enhancement techniques. In this regard, this chapter reviews

the advancement made in the healthy speakers’ speech enhancement methods because researchers have

exploited them for improving the disordered speech quality and intelligibility.

The remaining part of this chapter is organized as follows: In Section 2.2, the advancements made

in the non-CLP speakers degraded speech modification techniques are discussed. A brief discussion of

speech synthesis method is presented in Section 2.3. In Section 2.4, a detailed description of different

SSDs and its improvement is discussed. Section 2.6 presents the overall inferences of the enhancement

and synthesis approaches exploited in different situations and for different speech disorders.

2.2 Speech enhancement techniques

Speech enhancement methods are very popular in improving healthy speakers degraded speech

because of their simplicity and effectiveness. In this context, various enhancement approaches were

proposed based on the type of speech distortions and applications. The techniques commonly used

in speech enhancement are broadly categorized into conventional speech enhancement approaches,

model-based approaches and deep learning based approaches. This section will briefly review the

working principles of these approaches.

2.2.1 Conventional speech enhancement methods

The speech enhancement methods minimize the acoustically coupled background noise to improve

the quality of speech communication system. In the case of speech degraded by the background noise,

the noise is assumed to be uncorrelated and additive in nature. Studies report a wide variety of speech

enhancement techniques because they play an important role in the context of voice telephony, hearing

aids, speech coding, robust automatic speech recognition (ASR), and teleconferencing [78].

Figure 2.1 depicts the basic principle of a single channel speech enhancement technique which

consider the segmented short time windowed frame as input. In the enhancement process, a short

time transform is applied on the windowed frame of the observed noisy speech. Commonly used

transforms include short-time Fourier transform, wavelet transform and cosines transform. The noisy

speech is represented as the sum of clean and background noise given by, y(n) = s(n) + v(n). Here,
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Figure 2.1: Block diagram of a conventional speech enhancement approach.

n represents the sampled time index. The variables y(n), s(n), and v(n) denotes noisy speech signal,

clean signal and noise signal, respectively. In Figure 2.1, preprocessing refers to the pre-emphasis.

Further, the speech signal is segmented into overlapping frames followed by windowing. The estimate

of the noise power spectrum, N̂(m, k) in Figure 2.1 is acquired from the magnitude spectrum of short-

time Fourier coefficient, Y (m, k) of the truncated noisy speech frame y(n,m). Here, m denotes the

time at which analysis window is positioned and k denotes frequency index. Further, the estimated

noise components are filtered to obtain the enhanced short time transform components, Ŝ(m, k) which

is then used to synthesized the enhanced signal. The phase of the noisy speech is used to synthesize

the enhanced speech. Hereafter, in the context of noisy speech enhancement, phase of the noisy speech

will be used during synthesis, unless specified. The above process basically illustrates the estimation

and elimination of the degraded components in the speech signal.

Similar to the above described general structure of speech enhancement system, in the literature

various other techniques are exploited to extract the clean speech signal from the noisy speech signal.

In this regard, two subcategories were reported, namely, parametric and non-parametric approaches.

In the non-parametric approach, speech enhancement is achieved by removing the noise component

from the noisy observation while considering the signal distribution is unknown. The clean signal is

estimated from the noisy signal under the assumption that noise is additive and uncorrelated with the

clean signal. The estimate of the distortion is removed from noisy features using different classes of

algorithms such as power spectral subtraction [79], Wiener and Kalman filtering [80], signal subspace

filtering [81], wavelet denoising [82], binary masking methods [83], time-frequency domain approach,

transform domain approaches, and schemes based on periodic models [84].
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The spectral subtraction method describes the process of subtracting an average estimate of the

power spectral density of the noise from the noisy speech to obtain the clean speech spectrum. While

estimating the noise spectrum, some additional interfering components are observed due to errors. The

interfering components change randomly and are referred as musical noise artifacts and it is perceived

prominently during speech pauses. Another widely studied algorithm in speech enhancement systems

include Wiener filter based approaches. In Wiener filtering based method, an optimal estimator is

designed to minimize the estimation error between the clean speech estimate and the noisy speech.

Wiener filtering based speech enhancement systems are reported to provide satisfactory results for

stationary signals but not for the transients that occur in the frame boundaries. Another famous

approach in noisy speech enhancement systems correspond to signal subspace algorithm. In this

approach the noisy signal is decomposed into signal and noisy subspace respectively using singular

value decomposition or Karhunen-Loeve transform [36, 37, 85]. The enhanced signal is obtained by

removing the noise subspace and estimating the clean signal from the remaining signal subspace.

Wavelet denoising is attempted using wavelet shrinkage algorithm. It is based on the threshold of

wavelet coefficient which defines the limit between the noise and clean signal. Certain other speech

enhancement systems perform denoising based on threshold. The enhancement technique separates

the desired signal from the mixture by retaining the time-frequency units where, signal-to-noise ratio

exceeds the pre-determined threshold while forcing to zero the remaining ones [83,84].

In the case of parametric approach, models such as autoregressive or sinusoidal models are use

to describe a signal. The clean speech is extracted from the noisy speech by formulating the noise

suppression task as an estimation problem. In this type of process, the speech estimator estimates the

speech spectral magnitude given the noisy speech coefficient or amplitude, variance of clean speech

and noise. Both the speech and noise components are modeled as statistically independent random

variables. Generally, a cost function is used to achieve the optimality criteria. In some of the studies,

researchers incorporate significant perceptual information in the optimality criterion by considering

log of the clean and enhanced speech amplitudes. Noise reduction using estimation process is at-

tempted using either maximum likelihood (ML) estimator, where the aim is to suppress the noise by

comparing the measured speech and noise power with the estimated background noise power [86]. The

task of speech estimators such as minimum mean square error (MMSE), log MMSE, Bayesian, and

short-time spectral amplitude (STSA) is to enhance speech by minimizing the error between clean and
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enhanced speech [87]. The maximum a posteriori (MAP) estimators are used to estimate the speech

spectral amplitude given the noisy speech parameters. The clean speech is obtained by maximizing

the probability density function of the speech spectral amplitude [78]. Kalman filter based approaches

are used for speech denoising as it can be applied to both the stationary and non-stationary signals.

Kalman filter is a minimum-variance linear filter whose framework exploits human speech production

system [88]. Kalman filter based speech enhancement are used in many real-world applications. The

parametric approaches report improved speech quality with significant reduction in musical noise com-

pared to non-parametric approaches. Because of the significant ability of the parametric approaches,

they are found to be suitable for applications in hearing aid devices as well [89].

The conventional speech enhancement systems are widely used for noise removal and they are easy

to implement. However, in these speech enhancement systems, the frequency spectra of speech and

noise often overlap and noise reduction is attained at the expense of speech distortion. The accuracy

of the speech enhancement system varies with the signal-to-noise ratio (SNR) and non-stationary

noisy environment. Therefore, model-based approaches are developed to tackle the noise removal

problems in both stationary and non-stationary noisy environments. In this type of approaches, more

sophisticated statistical models are used to overcome the shortcomings.

2.2.2 Model-based speech enhancement

The model-based approaches are widely studied, where a model is considered for each of the specific

types of signals (clean speech and noisy speech). In trained model-based systems, the processes are

defined by parametric models (such as auto regressive models) because the parameters are estimated

from the training samples of the representative databases of speech and noise. Further, based on the

model parameters, a combined model is defined and the desired task (such as noise reduction, source

separation) is carried out.

In the model-based speech enhancement systems shown in Figure 2.2, a short time transform is

applied on the windowed frame of the observed noisy speech, which is represented as the sum of

clean speech and background noise, y(n) = s(n) + v(n). Here, n represents the sampled time index,

y(n), s(n), and v(n) denotes noisy speech signal, clean signal and noise signal, respectively. The

power spectral density (PSD) of the speech and noise processes are estimated from the speech and

noise databases, respectively. The distance between the magnitude spectrum, Y (m, k) and an estimate

Ŷ (m, k) is minimized using a distortion measure. The estimate Ŷ (m, k) is defined as the superposition
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Figure 2.2: Block diagram of a model-based speech enhancement approach. PSD denote power
spectral density.

of speech and noise PSD. The minimization yields a noise estimate N̂(m, k). Using estimated noise

PSD, spectral gain is derived. Finally, the noisy spectrum is multiplied with the spectral gain G(m, k),

to obtain the enhanced spectrum Ŝ(m, k), which is further used to synthesized the enhanced speech

signal.

Similar to the framework illustrated in Figure 2.2, different types of data-driven based speech

enhancement techniques are developed, namely hidden Markov model (HMM) based approach, dic-

tionary based approach and codebook based Wiener approach. Speech enhancement system designed

using a HMM based approach is reported in [39]. During the enhancement process, the frame of the

prepossessed noisy speech signal is analyzed for speech and non-speech activity regions. The long

periods of non-speech activity regions are fed into the Viterbi-like forward algorithm and the likeli-

hoods for each pretrained noise HMM is computed and compared with that of other HMMs. The

model that exhibits highest likelihood value is considered as the representative noise model. Using

the representative HMM parameters and clean speech models, the noisy speech is input to the MMSE

forward algorithm. It further generates weights for Wiener filter. A single weighted filter is calculated

for each frame of the noisy speech using computed filter weights and pretrained Wiener filters. Finally,

the noisy speech is filtered using a weighted filter, which generates the spectral magnitude of enhanced

speech signal. The modified spectral magnitude and noisy speech phase information is used to obtain

the time-domain enhanced speech.
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Another study reported speech enhancement using a codebook based Wiener filter [38]. The

noisy speech is modified by filtering it using MMSE estimate of the clean speech. Here, at first

the prior information is modeled using Bayesian MMSE estimators of speech and noise short-term

predictor parameters which was developed using codebooks of linear predictive coefficients. The priori

information is processed on a frame-by-frame basis based on the current frame observation, to ensure

that the approach performed effectively in non-stationary environment. Both memory-based and

memory-less estimators were developed to analyze the impact of frame-by-frame gain computation

in the mean and variance of the squared error. The MMSE based approach demonstrated good

performance in terms of SNR, segmental SNR, log-spectral distortion, and perceptual evaluation of

speech quality. Denoising of the noisy speech signal is also attempted using immune based singular

value decomposition (K-SVD) algorithm [41]. The denoising process first initializes a dictionary with

a set of corrupted speech signals. Therefore, the sparse coefficients are found using an optimized

algorithm based on strict sparsity constraints. The sparse matrix is assumed to be invariant while

updating the dictionary atoms. Adaptive redundant dictionary is obtained by applying the dictionary

and sparse representation coefficient while updating phase alternatively. Subsequently, the test set

signals are decomposed over the redundant dictionary, which separates the coherent speech signals

from the incoherent corrupted signal. The incoherent components are discarded to reduce the noise.

Finally, the denoised speech signal is obtained by using the sparse coefficients.

With large training data and increase in computational resources, data-driven based approaches

were reported to substantially advanced the state-of-the art performances. In the above mentioned

approaches, speech enhancement is achieved at the expense of speech distortion. The reason may

be attributed to the inaccurate utilization of the acoustic context information of the time-frequency

domain. Therefore, to deal with the expense of speech distortion, researchers exploit deep learning

based technologies and found that it could be more suitable to model the relationship between the

clean speech and noisy observation in the time-frequency domain.

2.2.3 Deep learning based speech enhancement

Recent studies on deep neural networks (DNN) have pointed out insights on using deep learning

procedure which were successfully applied to ASR and a few related tasks [90]. The tasks executed

using DNN based techniques showed that it outperforms the state-of-the art techniques [29,91]. With

rapid rise in DNN and its effectiveness, researchers were inspired to investigate the ability of the
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technology for speech enhancement tasks in realistic noisy environment. Speech enhancement tasks

executed using deep learning approaches are considered as one of the data-driven based technology

whose models are learned from the training data. The conventional speech enhancement approaches

were observed to produce improved results but they accompany some speech distortion due to the

inaccurate estimation of noise. Therefore, studies suggest that an adaptive and non-linear models

may be able to give better performances as they will be able to model the complex relationship

between the corrupted speech and noise. In this line of research, several studies employed DNN

models to perform speech enhancement, such as weighted denoising encoder (WDA) [92], feedforward

multilayer perceptrons (MLP) [93, 94], convolutional neural networks (CNN) [95], fully convolutional

neural network (FCN) [96,97], deep recurrent neural networks (DRNN) [98], long short-term memory

networks (LSTM) [99,100], and generative adversarial networks (GAN) [101–104].

DNN
training

Training stage
Enhancement stage

Clean & noisy
speech pair

DNN model Synthesis Enhanced
speech

Preprocessing &
feature extraction

Noisy 
speech

Feature extractionPreprocessing
& framing

Figure 2.3: Block diagram of a DNN based speech enhancement system.

A block diagram of a DNN based speech enhancement system is depicted in Figure 2.3. In this

approach, a model is trained from the log power spectral features of the pair of noisy y(n) and clean

s(n) speech using a regression DNN model. The network is trained to develop a representative non-

linear regression function F(s) that maps the noisy speech features Y (m, k) to clean speech Ŝ(m, k)

features. The network is trained using back propagation algorithm and the parameters are updated

by minimizing the prediction error using gradient based optimization method. The prediction error

between the estimated and reference clean speech features can be measured using a cost function.

A commonly used measure corresponds to MMSE. Further, during enhancement the noisy speech

y(n) is fed into the learned DNN model to generate the enhanced speech ŝ(n). In these studies, the

noisy speech phase is used while reconstructing the enhanced speech because it is assumed that phase
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information is not very important for auditory perception. Rather, the magnitude or power spectra

of the speech is essential and hence, more concentration is given on the estimation of the spectra to

acquire the desired clean signal.

For instance in Ref. [92], WDA model was utilized to predict the power spectrum of clean speech

from noisy speech. The enhancement procedure involves preprocessing (framing and windowing) the

noisy speech before performing fast Fourier transform (FFT). Therefore, the normalized spectral fea-

tures are input to the Gaussian mixture model (GMM) based noise classification system which is

further fed to the WDA model. The WDA model is trained using stochastic back propagation algo-

rithm where the network weights of the hidden and the output layers are adjusted using gradient-based

optimizations. The WDA model is used to predict the clean speech. The prediction error between the

predicted output and the clean input speech is minimized by exploiting weighted reconstruction loss

function based on the spectral importance of the speech quality. Additionally, the estimated noise

from noisy speech and clean speech predicted from WDA model are used to obtain a priori SNR.

Finally, the a priori SNR is used to construct the Wiener filter. The clean speech spectral magnitude

along with the noisy phase are used to acquire the enhanced speech. The studies in [93,94] employed

feedforward MLP for speech enhancement task. Here, speech denoising task is carried out by pro-

cessing the noisy speech through the trained DNN model. An MLP is a network with feedforward

connections from the input layer to the output layer, layer-by-layer, and the consecutive layers are fully

connected. MLP based speech enhancement systems were observed to yield satisfactory performance

in realistic noisy environments because they do not rely on prior distribution assumptions for speech

and noise. They are also reported to generalize well for unknown noisy conditions.

The applicability of an MLP based network is explored for estimating ideal binary mask, ideal ratio

mask, spectral magnitude mask, phase sensitive mask and complex ideal ratio mask to perform speech

enhancement [105–108]. The masks in this contexts refer to the time-frequency masks that define the

relationship of the clean speech to the background interference. The two-dimensional representation

of the time-frequency mask is predicted from the noisy speech signal, where each of the time-frequency

unit corresponds to a criteria based on the perceptual importance. The predicted time-frequency mask

is multiplied with the input noisy speech to obtain the enhanced speech signal.

Although the above mentioned speech enhancement techniques showed satisfactory performance,

however researchers still found room for improvements because noisy speech modification without
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creating artifacts in the perceptual quality is a challenging task specially in low SNR condition and

non-stationary noises. Also the above reported network architectures comprises of large number of

parameters. To overcome such issues, researchers explored CNN for speech enhancement task as it

is robust and represents localized low-dimensional patterns. A CNN model basically learn layers of

filters to extract features and transform input data into a low resolution good representative model.

Later the trained model is fed with noisy speech to generate denoised speech [95]. The neural network

with deep architectures use large number of model parameters and it increases the computational

load. Therefore, waveform based speech enhancement is attempted using FCN which do not require

estimation of clean speech phase or using noisy speech phase. FCN works well with lesser number of

parameters due to its weight sharing property. It showed better performance in terms of intelligibility

and quality compared to the aforementioned enhancement methods [96, 97]. Studies reported that

FCN can be used to develop a memory efficient denoising algorithm which could be implemented

in an embedded device such as hearing aid [109]. Furthermore, DRNN is utilized to conduct speech

enhancement due to its ability to model long-term acoustic information. DRNN architecture considers

hierarchical information through multiple time scales and it makes it suitable for speech denoising

task [98]. While modeling long-term acoustic contexts, limitations exists with DNN based training

approaches. Hence, in this line of research, an LSTM based speech enhancement is proposed that uses

recursive structure to capture the long-term contextual information [99,100]. The combination of the

above proposed techniques were also exploited for speech enhancement tasks in realistic situations.

In addition to the aforementioned speech enhancement techniques, speech synthesis methods are

also used widely for speech modification in healthy and pathological speech contexts [1,51]. Therefore,

in this chapter, speech synthesis methods are also briefly reviewed.

2.3 Speech synthesis method

Speech synthesis methods approximately represent the human speech production system to a rea-

sonable degree by simulating the speech acoustics, articulatory parameters, voiced and unvoiced exci-

tation source characteristics. It presents a technique for generating intelligible and natural-sounding

artificial speech sounds. Speech synthesis methods provide a flexible framework for speech modifica-

tion as it models the vocal tract spectral characteristics (using the knowledge of speech acoustics or

articulatory configurations) and excitation source characteristics independently. Hence, they can be
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controlled and modified separately. Based on the type of parameters used for modeling, different forms

of speech synthesis are reported in the literature, such as articulatory synthesis, formant synthesis,

concatenative synthesis and statistical parametric speech synthesis.

2.3.1 Articulatory synthesis

Articulatory synthesis presents an automatic generation of high-quality synthesized speech by

mimicking the human speech production process with the help of a mathematical model [110]. It

models the speech production system using a complex mathematical model that involves the models

of vocal tract, vocal cords, aero-acoustics, and articulatory control [111]. The articulatory control

parameters include lip aperture, lip protrusion, tongue tip position, tongue tip height, tongue position

and height [112]. The speech production systems are modeled with a set of area functions of uniform-

tube model and the vocal cords are modeled using a two-mass model. It mainly focuses on the realistic

acoustic properties of the generated speech such that particular phonemes could be represented with

desired configurations of the articulators [113]. The data required for articulatory synthesis are usually

derived from X-ray data or real-time magnetic resonance imaging [114].

Articulatory synthesizers along with brain-machine interface are used to constitute a tool to help

the people with speech disorders [115]. Articulatory speech synthesis are also used as virtual language

tutor, in speech therapy, audio-visual speech synthesis, speech encoding, text-to-speech synthesis, and

speech mimicking [110].

2.3.2 Formant synthesis

A widely used synthesis method is a formant synthesis method which is based on source-filter-model

of speech production system. In formant synthesis, the vocal tract transfer function is modeled by

simulating the formant resonances based on specified frequency, bandwidth and amplitude [116,117].

A set of anti-resonances are also included to model the nasal consonants and obstruents. Further, a set

of rules are defined to determine the parameters necessary to synthesize the desired utterance. Such

an artificial reconstruction of speech is termed as rule-based synthesis method. The input parameters

include fundamental frequency (F0), open quotient, degree of voicing in excitation, formant frequency,

bandwidth and amplitudes, frequency of additional low-frequency resonator, and intensity of low and

high-frequency region [118].

The formant synthesis method is incorporated in text-to-speech (TTS) synthesis systems [119]. It is
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also used for esophageal speech enhancement [117], and various other speech based applications [120].

2.3.3 Concatenative synthesis

Concatenative speech synthesis system combines prerecorded individual units of speech to generate

utterances that is indistinguishable from that produced by humans. Based on the type of units used

for concatenation, it is divided into the following categories, namely, unit selection synthesis, domain-

specific synthesis, diphone synthesis, and syllable-based synthesis [114, 121, 122]. In concatenative

synthesis, the unit length affects the quality of the synthesized speech. With significant unit length,

numerous units are stored in the database and accordingly, more memory is required. However, the

naturalness increases with longer unit length and vice versa for shorter unit length [123].

Concatenative speech synthesis is used in TTS synthesis [123] and various other application such

as speaking clock, speaking calculator, speaking weather forecast, and pathological speech enhance-

ment [51,124].

2.3.4 Statistical parametric speech synthesis

In statistical parametric speech synthesis (SPSS), speech is generated from the estimated speech

parameters. The speech parameters include spectral and excitation parameters which are modeled

using statistical generative models such as HMMs. The overall architecture consists of training and

testing stages. In the training phase, acoustic parameters of the speech are extracted from the database

of natural speech and model by a set of context-dependent HMMs using maximum likelihood criterion.

Once the model is estimated, test data is fed into it, and based on the knowledge of the corresponding

phoneme sequence, the HMMs are retrieved and concatenated to form the sentence HMM [125].

Furthermore, the speech parameter generation algorithm is used to generate the excitation and spectral

parameters, which is passed through a vocoder to obtain synthesized speech [126].

All the above mentioned speech synthesis techniques provide satisfactory results and they are

employed based on the desired applications. Among all the synthesis techniques, SPSS based method

provides more flexibility due to its statistical modeling process. One of the main advantages of SPSS

are observed in altering the voice characteristics, speaker modification (voice conversion) and emotions

via transforming the model parameters [125]. The information related to speaker individuality play

an important role in interpreted telephony and all the systems that make use of the pre-recorded

speech namely, voice messages, dubbing, speech-to-speech translation, personalizing TTS systems,
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speaking and hearing aid devices. Voice transformation usually change one or more aspects of the

speech while preserving the linguistic contents and the subset of voice transformation is considered as

voice conversion (VC) where one person speech is converted into that of the other.

Voice Conversion

Generally, VC refer to the study of converting one’s voice like that of another while preserving the

linguistic content. With the technological advancements in statistical modeling and deep learning, VC

found an important role in many real-life applications. The potential applications include customizing

audiobook, avatar voices, personalized speech synthesis [127], speaker de-identification [128], voice

mimicry [129], disguise, dubbing, computer-assisted pronunciation training, and communication aid

for speakers with impaired speech [130–132].

Conversion function

Training stage

Enhancement stage

Source
speech

Target
speech

Source
speech

Preprocessing &
feature extraction Mapping Synthesis Converted

speech

Preprocessing &
feature extraction

Preprocessing &
feature extraction

Figure 2.4: Block diagram of a generic voice conversion system.

The modules involved in the VC process is depicted in Figure 2.4. Like other data-driven based

approaches, VC method also consists of training the conversion model and enhancement stages. In the

training stage, the conversion function F(s) is trained using the features S(m, k) andX(m, k) extracted

from the source s(n) and target x(n) speech. During training an objective function is optimized using

the model parameters. The enhancement stage comprise of analysis, feature extraction, mapping and

synthesis modules. The feature extraction procedure is similar to that followed in the training stage.

Further, the converted features X̂(m, k) obtained using the conversion function is used to reconstruct

the transformed speech x̂(n).

In the literature VC techniques are exploited in different ways based on the training data, modeling

and mapping techniques. The categories are stated as follows:

• Parallel versus non-parallel training data.

• Parametric versus non-parametric statistical modeling technique.
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• Frame level versus utterance level mapping.

• Monolingual versus inter-lingual conversion.

With parallel data, same utterance is considered from both the source and target speaker [133].

According to the conventional voice conversion pipeline shown in Figure 2.4, the utterances are aligned

frame-by-frame using dynamic time warping method [134]. Common examples of VC using parallel

training data include vector quantization [135] and GMM based VC [136, 137], partial least square

regression [138], dynamic partial least square regression [139], and pitch synchronous overlap-add

method [140]. Although parallel data yields significant results but in many realistic conditions, it

is very difficult to obtain sufficient amount of parallel training data. Also, most of the existing VC

techniques are developed for mono-lingual VC, where both the source and target speakers speak

the same language. Whereas in cross-lingual VC, the source speaker and the target speaker use

two different languages [141]. Parallel data is not available for such cases, hence, it renders the

need of non-parallel training data to accomplish the VC task. Therefore, studies reported VC based

on non-parallel training data using GANs, such as, variational autoencoding Wasserstein generative

adversarial networks (VAW-GAN) [142], a variant of GAN (StarGAN) [143], and cycle-consistent

adversarial network (CycleGAN) based VC [144]. Although the statistical parametric approaches were

reported to perform significantly with large amount of data. However, it usually suffers from over-

smoothing problem. Studies report that the over-smoothing problem can be efficiently tackled using

statistical non-parametric approaches with smaller amount of training data. An effective and widely

used non-parametric statistical modeling technique is non-negative matrix factorization (NMF) based

VC which consider an exemplar based representation [53,145]. The human speech production system

is a highly dynamic process and the conventional frame-by-frame based VC approach constrains the

modeling ability of mapping functions. Hence, adding dynamic information to the mapping features

may improve the performance of VC systems [146,147].

Recent literatures on speech enhancement studies report the use of GANs due to the several

advantages relative to the aforementioned DNN based approaches. In GAN, the learning process does

not require approximate inference or approximation of partition function gradient and the model has

a better generalization capability. GAN is a generative model that learns to map samples from one

distribution say Y into another distribution Ŷ . In case of speech denoising task, one of the distribution

Y corresponds to noisy speech signal and another distribution Ŷ corresponds to clean speech signal.
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Figure 2.5: Block diagram of a generative adversarial network (GAN) model.

GAN consists of two networks : G→ generator and D → discriminator and it is pictorially depicted in

Figure 2.5. The network G performs the mapping that mimics the real data distribution and generates

new samples related to the training data. The G network is fully convolutional, which enforces the

network to focus on temporally-close correlation in the input signal and throughout the layering

process. G does mapping by means of adversarial training during which it adapts the parameters of

realistic data. The D network takes the output of G and provide a decision on whether the samples

are real or fake. Further, the model parameters are adjusted using back propagation algorithm. Here,

D gets better at finding realistic features in the input and G corrects its parameters to imitate the

real data distribution. Eventually, D learns a loss function for G’s output and this reinforces the G

network to get rid of noisy signals that are considered as fake in this context. GAN was shown to

achieve satisfactory results for source separation, singing voice separation and speech enhancement

tasks [101–104]. Despite the above benefits of using GAN for speech enhancement, the need of a large

amount of parallel data still lack in generalization of the whole network. Additionally, collecting a large

amount of data (speech and noise) and creating a parallel corpus is challenging. This projects non-

parallel VC methods more suitable for realistic situations. The CycleGAN is one of the state-of-the-art

non-parallel VC methods that has shown its effectiveness for various applications [144,148,149].

Figure 2.6 shows the framework for speech enhancement using the CycleGAN system. A Cycle-

GAN consists of two generators G and F and two discriminators DX and DY , respectively. The

generator G is a function that maps the distribution X into distribution Y , whereas the generator F
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Figure 2.6: Framework for the speech enhancement using CycleGAN approach.

maps the distribution Y into distribution X. On the other hand, the discriminator DX distinguishes

X from X̂ = F (Y ). In contrast, the discriminator DY distinguishes Y from Ŷ = G(X). The noisy

speech serves as a source, whereas clean speech is considered as a target. Given a set of noisy and

clean speech data, the CycleGAN model learns the mapping function from the training samples, which

comprises of source {xi}Ni=1 ∈ X and target {yi}Ni=1 ∈ Y samples. The discriminators and the genera-

tors work collectively during training. The discriminator is trained to make the posterior probability

maximum for clean/real speech and minimum for modified noisy speech. In contrast, the generator is

trained to deceive the discriminator. The objective function of the CycleGAN model comprises of two

losses: adversarial loss and cycle-consistency loss. An adversarial loss makes X and X̂ or Y and Ŷ as

indistinguishable as possible. On the other hand, cycle-consistency loss guarantees that an input data

retains its original characteristics after passing through the two generators. By combining both these

losses (adversarial and cycle-consistency), a model can be learned from unpaired training data. The

learned mappings can be further used to transform an input speech into the desired speech output. In

the area of speech technology, CycleGAN is used for VC [144,150], noise robust ASR and singing voice

separation [151,152]. Speech enhancement is also achieved using the combined benefits of CycleGAN

and multi-objective learning [29]. The study in [29] evaluated the proposed method (combination of

CycleGAN and multi-objective learning) for parallel and non-parallel data as well as unseen types of

noise and shown improved performance compared to other DNN based approaches.
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Inferences from healthy speech enhancement techniques for other SSDs

The speech enhancement techniques discussed in Section 2.2 are mostly exploited to improve the

healthy speakers’ degraded speech intelligibility and quality. The issues like denoising, dereverbera-

tion, acoustic transformations, and preprocessing the speech before transmitting it through the com-

munication channel are addressed. The studied techniques were reported to produce better quality

enhanced speech compared to the unmodified speech. Motivated by the capability and success of the

existing speech enhancement methods, researchers have explored some of the reported methods for

improving disordered speech intelligibility [1,51,53,153]. The techniques proposed for speech denoising

are widely exploited for improving speech intelligibility for hearing impaired listeners. Furthermore,

various other reported techniques are used to perform acoustic transformations, duration modification

for improving dysarthric speech intelligibility and quality. Some of the speech sound disorders present

with severe speech disorders, where the individuals are unable to produce certain sounds correctly,

such as electrolaryngeal speech and other articulatory impairments caused by structural deficits. In

such cases, the rehabilitation is attempted using synthetic speech or voice conversion techniques. In

the subsequent section, speech enhancement of different SSDs are discussed.

2.4 Enhancement of speech sound disorders

For speech rehabilitation, signal processing based techniques are being widely studied to improve

the speech intelligibility of various SSDs [75]. SSD is broadly classified into functional and organic

SSDs [28]. Functional SSD refers to the speech impairment that impacts articulation and phonological

processing. The functional SSDs have no known causes. Organic SSDs refer to the speech impairment

caused by motor/neurological impairment (apraxia, dysarthria, cerebral palsy), structural impairment

(CLP and other structural deficits due to trauma or surgical treatment), and sensory/perceptual

impairment (hearing loss, from ear infections or other causes).

Clinical interventions are provided to the needful individuals, however, the interventions may

or may not always result in correct speech articulation. Further, SLPs, evaluate the speech of the

individuals who have undergone clinical interventions. Based on the type of speech characteristics,

SLPs recommend speech therapy, prosthesis, communication aid, or any other surgical corrections [1,

53, 117]. Various studies in the literature reported that the modification of the disordered speech is

performed based on the analysis of the disorder nature. Hence, a brief description of some of the
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available disordered speech enhancement studies are discussed in the following subsections.

2.4.1 Enhancement of speech with motor/neurological impairment

The speech disorders caused by motor deficits affects the motor control of the articulators and

motor programming of speech movements. Common motor speech disorder include dysarthria and

apraxia of speech. Available pathological speech enhancement studies explored the dysarthric speech

modification task. Hence, in this section, dysarthric speech characteristics and enhancement is dis-

cussed.

Dysarthric Speech enhancement

Dysarthria is a neurological disorder that disrupts the control of motor speech articulation. Due

to the neurological damage, the speech subsystems, namely respiration, phonation, resonance, and

articulation, are affected. The dysarthric speech is caused by asphyxiation of the brain, inhibiting

normal development in the speech-motor areas. Different dysarthria sources include multiple sclerosis,

Parkinson’s disease, brain injury, stroke, Huntington’s disease, myasthenia gravis, cerebral palsy, and

amyotrophic multiple sclerosis [51,154,155]. As a result, abnormal speaking rate, muscle fatigue, and

muscle weakness, intense acoustic disfluency, reduced control of articulation, reduced control of pitch,

and pitch prosody are observed. All these factors lead to a decrease in speech intelligibility, making

the speakers less confident while interacting with an unfamiliar listener, therefore influencing their

social life.

Researchers have explored various signal processing-based techniques for the rehabilitation of

dysarthric speakers, like dysarthric speech recognition systems, where the converted text is synthesized

as healthy speech or voice commands. The converted text can also be used as a human-machine inter-

action for dysarthric speakers. Studies in the literature also reported dysarthric speech enhancement.

The transformed dysarthric speech can be used for mediated human-human assistive communication,

speech supportive system [156], and human-machine interaction [51].

The potential to improve dysarthric speech intelligibility is demonstrated by partial modification

of the speech signal, where prosody and short-term spectra of specific speech sounds in the sentences

are modified [157]. The short-term spectrum of dysarthric speech is replaced by the short-term spectra

of non-dysarthric speech to obtain enhanced speech. The authors reported a 19% intelligibility im-

provement of the modified speech compared to the baseline system. A study in [1] reported dysarthric

speech enhancement using a voice transformation system. In this work, the speech transformation sys-
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tem is studied in consonant-vowel-consonant (CVC) contexts. The enhanced speech signal is obtained

by transforming the short-term vowel spectra by mapping the features towards the non-dysarthric

target features utilizing the learned transformation function. The transformation function is learned

using a GMM. Before modification, the formants are annotated manually. The final output signal is

obtained by concatenating the transformed voiced segments with original unvoiced segments. A vowel

identification task is used to evaluate the modified signals, and it showed a significant improvement

in speech intelligibility.

Another study on dysarthric speech enhancement presented a serialized sequence of acoustic trans-

formations. Each of the transformations is designed in response to the unique effect of the dysarthria

on speech intelligibility [51]. The speech modifications in this study are carried out using the TORGO

database. The acoustic transformations include high-pass filtering the unvoiced consonants, correction

of insertion and deletion errors, tempo morphing, and frequency morphing. The transformed speech

signals evaluated experimentally using human listeners, and an automatic speech recognition system

showed significant improvement of the modified dysarthric speech compared to original unmodified

speech.

Several other researchers report the dysarthric speech intelligibility enhancement using the TORGO

database, where one of the studies addressed the devoicing error modification [158]. The authors

carried out the study by first segregating the region for modification by automatically detecting the

acoustic landmarks, followed by inserting a voice bar in the stop-closure region. The dysarthric speech

quality improvement based on durational analysis is reported in [52]. The performance is evaluated

using the Nemours database and speech data collected from a dysarthric speaker of Indian origin. The

authors report significant improvement in speech quality after modification.

In a different study, the dysarthric speech intelligibility improvement is attempted for ten dysarthric

speakers in the Nemours database [156]. The study first analyzed and identified each of the dysarthric

speakers articulation errors, using an isolated-style phonemic recognition system trained with TIMIT

speech corpus. It is followed by a likelihood Gaussian-based analysis. Based on the speaker-specific

dictionary and bigram language model, the estimated articulatory errors are incorporated into a

phoneme recognition system. Finally, the error-corrected text is synthesized using a HMM-based

speaker-adaptive speech synthesis system. The speech rate of synthesized speech is further subjected

to speech rate modification using the time-domain pitch synchronous overlap-add method. The authors
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report that it further enhances the naturalness of moderate and severe dysarthric speech.

In [159] and [160], authors reported consonant enhancement for the speech that is degraded due

to cerebral palsy. The motor disorders of cerebral palsy affect the movement of articulators, resulting

in motor speech disorder dysarthria. The speech enhancement is achieved using an exemplar-based

spectral conversion using a NMF method. Here, the source speaker spectrum is converted into a target

speaker spectrum. The evaluation results indicate that the NMF method improved the quality and

clarity of the consonants significantly.

2.4.2 Enhancement of speech with structural impairment

Structural impairment affects speech production due to inadequate build-up of requisite air pressure

in the oral cavity or inability to produce speech sounds due to removing a part of the articulatory

system. Speech disorders namely, electrolaryngeal speech, glossectomy speech, and speech disorders

resulting after oral surgery caused by structural deficits, are addressed in the literature. A brief

discussion of the same is presented below:

Enhancement of electrolaryngeal speech

Individuals who have had the entire larynx removed after laryngeal cancer experience loss of ability

to produce speech as desired. An early symptom of laryngectomy is observed as the degradation in

the voice quality [161]. Due to the removal of the larynx, phonation and other speech subsystems are

affected, resulting in the inability to produce natural voice.

Several types of research indicate that most of the laryngectomees rely on electrolarynx (EL) as

their primary communication method for voice rehabilitation. Due to the ease in learning, operation

and continuous output, EL is mostly adopted by the individuals with laryngectomees. An EL is a

hand-held battery-powered device, which is pressed against the neck to transmit the electronic sound

into the oral cavity. The electronic sound is generated by using an electromechanical vibrator. The

electronic sound source is transmitted through the tissues of the neck into the oral cavity, and the user

modulates the sound source via the movement of the articulators to generate speech. Although EL

speech is preferred by most of the laryngectomees and it has been clinically proven to be an essential

method of vocal rehabilitation, however, the poor intelligibility and quality of the EL speech limit the

application of EL. The use of EL exhibits many problems. Therefore, researches were mainly focussed

on the characterization of phonation disorders in order to design techniques for its correction.

Signal processing based techniques are explored for the intelligibility and quality improvement
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of EL speech. In [54], alaryngeal/electrolaryngeal speech enhancement is attempted using a speech

conversion algorithm (vector-quantization and linear multivariate regression), where the algorithms

are modified to reduce the spectral distortion and spectral discontinuity. The spectral distortion

was reduced by enhancing formants using chirp Z-transform, and spectral discontinuity was corrected

using overlapping clusters during the conversion mapping function training. The results of the study

revealed that the listeners preferred the modified alaryngeal speech over the original speech. Authors

in [55] reported use of a perceptual weighting technique to adapt the subtraction parameters, which

effectively reduces the radiated noise of electrolaryngeal speech. The subtraction parameters consist

of the subtraction factor and spectral floor. The subtraction parameters are used to reduce the noise

parameters from the noisy speech to obtain enhanced speech. Some other studies in [58,59] improved

the quality of electrolaryngeal speech using a speaking-aid system based on voice conversion method

and one-to-many eigenvoice conversion.

Similarly, the statistical approaches are exploited in [60] to enhance the body-conducted unvoiced

speech for silence communication. In a study, the monotonic EL speech is addressed using a funda-

mental frequency (F0) control method [57]. The study was carried out using monosyllables, disyllabic

words, and frequently used phrases in Mandarin EL speech. The authors presented a touch-controlled

electrolarynx prototype. The study reported that the touch-controlled electrolarynx output closely

matches the healthy speech pitch contours corresponding to the four Mandarin tones. In one of the

studies, researchers minimize fricative distortion caused by improper EL source and deviant phys-

iological structure of the vocal tracts [56]. To improve the fricative characteristics, a hybrid noise

source is proposed in the study, which is obtained by combining the healthy speaker’s fricative sources

and the laryngectomee speakers compensation source. The compensation source for the fricative of a

laryngectomee speaker is referred to as the acoustic defects observed in the frequency domain, which

occurred due to improper source transmitted through the neck generated by the EL. Five Mandarin

fricatives are considered in the study. Authors reported that hybrid noise source significantly improves

the intelligibility of EL fricatives by improving the spectral shapes and altering the spectral energy

concentration region.

Enhancement of speech distorted after oral surgery

Speech distortion is often observed after an individual has been through an oral surgery, where either a

tongue or a part of the articulator is removed during the surgical treatment of the vocal tract system.
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The removal of part or whole of the tongue is referred to as glossectomy, and it affects the speech sound

productions severely [162]. The individuals with glossectomy face considerable difficulties producing

vowels, consonants, and fricatives, respectively [163, 164]. Similarly, many surgical patients have had

parts of their articulators removed due to several other oral problems [53,165]. The speech production

system is severely impacted. As a result, such an individual’s speech is often difficult to understand

by an unfamiliar listener.

In the literature, several approaches were reported to improve the intelligibility of the speech of

patients who have had parts of their articulators removed during surgery. After oral surgery, most of

the individuals have a structural deficit in the articulatory system, which hinders them in producing

certain speech sounds. Therefore, researchers tried to improve the speech intelligibility by using voice

conversion techniques rather than correcting the disordered speech signal characteristics.

In [53], a joint dictionary learning-based non-negative matrix factorization algorithm is exploited

to improve the disordered speech. Here, the algorithm simultaneously learns the basis of source and

target spectra. While learning the bases spectra, a small number of bases is specified. The algorithm

learns a set of bases that represent the entire set of examples. The motive of specifying the number of

bases is to improve the conversion efficiency. Using short-time objective intelligibility scores, the au-

thors demonstrated that their proposed method achieved higher scores than the original unconverted

speech. In [162], intelligibility improvement of a wide glossectomy and/or mandibulectomy speech is

attempted. Mandibulectomy is the surgical procedure where all or part of the jaw is removed. Here,

a GMM based voice conversion method is used to correct the distorted speech signal. The authors

demonstrated that the converted speech mel-cepstral distance is decreased by 40% compared to un-

converted speech. The authors also demonstrated that using GMM-based voice conversion method,

they are able to reconstruct the high-frequency spectra of the phonemes /h/, /t/, /k/, /ts/, and /ch/

successfully. A study is performed in a similar direction to improve the naturalness of the recon-

structed glossectomy speech, being generated using the voice conversion method [62]. The researchers

exploited the spectrum differential method to modify the waveforms. In the study, the authors showed

that the power in the high-frequency region of the reconstructed fricatives and stops exhibit similar

characteristics to that of the healthy speakers speech. The improvement of articulation disordered

speech is addressed using an end-to-end GAN based unsupervised VC model [166]. The approach

transforms the disordered speech into that of healthy speech while retaining the linguistic information
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and speaker characteristics.

2.4.3 Enhancement of speech for sensory/perceptual impairment

The perceptual impairment refers to the complete or partial hearing loss. The aspects of severity

may vary from person to person, however, mild hearing loss may cause difficulty in understanding

the speech in different situations, especially in noisy conditions. Individuals with moderate to severe

hearing loss may need a hearing aid. People who rely on hearing aids try to acquire healthy speech

characteristics and perceptivity. However, in certain demanding conditions, they still face difficulty in

understanding the messages. This further provides a room for researchers to utilize signal processing

algorithms and adapt the speech perceptivity according to the desired situations. Hence, this section

discusses the works being carried out for enhancing the speech for hearing impaired listeners.

Speech enhancement for hearing impaired listeners

Hearing impairment is considered as one of the most prevalent communicative disorder. Hearing im-

pairment or deafness is described as the inability to perceive speech sounds. As a result, an individual

with severe hearing loss often finds difficulty learning all aspects of a language [2]. Due to preliminary

hearing difficulties, hard of hearing listeners face a significant problem in understanding speech in

everyday communication in a noisy environment.

Hearing impaired listeners often require a higher signal-to-noise ratio than normal-hearing listeners

to perceive the spoken message correctly. Accordingly, several signal-processing strategies: frequency

lowering, noise reduction algorithms, vowel coding in the auditory system, array processing techniques

were developed to improve the perceptivity for hearing impaired listeners. Some studies report that

suppressing interference from other sources rather than the desired signal direction leads to improve-

ment in speech intelligibility.

A study in [167] demonstrated that microphone arrays could improve the speech intelligibility in

noise for hearing impaired listeners. In this study, the researchers evaluated the speech intelligibility

using two array processing techniques, delay-and-sum beamforming and super directive processing.

The speech intelligibility measured using speech reception threshold and speech intelligibility rating

showed that super directive processing results in significant intelligibility improvement. In [63], re-

searchers focussed on the evaluation of speech enhancement in binaural multimicrophone hearing aids.

Authors in the study considered noise reduction algorithms based on multichannel Wiener filter and

multichannel Wiener filter with partial noise estimate. They evaluate the noise reduction algorithms in
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different speech-in-multi-talker-babble noise scenarios. The authors concluded that the binaural mul-

tichannel Wiener filter-based algorithm offers an alternative standard adaptive directional microphone

in a realistic acoustic environment.

In [61], a vocoder based frequency lowering system, is described where the spectral differences of

fricatives are enhanced. Perceptual evaluation by normal-hearing listeners showed that the proposed

system results in improved perceptivity of fricatives and affricates. A study developed an algorithm to

separate speech from noise based on binary masking [65]. Unlike the ideal binary mask, the authors

have estimated the mask by training the algorithm over the data that were not used during testing.

The intelligibility evaluation is performed using normal and hard of hearing listeners, and they indicate

intelligibility improvement of the processed speech signals. To improve the speech intelligibility for

hearing impaired listeners, vowel enhancement is explored in [64]. The study demonstrated a strategy

to restore vowel encoding at the level of the auditory midbrain. The signal processing based approach

consists of pitch tracking, formant tracking, and formant enhancement. The subjective listening test

infers that the modified sounds are different and acceptable compared to the original sounds. However,

additional noise artifacts are also observed in the modified speech. Hence, the authors stated that

the system is not suitable for real-time use, but it can be exploited for testing. Frequency lowering

technique is also exploited in another study [168], where the nonnegative matrix factorization method

is used to improve Mandarin speech recognition. Authors have affirmed that the proposed system

can be utilized across different languages. The authors conclude that the proposed method performed

significantly better for affricates and fricatives compared to stop consonants.

A work in [169] reported the use of a smartphone as an assistive device for hearing impaired

listeners. The study developed a single microphone speech enhancement technique based on the super

Gaussian joint maximum a posteriori method. The speech enhancement technique incorporated a

controlling parameter that allows the user to adjust the noise suppression and speech distortion amount

based on their hearing comfort. The experimental evaluation results supported the effectiveness of the

work. In [170], a multi-objective learning based deep denoising autoencoder, is proposed to improve

the perceptivity of hearing impaired listeners in noisy conditions. The evaluation results showed

that the proposed method effectively reduces the background noise compared to the deep denoising

autoencoder approach. In [171], the improvement in intelligibility and naturalness of the speech is

performed for deaf speakers by adapting a pre-trained normalization model. Here, an end-to-end-
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trained speech-to-speech conversion model-Parrotron is used to map the source spectrogram into a

target spectrogram. The authors demonstrated that the model can be adapted to normalize the

speech of a deaf speaker. The converted speech showed significant improvements in intelligibility and

naturalness that were measured using ASR and perceptual listening tests.

2.5 Scope of existing techniques for CLP speech enhancement

Based on the discussed speech tecnhiques above, the salient features of the methods are discussed

while highlighting their feasibility for CLP speech enhancement.

• Normal speech enhancement approaches: The speech enhancement approaches for healthy

speakers speech mentioned in Section 2.2 were proposed for noisy speech modification, assuming

that noise is additive and uncorrelated with a clean signal. In order to use the speech enhance-

ment methods to improve CLP speech, which were proposed for noisy speech modification, it is

required to acquire the following aspects:

– Nasal spectrum from the high pitched speech and remove it from the hypernasal spectrum

to obtain a non-nasal spectrum.

– Nasal and non-nasal amplitude.

– Decompose the vector space of hypernasal speech into non-nasal and nasal subspace.

– Other nasal and non-nasal speech parameters.

– Decompose the misarticulated and non-misarticulated speech components.

However, unlike noisy speech, in hypernasal speech, nasality is not a distinct component from

speech. It is produced from the same vocal tract system, and it is correlated with speech.

Similarly, it is also not possible to decompose the misarticulated sounds and non-misarticulated

speech components as the misarticulations are produced from the same vocal tract system.

Hence, for the modification of speech sound disorders, it is essential to understand the nature

of the pathology and then use the enhancement method accordingly.

• Speech synthesis approaches: Considering the speech synthesis approaches discussed in

Section 2.3, the following inferences are derived.

– Articulatory synthesis: With articulatory synthesis, optimizing the mathematical mod-

els and characterizing the 3-dimensional nature of the vocal tract will be very complex,

and challenging for the speakers with CLP. Additionally, specialized apparatus is required
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for collecting articulation data, which is not practical for real-time applications. Moreover,

when the speakers with CLP already have articulatory issues, then the output synthesized

speech will result in a disordered synthetic speech, which will not serve the purpose of the

study. Hence, articulatory synthesis is not suitable for this study.

– Formant synthesis: For the speakers with CLP, due to the impairment in the craniofacial

region, it is challenging to design rules specifying the source and vocal tract parameters,

which will result in de-nasalized speech or non-misarticulated speech. Also formant syn-

thesis method does not model any physical characteristics of vocal tract system.

– Concatenative synthesis: It is reported to produce natural-sounding speech, but the

speech quality varies with the unit length, under-represented phonemes in the database,

bad joints, prosody, and size of the speech corpus. With the help of unit selection synthesis,

the same speaker voice can be used to generate the speech. Since the CLP speech is already

distorted, some transformation need to be applied to mimic the synthesized speech close

to natural speech. Studies showed that the output of a concatenative synthesizer is used

to create training data for the voice conversion model [172]. Therefore, unit selection

synthesis system may not be suitable for this work. TTS synthesis system designed by

the concatenative synthesis method generates highly natural speech, but it is difficult and

costly to synthesize high-quality speech with various voice quality [126]. The quality of the

output speech depends on the pre-recorded speech with limited voice, size of the speech

corpus, which requires large memory. Therefore, it is not feasible to modify the speech

characteristics and preserve some individuality information of each of the CLP speakers.

– Statistical parametric speech synthesis: The quality of synthesized speech is quite

different from natural speech as it exhibits artificial sound and muffles. Although speaker

adaptation is possible with SPSS, but due to the limited number of speakers that a synthesis

system can use, personalized TTS is difficult and expensive to obtain [126]. The naturalness

of an SPSS based systems exhibit deficiencies in accurately mimicking the naturalness of

that of the target speaker. In the case of DNN-based statistical synthesis, it efficiently

estimates the acoustic models with complex context dependencies, and the speech quality

is very good with a sufficient amount of data.

• Enhancement of SSDs: In Section 2.4.1, dysarthric speech improvement is discussed. Specific
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enhancement techniques are employed based on the disordered phenonmena, such as vowel

distortion, devoicing error, deletion error, insertion error, and an inadequate speaking rate. For

correcting such errors, techniques based on voice transformation, synthetic speech, insertion

of voice bar, and nulling the spectral energy in specific frequency bands are employed. From

the analysis of deviated acoustic characteristics of CLP speech, it is observed that some of the

distorted speech characteristics are similar to that of dysarthric speech. Hence, some insights

can be drawn from the dysarthric speech enhancement methods for CLP speech enhancement.

For example, in the devoicing error analysis of CLP speech, it is observed that in addition to

the low-frequency voiced component in the closure region, the burst and the voice onset time of

the devoiced stop are distorted in some cases. Unlike in dysarthric speech enhancement, only

the insertion of voice bars may not result in CLP speech correction. Therefore, along with voice

bar insertion, burst, and voice onset time modification must be attempted to obtain enhanced

speech. Furthermore, voice transformation is exploited to modify the distorted vowel formants

in dysarthric speech. Similarly, vowel distortions due to nasalization are observed to impact

CLP speech perceptivity significantly. Hence, de-nasalization of the vowels in CLP speech may

be achieved using the voice transformation method reported for dysarthric speech. Deletion

error is addressed in the dysarthric speech. A similar kind of error is also observed in CLP

speech. The absence of phoneme due to glottal stop error and other articulation errors are

observed. Hence, in such a case, the insertion of synthetic speech may be exploited for its

correction as it was performed for dysarthric speech correction. In a dysarthric speech, before

modifying the articulation errors, they are automatically identified using a recognition system.

The error-corrected text is generated using a synthesis system. In a similar direction, automatic

identification of CLP speech articulation errors followed by its correction can be explored for

CLP speech modification. Additionally, to overcome the smoothening effect caused by GMM

based voice conversion, NMF based voice conversion was exploited to improve the intelligibility

of distorted consonants in dysarthric speech. Consonant misarticulations are frequently observed

in CLP speech. If GMM based voice conversion is used for its correction, the smoothing effect

may hinder the consonants improvement. Hence, NMF based voice conversion can be explored

for its correction.

From the discussion of electrolaryngeal speech improvement in Subsection 2.4.2, it is noted that
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various modification techniques were employed to reduce the radiated noise generated from the

use of electrolarynx. Hybrid noise source modeling and controlling fundamental frequency are

also used to obtained enhanced speech. The reported methodologies are useful in a situation

when noise is assumed to be uncorrelated from speech. Hence, the estimated noise can be

subtracted from the noisy electrolaryngeal speech. However, for CLP speech enhancement,

such noise reduction techniques may not result in good quality enhanced speech because the

distortions in CLP speech are correlated with speech produced from the same vocal tract system.

If CLP speech enhancement is realized in a real-time environment, the noise reduction technique

may be useful. In some cases, statistical approaches like voice conversion methods are exploited

to transform the distorted electrolaryngeal speech. In such cases, a model is trained using

the input from both the source (electrolaryngeal) and target (healthy) speakers speech, and

the trained model is further used for speech conversion. The voice conversion technique can

be employed for CLP speech correction because the distorted CLP speech can be modified by

mapping it onto the healthy speech.

For the rehabilitation of the individuals whose speech is distorted after oral surgery, researchers

have employed the voice conversion method mainly because removing a part of the articulator

precludes them from producing certain speech sounds. Therefore, mapping the acoustic charac-

teristics of the speech using voice conversion techniques is an efficient way of speech modification

for individuals with oral surgery. In CLP speech, the speech is often degraded due to articu-

lation errors like glottal stop substitutions, nasal substitutions, and several other pharyngeal

substitutions. To modify such errors in CLP speech, voice conversion techniques may result in

enhanced speech.

From the speech enhancement studies performed for hearing impaired listeners, insights were

drawn for CLP speech enhancement. The noise suppression techniques can be exploited for

CLP speech enhancement if the system is used in real-time applications. Except for the noise

suppression techniques, other modification techniques like frequency lowering techniques and

dynamic range compression, spectral energy shifting may be useful for CLP speech enhancement

because, in CLP speech, errors like palatalization of fricatives are observed. In such cases, the

spectral energy concentration needs to be shifted from the lower frequency region to the higher

frequency region to correct the misarticulated fricative. Hence, such approaches can be explored
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for CLP speech enhancement.

Based on the type of speech disorders demonstrated by the CLP speakers i.e., nasalization,

substitution error and glottal stops, “statistical parametric speech synthesis” forms the most

suited method for CLP speech enhancement. Additionally, various signal modifications are

also applied to generate intelligible CLP speech. Therefore, some of the speech enhancement

algorithms used in the thesis fall into “enhancement of speech sound disorders” category.

2.6 Summary

In this chapter, the reported speech enhancement studies performed for healthy speech and dis-

ordered speech are discussed. The merits and demerits of the explored approaches and the scope

for CLP speech enhancement are also presented. It is noted that depending upon the nature

of the speech disorder spectral transformation techniques and signal processing based methods

can be exploited. The disordered speech enhancement studies presented in the literature do not

make any attempt for CLP speech. Furthermore, the dysarthric speech, glossectomy speech,

electrolaryngeal speech, speech enhancement for hearing impaired listeners, and other disordered

speech are studied in the literature. The commonly studied disordered speech exhibit different

speech characteristics compared to CLP speech, where palatalization, nasal air emission, glottal

stop, nasalization of voiced stops are observed in CLP speech. The existing methods for disor-

dered speech enhancement performed effectively for the reported errors. However, they may or

may not be useful for CLP speech modification.

Taking insights from the literature of speech enhancement methods for healthy speech and

disordered speech, in this thesis, different attempts were made to improve CLP speech intelligi-

bility. In the clinical environment, correcting functional articulation errors are considered one of

the primary goals of treatment because increasing articulation capability of phonemes enhances

speech intelligibility. Each of the speech disorders has a different impact on speech intelligibility.

Hence, the SLPs emphasize on the phoneme based assessment and articulation therapy for CLP

speech enhancement. Therefore, the production-based knowledge is studied in the study, and

accordingly, modifications are performed.

The thesis aims to perform CLP speech intelligibility enhancement by comparing it with the

acoustic characteristics of the healthy speech. The deviated acoustic characteristics of the CLP
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speech will be analyzed and subject to modification. It is speculated that modifying the deviant

acoustic characteristics of CLP speech will lead to good quality enhanced speech because the

articulatory impairment causing speech distortion will be modified.
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Overview

This chapter discusses the development of cleft lip and palate (CLP) speech database. The database

includes age and gender matched CLP as well as non-CLP (healthy) children speech. The non-CLP

children data are considered as control subjects. All the speakers considered in the study are native

Kannada speakers. The chapter provides a detailed description of the database including the speaker

details, speech stimuli, assessment procedure, and phonemic annotations. This chapter also includes

detailed description of the type of disorders, speakers, and speech samples exploited in the subsequent

chapters. Further, inter-rater reliability study is performed for three different categories of explorations

being carried out in the thesis.

3.1 Introduction

The speech distortions demonstrated by the individuals with CLP reduces the speech intelligibil-

ity. To improve the intelligibility of CLP speech, a detailed assessment is performed by the speech

language pathologists (SLPs). Based on the assessment, the SLPs recommend for any kind of clinical

interventions, be it surgery, prosthesis or any type of behavioural therapy. Prior works in the litera-

ture have indicated that besides clinical strategies, another direction of rehabilitation for pathological

speakers can be acquired by performing speech enhancement using signal processing techniques. Thus,

motivated by the literature works, this study performs CLP speech enhancement. To carry out the

study, CLP speech database is required and it is not freely available in the public domain. Hence, this

chapter discusses the acquisition of a new database of Kannada speaking CLP children.

The database was created in collaboration with the SLPs of All India Institute of Speech and

Hearing (AIISH), Mysuru, India. The database consists of age and gender matched CLP and non-

CLP speakers’ speech. The non-CLP speakers served as controls for the study. Both the CLP and

non-CLP children are native Kannada speakers. Prior to the recording, ethical consents were obtained

from the parents/caregivers of each of the participants. An overview of the study is provided to the

parents/caregivers. The study was conducted with clearance from the AIISH Bio-behavioral ethical

committee.

The rest of the chapter is organized as follows: Section 3.2 provide a description of the data

collection procedure where the speaker details, design of the speech stimuli, and labeling of the speech
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data is described. In Section 3.3, the speech assessment process for all the speech samples that are

included in the study are described. It is followed by the description of non-CLP speech data in

Section 3.4. In Section 3.5, a brief summary of the chapter is presented.

3.2 Data collection

Data collection from the speakers with CLP is quite challenging because they are susceptible to

fatigue and have varying degree of speech intelligibility. As a result, it is difficult to acquire enough

example of the utterances from them. Therefore, for this study, CLP speech data is collected by

considering various aspects of the speakers and the corresponding speech disorders.

3.2.1 Speaker details

Each of the CLP participant had either a repaired CLP or a repaired cleft palate. The children

with CLP had undergone one or more surgeries, namely, repair of cleft lip, repair of cleft palate,

pharyngeal flap surgery, sphincter pharyngoplasty, tonsillectomy and/or adenoidectomy, secondary

surgeries to repair palatal fistulae, alveolar bone grafting, and surgical treatment of malocclusion. The

term repaired cleft palate is used to refer to the individuals who had undergone surgical intervention

for the palate. The recorded data comprised of speech data with mild, moderate and severe speech

distortions. Accordingly, the database consists of varying degrees of intelligibility. The severity grading

of the speech disorder is done by the expert SLPs. None of the individuals with CLP had any history

of other developmental difficulties. Each of the individual with CLP had adequate language abilities.

The CLP participants were recruited by the SLPs at the AIISH. Forty-two CLP speakers (18 females,

24 males) in the age range of 7− 12 years have participated in the study.

Apart from the CLP speakers, the data from forty-two non-CLP speakers is also collected in the

same recording setup. The description of the same is provided later in this chapter. The non-CLP

speech data is used as a reference for the correction of the distorted CLP speech. In the case of spectral

conversion, the non-CLP speech data is used as a target to which the CLP speech is mapped to.

3.2.2 Recording setup

The SLPs of AIISH have designed suitable meaningful words, non-sensical consonant-vowel-consonant-

vowel (CVCV) and vowel-consonant-vowel (VCV) words, sustained phonations of vowels, phrases, and

sentences to evaluate the speech outcome measures of the individuals with CLP. While designing the
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speech stimuli for recording, the SLPs have tried to cover a range of acoustic contrasts with phoneti-

cally balanced phrases and sentences. In this thesis, non-sensical /CVCV/ words and vowel phonations

are used for analysis and modification. All the speech samples are recorded in a sound-proof room

using a speech level meter (Bruel and Kjær) at a sampling frequency of 48 kHz and 16-bit resolu-

tion [173]. The recorded speech samples are saved in a .WAV format. The microphone was placed at a

distance of 15 cm from each speaker while recording. During recording, the instructor first uttered the

target word, then the response of the children was recorded. Each of the expert SLP had an experience

of around five years in the field of CLP speech evaluation. The speech samples are recorded for 2− 3

sessions for each of the speaker.

3.2.3 Metadata

After recording, all the speech samples are manually segmented into a sequence of phoneme labels

with time alignments. The database consists of the following type of metadata:

Nonsensical words: These words are used to gauge the articulatory precision of obstruents in

the presence of low, mid and high vowels. In non-sensical words, /CVCV/ and /VCV/ words are

considered. The /CVCV/ word spans the space of all possible speech sounds used in CLP speech

assessment by forming a combination using one of the phonemes, /k, g, ch, j, T, D, t, d, p, b, s, sh,

m, n, N, r, w, l, y/ in the vowel contexts /a/, /i/, and /u/, respectively. In case of /VCV/ word,

the V unit corresponds to vowel /a/ and it is combined with one of the aforementioned phonemes.

Through the non-sensical words, the SLPs basically intend to observe the phonetic contrasts between

the obstruents and vowels. The /CVCV/ and /VCV/ words are helpful in studying the formant

transitions between vowels and consonants, spectro-temporal characteristics of stop consonants, and

the concentration of spectral energy in certain frequency bands. The phonetic contrasts may get

influenced due to nasalization and other articulatory impairments.

Table 3.1: Description of nonsensical words.

kaka

kiki

kuku

gaga

gigi

gugu

chacha

chichi

chuchu

jaja

jiji

juju

TaTa

TiTi

TuTu

DaDa

DiDi

DuDu

tata

titi

tutu

dada

didi

dudu

lala

lili

lulu

rara

riri

ruru

papa

pipi

pupu

baba

bibi

bubu

sasa

sisi

susu

shasha

shishi

shushu

mama

mimi

mumu

nana

nini

nunu

NaNa

NiNi

NuNu

wawa

wiwi

wuwu

yaya

yiyi

yuyu
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3.2 Data collection

Meaningful words and phrases: The meaningful words and phrases are used to study the

acoustic characteristics of the consonants and vowels in natural and uncontrolled contexts. The mean-

ingful words are useful in evaluating the type of error that are influenced by the phonetic context.

Table 3.2: Description of meaningful words.

paTa kasa papu kiTaki

baDa gata tabala bassu

Tapa saja koti sara

Daka chaTa gooDu kaaDu

taTa jaDa paTaki chape

daDa kaidi daBBi saude

Table 3.3: Description of phrases rich in oral consonants.

O1 kage kalu kappu O7 sarita kattari taa O13 chacha chaati kodu

O2 geeta bega hogu O8 idu hosa batte O14 adu chopada chaaku

O3 dana daari tappitu O9 shivana uru kaashi O15 ajja ajji jaatrege hodaru

O4 appa paTa ta O10 sharada shalege hodalu O16 adu joga jalapata

O5 baalu tabala barisu O11 sumaa sara koDu O17 paTa paTa bavuta

O6 beDa kaaDige Odida O12 bisi bisi gasa gasa payasa O18 adu daapa davasa

O19 taata tabala taa

Table 3.4: Description of phrases rich in nasal consonants.

N1 manu aneyannu nodida

N2 naveena maneyinda bandanu

N3 nanu aneyannu noDide

N4 manga maneya melide

N5 mama mandyadinda bandide

N6 maamana mane mangaloorinallide

N7 meenalige negadi bandide

N8 nari neladinda negeitu

These types of speech stimuli are designed in such a way that they are loaded with pressure

51

TH-2534_146102035
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consonants targets and they do not include any nasal consonants. The meaningful words and phrases

are used to assess hypernasality, nasal air emission, and consonant production errors. In clinical

settings, the meaningful words and phrases are important to analyze because an individual with CLP

sometimes produce a phoneme correctly in isolation, but produce it as different type of error at word-

level and sentence-level due to the influence of the phonetic context in casual conversation. The

recorded nonsensical words, oral and nasal phrases are shown in Tables 3.2, 3.3, and 3.4 respectively.

Sustained vowel phonations: In the individuals with CLP, velopharyngeal dysfunction results

in air-leakage through the nasal cavity during phonation leading into hypernasality. Studies report

that as hypernasality is caused by abnormal nasal resonance of sounds, it is associated with the

phonated sounds [2]. Therefore, the acoustic deviations caused by hypernasality are studied using

sustained vowel phonations in consonant-vowel (CV) structures. The sustained vowel phonations are

relatively free from the influence of phonetic contexts, intonation, stress, and speaking rate. The

database consists of three vowel phonations: /a/, /i/ and /u/.

3.2.4 Data labeling

This work aims at analyzing and improving the obstruents, vowels and the transition regions.

Hence, for this purpose, the burst, vowel onset points, onset and offset of fricatives are manually labeled

via a careful visualization of the speech waveform and spectrogram using PRAAT software [174]. The

phonemic annotations are carried out by a person having the knowledge of acoustic-phonetics. The

sudden release of the acoustic pressure introduces a relatively high-energy signal and it is marked as

burst onset points and the onset of the first glottal cycle is marked as vowel onset point for non-CLP

speakers. In the case of misarticulated phonemes uttered by speakers with CLP, if frication or burst is

absent, then the onset of the first formant (F1) is considered as the start of the vowel. The manually

labeled speech events and the associated speech segments are used for training the transformation

models to acquire the desired speech template to improve the CLP speech. The manually labeled

speech events are also considered as the ground truth for evaluation of the performance of the automatic

detection algorithms.

3.3 CLP speech disorder assessment

The recorded speech samples of all the CLP individuals are perceptually evaluated by three well

experienced SLPs of AIISH. Each of the expert SLP had an experience of around five years in the field
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of CLP speech evaluation. The SLPs assess the phoneme-level intelligibility, word-level intelligibility,

articulation, and voice quality by auditory detection and transcription. The perceptual evaluation

is conducted in a sound-proof room and all the SLPs used the same computer set-up for listening.

During perceptual evaluation, the speech samples are presented to the SLPs in a randomized manner.

The SLPs transcribed all the speech samples and provide deviation scores based on the 4−point equal

appearing interval (EAI) scale ranging from 0 to 3 [3,8], where 0 =close to normal, 1 =mild deviation,

2 = moderate deviation, and 3 = severe deviation. The higher rating indicates that the misarticulated

fricatives/stops are realized as an audible speech deviation. The score zero implies that the CLP

speech sample is close to non-CLP fricative/stop sound perceptually.

The study deals with the analysis and modification of misarticulated fricative /s/, misarticulated

stops /k/, /t/ and /T/, and nasalized vowels /a/, /i/ and /u/. Therefore, in the following subsections,

the assessment of the these speech samples and the corresponding repetitive /CV/ combinations are

discussed.

3.3.1 Assessment of misartculated fricative /s/

The fricative /s/ is observed to be one of the frequently occurring misarticulation in the database.

It is observed that when the individuals with CLP were expected to utter fricative /s/, some of the

speakers tend to replace it with glottal stop or phoneme specific nasal air emission (PSNAE), or

palatalized articulation.

Table 3.5: Description of misarticulated fricative data collected from CLP speakers.

Metadata Category of error No. of speakers No. of tokens

/s/

glottal 4 63

PSNAE 10 119

palatal 7 57

The fricative /s/ is analyzed in non-meaningful disyllabic /FVFV/ words. In the /FVFV/ word,

the F unit corresponds to fricative /s/ and the V unit corresponds to the low vowel /a/ resulting

in /sasa/. The corresponding number of speakers and speech tokens considered for misarticulated

fricative /s/ are shown in Table 3.5. The speech tokens are selected based on the inter-raters agreement.

The SLPs assess the fricative /s/ distortions by transcribing the speech samples and provide deviation
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scores on a scale of 0 to 3 as discussed previously. The higher rating indicates that the misarticulated

fricative /s/ is realized as an audible articulatory deviation whereas, the score of 0 implies that the

misarticulated fricative /s/ is close to non-CLP /s/. Subsequently, using PRAAT software [174], the

waveform and spectrographic analysis of the misarticulated fricatives are also performed to decide the

category of errors.

Table 3.6: Inter-rater reliability estimation for the misarticulated fricative /s/.

Pair of raters Cohen’s kappa Kendall’s correlation coefficient

1st − 2nd 0.72 0.78

2nd − 3rd 0.69 0.89

1st − 3rd 0.68 0.73

The inter-rater reliability levels are compared using the Cohen’s kappa and Kendall’s correlation

coefficient of concordance. The reliability levels are computed between 1st and 2nd, 1st and 3rd and

2nd and 3rd raters. The correlation coefficient obtained for each pair of raters along with kappa

measures are given in Table 3.6. For the fricative /s/ misarticulation, a moderate agreement is observed

among the raters with Cohen’s kappa value > 0.65. The agreement among the three raters together

is assessed using intra-class correlation coefficient (ICC) [175]. Generally, ICC (ρ) is calculated as a

ratio of variance of true score to that of total variance. It is given by,

ρ =
σ2
r

σ2
r + σ2

v

(3.1)

where, σ2
r and σ2

v denote variance of true score among subjects and unwanted variance respectively.

σ2
r and σ2

v constitute the total variance. ICC value describes the correlations within a class of data.

In the analysis of misarticulated fricative /s/, an ICC value of 0.8032, within 95% confidence interval

(0.6988, 0.8808) is observed. The F value is 13.247 (p < 0.001). The ICC value indicate that there is

a significant agreement among the raters.

In any case, if the misarticulated fricative segment in a /FVFV/ word is observed to exhibit

characteristics like nasal substitution, velar substitution, or any other type of misarticulations, then

such segments of the signal are kept unaltered. Since they are likely to illustrate different kind of

misarticulations, which are not covered in this work. Therefore, only those /s/ segments are subject

to transformations, which acquired one of the above mentioned three types of misarticulations.
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3.3.2 Assessment of misarticulated stop consonants

The stop consonants are also analyzed in non-meaningful disyllabic /CVCV/ words. In the

/CVCV/ word, the C unit corresponds to one of the unvoiced stop consonants among /k/, /t/,

and /T/ and the V unit corresponds to the low vowel /a/ resulting in /kaka/, /tata/ and /TaTa/.

Table 3.7: Description of consonants data collected from CLP speakers.

Metadata
Category No. of No. of

of error speakers tokens

/k/ glottal 16 298

/t/

glottal 8 140

velar 9 120

palatal 3 56

/T/

glottal 9 132

velar 8 132

palatal 3 60

The individuals with CLP misarticulate the velar stop /k/ by a glottal stop substitution. For

alveolar stop /t/ and /T/, three types of errors are observed in the database, namely, glottal stop

substitution, velar substitution and palatalized articulation. A minimum of three repetitions of each

of the /CVCV/ words are recorded. The respective number of speakers and tokens considered for

the stop consonant analysis and modification are shown in Table 3.7. For the assessment of the

three misarticulated stops shown in Table 3.7, the SLPs transcribed the speech samples and provide

deviation scores on a scale of 0 to 3 and each scale references are same with that defined in the first

paragraph of Section 3.3. Waveform and spectrographic analysis is also performed before the analysis

of misarticulated stops using PRAAT software [174] to decide the category of error.

Table 3.8: Inter-rater reliability estimation for the misarticulated stop consonants.

Pair of raters Cohen’s kappa Kendall’s correlation coefficient

1st − 2nd 0.61 0.82

2nd − 3rd 0.74 0.71

1st − 3rd 0.76 0.87

The correlation coefficient obtained for each pair of raters (1st and 2nd, 1st and 3rd, and 2nd and 3rd)
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along with kappa measures are depicted in Table 3.8. For the misarticulated stops, a moderate

agreement is observed among the raters with Cohen’s kappa value > 0.7. The agreement among the

three raters is assessed using ICC given in equation 3.1 and observed to be 0.7832 with 95% confidence

interval (0.6154, 0.8408). The F value is observed to be 14.321 (p < 0.001).

3.3.3 Assessment of nasalized vowel phonations

For assessing hypernasal speech, it is reported that test words must comprise of one vowel and one

type of pressure consonants. Therefore, for the analysis of hypernasality, consonant-vowel (CV) words

are considered in the study. Three repetitions of each of the vowels produced in /CV/ structures (C

unit corresponds to /p/) are recorded corresponding to the consonant. Three expert SLPs evaluate the

hypernasal speech based on the 4-point rating scale, which reflects increasing hypernasal severity level

from 0 through 3. A rating of 0 means that the speech is easy to understand and considered within

normal limits, a rating of 1 is considered as mild hypernasality, where the speech is occasionally hard to

understand, rating of 2 is considered as moderate hypernasality, where speech is socially unacceptable,

and a rating of 3 means severe hypernasality, where the speech is hard to understand most of the time.

Table 3.9: Description of vowel phonation data collected from hypernasal (HN) speakers.

Metadata
No. of No. of

speakers tokens

/a/ 39 102

/i/ 39 111

/u/ 39 98

Table 3.10: Inter-rater reliability estimation for nasalization.

Pair of raters Cohen’s kappa Kendall’s correlation coefficient

1st − 2nd 0.78 0.82

2nd − 3rd 0.73 0.80

1st − 3rd 0.81 0.92

The total number of speakers and tokens included in the study are shown in Table 3.9. The

correlation coefficient obtained for each pair of raters (1st and 2nd, 1st and 3rd, and 2nd and 3rd) along
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with Cohen’s kappa measures are depicted in Table 3.10 for hypernasal speech. For the nasalized

vowels, a moderate agreement is observed among the raters with Cohen’s kappa value > 0.8. In line

with the assessment of misarticulated fricatives and stops, the nasalized vowels are also assessed using

ICC, to measure the reliability of the measured data. An ICC value of 0.8132 within 95% confidence

interval (0.7212, 0.8910) is observed for hypernasal vowels. The F value of 13.843 (p < 0.001) is

observed.

3.3.4 Database description for /CVCV/ words

For the combined framework, the repetitive /CV/ combinations of all the phonemes studied in the

thesis corresponds to /sasa/, /sisi/, /susu/, /kaka/, /kiki/, /kuku/, /tata/, /titi/, /tutu/, /TaTa/,

/TiTi/, and /TuTu/. Accordingly, the total number of tokens used for the mentioned words are shown

in the Table 3.11.

Table 3.11: Description of /CVCV/ words collected from CLP speakers.

Category Glottal stop Palatal PSNAE Velar
/sasa/ 63 57 119 -
/sisi/ 20 26 62 -
/susu/ 29 25 62 -
/kaka/ 298 - - -
/kiki/ 71 - - -
/kuku/ 70 - - -
/tata/ 140 56 - 120
/titi/ 36 33 - 38

/tutu/ 38 33 - 35
/TaTa/ 132 60 - 132
/TiTi/ 41 36 - 34
/TuTu/ 32 36 - 33

Table 3.12: Inter-rater reliability estimation for misarticulated /CVCV/ words.

Pair of raters Cohen’s kappa Kendall’s correlation coefficient

1st − 2nd 0.83 0.89

2nd − 3rd 0.79 0.88

1st − 3rd 0.85 0.94

It is to be noted that the /CVCV/ words comprising of fricative /s/ does not demonstrate velar
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substitutions in the database. Similarly, the /CVCV/ words comprising of velar stop /k/ were not

uttered correctly and they do not exhibit palatal and PSNAE distortions. In the case of alveolar stop

/t/ and retroflex /T/, the speakers does not exhibit PSNAE distortions. The correlation coefficient

obtained for each pair of raters (1st and 2nd, 1st and 3rd, and 2nd and 3rd) along with kappa measures

are depicted in Table 3.12 for the misarticulated words. For the /CVCV/ words, a moderate agreement

is observed among the raters with Cohen’s kappa value > 0.7. An ICC value of 0.823 within 95%

confidence interval (0.7011, 0.8990) is observed for hypernasal vowels. The F value of 13.532 (p <

0.001) is observed.

3.4 Normal speech data

The non-CLP children data is also recorded in the same recording environment, for a minimum of

2−3 sessions from each speaker. While selecting the non-CLP speakers, care has been taken that they

do not have any developmental errors and have adequate hearing and language capabilities. Forty-two

Table 3.13: Description of obstruent data collected from non-CLP speakers.

Metadata
No. of No. of

speakers tokens

/sasa/ 30 300

/sisi/ 30 102

/susu/ 30 102

/kaka/ 31 370

/kiki/ 31 120

/kuku/ 31 120

/tata/ 29 336

/titi/ 29 135

/tutu/ 29 135

/TaTa/ 31 355

/TiTi/ 31 120

/TuTu/ 31 120

non-CLP speakers (22 females, 20 males) in the age range of 8 − 12 years have participated in the

study. The speakers were asked to repeat the utterances spoken by the instructors and their responses

are recorded. The speech data is recorded for the same metadata categories which were used for
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the CLP speakers. The total number of speakers and tokens corresponding to non-CLP speakers are

shown in the Table 3.13 for obstruents (/s/, /k/, /t/ and /T/) in the vowel contexts /a/, /i/, and /u/

respectively.

Table 3.14: Description of vowel phonation data collected from non-CLP speakers.

Metadata
No. of No. of

speakers tokens

/a/ 39 117

/i/ 39 117

/u/ 39 117

As shown in Table 3.14, for vowel phonations in /CV/ structures (C unit corresponds to /p/),

39 speakers data is considered in the study with 117 tokens for each /CV/ words. In certain cases,

non-CLP speech data is used to get insight about the spectral and temporal characteristics of the

phonemes, which is helpful in creating a representative template of the general speech. Compared to

CLP speakers, the number of tokens for stop consonants and fricatives are much higher for non-CLP

speakers. For the combined framework study, the description shown in Table 3.13 is considered.

The non-CLP speakers’ speech is used to train the spectral conversion system and to test the

performance of a system using objective and subjective measures. During the target selection, age

and gender matched CLP and target speaker pairs are considered. In certain cases, if the age and

gender of a CLP speaker is similar to more than one target speaker. Then, additional information are

taken into account, namely, visual analysis of the prominent spectral concentration, perceptual cues

embedded in the consonant-vowel transition regions. Based on the analysis, the non-CLP speaker

having the closest desired attributes is chosen as a target. The length of the source speech file is

normalized to match with that of the target speech file using the dynamic time warping. Further, the

conversion function is trained for each of the respective speaker pairs.

3.5 Summary

This chapter presented the procedure for database development that constitute of both the CLP

and non-CLP speech. In this chapter, the details of the assessment of different types of CLP speech

disorders are described. Based on the agreement of SLPs, the speech samples are used for the analysis
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and modification. Additionally, using PRAAT software, the waveform and spectrographic analysis

are performed to characterize the speech disorders in CLP speech. Further, the intra-class correlation

and Kendall’s correlation coefficient are also computed to objectively compute the rater agreement.
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4. Modification of Misarticulated Fricative /s/

Overview

This chapter describes modification of three types of misarticulated fricative /s/ in cleft lip and

palate (CLP) speech. It include palatalized /s/, phoneme-specific nasal air emission distorted /s/,

and glottal stop substituted /s/. By using the knowledge of the glottal activity, frication, and silence,

an approach is proposed for misarticulated fricative detection and categorization of the type of error.

Based on the category of error, an appropriate modification technique is applied. The deviations of

palatalized /s/ and phoneme-specific nasal air emission distorted /s/ are corrected by modifying the

spectral energy. The high-frequency energy levels are emphasized to improve the perception of fricative

/s/ using spectral tilt modification. Glottal stop substitution is modified by inserting artificially syn-

thesized /s/, where the fricative /s/ signal is synthesized using white noise signal and linear prediction

filter obtained from non-CLP (healthy) children fricative /s/. Further, the modified speech samples

are evaluated using objective and subjective approaches. The evaluation scores obtained from experi-

mental evaluation indicate speech intelligibility improvement of the modified signals compared to the

misarticulated fricative /s/.

4.1 Introduction

For non-CLP speakers, the process of generating fricative /s/ through a narrow constriction and

creating turbulence in the flow of air requires a complex movement of the articulators [180]. With

constriction in the front cavity region mostly, fricative represent a class of sound characterized by high

frequency energy. In the case of pathological speakers, the complex articulator configuration makes

fricative prone to misarticulations as they require to maintain adequate intra-oral pressure while

occluding the impairment. In fricative /s/ misarticulation, deviant power spectra is observed due to

shift in spectral prominence, weak frication energy, absence of frication, and additional turbulence

noise source created in the nasal cavity. All these factors lowers the required intra-oral pressure

for producing fricative sound resulting in misarticulated fricative /s/. Misarticulated fricatives are

produced by shifting the place of articulation (PoA) from the front cavity region to the back cavity

region of the articulatory system. Thus, shifting the concentration of the fricative energy from the

higher to the lower frequency region alters the fricative characteristics. This poses the importance of

processing different frequency bands for improving the fricative /s/ misarticulation.

The studies related to misarticulated fricative /s/ modification are quite limited. The exceptions
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are two recent works, which include modification of glottal stop substituted /s/ and palatal substitu-

tion of /s/ in CLP speech [178,179]. In these studies, acoustic transformations are applied on manually

annotated fricative /s/ segments (which requires considerable time and labor). These studies are not

feasible for phoneme-specific real-time modifications and it addressed only one type of misarticula-

tion. The intelligibility evaluation of the above-mentioned studies shows significant improvement in

speech intelligibility, but phoneme-specific real-time modifications for CLP speech have not yet been

attempted. Taking insights from the speech of hearing impaired individuals, where they exhibit high

frequency hearing loss. For such cases, studies explored that shifting the higher spectral information

into the lower region can improve the intelligibility to some extent. In other studies also, researchers

showed that the spectral energy can be either minimized or emphasized based on the desired speech

signal characteristics. Hence, similar strategies can be adopted for improving the misarticulated frica-

tive /s/.

The remaining of the chapter is organized as follows: the contribution of the chapter is presented in

Section 4.2 and analysis of the misarticulated fricatives is described in Section 4.3. The transformation

of misarticulated fricatives, which include automatic segmentation of the fricative errors followed by

modification techniques are illustrated in Section 4.4. The impact of modified misarticulated fricative

/s/ in intelligibility are explained in Section 4.5. The intelligibility assessments and summary are

presented in Section 4.5.1, Section 4.5.2 and 4.6 respectively.

4.2 Contributions

The aim of the work is to investigate the acoustic characteristics of misarticulated fricative /s/ for

automatic segmentation, followed by acoustic modification of these errors close to non-CLP like /s/.

The detailed description of the speech data used in this chapter are presented in Subsection 3.3.1 of

Chapter 3. All the details including the number of speakers, tokens, and the procedure of assessment

of the speech disorders by the SLPs were also presented. Three categories of misarticulated fricative

/s/ are considered, namely palatalized /s/, phoneme-specific nasal air emission (PSNAE) distorted /s/

and /s/ substituted by glottal stop /P/. For assessing obstruent production errors, in the literature,

it is noted that the speech samples must comprise of the target consonant in more than one position

per word [8]. Hence, the misarticulated fricative /s/ is studied in the initial and medial position in the

fricative-vowel-fricative-vowel (FVFV) structure. Before modification, the automatic segmentation of
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the misarticulated fricative /s/ is first performed using the knowledge of the onset of glottal activity,

and it is considered an anchoring point. Within 200 ms of the onset point of the glottal activity region,

fricative evidence is investigated using band energy ratio and spectral tilt. If fricative is detected,

then the category of fricative error is further determined using the features, namely, spectral centroid,

dominant spectral centroid, and maximum normalized spectral slope. The detected misarticulated

fricative is subject to modification by applying spectral energy compression followed by spectral tilt

modification. On the other hand, if no frication is found, then the search interval is analyzed using

short-time energy and abrupt transition characteristics. If the region is identified as silent with steep

transitions, it is considered glottal stop substituted /s/. Therefore, the glottal stop substituted /s/ is

modified by inserting artificially synthetic /s/. The significant contributions of this investigation are

stated as follows:

• Analyzing the acoustic characteristics of palatalized /s/, PSNAE distorted /s/, and glottal stop

substituted /s/.

• Proposed strategies for the correction of misarticulated fricative /s/:

– At first, the fricative segments are detected automatically followed by categorization of the

type of error into palatalized /s/, PSNAE distorted /s/ and glottal stop substituted /s/.

– Palatalized /s/ and PSNAE distorted /s/ are distortions in place of articulation (PoA).

Hence, spectral modification based approaches are used to correct these errors.

– A glottal stop substituted /s/ is a distortion in PoA and manner of articulation (MoA)

both. Therefore, it is corrected by inserting artificially synthesized /s/.

4.3 Analysis of the misarticulated fricatives in CLP speech

The fricatives represent a class of sound characterized by their manner of production and maxi-

mum energy concentrated in the higher frequency region. Fricatives are excited by an aperiodic signal,

shaped spectrally by the area and place of narrow supraglottal constriction [181]. The spectral char-

acteristics of fricatives change with the presence and type of obstacle as well as front cavity length

downstream of the constriction. Specifically, an alveolar fricative /s/ is a voiceless fricative with the

place of constriction in the alveolar ridge. Fricative /s/ in non-CLP speech is acquired through a

narrow constriction by creating turbulence in the air flow. The narrow constriction is formed by the

hard palate and tongue blade [182]. An adequate intra-oral pressure is required during the /s/ sound
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acquisition process [181,183]. Spectrally, fricative /s/ is characterized by the concentration of energy

in the high-frequency region (> 4 kHz). However, in the case of CLP speech, the complex articulator

configuration and a lack of adequate intra-oral pressure results in misarticulated fricative [182].
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Figure 4.1: Distribution of (a) spectral tilt (dB/octave) and (b) band energy ratio (BER) in dB derived
from FFT spectrum for non-CLP /s/, palatalized /s/ (PA) and PSNAE distorted /s/.

The difference between the misarticulated fricative /s/ and non-CLP /s/ are analyzed briefly in the

following subsections using spectral tilt and band energy ratio (BER). The spectral tilt is obtained by

modeling the spectra using a first-order linear prediction (LP) analysis [184]. The BER is defined as

the ratio of spectral energies of two frequency bands [185]. The first band (Eb1) ranges from [0−4] kHz,

and another band (Eb2) ranges from [4− 8] kHz. BER is given by, BER = 10 ∗ log10
(
Eb1
Eb2

)
.

4.3.1 Palatalized /s/

The palatalization of /s/ leads to a change in PoA from the alveolar to the palatal region, causing

the front cavity to lengthen. As a result, the high-frequency energy shifts towards the low-frequency

range [181]. Subsequently, the spectral characteristics of palatalized /s/ exhibit a prominent spectral

peak around [2−4] kHz. A study reported that sibilant errors are characterized by the substitution of

palatal fricatives for alveolar fricatives [3,186]. In another study, tongue backing movement is analyzed

based on the perceptual and video-fluoroscopic analyses [187]. The palatalized /s/ has different power

spectra compared to non-CLP /s/ and palatal fricative /sh/ spectrum [188]. The palatalization of /s/

affects speech intelligibility when formulated in meaningful words or sentences. For example, the words

/sasi/ and /shashi/ in the Kannada language corresponds to “plant” and “moon” respectively, which

implies that palatalization of alveolar fricative /s/ changes the intelligibility of the word. Therefore,

it is important to study the intelligibility of palatalized /s/ in CLP speech.

The distribution of spectral tilt for the palatalized /s/ is shown in Figure 4.1 (a), which includes
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both positive and negative values. From Figure 4.1 (a) it is noted that the spectral tilt of non-CLP

/s/ have stronger positive slope compared to palatalized /s/. It conveys that the spectral energy

of palatalized /s/ is concentrated in the frequency range relatively lower than non-CLP /s/. The

additional peak in Figure 4.1 (a) is attributed to the resonances of the back cavity acquiring low

amplitude value because of close association with zeros. The posterior movement of the place of

constriction drives the speaker to generate a pressure of the fricative before the air is lost through the

orifice. Individuals with CLP acquire such misarticulations due to abnormal lingual-palatal contact.

It causes a change in the vocal tract volume and front cavity length leading to lower frequency spectral

density. From the distribution of BER shown in Figure 4.1 (b), it is observed that palatalized /s/

have higher BER values compared to non-CLP /s/. The dominant high-frequency energy of non-CLP

/s/ results in low BER values, and it is reflected in Figure 4.1 (b).

4.3.2 PSNAE distorted /s/

The PSNAE distorted /s/ consists of a turbulence noise source created in the nasal cavity. The

turbulence noise produced in the nasal cavity is exhaled forcibly. This noise becomes a part of the

generated speech signal, which influences the perceptivity of the listeners [2]. In the case of fricative /s/

distorted by PSNAE, it was reported that associated spectral energy occurs in the frequency range

of [2.5 − 7.0] kHz [189]. Because of PSNAE, intra-oral pressure drops, and consequently, fricative

energy gets weakened. Fricatives are observed to have a high number of occurrences of audible nasal

emission [177, 190]. It is reported that audible nasal emission can reduce intelligibility due to altered

acoustic properties [191].

The distribution of spectral tilt is depicted in Figure 4.1 (a) for PSNAE distorted /s/ and it shows

strong negative slope relative to palatalized /s/ and non-CLP /s/. It indicates that maximum spectral

energy is concentrated in the lower frequency range with energy tailing off toward higher frequencies.

From the BER distribution in Figure 4.1 (b), it is observed that PSNAE distorted /s/ has weak

frication energy relative to non-CLP /s/. The weak frication energy is due to inadequate intra-oral

pressure created during the production of fricative /s/.

4.3.3 Glottal stop substituted /s/

The glottal stop substituted /s/ is produced by tight adduction of vocal folds, thereby accumulating

the subglottic air pressure. Then, a sudden release of airflow occurs through an abrupt separation
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of the vocal folds. The glottal stop has a severe impact on the intelligibility of CLP speech. A

glottal stop may be perceived as a brief choking or popping sound in the throat [192]. In literature,

the occurrence rate of the glottal stop in the individuals with CLP is approximately reported to be

60− 90 % [193,194].

Figure 4.2: Illustration of the waveform and respective spectrogram of a fricative in the intervocalic
context /sasa/ of a non-CLP speaker (a)-(b) and CLP speaker (c)-(d) with glottal stop substituted
/s/.

The silence region marked with a red rectangle in Figure 4.2 (c) and (d) corresponds to the glottal

stop substituted /s/ in /sasa/ word opposed to the noise-like frication and high-frequency spectral

energy marked with a red rectangle in Figure 4.2 (a) and Figure 4.2 (b) respectively. The absence of

formant transitions entering/leaving the adjacent vowel, abrupt start/end of vowel’s magnitude, and

identifiable stop closure region implies that no constriction has occurred in the oral cavity [195, 196].

Because of the presence of silence region in the glottal stop substitution, BER and spectral tilt are not

computed. The average duration of non-CLP fricative /s/ is computed as 134 ms. Therefore, for the

glottal stop substituted /s/ in word-initial condition, only 134 ms long duration signal is considered.

Hence, in Figure 4.2 (c) and (d) only 134 ms is segmented as glottal stop substituted /s/ besides

190 ms of silence region for word initial condition.

4.4 Transformation of misarticulated fricatives in CLP speech

Based on the analysis of spectral tilt and BER, waveform, and spectrograms depicted in Figure 4.1

and Figure 4.2, the following strategies are developed for the correction of misarticulated fricative /s/.

• Palatalized /s/ and PSNAE distorted /s/ are the distortions in PoA which acquire frication char-
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acteristics with deviated spectral characteristics. Hence, spectral modification based approaches

are employed for the correction of these errors.

• A glottal stop is characterized by the presence of silence interval and abrupt transitions. There-

fore, the modification of silence region is carried out by inserting artificially synthesized fricative

/s/.

• Before spectral modification or insertion-based correction, the regions to be modified are seg-

mented automatically. The error category, i.e., frication or silence, is also determined for apply-

ing appropriate modification techniques.

4.4.1 Segmentation of misarticulated fricative /s/

The segmentation and classification of misarticulated fricative /s/ utilize the knowledge of the

glottal activity, frication, silence, and abrupt transition characteristics. The different stages involved

in the segmentation process are described as follows:

Detection of anchor points

In this work, the /FVFV/ words considered have a bisyllabic structure. Each syllable contains

the misarticulated fricative, followed by a vowel. The vowels are produced with glottal vibrations,

while misarticulated fricatives are produced with the absence of glottal vibrations. As the onset of

glottal activity bifurcates the vowel region from the misarticulated fricative region, it is considered an

anchor point for the segmentation of misarticulated fricative regions. Accordingly, at first the glottal

activity regions are detected using a zero frequency filtering (ZFF) approach [197]. The ZFF process

involves the passing of differenced speech signal through a cascade of two ideal zero Hz resonator.

The resonator’s output contains cumulative DC bias, which is removed by the process of local mean

subtraction. The local mean subtracted signal is known as a zero frequency filtered signal (ZFFS).

Each of the positive zero crossings of the ZFFS corresponds to the glottal closure instants/epoch

locations. The first order slope of ZFFS calculated at each epoch location is termed as the strength of

excitation (SoE). Figure 4.4 (b) and (g) depicts that the SoE is comparatively higher for voiced regions

relative to unvoiced or silence region. This is because it captures the strength of the quasi-periodic

impulse like excitations. Using an appropriate threshold on SoE, the regions with SoE higher than

the threshold values are considered as glottal activity regions.

After that, within the glottal activity regions, the syllable nuclei are detected by the method

described in [198]. Here, the signal is first band-pass filtered with pass-band frequencies from [0.5 −
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4] kHz to enhance the contrast between a vowel and a misarticulated fricative. A windowed frame of

20 ms is considered around each epoch to compute the epoch-synchronous short-time energy of the

band-pass filtered signal. The short-time energy contour of the band-pass filtered signal is smoothed

using a 100 ms hamming window. The peaks of the smoothed band-pass filtered signal energy profile

are used to locate the syllable nuclei. Figure 4.4 (c) and (h) depict the smoothed short-time energy

contour of the band-pass filtered signal, and the respective peaks locate the syllable nuclei. Using

the information of syllable nuclei location, the anchor point is determined, which primarily denotes

the onset of glottal activity region. If the onset point of the glottal activity region lies within the

range of 150 ms from the syllable nuclei location, it is considered the anchor point. The anchor

points for palatalized /s/ (0.158 s and 0.42 s) and glottal stop substituted /s/ (0.15 s and 0.49 s) are

depicted in Figure 4.4 (d) and (i), respectively. Once the anchor points are identified, then the region

corresponding to 200 ms before the anchor point is considered as the search interval. Further, this

region is processed for the classification of frication versus silence.

Silence versus frication classification

The considered region (200 ms) before the anchor point, may contain silence as in case of glottal

stops, while frication in case of palatalized and PSNAE distorted fricative. Therefore, to discriminate

the glottal stops from palatalized and PSNAE distorted fricatives, a rule-based approach is employed.

From Figure 4.1 (a) and (b), BER and spectral tilt are found to discriminate the fricative errors quite

well. Thus, these two features are used to detect the fricative evidence in the /FVFV/ word. For both

the quantities, BER denoted by νb and spectral tilt denoted by νs, separate thresholds (Tb and Ts)

are determined experimentally. Using the thresholds Tb and Ts on the fricative evidence (ν), a binary

decision is made for the presence/absence of frication as,

df (n) =


1 if νb[n] > Tb || νs[n] > Ts,

0 otherwise.

(4.1)

where Tb = k1×µνb and Ts = k2×µνs . The values of k1 and k2 are determined experimentally, which

are equal to 0.25 and 0.3, respectively. The variables µνb and µνs denote the mean of the BER and

spectral tilt computed by averaging the BER and spectral tilt values for the entire search interval.

If any of the fricative evidence exceeds the threshold as indicated by equation 4.1, then frication is

considered to be present. However, if none of the quantities exceed the threshold, then it is assumed
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to be a silence region.

Categorization of misarticulated fricatives

In the final stage, the type of misarticulation (palatalized /s/, PSNAE distorted /s/ and glottal stop)

is detected, which is accomplished through the following conditions. If the fricative characteristics is

present (i.e., when df (n) = 1). Further categorization is performed into palatalized /s/ and PSNAE

distorted /s/ by using the features namely, spectral centroid (M1), dominant spectral centroid (DSC),

and maximum normalized spectral slope (MNSS) [199,200].

Table 4.1: M1, DSC, MNSS of non-CLP /s/ (NS), palatalized /s/ (PA), and PSNAE distorted /s/ (PSNAE).
M1, DSC, MNSS denotes spectral centroid, dominant spectral centroid, and maximum normalized spectral
slope.

Category M1 (µ± σ) (Hz) DSC (µ± σ) (Hz) MNSS (µ)

NS 5208±1475 4627±1400 2.6×10−3

PA 3233±1436 2691±1283 2.4×10−3

PSNAE 3018±1170 2447±1102 2.1×10−3

At first, the M1 value is computed because it discriminates the region with maximum spectral

energy concentration. From Table 4.1 it is observed that the M1 value is relatively lower for palatalized

/s/ and PSNAE distorted /s/. It confirms that the place of constriction shifts from anterior to a

posterior position in the oral cavity. Although the M1 value distinguishes the fricatives based on the

place of constriction, it varies with relative flatness of the spectrum. For example, palatalized /s/

and PSNAE distorted /s/ have a flat spectrum relative to non-CLP /s/, and its M1 value is also

low due to the dominance of spectral energy in the low-frequency region. On the other hand, non-

CLP /s/ also have a flat spectrum (relatively low M1 value) with the dominance of spectral energy

in the high-frequency region. This leads to a significant overlap between M1 values of non-CLP /s/

and misarticulated fricatives. To capture the localized frequency range of the spectral density of

misarticulated fricatives, DSC values are calculated. DSC represents the centroid of the values of the

magnitude spectrum above the 80 percentile of the distribution. From Table 4.1, it is observed that

with the movement of the place of constriction from anterior to the posterior position, DSC values

become smaller compared to M1 values. It is also noted that the spread of DSC values are reduced

compared to M1 values. This is because of the localized spectral centroid that removes insignificant
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signal samples from the spectrum. However, DSC values of PSNAE distorted /s/ and palatalized

/s/ have significant overlap. Thus, another feature is required to distinguish them. Hence, MNSS

is exploited to separate palatalized /s/ and PSNAE distorted /s/. The MNSS values are computed

as the maximum value of the first difference of the spectrum, which is normalized to the sum of the

magnitude values of the spectrum. The overall MNSS value averaged across all the frames is observed

to be higher for palatalized /s/ compared to PSNAE distorted /s/, which conveys that palatalized /s/

has a higher slope. Using the M1, DSC and MNSS values tabulated in Table 4.1, the palatalized /s/

and PSNAE distorted /s/ denoted by spa(n), spsnae(n) are categorized as,

spa(n) =

{
1 if (1.8 ≤ m1 ≤ 4.6) & (1.4 ≤ DSC ≤ 3.97) & (0.0022 ≤MNSS < 0.0025) & df (n) = 1,

0 otherwise.

(4.2)

spsnae(n) =

{
1 if (1.9 ≤ m1 ≤ 4.2) & (1.3 ≤ DSC ≤ 3.5) & (0.0019 ≤MNSS < 0.0023) & df (n) = 1,

0 otherwise.

(4.3)

In case of the absence of fricative evidence in equation 4.1 (i.e., when df (n) = 0), the region is then

analyzed for glottal stop characteristics. The glottal stop substituted /s/ is analyzed using abrupt

transitions between the fricative and vowel and vice versa. The abrupt transitions are observed by

computing the rate of FV/VF transitions using the function fFV /fV F for each frame of the utterance.

The rate of /FV/ and /VF/ transition for a particular /FVFV/ utterance is given by,

fFV (n) = ED(ēf , en)− ED(ēv, en)

fV F (n) = ED(ēv, en)− ED(ēf , en)

(4.4)

where ēf and ēv are the mean short-time energy (STE) computed by averaging STE values over all

the frames of misarticulated fricative and vowels, respectively. The variable en denote the STE of

nth frame and ED indicates the Euclidean distance between two values. From the figure depicted

in Figure 4.3, the slope of the transition region (between fricative and vowel or between vowel and

fricative) is noted to be less steep for non-CLP /s/ (depicted in Figure 4.3 (a)-(b)) compared to

that in-between glottal stop substituted /s/ and vowel (depicted in Figure 4.3 (c)-(d)). The steep

slope of the transition region conveys abrupt amplitude increase and abrupt formant transitions in the

preceding and next adjacent vowels. Using the knowledge of abrupt transition characteristics and STE

below the threshold value Tg, the region with df (n) = 0 is decided to contain glottal stop substituted
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Figure 4.3: Comparison of rate of /VF/ and /FV/ transition region components for, (a)-(b) non-CLP
and, (c)-(d) glottal stop substituted CLP speech.

/s/ denoted by sgs(n). Therefore, the glottal stop substituted /s/ is categorized as,

sgs(n) =


1 if STE < Tg & fFV /fV F = H & df (n) = 0

0 otherwise.

(4.5)

where, Tg = k3 × µSTE and H denote steep transition slope relative to non-CLP /s/ and vowel

transition. The value of k3 is determined experimentally, which is equal to 0.02, and µSTE is the mean

of the STE computed by averaging the STE values for entire search interval. Therefore, Figure 4.4 (e)-

(j) depict the speech waveforms superimposed with segmented fricative errors, namely palatalization

of /s/ and glottal stop substituted /s/.

The detection rate of the three above mentioned fricative errors is shown in Table 4.2. The detection

Table 4.2: Performance of misarticulated fricative /s/ detection, palatalization of /s/ (PA), PSNAE
distorted /s/ and glottal stop (GS) stop substituted /s/.

Category PA PSNAE GS

Accuracy(%) 84.37 90 88.63

accuracy for palatalization of /s/ is observed to be relatively low compared to PSNAE distorted /s/ and
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Figure 4.4: Misarticulated fricative segmentation. (a)-(e) and (f)-(j) represent the speech waveforms
of /FVFV/ word structure for palatalization of /s/ and glottal stop substituted /s/, SoE superim-
posed with glottal activity regions, the contour of smoothed STE of band-pass filtered signal with
respective peaks representing the syllable nuclei, onset points of glottal activity regions and syllable
nuclei locations, and detected fricative errors, respectively.

glottal stop substituted /s/. This is because some of the speech samples of palatalized /s/ show close

acoustic characteristics like non-CLP alveolar fricative /s/. However, the characteristics of PSNAE

distorted /s/ and glottal stop substituted /s/ are significantly different compared to non-CLP /s/ and

hence, results in relatively higher detection accuracy.

4.4.2 Modification of misarticulated fricative /s/

After analyzing the misarticulated fricative /s/ and their corresponding influence in the acoustic

characteristics of the signal, the following improvement is performed in this subsection.

Spectral energy compression

From the analysis of misarticulated fricative /s/ in Section 4.3 above, it is observed that palatalized /s/

and PSNAE distorted /s/ retained the frication manner with most of the spectral energy concentrated

in the low-frequency range. To modify the misarticulated fricatives similar to non-CLP like /s/,

the low-frequency components must be suppressed and emphasize the higher frequency components.

Therefore, a sub-band analysis is performed by dividing the fricative spectrum S(n, ωµ) into a lower
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and higher frequency band with a cut-off frequency of 4 kHz.

S(n, ωµ) =
∞∑

m=−∞
x(m)w(n−m)e−jωµm (4.6)

where, x(m) denote the input signal, w(n) is the analysis window, n represents the time at which

analysis window is positioned, and ωµ denote frequency index. The fricative spectrum is estimated

from overlapping Gaussian windowed segments (6.4 ms length with 1 ms overlap) and it is analyzed

using 2 sub-bands: represented as SLF(n, ωµ) which ranges from [0− 4] kHz and SHF(n, ωµ), ranging

from [4−8] kHz. Here, SLF and SHF denote low and high frequency spectral components, respectively.

The spectral energy compression function is applied in the low frequency region SLF(n, ωµ) of the

fricative spectrum. The modified frequency spectrum ŜLF(n, ωµ) is given by,

ŜLF(n, ωµ) = η × (SLF(n, ωµ)) (4.7)

where, η =

√√√√√√√√√√
µu−1∑
µ=µl

(SLF(n, ωµ))2

(
µu−1∑
µ=µl

SLF(n, ωµ)× 1

(µu − µl)
×
µu−1∑
µ=µl

SLF(n, ωµ)

)2

here µl and µu give the lower and upper boundaries of the frequency interval to be modified. The

spectral energy compression factor (η) varies with the total energy in the lower frequency region [0−4]

kHz. When the total energy in the SLF region is low, η > 1 and when energy is high in the SLF

region as observed in palatalized /s/ and PSNAE distorted /s/, in that case η < 1. For the non-CLP

speaker’s fricative spectrum, η is mostly observed to be greater than 1. Whereas, in palatalized /s/

and PSNAE distorted /s/, η is mostly less than 1. The modified low frequency spectra, ŜLF and

unprocessed high frequency spectra, SHF are concatenated to get the overall modified spectrum. The

modified spectrum is then smoothened by moving averaging filter in order to avoid any sharp transition

effect. To further improve the perception of modified /s/ similar to non-CLP /s/, positive spectral

tilt modification is performed. Moreover, from Figure 4.1 (a) as well, it is observed that the spectral

tilt of palatalized /s/ and PSNAE distorted /s/ are different compared to non-CLP /s/. Therefore,

the higher frequency components are emphasized using a positive spectral tilt after spectral energy

compression [201].
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Insertion method

Another transformation method considered in this study is the insertion method employed for glottal

stop substituted /s/ which is produced with a shift in PoA and a change in the MoA as well. The

fricative /s/ substituted by the glottal stop is modified by artificially synthesizing fricative /s/ seg-

ment similar to the method used for synthesizing stop consonants in [202]. The fricative segment is

synthesized using a white noise signal and fricative specific filter obtained from non-CLP /s/. The

mean amplitude of non-CLP /s/ is computed as 0.47. For synthesis, a white noise signal is generated

with zero mean and unit variance and amplitude not exceeding 0.47. The wide-band spectral content

of the white noise signal is passed through a band-pass filter. The center frequency and the cut-off

frequencies for the band-pass filter are estimated from the spectrum of the non-CLP /s/. The band-

width of the band-pass filter is estimated from the frequency at which the spectral energy rises and

falls rapidly across the prominent spectral peak [203]. The rising and falling frequency obtained from

non-CLP /s/ are averaged across all the speakers. Hence, the lower and the higher cut-off frequencies

for the band-pass filter are 3.8 and 7.59 kHz, respectively. Subsequently, the band-pass filtered noise

signal is passed through the average linear prediction filter obtained from non-CLP /s/. An LP order

of fs
1000 + 2 is used during the computation of average linear prediction coefficients from non-CLP /s/,

where fs is the sampling frequency, which is equal to 16 kHz. For word-initial /s/, a fricative signal

of 134 ms long duration is synthesized, however, for word medial /s/, the region between the offset

of previous phoneme and onset of the preceding phoneme is considered. To observe the perceptual

characteristics of synthetic fricative /s/, a perceptual test is performed by replacing the natural /s/

with synthetic /s/ in /FVFV/ words of non-CLP speakers. The listening test showed that 92% ( 47

out of 51) of the synthetic fricative /s/ sounded similar to non-CLP like fricative /s/.

4.5 Results and discussion

The effectiveness of the transformation method introduced in Section 4.4.2 is examined in this

section. The transformation of palatalized /s/ and PSNAE distorted /s/ are shown in Figure 4.5

and Figure 4.6 respectively. For palatalized /s/ depicted in Figure 4.5 (a), it is observed that in the

modified spectrum, the prominent spectral density between [2− 4] kHz is suppressed compared to the

original unprocessed spectrum. However, the higher frequency components are not very high relative

to low-frequency components in the unprocessed palatalized spectrum. It indicates that a change
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Figure 4.5: Log magnitude spectrum of palatalization of /s/ overlayed with the spectrum of the
same after it has been modified for the parameters, (a) spectral energy compression, (b) spectral
tilt modification. Original, Modified, and Tilt modified represents the unmodified spectrum, spectral
energy compressed spectrum, and spectrum modified by spectral energy compression & spectral tilt
transformations.

in spectral energy levels has occurred, but the spectral tilt is not strongly positive, resulting in the

low-intensity fricative signal. The positive spectral tilt is important for perceiving the modified /s/

sound like non-CLP /s/ [204]. Consequently, the positive spectral tilt modification is performed on

the spectrum after applying spectral energy compression and shown in Figure 4.5 (b). The spectral

tilt modified spectrum emphasizes the higher frequency components. Hence, the similarity between

non-CLP /s/ spectrum and spectral tilt modified /s/ has increased because it has maximum energy

concentrated in the higher frequency region.
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Figure 4.6: Log magnitude spectrum of PSNAE distorted /s/ overlayed with the spectrum of the
same after it has been modified for the parameters, (a) spectral energy compression, (b)spectral tilt
modification. Original, Modified, and Tilt modified represents the unmodified spectrum, spectral
energy compressed spectrum, and spectrum modified by spectral energy compression & spectral tilt
transformations.

For PSNAE distorted /s/ shown in Figure 4.6 (a)-(b), consistent observations are noted with re-
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spect to palatalized /s/ modifications. In Figure 4.6 (a) the dominant spectral density below 3.7 kHz

are attenuated relative to the higher spectral components. The impact of spectral tilt modified spec-

Figure 4.7: Illustration of the unmodified waveform and corresponding spectrogram of a (a)-(b)
glottal stop substituted fricative /s/ in the intervocalic context /sasa/ and (c)-(d) modified waveform
& spectrogram.

trum shown in Figure 4.6 (b) is observed to be higher than the modified spectrum using spectral

energy compression alone. After spectral tilt modification, the PSNAE distorted /s/ resembles the

spectral characteristics near to non-CLP like /s/ spectrum. The distinguishing feature of fricative /s/

is emphasized which yields prominent high-frequency energy above 4 kHz shown in Figure 4.2 (a)-(b),

The insertion method is analyzed for the correction of /s/ when both the PoA and MoA are

changed. The artificially synthesized /s/ sound is inserted in the automatically segmented glottal stop

region. The temporal envelope and the corresponding spectrogram of inserted fricative /s/ for glottal

stop substitution are depicted in Figure 4.7 (c)-(d). In Figure 4.7 (c)-(d) noise-like fricative signal

components with a dominance of high-frequency energy above 4 kHz are observed as opposed to silence

in Figure 4.7 (a)-(b) (the region corresponding to the red rectangle). After modification of glottal stop

substituted /s/ shown in Figure 4.7 (c)-(d), it nearly resembles the acoustic characteristics of non-

CLP fricative /s/ depicted in Figure 4.2 (a)-(b). Further, the impact of modified speech signals on

speech intelligibility after performing the transformations are assessed using objective and subjective

evaluations, which are discussed in Section 4.5.1 and Section 4.5.2 respectively.
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4.5.1 Objective evaluation

The proposed methods are objectively evaluated to check the speech intelligibility improvements

after modifications. The objective measures used for the evaluation of modified signals are automatic

speech recognition (ASR), spectral centroid (M1), mel-cepstral distortion (MCD), and high to low-

frequency energy ratio (HLR).

• Automatic speech recognition (ASR): In this work, the KALDI speech recognition toolkit [205]

is used to train the system. The system is adapted to non-CLP children speech, where a hid-

den Markov model-Gaussian mixture model (HMM-GMM) based method is used to train the

system. The recognition results of the distorted fricatives are shown in Table 4.3.

Table 4.3: Phone recognition results for normal fricative /s/ (NS), palatalized /s/ (PA), PSNAE
distorted /s/ (PSNAE), and glottal stop substituted /s/ (GS).

Category NS (%) Other phonemes (%) Deletion (%)

NS 87.90 12.10 0.00

PA 32.73 65.27 2.00

PSNAE 19.75 77.25 3.00

GS 6.25 82.75 11.00

For the non-CLP fricative /s/, five training and testing sets are prepared. Each set consists

of randomly selected 80% of the samples, which are used for training, and the remaining 20%

of the samples are used for testing. The speech recognition system is trained and tested for

each of the five sets. The accuracy of non-CLP fricative /s/ averaged across all the five testing

sets is observed to be 87.90%. From Table 4.3, it is noted that the recognition accuracy of the

misarticulated fricatives is very low. Above 65% of the misarticulated fricatives are recognized

as other phonemes, and a small percentage of deletion is also observed. Among all the misarticu-

lated fricative /s/, palatalized /s/ is observed to have the highest recognition rate (32.73%) and

lowest for glottal stop substituted /s/ (6.25%). The higher recognition accuracy for palatalized

/s/ may be attributed to the place of constriction closer to the alveolar fricative /s/.

The modified misarticulated fricatives are presented to the recognition system adapted to non-

CLP /s/. The recognition accuracy of the modified misarticulated fricatives is shown in Ta-

ble 4.4. From Table 4.4, it is observed that the modified misarticulated fricatives achieve a
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Table 4.4: Phone recognition results for modified palatalized /s/ (PAm), modified PSNAE distorted
/s/ (PSNAEm), and modified glottal stop substituted /s/ (GSm).

Category NS (%) Other phonemes (%) Deletion (%)

PAm 71.38 28.62 0.00

PSNAEm 67.25 31.75 1.00

GSm 68.24 28.76 3.00

higher recognition rate compared to original misarticulated fricatives. A small percentage of

deletion is observed for modified PSNAE distorted /s/ and glottal stop substituted /s/.

• Spectral centroid (M1): The spectral centroid is a feature used in literature to discriminate

alveolar fricative /s/ [206]. It represents the highest amplitude peak of the FFT spectrum.

Hence, it is used as one of the performance metrics to analyze the impact of transformations on

fricative /s/ intelligibility.

• Mel-cepstral distortion (MCD): MCD is used as another performance metric for objective

evaluation. It is used to measure the spectral distortion between average non-CLP cepstral

coefficients and misarticulated fricative’s cepstral coefficients. The MCD value is calculated as,

MCDt(dB) =
1

T

T∑
t=1

10× log10

√√√√2
L∑
l=1

(m(l)− m̂(l))2 (4.8)

where, t and l represent the time frame index and cepstral coefficients index, respectively.

m(l) and m̂(l) denote lth non-CLP cepstral coefficient and lth misarticulated fricative’s cepstral

coefficient. The overall MCD value is obtained by computing the mean of the MCD values

across all the frames.

• High to low-frequency energy ratio (HLR): While performing transformations for the

misarticulated fricatives, the higher frequency energy is emphasized compared to low-frequency

energy. To take this characteristic into account for modified fricative signals, the high to low-

frequency energy ratio is computed. The lower frequency energy ranges from [0.5− 4] kHz, and

higher frequency energy ranges from [4− 7.5] kHz.

The evaluation is carried out for the /FVFV/ words of the misarticulated fricatives, and the

corresponding values are depicted in the boxplot shown in Figure 4.8. The M1 value of palatalized
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Figure 4.8: Boxplot showing (a) normalized spectral centroid (M1), (b) mel cepstral distortion,
and (c) high to low frequency ratio for the phoneme /s/ of non-CLP speech, palatalized articulation,
phoneme specific nasal air emission and glottal stop. PA denote palatalized /s/, PAm denote modified
palatalized /s/, PSNAE denote phoneme specific nasal air emission distorted /s/ and PSNAEm denote
modified PSNAE distorted /s/ and GSm denote modified glottal stop distorted /s/.

/s/ and PSNAE distorted /s/ show significant change with new M1 locations close to non-CLP /s/.

This implies that the predominance of spectral energy in the lower frequency region is suppressed

and the ones in the higher frequency region are emphasized. Consequently, the M1 value for the

corrected glottal stop substitution is slightly lower compared to palatalized /s/ and PSNAE distorted

/s/. This conveys that it also possesses M1 in the range similar to non-CLP fricative /s/. The lower

MCD values of the modified fricatives indicate that the spectral difference between non-CLP fricative

/s/ and misarticulated fricatives are reduced compared to the original unprocessed misarticulated

fricatives. The MCD value of non-CLP /s/ is observed to be 0, because the MCD in this work

measures the spectral distortion between average non-CLP cepstral coefficients and misarticulated

fricative’s cepstral coefficients. Furthermore, the HLR values of the modified fricative signals indicate

the dominance of higher frequency energy. Thus, the modified speech signals have acquired non-CLP

like fricative /s/ characteristics. Modification of the spectral characteristics in case of palatalized /s/

and PSNAE distorted /s/ gives better improvement compared to insertion of artificially synthesized

/s/.

A one way Anova test is performed to compare the pre and post modification results. The results

for each type of objective measures are tabulated in Table 4.5. Overall, for the spectral centroid an

F = 167.43 and p < 0.001 is observed. Similarly, for mel cepstral distortion, F = 22.41, p < 0.001 and

high to low frequency ratio an F = 143.96, p < 0.001 are observed respectively. From the p values, it

is observed that the pre and post modification results are significantly different. Hence, from all the

objective metrics, it is observed that the transformation methods give a notable improvement in the
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Table 4.5: Results of the one way Anova test for pre and post modified CLP speech. M1 denotes
spectral centroid, MCD denotes mel cepstral distortion, and HLR denotes high to low frequency
energy ratio. PA denotes palatal articulation, GS refer to glottal stop, and PSNAE denote phoneme
specific nasal air emission.

Objective measures F p

M1

GS → 1444.29

PA → 103.61

PSNAE → 301.34

<0.0001

<0.0001

<0.0001

MCD

GS → 43.53

PA → 24.16

PSNAE → 24.65

<0.0001

<0.0001

<0.0001

HLR

GS → 2215.65

PA → 57.45

PSNAE → 71.9

<0.0001

<0.0001

<0.0001

modified fricatives.

4.5.2 Subjective evaluation

With the transformations mentioned above, modified signals are subjected to a perceptual test.

The listeners might get distracted by other speech-related distortions like the nasalization of vowels

along with abnormalities in pitch, loudness, and voice quality, which may affect the intelligibility

evaluation of fricative /s/. Therefore, to avoid the naive volunteer listener’s distractions, they were

given a detailed description of the misarticulations and expected target word before starting the test.

A total of 10 naive listeners participated in the perceptual test, and they bear the knowledge of speech

technology. All the listening is made through headphones.

Speech quality assessment

The speech quality of the misarticulated fricatives and the modified fricatives are assessed using a

5-point rating scale mean opinion score (MOS) (1 = bad, 2 =fair, 3 = good, 4 = very good, 5 =

excellent). The speech samples are randomly numbered to avoid any bias towards the information

of the modified signal. For each type of misarticulations, ten modified speech utterances, ten orig-

inal misarticulated utterances, and ten non-CLP /s/ utterances are presented to the listeners. The

distribution of the MOS values, evaluated by naive listeners is shown in Figure 4.9.

From the boxplot depicted in Figure 4.9, it is observed that the MOS of non-CLP /s/ is higher

than modified /s/. From Figure 4.9, it is also observed that the glottal substituted /s/ shows a
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Figure 4.9: Boxplot showing mean opinion scores (MOS) for the phoneme /s/ of non-CLP speech,
palatalized articulation, phoneme specific nasal air emission and glottal stop. PA denote palatalized
/s/, PAm denote modified palatalized /s/, PSNAE denote phoneme specific nasal air emission distorted
/s/ and PSNAEm denote modified PSNAE distorted /s/, GS denote glottal stop substituted /s/ and
GSm denoted modified glottal stop distorted /s/.

MOS of 1, and it may be related to the abrupt adduction of vocal folds [192]. Palatalized /s/ and

PSNAE distorted /s/ exhibit a MOS below 2. However, the modified misarticulated fricative show

MOS greater than 3. This implies that the modified /s/ are preferred over the misarticulated /s/.

Preference test on similarity

The evaluators are asked to give preferences for the speech samples whose intelligibility resembles

near to non-CLP fricative /s/ sound. If no improvement in intelligibility is perceived, then they can

mark it as “No Preference”. Table 4.6 shows the percentage of evaluated speech samples for the

original, modified, and no preference conditions.

Table 4.6: Results of comparison test for palatalized /s/ (PA), PSNAE distorted /s/ (PSNAE), and
glottal stop substituted /s/ (GS) by naive listeners.

Category Original (%) Modified (%) No Preference (%) p-value

PA 15.7 83.2 1.11 < 0.001

PSNAE 14.3 77.8 7.9 < 0.003

GS 3.3 90 6.7 < 0.001

The corresponding values for each pair of speech utterances revealed intelligibility improvement
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for the modified speech signals. However, the improvement for the case of palatalized /s/ is somewhat

less than the other type of modified misarticulations. This is because the PoA of palatalized /s/ may

be closer to non-CLP /s/, which reduces the perceptual difference between the two fricatives. Between

each pair of the speech utterances, a pairwise t-test is performed to observe the differences between

the distributions of perceptual test values obtained from naive listeners. All pairs are observed to be

significantly different, with a p-value of < 0.005. The differences are substantially higher in the case

of glottal stop as compared to PSNAE distorted /s/ and palatalized /s/ because the high acoustic

contrast between glottal stop substituted /s/ initially and high-frequency dominated fricative /s/ after

modification affects the perceptivity significantly. As a result, the modified glottal stop misarticulation

is perceived differently compared to the lack of frication nature in unprocessed glottal stop substituted

/s/. Subjective evaluation results indicate that the listeners preferred to listen to enhanced CLP speech

samples modified by the proposed approach over original samples.

From the analysis and experimental evaluation above, it is noted that the proposed approach will

automatically detect and modify three misarticulated fricative /s/: palatalized /s/, PSNAE distorted

/s/ and glottal stop substituted /s/. It is speculated that the proposed method may work for other

fricatives and affricates for the aforementioned three types of errors. However, the study is limited to a

specific phoneme and three types of misarticulations only. The study is also restricted to a nonsensical

/FVFV/ word. In a realistic scenarios, the segmentation accuracy may vary due to reverberation and

background noise, and it may further affect the enhancement.

4.6 Summary

This work performed the analysis, segmentation, and modification of misarticulated fricative /s/

to enhance the CLP speech intelligibility. The proposed algorithm detects the misarticulated fricatives

with a significant detection rate. For the misarticulated fricatives which possess deviated fricative /s/,

the corresponding spectral characteristics are modified using spectral energy compression and posi-

tive spectral tilt modification. Whereas, the misarticulated fricatives which acquire identifiable stop

closure region with abrupt transition characteristics are modified via inserting artificially synthesized

/s/. To evaluate the effect of exploited modification methods, subjective and objective assessments

are performed. Objective tests have confirmed that the modified misarticulated fricative’s spectral

characteristics are closer to the non-CLP fricative /s/. The results from subjective test convey that
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the modified fricative signals have higher intelligibility compared to misarticulated fricatives. From

the subjective assessment, it is observed that modified misarticulated fricative /s/ achieves a relatively

lower MOS than the non-CLP /s/. This difference in MOS values may be related to the thresholds

and modification parameters.

This chapter analyzed and modified only one frequently distorted sound unit, i.e., misarticulated

fricative /s/ and it is studied in one vowel context in a nonsensical /FVFV/ word [176]. However,

vowel nasalization, and other misarticulated stop consonants also distort CLP speech intelligibility.

Therefore, it is also necessary to study and modify consonant misarticulations and vowel nasalization

to improve the perceptivity of the CLP speech. In the next chapter, three stop consonant are analyzed

and modified corresponding to glottal, velar and palatal substitutions.

84

TH-2534_146102035



5
Event-Based Transformation of

Misarticulated Stops

Publications

[207] Protima Nomo Sudro, Vikram C. M, S. R. Mahadeva Prasanna, “Event-Based Transformation of Misar-
ticulated Stops in Cleft Lip and Palate Speech”, Circuits, Systems, and Signal Processing, 40(8), 2021:
4064-4088.

[208] Protima Nomo Sudro, “ Intelligibility Enhancement of Cleft Lip and Palate Speech”, 5th Doctoral con-
sortium, Interspeech 2019.

Contents

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.2 Analysis and Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.3 Spectral transformation based on NMF . . . . . . . . . . . . . . . . . . . . 96

5.4 Experimental evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

85

TH-2534_146102035



5. Event-Based Transformation of Misarticulated Stops

Overview

This chapter focuses on the modification of misarticulations produced for unvoiced stop consonants

in cleft lip and palate (CLP) speech. Three types of misarticulations are studied: glottal, palatal, and

velar stop substitutions. The stop consonants are misarticulated due to inadequate build-up of intra-oral

pressure caused by velopharyngeal dysfunction and oronasal fistula. The misarticulated stops affect the

speech intelligibility and quality. The misarticulated stops are analyzed and modified using the speech

data collected from Kannada speaking children. An event-based modification approach is used to correct

three misarticulated stops, /k/, /t/, and /T/. At first, automatic detection of burst onset and vowel

onset events is carried out. Then, the region from vowel onset to 20 ms duration of the vowel is

extracted. Further, the region from burst onset point to 20 ms duration of the vowel is defined as the

region for modification. It is transformed using the nonnegative matrix factorization method. The

objective and subjective evaluation results show that the proposed event-based transformation approach

provides a relative improvement compared to the entire-word modification (signal processed without

using the knowledge of burst and vowel onset events). The event-based transformed misarticulated stops

showed close similarity with the non-CLP (healthy) stop consonants in terms of perceptual quality. The

improved performance accuracy of modified stops suggests that the speech distortion is minimized.

5.1 Introduction

Stop consonants are characterized by multiple sub-phonetic units, namely, the onset of closure,

closure interval, burst-onset, and voice-onset time [209]. The closure interval denotes a state when

the articulators are held together, forming an oral occlusion (closure) behind which pressure is built

up. During the closure interval, the vocal folds may or may not vibrate. If the vocal folds vibrate,

it is considered as prevoicing, and termed as voiced stop consonants. When the pressure is released

suddenly, it introduces a relatively high energy burst signal [210]. The next attribute after the burst

release is the VOT, which is characterized by an interval between the onset of the stop-burst and the

onset of the vowel [211]. In CLP speech, the stops are misarticulated due to the deviation in voicing

(devoicing errors), place of articulation (glottal, velar, palatal stops), and manner of articulation (weak

and nasalized stops). Unlike the misarticulated stops in CLP speech, the acoustic characteristics of

the sub-phonetic units of stops uttered by non-CLP speakers do not exhibit many variations.

Several studies in the literature reported the occurrence of misarticulated stops in CLP speech. In
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this work, compensatory error for three stop consonants in the vowel context /a/ is addressed. The

study concentrates on the compensatory errors because it can be corrected using behavioural therapy

as compared to the obligatory errors which can be corrected using surgical intervention only. Hence,

the studies related to the compensatory errors in CLP speech are briefly reviewed. The perceptual

experiments conducted in [212] revealed the presence of mid-dorsum palatal stops in the speech of

repaired cleft palate speakers. The electropalatographic experiments conducted in [213] and [214]

reported palatalized articulation and velar-alveolar double articulations for the velar and alveolar

sounds in speakers with repaired CLP. The study showed that there is a reduction in the contrast

between alveolar and velar sounds. In [215], it is reported that compensations such as the reduction in

alveolar and velar contrast, palatalization, and velar backing, occur due to the presence of a fistula and

dental arch dimensions. A study in [216] carried out the spectral analysis of alveolar (/t/) and velar

(/k/) stops produced by children with CLP. It is noted that, due to palatalization or backing errors,

there is a change in the first spectral moment of /t/. The difference between the acoustic characteristics

of /t/ and /k/ phonemes is also reduced. A study in [217] analyzed the spectral moments of glottal stop

substitutions for alveolar stops. All the above studies showed that articulatory impairment distorts

the characteristics of stop consonants and this in turn affects the speech intelligibility and quality.

From Chapter 1 and aforementioned studies, it is noted that misarticulated stops affects the CLP

speech intelligibility and quality. This provide a room for the researchers to explore possible ways for

the enhancement of CLP speech intelligibility.

5.1.1 Challenges

In most of the speech enhancement systems reported in Chapter 2, the entire speech signal is

processed, which involves block-processing the signal with fixed window size. The fixed frame size

models might not accurately represent speech dynamics. The speech dynamics here denotes the rapid

change in temporal and spectral characteristics, for example, the transitions from closure interval to

burst-onset, burst onset to voice onset time (VOT), and VOT to the onset of adjacent vowel. It is

reported that the different attributes of the speech dynamics characterized the stop consonants [218].

It is also reported that speech dynamics are essential because they carry significant perceptual cues

related to the speech intelligibility [218, 219]. If the block-processing of the signal does not comply

with the speech dynamics. In that case, the source spectral components might mix into irrelevant

target spectral components, thus deteriorating the quality of the enhanced speech [136,146].
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In the case of CLP speech, the presence of articulation errors in unvoiced stops are characterized

by the absence of formant transitions, absence of burst, presence of weak burst, and weak spectral

prominence [215,220]. These articulation errors occur due to change in place of articulation (PoA), or

manner of articulation, or both in response to articulatory impairment. These factors further affect

CLP speech intelligibility. For illustration, the difference between the non-CLP speaker’s stop and

CLP speaker’s misarticulated stop is depicted in Figure 5.1.

Figure 5.1: Illustration of speech dynamics for (a) CV (C and V correspond to /k/ and /a/, respec-
tively) unit containing stop consonant of non-CLP speaker, (b) the corresponding spectrogram, (c)
CV (C and V correspond to /k/ and /a/ respectively) unit containing glottal stop substitution, and
(d) the corresponding spectrogram.

Figure 5.1 (a)-(b) shows the waveform and spectrogram of a non-CLP velar stop /k/. In Figure 5.1

(a), a burst signal is observed around 0.02 s, which is reflected as an evident spectral prominence in

the spectrogram shown in Figure 5.1 (b). The waveform and spectrogram of a glottal stop produced

for the target /k/ by the CLP speaker are depicted in Figure 5.1 (c)-(d), respectively. The glottal

stop does not exhibit burst like the non-CLP velar stop /k/, due to the vocal fold tight adduction.

From Figure 5.1 (c)-(d), it is also observed that there is an abrupt start of the vowel magnitude

with no formant transitions. This implies that no constriction has occurred in the oral cavity. From

Figure 5.1 (c)-(d), it is observed that the misarticulated stop and the corresponding transition region

are affected due to the articulatory impairment. Hence, it becomes essential to analyze and process

the speech dynamics associated with stops for CLP speech enhancement, rather than processing the

entire speech signal at a time [146, 221]. The acoustic characteristics of the speech dynamics in CLP

speech exhibit different degrees of variations. The speech dynamics of the misarticulated stops can

be analyzed by anchoring around the burst onset and vowel onset events [222]. Therefore, it will be
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possible to select and apply different analysis methods around different events of the misarticulated

stops in CLP speech.

In the literature, it has been indicated that the voice conversion (VC) method is a viable technique

for modifying articulation-related parameters of speech [1, 53, 54, 162]. However, speech enhancement

using the model-based VC technique requires a large amount of training data. It is difficult to obtain

a sufficient amount of pathological speech data for training. With insufficient data, the model-based

VC technique might not preserve the dynamic spectral details of the speech sub-phonetic units, and it

may incur an over smoothing effect, resulting in muffled speech. To overcome the smoothing problem

caused by insufficient training data, non-parametric exemplar-based VC techniques have been proposed

in literature [223]. Further, to efficiently estimate the distinct acoustic characteristics of the source

and target speech, a joint nonnegative matrix factorization (NMF) framework is proposed in the

literature [224]. It showed to improve the enhanced speech quality significantly.

Additionally, the deviant acoustic characteristics of misarticulated stops present a significant chal-

lenge in the segmentation of event-locations and the corresponding transitions. Hence, it is essential to

incorporate the knowledge of the deviant stop characteristics in the transformation model to achieve

an intelligible speech. Therefore, to add dynamic information in the transformation system, event-

based approaches are suggested in the literature [146, 221]. In the event-based approach, the speech

signal is processed by anchoring it around some specific speech events [225, 226]. Motivated by the

previous studies, in this work, an approach is proposed to enhance the CLP speech using the NMF

framework and event-based processing.

5.1.2 Contributions

Motivated by the need to correct the articulatory error, an event-based modification of misar-

ticulated stops is performed in this chapter, using an exemplar-based VC technique. The detailed

description of the speech data used in this work is presented in Subsection 3.3.2 of Chapter 3. The

data description include the variants of speech distortions, total number of speakers, and speech

samples considered in the study. The proposed approach consists of the following contributions.

• The articulatory errors are analyzed for the unvoiced stops /k/, /t/, and /T/, corresponding to

the glottal, palatal, and velar stop substitutions.

• The speech events corresponding to burst onset point and vowel onset point (VOP) are detected.

The region starting from burst onset point to 20 ms duration of the vowel is considered as the
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region for modification.

• NMF method is used to learn the transformation model from the CLP and non-CLP speech

spectra and further use the learned model for modification.

• The modified signal obtained using the event-based approach is compared with the entire speech

signal modification, which is processed without using the event-knowledge.

The rest of the chapter is organized as follows: The analysis of misarticulated stops and segmen-

tation is presented in Section 5.2. The NMF approach for the correction of articulatory errors and its

impact is discussed in Section 5.3. The objective and subjective evaluation results are presented in

Section 5.4. Finally, Section 5.5 gives the summary and scope for the subsequent chapter.

5.2 Analysis and Segmentation

In this section, the misarticulated stop consonants are analyzed by comparing it with the cor-

responding non-CLP stop consonants. Figure 5.2 depicts the waveform and spectrogram of /CV/

transition region of a non-CLP /ta/ syllable, CLP /ta/ syllable where the stop /t/ is substituted by:

glottal stop, palatalized stop, and velar stop, respectively.

Figure 5.2: Illustration of the waveform and corresponding spectrogram of /ta/ syllable for (a)-(b)
non-CLP speaker, (c)-(d) CLP speaker, where /t/ is substituted by glottal stop sound, (e)-(f) CLP
speaker, where /t/ is substituted by palatalized stop, and (g)-(h) CLP speaker, where /t/ is substituted
by velar stop.
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In the case of a non-CLP stop consonant /t/ depicted in Figure 5.2 (a)-(b), the spectral prominence

is observed to be ranging from mid to higher frequency region, as the PoA is present in the dental

region. However, due to the articulatory impairments in CLP speech, the stop /t/ is substituted

by the glottal stop sound, which is shown in Figure 5.2 (c)-(d). Here, the onset of the spectral

prominence is observed as that of vowel region. The absence of formant transitions entering/leaving

the adjacent vowel, abrupt start/end of vowel magnitude, and identifiable stop closure region implies

that no constriction occurred in the oral cavity [195]. When the stop /t/ is uttered as a palatal stop

in CLP speech, the burst spectrum deviates from the dental stop /t/. The deviant burst spectrum

due to palatal substitution is depicted in Figure 5.2 (e)-(f). Figure 5.2 (f) shows that the spectral

prominence shift towards low-frequency regions resulting in palatalized articulation of the stop /t/.

The VOT of palatalized /t/ is also longer compared to the dental /t/. When the stop /t/ is substituted

by velar stop /k/, a strong spectral prominence is observed around 2.5 kHz. From Figure 5.2 (g)-(h)

and Figure 5.2 (a)-(b), it is also observed that the VOT of velar /k/ is longer in duration compared

to the VOT of dental /t/.

Figure 5.3: Illustration of the waveform and corresponding spectrogram of /Ta/ syllable for (a)-
(b) non-CLP speaker, (c)-(d) CLP speaker, where /T/ is substituted by glottal stop sound, (e)-(f)
CLP speaker, where /T/ is substituted by palatalized stop, and (g)-(h) CLP speaker, where /T/ is
substituted by velar stop.
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The characteristics of retroflex /T/ of a non-CLP speaker is depicted in Figure 5.3 (a)-(b), where

an evident spectral prominence above 2 kHz characterizes the non-CLP stop /T/. The glottal stop

substituted /T/ is shown in Figure 5.3 (c)-(d). Similar to glottal stop substitution for /k/ and /t/,

the glottal stop substituted /T/ is also observed to be characterized by the absence of burst and

the abrupt start of the vowel magnitude. The palatalized /T/ shown in Figure 5.3 (e)-(f) exhibits

a different burst spectrum with prominent frequency concentration below 2.5 kHz and above 5 kHz.

In comparison, non-CLP /T/ is characterized by frequency concentration ranging from 2.5 kHz to a

higher frequency region. The VOT of palatalized /T/ is longer than the non-CLP stop /T/. The

velar stop /k/ substituted for the target /T/ is shown in Figure 5.3 (g)-(h). In the case of velar stop

/k/ uttered for the target /T/, prominent spectral energy is observed around 2 kHz as compared

to the non-CLP /T/. Here, the spectral energy is concentrated above 2.5 kHz. The VOT is also

comparatively longer in velar stop /k/ uttered for the target /T/.

From Figures 5.1, 5.2, and 5.3, it can be noted that the burst and the corresponding speech

dynamics tend to deviate for the misarticulated stops. To transform the misarticulated stops, these

deviations need to be corrected. In this work, /CVCV/ words are used for the analysis of misarticulated

stops. In the /CVCV/ words, it is observed that VOP bifurcates the stops from the vowels. In the

case of misarticulated stops in CLP speech, the region at the left side of the VOP contains burst

deviation or absence of burst. The region on the right side of VOP contains formant transitions that

are affected due to coarticulation. Hence, VOP is considered as the potential anchor point for the

segmentation and modification.

5.2.1 Event knowledge-based segmentation

The signal segmentation begins with detecting the glottal activity region, followed by calculating

the plosion index (PI) for capturing an abrupt increase in energy. At first, the glottal activity regions

are detected using a zero frequency filtering (ZFF) approach [197]. The ZFF process involves passing

a differenced speech signal through a cascade of two ideal zero Hz resonators. The resonator’s output

contains cumulative DC bias, which is removed by local mean subtraction. The local mean subtracted

signal is known as a zero frequency filtered signal (ZFFS). Each of the positive zero crossings of

the ZFFS corresponds to the glottal closure instants/epoch locations. The term epoch refers to the

instant of significant excitation. The first order slope of ZFFS calculated at each epoch location is

termed the strength of excitation (SoE). In the /CVCV/ word the glottal activity regions correspond
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to the vowel regions. Thus, it is appropriate to search the burst before the vowel regions. Therefore,

a search interval of 120 ms corresponding to maximum VOT (measured across the world’s different

languages) [211] is used to detect the burst. A non-linear temporal measure called PI is used for the

detection of burst [210]. PI is used to capture the intrinsic nature of a transient-like signal preceded

by a low-level signal, as in a closure-burst transition. PI is defined as the peak amplitude ratio in the

transient to the average of absolute values over an appropriate interval, excluding the peak amplitude’s

immediate neighborhood. PI is defined as

PI(mo, n1, n2) =
|X(mo)|

Xavg(n1, n2)
(5.1)

Xavg(n1, n2) =

i=mo−(n1+1)∑
i=mo−(n1+n2)

|X(i)|

n2
(5.2)

where mo denotes the sample of interest, i.e., the instant of maximum amplitude, and Xavg denotes the

average absolute amplitudes of n2 interval. n1 and n2 in equation 5.1 are the parameters representing

an interval respectively. The n1 interval corresponds to the low-level noise-like signal components

called pre-frication. The pre-frication is usually observed preceding the instant of maximum amplitude

within an unvoiced stop-burst. The n2 interval corresponds to a segment in the stop closure region with

amplitudes lower than those in the pre-frication region (n1). n1 and n2 corresponds to an interval

ranging for a duration of 6 ms and 16 ms, respectively. Thus, for the 16 kHz sampling frequency,

n1 = 96 samples and n2 = 256 samples. n1 and n2 values are set based on the experimental results

reported by the authors in [210,227] for different datasets consisting of different languages, read speech,

and conversational speech. The experiments are repeated for the CLP speech database and observed

that setting n1 = 6 ms and n2 = 16 ms results in significant detection accuracy.

In the literature, the threshold of PI corresponds to 9 dB [210, 225, 228], and the same is used

for this work. The threshold of PI is selected based on the equal error rate criteria using the TIMIT

database. The authors in [210] showed that 9 dB of threshold works well on the TIMIT database

under clean and noisy conditions. They conducted burst detection experiments on Indian languages

and Buckeye conversational speech database using the same threshold, and report significant accuracy.

For illustration, the detection of burst onset and vowel onset are shown in Figure 5.4. Figure 5.4

(a) shows the speech waveform corresponding to the /CVCV/ word containing a palatalized stop.

Figure 5.4 (b) and Figure 5.4 (c) shows the ZFF signal and the SoE, respectively. The detected
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Figure 5.4: (a) Speech waveform corresponding to /CVCV/ word containing palatal stops, (b) zero
frequency filtered signal (ZFFS), (c) strength of excitation (SoE) with glottal activity decision, (d) PI
with the detected burst, and (e) maximum weighted inner product (MWIP) with the detected VOP.

glottal activity regions corresponding to the regions with SoE higher than the threshold values are

also indicated in Figure 5.4 (c). The PI evidence, along with the detected burst onset, is depicted

in Figure 5.4(d). PI shows higher values around the burst onset. The burst candidates are detected

using the procedure explained in [210]. Along with the genuine burst candidate, there may be some

spurious ones getting identified as a burst. Hence, to avoid false detection, the knowledge of the

glottal activity region is used. The burst in the C unit of the /CVCV/ word is always present before

the vowel. Therefore, the onset of the vowel is first located using glottal activity evidence. Next,

within the predefined search interval, a burst candidate detected by the PI method is considered the

burst onset location. To avoid the false detection of vowel onsets as a burst, a maximum normalized

cross-correlation coefficient is used. It is computed for the speech frames of two adjacent glottal cycles.
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The glottal activity onset event is considered as the vowel onset event in the unvoiced stops. Vowel

onset and glottal activity onset events are referred to as the same. From the glottal activity onset,

120 ms right, and 120 ms left is considered the search interval for the burst detection.

As shown in Figure 5.4 (c), the detected glottal activity regions cover the burst onset also, due

to the presence of high energy. Therefore, it is not reliable to use the detected glottal activity onset

points as vowel onsets. Hence, the maximum weighted inner product (MWIP) is used to detect vowel

onsets [211]. MWIP evidence is plotted in Figure 5.4 (e). By considering burst onset as a reference,

MWIP values are checked for every epoch. The epoch at which the evidence crosses its value above

the threshold is referred to as the vowel onset event. The accuracy of the burst detection algorithm is

discussed in Subsection 5.2.2.

5.2.2 Performance of burst detection algorithm

The performance of the burst detection algorithm is presented in Table 5.1, which is evaluated by

considering a search interval of 30 ms around the manually marked burst location. For the stop /k/,

no speech tokens are available corresponding to the palatalized articulation of /k/, and none of the /k/

was uttered correctly. Hence, only the glottal stop substituted /k/ is analyzed. The burst detection

performance is evaluated for all the speech tokens reported in Table 3.7 of Chapter 3. The burst

Table 5.1: Performance of burst detection algorithm

Target consonant
Category of error

Glottal (%) Velar (%) Palatal (%)

/k/ 81.98 - -

/t/ 80.12 90.12 90.70

/T/ 79.89 91.23 89.87

detection algorithm performs better for the palatalized and velar substitutions than the glottal stop

substitution in the case of alveolar /t/ (90.12% and 90.7%) and retroflex /T/ (91.23% and 89.87%).

It is because the palatal and velar stops are produced like non-CLP stops, and they contain a strong

burst signal. Whereas the glottal stop is produced at the glottis, and soon after the release of vocal

folds, the glottal vibrations begin. Hence, the glottal stops may not contain a strong burst component

like oral stops. In glottal stops, the sudden onset of voicing is considered a burst-like signal. Here,

the burst is produced at the glottis level in the form of creaky phonation. As a result, the glottal

stop performance for the three stops (/k/-81.98%, /t/-80.12%, and /T/-79.89%) are observed to be
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relatively lower.

Thus, having located the speech signal events, an attempt is made to modify the misarticulated

stops in CLP speech. In this study, two ways of event-based speech modifications are considered: burst

and burst plus transition. An entire-word modification is also performed using the NMF method for

comparative study. The frame wise modification is performed to observe the role of event knowledge

in the CLP speech enhancement.

• Burst modification (B): The region to be modified corresponds to a segment between the burst

onset point and the VOP.

• Burst plus transition modification (BT): The region to be modified corresponds to a region

starting from burst onset point to 20 ms transition region followed by VOP. The main motive

of burst plus transition modification rather than a burst-only modification is to modify the

acoustic characteristics of consonants embedded in the transition region, which influences the

stop consonant’s perception [229].

Automatic stop consonant recognition experiments reported that the modeling of burst plus

20 ms transition region followed by vowel onset results in a better performance. Based on the

importance of perceptual cues in the transition region and experimental results of the study [229],

a 20 ms region followed by VOP is used for stop consonant modification.

• Entire word modification (EW): The entire speech signal processed based on frame-by-frame

transformations without event-knowledge is also studied along with event-based speech modifi-

cation.

5.3 Spectral transformation based on NMF

In this section, the process of transformation of the stop consonants using the NMF-based spectral

transformation method is discussed.

5.3.1 Speech representation

In the NMF-based model, the magnitude spectrum is represented by a linear combination of bases

and weights. Each basis is considered an exemplar, and the collection of bases is referred to as

a dictionary. The process of estimating dictionaries first involves decomposing the spectrogram, V

of dimension F × K into basis and weights. Assuming I exemplars are collected for an utterance,

a dictionary is given by D = [d1, d2, . . . , dI ] ∈ RF×I , where F denotes feature dimension and di
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represents the ith exemplar. K denotes the total number of frames in the utterance. Henceforth a

speech sample at the lth frame, vl can be written as,

vl =
I∑
i=1

dihil ≈ Dhl, given D ≥ 0, hl ≥ 0 (5.3)

where hl = [h1l, h2l, . . . , hIl] ∈ RI×1 is the non-negative weight of the ith exemplar. As each speech

sample is modeled independently, the spectrogram of an utterance can be approximated in a matrix

form as,

V ≈ DH (5.4)

Here, D ∈ RF×I and H ∈ RI×K are the dictionary and the corresponding weights, respectively. To

minimize the distance between V and DH, Kullback-Leibler divergence is used where optimization is

acquired based on the multiplicative updating algorithm given in [230].

5.3.2 Spectral transform estimation

Given the source-target spectral pairs, dynamic time warping method is used to aligned the spectral

sequences. The source signal corresponds to the CLP speech signals, and the target signal corresponds

to the non-CLP speech signals. Prior to the training, both the source and target speech signals are

preprocessed and short-time Fourier transform (STFT) is applied on the segmented speech regions.

The source magnitude spectrum x = [x1, x2, . . . , xK ] ∈ RF is converted into target magnitude spec-

Synthesis

Enhancement  stage

Training  stage

Preprocessing &
STFT analysis

Preprocessing &
STFT analysis

Figure 5.5: Framework illustrating the NMF-based spectral transformation of event-specified misar-
ticulated stops.

trum y = [y1, y2, . . . , yK ] ∈ RF using the transformation method given in [231]. NMF is performed at

the training stage using parallel source-target spectral pairs. A transformation matrix, W , is learned

during the training process. Later at the conversion stage, it is multiplied with the source magnitude

spectrum. The transformation matrix is learned from a speaker-independent NMF model. Figure 5.5
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shows the process of learning a transformation matrix from the source and target dictionaries, Ds

and Dt, which is optimized using the NMF method. Ds and Dt represent the collection of source

and target basis, respectively. The source dictionary is constructed using the source features from the

disordered spectrogram of CLP speech. The target dictionary is constructed using the target features

attained from the spectrogram of non-CLP speech. The two dictionaries consist of aligned magnitude

spectral sequences. Given the parallel spectral sequences, A = Ds and B = Dt, the target spectral

matrix B can be approximated by WA using Kullback-Leibler divergence DKL, given as

Z = DKL(B ||WA) (5.5)

The approximation given in equation. 5.5 is minimized by iteratively applying the multiplicative

updating rule [230] as follows:

W ←W ⊗
(

B
WA

)
AT

1F×KAT + λ1F×F
(5.6)

where W is commonly initialized with an all-ones matrix, ⊗ denotes element-wise multiplication, and

1 ∈ RF×K represents an all-ones matrix. To obtain the converted spectral features (Ŷ ), the source

spectral matrix (Vx) is multiplied by the learned transformation matrix (Ŵ ), which is given as,

Ŷ = Ŵ × Vx (5.7)

An inverse short-time Fourier transform (ISTFT) is applied to the converted spectral sequences and

concatenate with the original unprocessed speech segments. Finally, the enhanced signal is synthesized

from the converted spectral sequences using the overlap-add method.

5.4 Experimental evaluation

In this section, the misarticulated and the modified stops are evaluated using objective and sub-

jective metrics. Before discussing the details of the subjective and objective evaluations, the impact

of the transformation on misarticulated stops is first illustrated in Figure 5.6.

Figure 5.6 depicts the 3-dimensional view of the syllable /ka/ and /ta/ of non-CLP speech, the

corresponding CLP speech, and its modified versions. The velar /k/ is characterized by a burst

with maximum frequency concentration in the lower frequency region, which can be observed from

Figure 5.6 (a) around 10 ms. In contrast, from Figure 5.6 (b) it is observed that CLP /k/ is substituted
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Figure 5.6: Illustration of (a) non-CLP /ka/ syllable with encircled low frequency energy in the /k/
burst, (b) CLP /ka/ syllable where /k/ substituted by glottal stop results in absence of /k/ burst
shown by circled region, (c) modified CLP /ka/ syllable, encircled region shows the presence of /k/
burst energy, (d) non-CLP /ta/ syllable, encircled region shows the concentration of maximum energy
of /t/ burst in the mid-frequency range, (e) CLP /ta/ syllable, where encircled region shows /t/
substituted by velar /k/ has maximum burst energy in the low-frequency range, and (f) modified
/ta/ syllable, encircled region shows the burst energy substitution from low-frequency region to mid-
frequency range. Red and black arrows denote the PI and MWIP evidence, respectively.

by a glottal stop where the expected /k/ burst around 15 ms is found to be absent due to the complete

adduction of vocal folds. The absence of spectral evidence is observed with an abrupt transition

between stop consonant and vowel, and no formant transition occurred between the stop consonant

and vowel. The glottal stop is produced at the glottis, and soon after the release of vocal folds, the

glottal vibrations begin. Therefore, the glottal stops may not contain a strong burst component like

non-CLP stops, as shown in Figure 5.6 (a) and Figure 5.6 (d). In glottal stops, the sudden onset of
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voicing is considered a burst-like signal. Hence, in Figure 5.6 (b), only one arrow is shown. Further,

from Figure 5.6 (c), it can be observed that the modified stop /k/ shows prominent burst energy

(shown by the encircled region) in the lower frequency region. Accordingly, both PI and MWIP

evidences are observed after modification.

The velar stop substitution for alveolar stop /t/ and its modified version is illustrated in Figure 5.6

(e) and (f), respectively. From Figure 5.6 (e), it can be observed that velar stop substituted /k/

exhibits spectral prominence in the frequency range of 100 − 2000 Hz [232]. In the case of non-CLP

stop /t/ depicted in Figure 5.6 (d), the burst signal exhibits spectral prominence towards a higher

frequency region. After spectral transformation of velar stop substituted /t/ shown in Figure 5.6 (f),

the spectral prominence of the burst is shifted towards the high-frequency region. The modified burst

is similar to that of non-CLP stop /t/ when the evident spectral energy in the lower frequency region

is suppressed.

5.4.1 Objective evaluation

To evaluate the effect of speech transformation, two objective measures are computed: support

vector machine (SVM)-based classification and Mahalanobis distance, where the event-based trans-

formed signals are compared with signals that are transformed without using the knowledge of events.

SVM-based classification system

An SVM-based classifier system is developed using a radial basis function (RBF) kernel. The

optimum values of the parameters: regularization parameter (C ), and RBF kernel width (γ) are

experimentally determined using the grid search method. Three separate SVMs are developed for each

target (/k/, /t/, /T/), i.e., non-CLP /k/ versus misarticulations produced for the target /k/, non-CLP

/t/ versus misarticulations produced for the target /t/, and non-CLP /T/ versus misarticulations

produced for the target /T/. Since an SVM is trained for non-CLP and misarticulated stops, the

classifier is expected to classify the CLP speech sample before modification as a misarticulated stop.

After modification, the speech signal attains non-CLP characteristics, and the modified sample is

expected to be classified as a non-CLP stop. The algorithm is considered more successful in modifying

if more of the modified stops are classified as non-CLP stops by the SVM classifier.

For each class (/k/, /t/, and /T/), 300 tokens of non-CLP (target) speech are considered as training

examples. The misarticulated stop class consists of 228 tokens of /k/, 316 tokens of /t/, and 324
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tokens of /T/. Using these samples, three SVMs for the classification of non-CLP and misarticulated

stops are trained. The classifier is trained using two-dimensional discrete cosine transform (2D-DCT)

features. 2D-DCT features are extracted from a /CV/ transition of 60 ms duration anchored around

VOP (i.e., 30 ms on the left and 30 ms right sides of VOP). This 2D-DCT feature-based non-CLP

versus misarticulated stop classification approach was proposed in [9]. A 5-fold cross-evaluation is

performed in a speaker-independent manner, and the optimum values of C and γ parameters are

estimated. In each fold, four sets are used for training, and the remaining one set is used for testing.

In each training phase, the SVM is trained for the different combinations of C and γ, where, C =

[2−10, 2−8, . . . , 2+8, 2+10] and γ = [2−10, 2−8, . . . , 2+8, 2+10]. At each fold, the parameters for which the

model resulted in maximum accuracy are noted. Finally, the C and γ parameters for which the model

yielded the highest accuracy among the 5-folds are noted as the optimum parameters. The averaged

accuracy across 5-folds is considered as the accuracy of the model.

The 2D-DCT features computed from the transition regions of original misarticulated, entire-word

modification, burst-only, and burst plus transition approaches are given as input to the SVM classifier.

The detection rate concerning the non-CLP class is computed and used as an objective measure. Also

70 tokens of /k/, 36 tokens of /t/, and 55 /T/ tokens are used as the non-CLP speech test samples.

The performance of the SVM-based classification system is shown in Table 5.2 for the non-CLP

speech and misarticulated CLP speech. Further, the modified speech samples are evaluated using

the same system, and the results are also shown in Table 5.2. In Table 5.2, the category of error

Table 5.2: Performance evaluation of non-CLP stops, misarticulated stops, and modified stops using
the SVM-based classification system. MS denotes original misarticulated stop, Bm denotes burst
modified signal, BTm denotes burst plus transition region modification, EWm denotes entire-word
modification, and N denotes non-CLP stop consonants.

Target Category of error
Target detection rate (%)

MS EWm Bm BTm N

/k/ glottal 14.39 46.67 71.02 83.23 88.89

/t/

glottal 5.34 54.03 8.00 88.58 92.47

velar 14.52 34.00 14.52 85.00 92.47

palatal 5.89 24.00 5.89 88.24 92.47

/T/

glottal 7.82 54.33 3.13 71.43 89.81

velar 25.68 59.74 16.67 71.22 89.81

palatal 20.00 32.00 51.00 82.50 89.81

is used to denote the type of misarticulation produced for the stops (/k/, /t/, and /T/). From

101

TH-2534_146102035



5. Event-Based Transformation of Misarticulated Stops

Table 5.2, it can be observed that the burst plus transition region modified signal (BTm) exhibits a

detection rate closer to the non-CLP stop consonants (N) compared to the lower detection rate for

the original misarticulated stops (MS). This implies that the transformed speech may have offset the

lower performance accuracy for the original CLP speech. From Table 5.2, it can also be observed that

the detection rate is relatively lower for burst-only modified signals (Bm) and entire-word modified

signals (EWm). Although BTm signals showed a higher detection rate, however, the Bm stop /k/ also

shows a relatively higher detection rate compared to /t/ and /T/ consonants. The probable reason

for the higher detection rate of stop /k/ may be due to its longer VOT duration compared to stops

/t/ and /T/, respectively.

The main purpose of comparing the Bm and BTm with EWm is to observe the role of event

knowledge in improving the CLP speech intelligibility. Hence, we compare the speech transformation

with and without event knowledge. During the speech transformation, when we use event knowledge,

the source spectral components are mapped to the relevant target spectral components. As a result

the deviated burst characteristics are modified, which are essential for the stop consonant perception.

Whereas, processing the entire speech signal involves block-processing of the signal with fixed window

size, where the fixed frame size models might not represent the speech dynamics accurately. As a

result, the source spectral components might mix into irrelevant target spectral components, and the

quality of the enhanced speech may degrade [136,146].

Mahalanobis distance

Mahalanobis distance is used as another metric for objective evaluation of the misarticulated and

modified stops. Mahalanobis distance gives the signal similarity. It is computed using the equation

given in [233].

MD =

√
(xa − xb)T × C−1

x × (xa − xb) (5.8)

where MD denotes Mahalanobis distance, Cx represents the covariance matrix, xa represents the

vector of the observation obtained from non-CLP speech, xb represents the vector of the observation

obtained from CLP speech, and T denotes the transpose of the matrix. The distance measures are

shown in Table 5.3. It can be seen that compared to original misarticulated stops, the modified stops

possess a distance closer to non-CLP stops. The Bm stops and EWm stops have a relatively higher

distance closer to original misarticulated stops. This implies that the modified stop consonant acoustic

characteristics are similar to that of non-CLP.
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Table 5.3: Mahalanobis distance between the target and misarticulated stops and targets and modified
stops. MS denotes original misarticulated stop, Bm denotes burst modified signal, BTm denotes burst
plus transition region modification, EWm denotes entire-word modification, and N denotes non-CLP
speech signal.

Target Category of error
Mahalanobis distance from the target model

MS EWm Bm BTm N

/k/ glottal 877.61 190.31 211.59 184.91 161.13

/t/

glottal 2108.05 433.44 769.35 321.28 267.24

velar 1122.15 286.90 429.74 295.12 267.24

palatal 3232.19 1173.23 422.11 293.02 267.24

/T/

glottal 2241.00 2699.00 605.00 899.00 596.00

velar 1457.00 714.00 948.00 810.00 596.00

palatal 1070.00 707.00 650.00 664.00 596.00

5.4.2 Subjective evaluation

For the subjective evaluation of the speech samples, the recruited listeners are research scholars

who possess speech technology knowledge. The listeners do not have any hearing problems. Ten

listeners are recruited for the evaluation.

Speech quality assessment

To assess the speech quality of the misarticulated stops and the modified stops, a 5-point rating scale

mean opinion score (MOS) (1 = bad, 2 = fair, 3 = good, 4 = very good, 5 = excellent) is used. The

speech samples were randomly numbered to avoid any bias towards the original or modified speech.

In the listening test, /k/ misarticulation and three types of /t/ and /T/ misarticulations modified

using the NMF method are provided to the volunteer listeners. All the listening is made through

headphones. For each of the misarticulations, ten modified speech utterances and ten original speech

utterances are presented. A detailed description of the misarticulation and the expected target word

is explained to the volunteers before performing the test to avoid the listener’s distraction due to the

nasalization of vowels and abnormalities in pitch, loudness, and voice quality. If they consider other

distortions in the /CVCV/ word, then they might not evaluate the target appropriateness, instead,

they will evaluate entire-word-level intelligibility, which is not addressed in this work. The MOS scores

are evaluated by SLPs and naive listeners. The mean and standard deviation MOS scores are shown

in Table 5.4 and Table 5.5, respectively. Compared to Bm and EWm, the tables show that BTm
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Table 5.4: Mean opinion scores of the original and modified stop consonants evaluated by naive
listeners. MS denotes a misarticulated stop, and Bm denotes a burst modified signal. BTm denotes
burst plus transition region modification, and EWm denotes entire-word modification.

Target Category of error
Mean opinion score (MOS)

MS EWm Bm BTm

(µ± σ) (µ± σ) (µ± σ) (µ± σ)

/k/ glottal 1.18±1.05 1.30±0.85 3.16±0.31 3.25± 0.36

/t/

glottal 1.13±1.11 1.43±1.12 2.33± 0.99 3.50±0.77

velar 1.07±1.21 1.60±1.04 2.40± 0.87 2.82±0.92

palatal 1.28±0.79 2.87±1.16 2.42±0.97 3.57± 0.99

/T/

glottal 1.17±1.33 1.14±1.31 2.14±0.81 2.95±0.82

velar 1.10±1.03 2.30±1.11 2.00±1.26 3.13±0.83

palatal 1.30±0.89 2.20±0.75 3.00±0.57 3.60±0.59

Table 5.5: Mean opinion scores of the original and modified stop consonants evaluated by the speech-
language therapists (lay listeners). MS denotes original misarticulated stop, and Bm denotes burst
modified signal, BTm denotes burst plus transition region modification, and EWm denotes entire-word
modification.

Target Category of error
Mean opinion score (MOS)

MS EWm Bm BTm

(µ± σ) (µ± σ) (µ± σ) (µ± σ)

/k/ glottal 1.02±0.99 1.50±1.01 3.50±1.00 3.50±0.98

/t/

glottal 1.30±1.12 1.20±0.97 2.20±0.85 3.65±0.81

velar 1.00±0.87 1.30 ±0.58 2.70±0.36 2.98±0.32

palatal 1.00±0.90 1.70±0.98 2.60±0.85 3.30±0.87

/T/

glottal 1.20±1.11 1.40±1.02 2.01±0.97 3.10±0.54

velar 1.20±1.05 1.90±1.39 2.50±0.95 3.50±0.83

palatal 1.03±0.93 1.50±0.98 2.90±0.88 3.40±0.81

signal exhibits higher scores. The MOS score of approximately 3 for BTm signals indicates that the

perceptual characteristics are transformed, which tend to be like non-CLP speech. Comparatively,

the original CLP speech possesses a MOS score around 1. The MOS of approximately 3 for the BTm

signal implies that the speech quality can be further improved. The reason for lower MOS values

may be attributed to the distortions of the vowels in the /CVCV/ word and other transformation

parameters involved in modifying the speech segments.

Preference test on similarity

The modified signal performance is also evaluated in terms of subjective perceptibility on the modified

speech signal similarity with the source and target speech signals. In this test, a 4-scale score (1 =
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different and absolutely sure, 2 = different and sure, 3 =same but not sure, 4 = same and absolutely

sure) [231] is used to evaluate the similarity of the modified speech with the misarticulated signal and

non-CLP signal. Here, ten listeners listened to 3 sets each: Set A, Set B, and Set C, respectively. In

Set A, two similarity tests are performed, one corresponds to the similarity test between the EWm &

MS, and another corresponds to the similarity test between EWm & N signals. Five pairs of EWm

& MS and five pairs of EWm & N corresponding to each of the stop consonants for each category of

error are provided to the listeners. Thus, in each set, a total of 70 (5× 7 + 5× 7 = 70) pairs of speech

signals are evaluated. Set B is also used to evaluate two similarity tests, where one corresponds to the

similarity between Bm & MS, and another one corresponds to Bm & N. Here also, five pairs of Bm &

MS signals and five pairs of Bm & N signals corresponding to each of the stop consonant and category

of error are provided to the listeners. Accordingly, Set C is also used to evaluate two similarity tests,

between BTm & MS signals, and between BTm & N signals. Therefore, in Set C, five pairs of BTm

& MS and five pairs of BTm & N corresponding to each of the stop consonant and category of error

are provided to the listeners. In each pair, the order of utterances is randomized.

Table 5.6: Preference tests on the similarity of the modified stop consonants with target stop conso-
nants and misarticulated stop consonants. MS denotes original misarticulated stop, Bm denotes burst
modified signal, BTm denotes burst plus transition region modification, EWm denotes entire-word
modification, and N denotes non-CLP speech signal.

Target Category of error

Similarity Score

Set A Set B Set C

EWm-MS EWm-N Bm-MS Bm-N BTm-MS BTm-N

/k/ glottal 2.35 1.23 1.94 2.60 1.05 3.45

/t/

glottal 2.25 1.31 2.00 2.16 1.69 2.56

velar 2.54 1.76 2.52 2.89 1.42 3.26

palatal 3.71 2.39 2.43 3.02 1.39 3.18

/T/

glottal 3.71 1.21 3.20 2.39 2.12 2.78

velar 2.10 2.19 2.78 1.60 2.30 3.82

palatal 3.88 2.00 2.62 3.00 2.10 3.09

The evaluators were asked to give a preference based on the 4-scale score for the modified speech

signal, compared to the target signal and source signal. Suppose the evaluators do not perceive any

similarity neither with the source nor with the target signal. In that case, they can mark it as “No

preference”. The results of preference assessment on similarity are shown in Table 5.6. It can be

observed from all the three sets that Set C exhibits the lowest similarity scores for modified and

misarticulated signals and relatively higher similarity scores for the modified and non-CLP signals.
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From Set B and Set A, it is speculated that the Bm signal and an EWm signal show close similarity

with the source signal.

5.5 Summary

This work proposed an event-based spectral transformation of articulatory errors for the intelli-

gibility improvement of CLP speech [207]. Prior to modification, the burst and vowel onset events

are located by first detecting the glottal activity regions. Having located the events, transformation

models are developed for the three-stop consonants: /k/, /t/, and /T/, which are used to transform

the misarticulated stops. NMF-based spectral transformation is used to modify the stop consonants in

CLP speech. The SVM classifier results revealed that a BTm signal has a higher detection rate than

a Bm signal and an EWm signal. Like SVM classifier results, Mahalanobis distance also showed the

same trend of distance measures, where BTm signal shows the lowest distance compared to original

misarticulated and other modified signals. The subjective MOS rating of BTm signal is approximately

“good”, and it implies that the modified speech signal has lower spectral distortion. Furthermore, the

SVM classifier results and Mahalanobis distance reveal a similarity between the modified speech and

non-CLP speech. The BTm signal has a lower Mahalanobis distance for a higher detection rate. A

higher similarity score implies that the modified signal has perceptually similar acoustic characteristics

to the non-CLP signal.

For a /CVCV/ word enhancement, apart from consonants, the vowel distortion also needs to be

addressed because nasalized vowels (hypernasality) are observed to influence the speech perceptivity.

Hence, vowel modification is performed in the following chapter.
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6. Modification of hypernasal vowels using temporal and spectral processing

Overview

The speech of the individuals with cleft lip and palate (CLP) is generally characterized by the

presence of abnormal nasal resonances during the production of voiced sounds, primarily in vowels.

This phenomena is called hypernasality. Hypernasality is present in more than 50% of the individuals

with CLP. It often results in degraded speech, with poor quality and intelligibility. This work describes

the signal processing based enhancement of CLP speech, where specifically hypernasal speech modifica-

tion is addressed. The hypernasal speech is parameterized using an extended weighted linear prediction

(XLP) method. The enhancement is performed for three different variants: XLP residual weighting

in the time domain, Gaussian mixture model-based spectral conversion in the frequency domain, and

combined modification of the XLP residual and vocal tract system characteristics. The modified hy-

pernasal speech achieved by the proposed method is evaluated using different objective and subjective

measures for the vowel /a/, /i/, and /u/, respectively. The evaluation results indicate that the com-

bination of XLP residual and vocal tract system characteristics modification yields better results than

XLP residual or vocal tract system characteristics modification alone.

6.1 Introduction

Hypernasality corresponds to a resonance disorder, and it is a primary disorder observed in CLP

speech. The presence of nasal resonances during the production of oral sounds results in a deviant

speech that has an excessively perceptible nasal quality [4]. The introduction of nasal resonances is

caused by the presence of velopharyngeal dysfunction (VPD) and/or oronasal fistula. The nasalization

of vowels reduces the clarity of speech, thus distorting both the quality and intelligibility [2, 235]. A

study reported that intelligibility decreases with an increase in hypernasality and suggested that

hypernasality interacts with intelligibility [12]. The distorted speech patterns caused by hypernasality

make the individuals with CLP less confident when engaging in conversational skills compared to

the speakers with typical speech and language [13, 15, 236]. The clinical treatment for correcting

hypernasal speech involves primary and secondary surgery. Although surgical management should

result in the elimination of hypernasality, distorted speech patterns persist even after surgery in most

of the individuals [237].

From the studies of hypernasal speech in the literature, it is observed that explicitly, vowel char-

acteristics are deviated due to the introduction of additional formant and anti-formant pairs in the
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spectrum, broadening of formant bandwidths and spectral flattening [238,239]. The hypernasal speech

characteristics are also studied and analyzed based on the multicomponent nature using the Teager

energy operator and the combination of the Teager energy operator plus Mel frequency cepstral coef-

ficient (MFCC) feature. [240,241]. The distance between low and high order linear prediction cepstral

coefficient is used as a parameter for the detection of hypernasality [242]. To resolve the spacing of

the nasal formant in the vicinity of the first formant in the hypernasal vowel spectrum, an acoustic

measure based on the group delay spectrum is proposed in [243]. Additionally, zero time windowing is

also used for the analysis of hypernasal speech [244,245]. Hypernasality is also characterized using fea-

tures, namely, acoustic, noise, cepstral analysis, non-linear dynamics and a combination of non-linear

dynamic features plus entropy measurements [246–248]. The characteristics of hypernasal speech are

also analyzed using the Rademacher complex model for two Spanish words /koko/ and /papa/ [249].

Further hypernasal speech detection is performed in a sentence speech using jitter, shimmer, MFCC

bionic wavelet transform energy, and bionic wavelet transform energy [250]. Studies showed that hy-

pernasality detection and severity analysis is performed using the vowel space area [251, 252]. The

dominance of low-frequency energy in hypernasal vowel /a/ is investigated using voice low tone to

high tone ratio (VLHR) [253]. The energy distribution concept is explored for three vowels /a/,/i/

and /u/ in [254].

6.1.1 Challenges

Motivated by the importance of hypernasal speech enhancement, the aim of this chapter is to im-

prove vowel perceptibility in the hypernasal speech by reducing the distortions caused by nasalization.

Generally, hypernasality is assessed by using a test word composed of /CV/ structure [8]. Therefore,

the words in the form of /CV/ structures are considered for hypernasal speech enhancement, where

the V unit corresponds to elongated vowel phonation. The emphasis is given on vowel modification

because hypernasality is a resonance disorder, and it is particularly perceived in voiced sounds, es-

pecially vowels. The vowel sounds are produced by altering oral resonances associated with higher

energy and are relatively long in duration. The details of the hypernasal speech data used in this work

are presented in detail in Subsection 3.3.3 of Chapter 3.

The studies reported above revealed that the spectral characteristics of the vocal tract system

are mostly deviated, which leads to speech quality degradation. It is also reported that, because

of the deviated spectral characteristics, the obtained residual signal consists of scaled and delayed
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versions (interference/additional components other than significant glottal closure instants) of the

original speech [255]. During synthesis, the residual signal will be used to excite the time-varying all-

pole filter. While synthesis, the interference/additional signal components in the residual signal may

sometimes introduce unnatural spectral changes, which are perceived as distortion in the enhanced

speech. Therefore, the interfering distortions in the residual signal must be minimized to avoid inac-

curate formant estimation, which causes significant distortion in the resulting enhanced speech. Thus,

modification of residual and spectral characteristics are expected to result in enhanced speech.

Although conventional linear prediction (LP) analysis exhibits several benefits for extracting a

smooth spectral envelope. However, it is noted to be inaccurate while estimating the formant frequen-

cies of high-pitch speech. The degradation is caused by the least square error criterion used in the LP

method [256]. The spectral envelope of high-pitch speech, extracted using cepstral analysis, is also

observed to be affected by the pitch harmonics [257,258]. It is reported to dampen the low-frequency

region, which is important for hypernasal vowel analysis. The speech transformation and represen-

tation using adaptive interpolation of weighted spectrum (STRAIGHT) algorithm is also extensively

used to extract smooth spectral envelope in the voice conversion (VC) area. The STRAIGHT method

is widely used for parameterization because of its properties in isolating the F0 effects from the vocal

tract. However, in a study, it is also reported that the higher F0 value and higher formant frequencies

of children speech might affect the accurate estimation of the spectral envelope [172].

6.1.2 Contributions

In the case of high-pitch hypernasal speech, more accurate spectral envelope estimation is im-

portant because the effect of F0 may reduce the discriminability between nasal formant and the

harmonics. Additionally, nasal formant occurs in the oral formant vicinity, and it reduces the dis-

criminability between nasal and oral formants. Therefore, the extended weighted linear prediction

(XLP) method can be used to avoid the biasing effect of F0 in high-pitch speech. Compared to the

conventional approaches (for example, LP method, cepstral analysis, and STRAIGHT) of extracting

smooth spectral envelope, XLP analysis allows more versatility in emphasizing the speech components

during the computation of optimal filter coefficients.

Most of the speech enhancement approaches mentioned in Chapter 2 were proposed for noisy

speech modification with an assumption that noise is additive and uncorrelated with a clean signal.

In order to use the speech enhancement methods proposed for noisy speech modification, we need to
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estimate the following attributes:

• Nasal spectrum from the high pitched speech and remove it from the hypernasal spectrum to

obtain a non-nasal spectrum.

• Estimate the nasal and non-nasal amplitude.

• Decompose the vector space of hypernasal speech into non-nasal and nasal subspace.

• Estimate other nasal and non-nasal speech parameters.

However, unlike noisy speech, in hypernasal speech, nasality is not a distinct component of speech,

but it is produced from the same vocal tract system and correlated with speech. As a result, coupling

occurs between the nasal cavity and oral cavity, due to which additional formant and anti formant

pairs are observed in the lower frequency region of the spectrum.

Henceforth, a method is proposed for hypernasal speech modification. Here, the spectral transfor-

mation consists of mapping the extended weighted linear prediction cepstral coefficients (XLPCC) of

hypernasal speech towards the target XLPCC by using a trained conversion function. The modified

XLP residual signal is used to excite the time-varying all-pole filter derived from transformed spectral

characteristics of hypernasal speech to produce enhanced speech.

The rest of the chapter is organized as follows: Section 6.2 provides an overview of the transforma-

tion method and analysis of hypernasal speech using XLP method. In Section 6.3, the modifications

of XLP residual and XLPCC are dicussed. Experimental results and discussions representing the

objective and subjective evaluations are described in Section 6.4. Section 6.5 describes the summary

of the work.

6.2 Methodology

In this work, the proposed approach is carried out by first analyzing the hypernasal speech followed

by transforming the XLP residual and vocal tract system characteristics. The details of the metadata

used in this work is described in Subsection 3.3.3 of Chapter 3. Finally, the speech is synthesized

using modified speech features.

6.2.1 XLP based analysis of hypernasal speech

XLP is a generalized formulation of the LP method with temporally weighting methods as special

cases [259,260]. From Chapter 1 and aforementioned literatures on hypernasal speech, it is noted that

more severe speech deviations are observed based on the degree of cleft severity. In case of severe
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deviations, the speech mostly consists of nasal sounds such as /m/, /n/, and /ng/ [261, 262]. Each

of the spectral components of the vowels has a different influence on perceived hypernasality [74].

Therefore, an accurate representation of the spectral envelope is necessary due to following attributes:

• In high-pitch speakers, lowest formants are biased by pitch harmonics.

• Hypernasal speech introduces additional resonances at various frequency locations with consis-

tent nasal resonances in the low-frequency region.

The biased formant estimation problem for high-pitch vowels can be overcome using XLP method [263].

It temporally weights the speech samples [259, 260]. By weighting separately on each lagged signal

sample in the prediction model, it has shown better performance for cases with channel distortion

mismatch and low to moderate additive noise. XLP method provides a robust spectral estimation

technique, and its model stability is guaranteed when the weights are defined recursively.

Extended weighted linear prediction method

The speech samples are weighted in the prediction model, and the prediction coefficients are optimized

according to the least square error criterion. The estimate of XLP parameters are solved by minimizing

the prediction error energy EXLP as,

EXLP =
∑
n

(snYn,0 −
p∑

k=1

dksn−kYn,k)
2 (6.1)

where, sn, sn−k, dk and Yn,k denote the current speech sample, previous speech sample, predictor

coefficients and the weighting function, respectively. n denotes the sample number and k denotes

the predictor coefficient index. The weighting function is used to emphasize the spectral regions of

prominent energy. The XLP model is obtained by solving the normal equations given by,

p∑
k=1

dk
∑
n

Yn−ksn−kYn,jsn−j =
∑
n

Yn,0snYn,jsn−j , 1 ≤ j ≤ p (6.2)

In order to compute the weights, the following recursion is used

Yn,j =
m− 1

m
Yn−1,j +

1

m
(|sn|+ |sn−j |) (6.3)

The parameter m controls the effective length of the moving average memory. Here, the length of m

is equivalent to the linear prediction order, which is 14 in this work. The weighting function Yn,j is

specified as the absolute value sum. The underlying rationale for the weighting function is that it will
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emphasize the less distorted higher amplitude samples more compared to lower amplitude samples.

The optimal dk values from equation 6.2 is used to obtain the inverse filter of the XLP analysis,

A(z) = 1−
p∑

k=1

dkz
−k (6.4)

Model stability is guaranteed when Yn,j are defined recursively as,

Y ′n,j = max(Yn,j , Yn−1,j−1) (6.5)

with Yn,j = 0 for j < 0. The resulting analysis method is denoted as a stabilized XLP method.

From equation 6.1 and 6.2, separate temporal weighting are observed for the present and past speech

samples, respectively. The spectral representation is approximated to be free from the variations of

fundamental frequencies because of the separate temporal weighting of the prominent speech samples.

Efficacy of the spectral envelope estimation using the XLP method compared to conventional LP and

fast Fourier transform (FFT) method is studied.

Effectiveness of XLP method in the spectral analysis of high-pitch speech

The magnitude spectra estimated from the high-pitch speech of non-CLP (healthy) and hypernasal

speakers are demonstrated for the vowel /i/ in Figure 6.1 (a)-(d) for non-CLP speech and in Figure 6.1

(e)-(h) for hypernasal speech. It is observed that the resonances can be identified from LP, XLP, and

FFT spectra as prominent local peaks from both non-CLP and hypernasal speech. However, the

resonances estimated by LP methods either move up or down in frequency with an increase in F0.

In the case of the XLP method, a consistent trend is observed where the formant frequency increases

when F0 increases. These varying locations of the resonances may be attributed to the fact that

the LP method is sensitive to the biasing effect of the F0. Whereas the corresponding resonances

computed by the XLP method are consistent with F0 variation. In Figure 6.1 (e)-(h), additional

nasal resonances are also observed around 1000 Hz as compared to the magnitude spectra of non-CLP

speech in Figure 6.1 (a)-(d). Since the XLP method estimates the formant frequency locations more

accurately than the conventional LP method. Therefore, in this work, the XLP method is used to

estimate residual and vocal tract system characteristics of hypernasal speech.

Analysis of XLP residual

The XLP residual signal is estimated by filtering the hypernasal speech signal through the filter A(z) of
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Figure 6.1: Illustration of magnitude spectra for high-pitch speech computed using conventional
LP, XLP, and FFT for vowel /i/ phonation of varying F0 of (a)-(d) non-CLP speakers and (e)-(h)
hypernasal speakers.

equation 6.4. The XLP residual signal for vowel /i/ phonation of non-CLP and hypernasal speech is
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Figure 6.2: A segment of vowel /i/ phonation of (a) non-CLP speaker and corresponding (b) XLP
residual, (c) hypernasal speaker and corresponding (d) XLP residual.

shown in Figure 6.2. From Figure 6.2 (d), it can be seen that significant interfering signal components

arise around the glottal closure instants (GCIs) in the XLP residual of hypernasal speech. However,

in Figure 6.2 (b), such significant pulses are comparatively very low. The impulse-like excitations
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6.2 Methodology

during the closing phase of a glottal cycle are represented as GCIs [264]. The corresponding strengths

of GCIs are significantly larger relative to other regions of the signal. To quantitatively analyze the

significant interfering signal components concerning the significant GCI locations, the peak-to-sidelobe

ratio (PSR) [265] of the Hilbert envelope of the XLP residual is analyzed. The peak represents the

value of the central peak at the GCI location, and sidelobes represent a 1.5 ms duration segment

towards the right of the GCI, respectively. Because of the interference XLP residual, the GCIs are

not always prominent. Therefore, a robust method is required to locate the instants of significant

excitations from the hypernasal speech signal. It is reported in the literature that, zero frequency

resonator, generally termed as zero frequency filter (ZFF) gives reliable estimates of GCIs. Hence,

ZFF is used to estimate GCIs [197]. The filtered signal is known as the ZFF signal, and it exhibits

discontinuities at GCI locations at positive zero crossings. After locating the GCI locations, the PSR
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Normal HN
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Figure 6.3: Boxplot showing peak-to-sidelobe ratio (PSR) values for the three vowels of non-CLP
and hypernasal speakers. HN denote hypernasality.

is now computed for hypernasal and non-CLP speech and it is depicted in Figure 6.3. From Figure 6.3,

it can be noted that the PSR values of the hypernasal vowels /i/ and /u/ are significantly lower than

the non-CLP vowels. Whereas, the difference between non-CLP and hypernasal vowel /a/ is less

significant because vowel /a/ is a low vowel, and it is less affected due to the nasalization compared to

high vowels. It is observed that non-CLP vowels have higher PSR value compared to the hypernasal

vowels. One possible explanation for this behavior is the presence of interfering signal components

in the XLP residual of hypernasal speech. The introduction of interfering signal components in the

XLP residual corresponds to the presence of nasal zeros caused by hypernasality. The introduction of

nasal zeros in the transfer function affects the accuracy of the estimation of formants. An inaccurate

formant estimation results in prediction error coefficients. The additional prediction error coefficients,

introduce scaled and delayed versions of the original signal in the XLP residual [255]. Thus, a higher

side-lobe values are noted for the hypernasal speech resulting in lower PSR values.
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Figure 6.4: Comparison of the speech signal and corresponding spectrogram of (a)-(b) non-CLP
speaker and (c)-(d) hypernasal speaker for vowel /i/ phonation.

Analysis of vocal tract system characteristics

As hypernasality primarily corresponds to a resonance disorder, analysis of vocal tract system char-

acteristics is carried out to characterize the spectral deviations. The spectral analysis reflected the

deviation regarding additional nasal resonances along with the oral cavity resonances. In Figure 6.4 (a)-

(d), non-CLP and hypernasal speech signal and the corresponding spectrograms are illustrated for the

vowel /i/ phonation. Comparable differences are observed in the spectral energy levels of Figure 6.4 (b)

and Figure 6.4 (d), respectively. The prominent spectral energy represents the resonances of the sig-

nal. From the hypernasal spectrogram depicted in Figure 6.4 (d), it is observed that the energy

level of first resonance and between the first and second resonance are relatively higher than those in

Figure 6.4 (b). As a result, the clarity/ quality of the vowel is substantially reduced. The spectral

changes of a hypernasal vowel observed in Figure 6.4 are further analyzed by estimating VLHR.

It is an objective index used to detect the nasalization effect from the spectral characteristics of

voiced signals, particularly vowels [253]. The voice spectra are divided into a low-frequency band

(LFB) and a high-frequency band (HFB) with a cut-off frequency, Fc = 600 Hz. The LFB and HFB

are defined as the summation of power of each of the frequency component, ranging from 65 to Fc Hz

and Fc to fs
2 Hz respectively, fs is the sampling frequency, which is equal to 10 kHz. Mathematically,

VLHR is expressed as, V LHR = 10× log10( LFBHFB ). To estimate overall VLHR, the VLHR values are
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Figure 6.5: Boxplot showing voice low tone to high tone ratio (VLHR) for the phoneme /a/, /i/ and
/u/ of non-CLP and hypernasal speakers. HN denotes hypernasality.

averaged across all speech frames for each vowel. From Figure 6.5, it is noted that for all the three

vowels, there is clear discrimination between non-CLP and hypernasal speech. The presence of nasal

resonances in the low-frequency region results in a significant increase in VLHR values for all the three

vowels of hypernasal speakers. Since both the XLP residual and vocal tract system characteristics

are essential for speech quality and intelligibility, modification of both aspects is performed to achieve

enhanced speech.

6.3 Hypernasal speech enhancement

The block diagram of the proposed hypernasal speech enhancement method is illustrated in Fig-

ure 6.6. All the speech signals are analyzed by short-time processing preceded by windowing a frame

of 25 ms duration with 5 ms overlapping interval. Before the short-time processing, speech signals

are down-sampled at 10 kHz. During the training process, an analysis is performed on the source

GMM based
conversion function

Training stage

Transformation stage

Source
speech

Target
speech

Input
speech
frame

XLP analysis Mapping

XLP
Synthesis

Transformed
speech frame

XLP analysisXLP analysis

Inverse filtering Fine weight function

Figure 6.6: Illustration of the framework of the vowel enhancement method. XLP is the extended
weighted linear prediction, XLPCC denotes extended weighted linear prediction coefficient cepstrum,
and XLPR is the extended weighted linear prediction residual.
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6. Modification of hypernasal vowels using temporal and spectral processing

and target speaker’s utterances to derive the feature parameters to be transformed. In this work,

XLPCCs are used as the feature parameter, which is then used to build the conversion function. A

14th order XLPC and XLPCC are used in the study. The conversion function is built for the vocal

tract transfer function. During the transformation process, similar feature parameters that were ex-

tracted in the training stage are derived from the incoming speech samples. The feature parameters

are then transformed based on the conversion function from the training stage. Further, the additional

interfering components in the extended weighted linear prediction residual (XLPR) is suppressed by

convolving a fine weight function around the significant GCIs. The continuous waveforms are obtained

by concatenating the short-time modified speech using the overlap and add method.

The speech data is prepared into several rotations of training and testing sets. The training set

consists of all the frames of the corresponding vowel phonations from non-CLP and hypernasal speak-

ers. Leave-one speaker out cross-validation is performed to avoid any biases. In this work, 39 severe

hypernasal speakers speech is analyzed and performed enhancement accordingly. The assignments

are performed using random permutation. Based on the random number generator with 39 severe

hypernasal speakers, 39 different rotations of training and testing sets are obtained.

Hypernasal speech enhancement is carried out for three variants, namely suppression of the in-

terfering components of XLP residual l(n), GMM based spectral conversion v(n) of the vocal tract

system characteristics and enhancement based on the combination stf (n) of the first two variants. The

different variants of enhancement are studied to analyze the influence of hypernasality on the XLP

residual and vocal tract system components. Therefore, to modify the XLP residual signal and vocal

tract system characteristics, the speech signal is resolved in terms of source and filter components

using XLP analysis, which is presented in Section 6.2.1.

6.3.1 Temporal processing of hypernasal speech

The XLP residual signal is uncorrelated and any modification performed will result in the least

distortion for the synthesis of the speech signal. Hence, the rationale behind the XLP residual mod-

ification is to emphasize the significant excitations represented by GCIs and suppress the interfer-

ence/additional components from the residual signal samples. To suppress the interfering signal com-

ponents of XLP residual, the instants of significant excitation extracted using ZFF are used as anchor

points. A fine weight function is derived similar to Ref. [266] for modifying the XLP residual. Then,

the region around GCI location is convolved with a hamming window function, hwn of 3 ms duration.
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By considering GCIs as the shifted train of impulses, the fine weight function, wfn is expressed as,

wfn =

Tk∑
k=1

δn−ik ∗ hwn (6.6)

where Tk represents the total number of GCIs, and ik denotes the GCI index. To avoid over-

emphasizing GCI locations in XLP residual, the minimum value of wfn is set to a threshold value

of Tr, and it is set to 0.5. It is reported that temporal processing is not sensitive to Tr values [266].

Therefore, the relationship is expressed as,

wfn =

 Tr, Wfn < Tr

wfn , otherwise
(6.7)

The weighted XLP residual, rwn is obtained by multiplying the fine weight function, wfn with the
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Figure 6.7: Illustration of (a) modified vowel /i/ phonation and the corresponding (b) XLP residual.

hypernasal speech residual signal which is represented by prediction error, rn as

r′n = wfn ⊗ rn (6.8)

where ⊗ denotes element-wise multiplication. The weighted residual is used to excite the all-pole filter

derived from hypernasal speech to generate the temporally processed speech signal using the transfer

function in Z domain as,

L(z) =
R′(z)

1 +
∑p

k=1 dkz
−k (6.9)
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6. Modification of hypernasal vowels using temporal and spectral processing

where, L(z) is obtained using modified XLP residual R′(z), which is weighted XLP residual and

dk denote the predictor filter coefficients of the hypernasal speech. The temporally enhanced speech

signal and the enhanced XLP residual signal is shown in Figure 6.7 (a) and Figure 6.7 (b) respectively.

Comparing Figure 6.7 (b) with Figure 6.2 (d), it is observed that the significant interfering signal

components other than the impulse-like excitations are suppressed. However, after the reduction of

significant interfering components from the XLP residual, the additional resonances of the vocal tract

system persists. This implies that during reconstruction, the all-pole filters derived from the hypernasal

speech dominates the vocal tract characteristics in the enhanced speech signal. It necessitates the need

to improve the vocal tract characteristics at the spectral level.

6.3.2 Spectral processing of hypernasal speech

The modification of the XLP residual described in Section 6.3.1 is observed to deemphasize the

additional interfering components from the XLP residual signal samples. However, considering the

fact that hypernasality is intact in the vocal tract resonances, the characteristics of resonance structure

must also be modified to obtain enhanced speech.

GMM based spectral conversion

For the spectral conversion, first, the source speaker and target speaker XLPC cepstra are derived.

Then, a GMM model is fitted to the augmented source speaker and target speaker features. The joint

probability density of the source and target XLPC cepstrum is expressed as,

P (cn|λc) =
M∑
m=1

wmN (cn;µc
m,Σ

c
m) (6.10)

where, wm denotes the prior probability that the vector belongs to the mth class,
∑M

m=1wm = 1, wm >

0. N (cn;µc
m,Σ

c
m), denotes the Gaussian distribution with mean vector µ and covariance matrix Σ, m

is the mixture component index, M is the total number of mixture components and λc is a parameter

set of the GMM trained on joint vector cn. The parameters are initialized by the use of binary

splitting vector quantization (VQ) procedure. The joint vector, cn = [xTn , y
T
n ] consists of vector

sequences of x and y. T represents the transposition of the XLPC cepstrum vector. The vector

cn(n = 1, 2, . . . , N) represent the time-align sequences with N as the total frame number of the

training data for the given speech corpus. Let x = [x1, x2, . . . , xQ] be the sequence of XLPC cepstrum

describing source speaker. Similarly, let y = [y1, y2, . . . , yR] be the sequence of XLPC cepstrum
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describing target speaker. The weight, mean vector and covariance matrix of each component are

estimated independently from the clusters obtained by VQ of the joint vectors cn. The alignment

is obtained by using dynamic time warping algorithm. The mean vector and covariance vectors are

given by, µc
m =

µxm
µym

 ,Σc
m =

Σxx
m Σxy

m

Σyx
m Σyy

m

 where, µxm and µym are the mean vectors of the mth

mixture component for source and target, respectively. Matrices Σxx
m and Σyy

m are the covariance

matrices and Σxy
m and Σyx

m are cross-covariance matrices of the mth mixture component for source and

target speakers’ respectively. The GMM is trained with an expectation-maximization (EM) algorithm

using joint vectors.

The conversion function is implemented as a mixture of source and target XLPC cepstrum weighted

by posterior probabilities of GMM [137]. The optimization of the conversion function is simplified by

constraining both the covariance, Σxx
m & Σyy

m and cross-covariance matrices, Σxy
m & Σyx

m to be diagonal.

Empirically, the number of GMM components, chosen, is three. The conversion is performed based

on the minimum mean-square error as,

ŷn = E[yn|xn]

=
M∑
m=1

P (m|xn, λc)Eym,n

(6.11)

where,

P (m|xn, λc) =
wmN (xn;µxm,Σ

xx
m )∑M

i=1wiN (xn;µxi ,Σ
xx
i )

(6.12)

and the mean vector Eym,n can be written as,

Eym,n = µym + Σyx
m Σxx−1

m (xn − µxm) (6.13)

Here, Eym,n represents the expectation value and ŷn is the converted target XLPC cepstrum vector. For

each of the mixture, the conditional mean target vector given the mean source vector is calculated by

linear conversion using the correlation between source and target features. As a result, the converted

vector is expressed as the weighted sum of conditional mean vectors. The conditional probability that

the source vector belongs to each one of the mixtures is used as weights. Further, the transformed

XLP cepstrum ŷn is converted into XLP coefficients d̂k. The modified XLP filter is obtained by using
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the transformed XLP coefficient d̂k, given by,

H(z) =
1

1 +
∑p

k=1 d̂kz
−k

(6.14)

here, H(z) is the XLP filter predicted from pth order XLP analysis, where p is chosen as p = fs
1000 +4. To

generate the spectrally transformed vowel phonation, the unmodified XLP residual of the hypernasal

speech is filtered using the modified all-pole filter H(z). The spectrally enhanced speech signal is

computed using the transfer function given as

V (z) =
R(z)

1 +
∑p

k=1 d̂kz
−k

(6.15)

In order to obtain both temporally and spectrally modified signal the modified XLP residual is passed

through H(z). The transfer function in Z domain can be represented as,

Stf (z) =
R′(z)

1 +
∑p

k=1 d̂kz
−k

(6.16)

Figure 6.8: A segment of vowel /i/ phonation and corresponding spectrogram plot of modified hyper-
nasal /i/ vowel phonation.

The speech signal and spectrogram plot of a modified hypernasal vowel are presented in Figure 6.8.

A modified hypernasal spectrogram shown in Figure 6.8 (b) depicts more prominent resonances com-

pared to the unprocessed hypernasal spectrogram in Figure 6.4 (d). The spectral energy level in

Figure 6.8 (b) is quite closer to the non-CLP speaker vowel /i/ phonation shown in Figure 6.4 (b).
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6.4 Experimental observations

The GMM based modification approach implemented for dysarthric speech enhancement in [1]

is used for a comparative study. For simplification purposes, the system is referred as GMM-Dys

throughout the chapter. Accordingly, the subjective and objective analysis are performed for the

modified signal implemented using GMM based modification system proposed for dysarthric speech

enhancement.

6.4.1 Objective evaluation

The modified hypernasal speech is assessed using three objective measures. The objective measures

are evaluated as follows:

Pathological short-time objective intelligibility and pathological extended short-time ob-

jective intelligibility

The pathological short-time objective intelligibility (P-STOI) and pathological extended short-time

objective intelligibility (P-ESTOI) are employed as our objective intelligibility measure to assess CLP

speech intelligibility [267]. P-STOI is used to measure the impact of temporal distortions in CLP
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Figure 6.9: Bar plot showing P-STOI and P-ESTOI for three vowels, /a/, /i/ and /u/. TM & VTSM
denotes XLP residual & vocal tract system characteristics modified hypernasal vowel, respectively.
GMM-Dys refer to the signal processed using the GMM based voice conversion employed for dysarthric
speech enhancement [1].

speech intelligibility, whereas, P-ESTOI analyze the impact of spectral distortions. The objective

measures are based on comparing time-aligned hypernasal and non-CLP (target) signals. Before com-
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puting, P-STOI, and P-ESTOI, first reference templates are created from the non-CLP speakers. In

the current study, vowel-specific and gender-specific reference representations are used. One-third oc-

tave band analysis is applied to the time-frequency representation of non-CLP and hypernasal speech

signals to estimate the objective measures.

The results of the P-STOI measure are depicted in Figure 6.9. The P-STOI measure shows that

temporal and vocal tract system modified signal has intelligibility higher than the original hypernasal,

and other variants of modified signals. TM denotes XLP residual modification and VTSM denotes

vocal tract system modification. Comparatively, the GMM-Dys based modified signal has lower intel-

ligibility than the combined temporal and vocal tract system modified (TM + VTSM) signal. From

the P-STOI measure, it is also observed that the temporal and vocal tract system modified signal has

STOI comparable to non-CLP reference STOI for vowel /a/ and /i/. However, the intelligibility of

the combined temporal and vocal tract system modified signal of the vowel /u/ is slightly lower than

the vocal tract system modified signal. In the case of P-ESTOI shown in Figure 6.9, a similar trend is

followed, where the combined temporal and vocal tract system modified signal has comparable ESTOI

value relative to other variants of the modified signal.

XLPC cepstral distortion

To measure the performance of spectral mapping, XLPC cepstral distortion (XCD) is used as another

performance metric for objective evaluation. The XCD value here represents the mean of XCD values

across all the frames. It is defined as a weighted Euclidean distance, which is expressed by,

XCD (dB) =
1

N

N∑
n=1

10× log10

√√√√2
I∑
i=1

(ci − ĉ(i))2 (6.17)

where, n denotes the frame index, and N is the total number of frames. ci and ĉi denote the cth

target and converted cepstral coefficient respectively. The distortion measures are assessed for the

four variants of each of the hypernasal vowels, denoted by m1,m2,m3, and m4. The distribution

measure is also assessed for the GMM based modification system employed for dysarthric speech

enhancement and it is denoted by m5. The four variants m1 through m4 corresponds to the original

unmodified and three types of modified (TM, VTS, TM + VTS) vowels. The average XCD values

for all the variants of the three vowels /a/, /i/ and /u/ are shown in Figure 6.10. It is observed that

XCD values decreases from m1 to m4 for all the three vowels except for /u/ phonation where m3 is
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Figure 6.10: Bar plot showing XCD values for the three vowels where m1 denotes XCD value between
non-CLP and unmodified hypernasal vowel, m2 denote XCD value between non-CLP and hypernasal
vowel after XLP residual modification, m3 denote XCD value between non-CLP and hypernasal vowel
after vocal tract system characteristics modification, m4 denote XCD value between target and hy-
pernasal vowel after both the residual and vocal tract system characteristics modification, and m5
denote XCD value between target and hypernasal vowel modified using GMM-Dys.

comparable to m2. From Figure 6.10, it is also observed that XCD value is higher for m5 compared

to m3 and m4. The decrease of the XCD values implies that the residual and vocal tract system

modification reduces the spectral distortion of the vowels.
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Support vector machine classifier

The support vector machine (SVM) is trained using the features extracted from the vowels of non-CLP

speakers and that of CLP speakers. The classifier system is developed using radial basis function (RBF)

kernel, and separate SVM models are built for each of the vowels /a/, /i/ and /u/, respectively. For

testing, all the modified speech samples are used. The optimum values of the parameters, C , and γ, are

experimentally determined using the grid search method. During classification all the combinations of

an RBF kernel are used in the range of C = [2−10, 2−8, . . . , 2+8, 2+10] and γ = [2−10, 2−8, . . . , 2+8, 2+10].

The best accuracy obtained in the considered range of C and γ is reported as the classification results.

The performance of an SVM classifier for the non-CLP, hypernasal, and modified hypernasal vowels

are tabulated in Table 6.1 and Table 6.2 using MFCC and XLPCC features, respectively.

Table 6.1: Accuracy (%) of vowel identifica-
tion using the MFCC feature. Vowel sub-
scripts o and m represent original and mod-
ified samples. GMM-Dys refer to the signal
processed using the GMM based voice conver-
sion employed for dysarthric speech enhance-
ment.

Phoneme description Hypernasal Normal

/a/o 71.13 28.87
/a/m 13.88 86.12

/a/GMM−Dys 48.33 51.67
/i/o 92.00 8.00
/i/m 49.20 50.80

/i/GMM−Dys 47.68 52.32
/u/o 79.80 20.20
/u/m 32.42 67.58

/u/GMM−Dys 45.33 54.67

Table 6.2: Accuracy (%) of vowels identifica-
tion using the XLPCC feature. Vowel sub-
scripts o and m represent original and mod-
ified samples. GMM-Dys refer to the signal
processed using the GMM based voice conver-
sion employed for dysarthric speech enhance-
ment.

Phoneme description Hypernasal Normal

/a/o 76.29 23.71
/a/m 30.15 69.85

/a/GMM−Dys 46.02 53.98
/i/o 92.34 7.66
/i/m 25.50 74.50

/i/GMM−Dys 41.80 58.20
/u/o 90.18 9.82
/u/m 22.98 77.02

/u/GMM−Dys 47.72 52.28

Significant improvements are observed for the transformed vowels compared to the original hyper-

nasal vowels. An increase in the recognition rates of the transformed vowels tending towards non-CLP

vowels is observed for both MFCC and XLPCC features.

The improvement in P-STOI and P-ESTOI, reduction in XCD values, and the recognition perfor-

mance of an SVM classifier are observed to be different for all the three vowels. This may be due to

the difference in the vowel characteristics like high, low, and mid vowel. As a result, specific vowels

are more prone to nasalization. The nasalization in a particular vowel is effectively reduced using the

enhancement approach described in Subsection 6.3.2. Thus for particular vowels, distortion due to
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nasalization varies, and similarly, its reduction also varies based on the level of nasality.

6.4.2 Subjective evaluation

Listening experiments are conducted to evaluate the speech intelligibility of hypernasal speech.

The modified hypernasal speech is synthesized using enhanced XLP residual and vocal tract system

characteristics outlined in Section 6.3. The listening test aims to determine the hypernasality effect

in the modified hypernasal vowels relative to that of unmodified hypernasal vowels. Three vowels

(/a/, /i/, /u/) in /CV/ structures are considered as a test material for listening experiments. A

total of 10 normal-hearing naive listeners have participated in the listening test. The listeners are

research scholars bearing knowledge of speech technology. Speech utterances were played to the

listeners through headphones at a comfortable listening level. Each listener can control the hearing

level according to their comfortability. A total of 75 speech samples (original + speech after XLP

residual signal modification+ vocal tract system modification + combination of residual and vocal

tract system modification + GMM-Dys modified signal, representing 5 conditions for 5 sets of each of

the 3 vowels, 5× 5× 3 = 75) are provided to the listeners for transcription and deriving MOS.

At first, the intelligibility of a modified hypernasal speech signal is measured by having the partic-

ipants transcribe what they hear from the speech signal. As this work deals with vowel modification,

the listeners were instructed to concentrate on vowels only. Therefore, the listeners attempt to iden-

tify the vowels in the /CV/ structures. The original hypernasal vowel and four variants (TM, VTS,

TM+VTS, GMM-Dys) of the modified signal are presented to the listeners. The participants are told

to ignore those /CV/ structures, which they cannot discern.

Table 6.3: Performance in phoneme accuracy (%) for hypernasal vowels by naive listeners. TM &
VTSM denotes XLP residual & vocal tract system characteristics modified hypernasal vowel, respec-
tively. GMM-Dys refer to the signal processed using the GMM based voice conversion employed for
dysarthric speech enhancement.

Phonemes Original TM VTSM TM + VTSM GMM-Dys

/a/ 44.56 46.89 78.32 81.11 57.80

/i/ 40.21 48.60 84.51 88.23 59.36

/u/ 43.50 45.00 75.54 80.64 54.35

Table 6.3 shows the percentage of vowels correctly identified by the listeners relative to the expected

vowel. The values reported in Table 6.3 are the average values computed across the listeners. From
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Table 6.3, it is observed that the TM + VTSM signal has higher intelligibility than other variants

of the modified signal. Considering all the original vowels, the vowel /i/ is observed to have the

least recognition accuracy compared to vowel /a/ and /u/. However, the vowel /i/ after TM + VTSM

modification, shows maximum recognition accuracy relative to vowel /a/ and /u/. The possible reason

for this observation may be attributed to the vowel /i/ being a high vowel, which is more prone to

nasalization.

The subjective evaluation is also carried out using mean opinion score (MOS) for all the three

vowels, respectively. The listeners were asked to give a score against each of speech files ranging

between 1 to 4 based on nasalization, where 4 corresponds to most nasalized speech and 1 for the

least. Before the listening test, all the listeners are provided with severe hypernasal and non-CLP

Table 6.4: Subjective evaluation for mean opinion score by naive listeners. TM and VTSM denote XLP
residual and vocal tract system characteristics modified hypernasal speech, respectively. GMM-Dys
refer to the signal processed using the GMM based voice conversion employed for dysarthric speech
enhancement.

Phonemes Original TM VTSM TM + VTSM GMM-Dys

/a/ 2.77 2.72 2.10 1.97 2.21

/i/ 3.46 3.30 2.00 1.50 2.50

/u/ 3.10 2.80 2.32 1.39 2.26

speech signals to familiarize them with the expected target speech signal and the disordered hypernasal

speech signal. The order of the speech samples played to the listeners is randomized to avoid any bias

towards any signal. Table 6.4 shows the averaged scores corresponding to each method. In the case

of vowel /a/, TM + VTSM gives better performance compared to original and other modified signals.

However, the nasality rating of unprocessed hypernasal vowel /a/ is observed to be lower compared

to vowels /i/ and /u/. It may be because, /a/ is a low vowel, and it is least affected by hypernasality

among the three vowels considered in this study. As a result, reduction in nasality scores over TM,

VTSM, TM + VTSM, and GMM-Dys signal is relatively lower. Considering vowel /i/, a significant

reduction in nasality rating score is observed for all the three variants of enhancement and GMM-Dys

modified signal. The vowel /i/ being a high vowel is observed to possess maximum nasality score

among the three studied vowels. In the case of mid vowel /u/, the nasality rating score and relative

reductions lie in between vowel /i/ and /a/. Overall, MOS values reflect that TM + VTSM signals

128

TH-2534_146102035



6.5 Summary

give better performance for all the three vowels than TM, VTSM, and GMM-Dys, respectively.

6.5 Summary

The present work described three variants of enhancement, XLP residual modification, vocal tract

system characteristics modification, and combined modification of XLP residual and vocal tract system

characteristics to enhance the hypernasal speech [234]. An XLP method is used to parameterize

the residual and vocal tract system components of the hypernasal speech signal. Modification of

the XLP residual is carried out by using a fine weight function convolved around the significant

GCI locations extracted using a ZFF. The vocal tract system characteristics are modified spectrally

using GMM based spectral conversion trained on the non-CLP and hypernasal speech data. The

performance evaluation is conducted using different objective measures, namely, P-STOI, P-ESTOI,

XCD, SVM classifier, and two types of subjective measures, transcription test, and MOS. The results

from subjective and objective evaluations indicate that out of the three variants of hypernasal speech

enhancement, combined modification of XLP residual signal and vocal tract system components gives

better speech enhancement compared to either XLP residual or vocal tract system characteristics

modification alone. Consequently, the enhanced speech signal output has reduced the nasalization

effect compared to the unmodified original speech.
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Overview The speech intelligibility of the cleft lip and palate (CLP) speakers is distorted due

to the deformation in their articulatory system. For addressing the same, the works in the earlier

chapters perform phoneme-specific modification in consonant-vowel-consonant-vowel (CVCV) struc-

tures. In CLP speech, both the articulation error and the nasalization distorts the intelligibility of a

word. Modification of a specific phoneme may not always yield an enhanced word-level intelligibility.

Accordingly, all the distorted phonemes in a word must be modified to achieved word-level intelligibil-

ity improvement. For such cases, it is important to identify and isolate the phoneme specific error

based on the knowledge of specific speech distortions. Motivated by that, in this work, some of salient

phoneme specific enhancement approaches discussed in the earlier chapters are combined. Further, we

demonstrate their effectiveness in improving the word-level intelligibility of CLP speech. The enhanced

speech samples are evaluated using subjective and objective evaluation metrics.

7.1 Introduction

In the earlier chapters, the focus is made on the (a) segmentation of misarticulated fricative fol-

lowed by modification of the same, (b) development of approaches for the detection of burst event

in stop consonants followed by transforming the misarticulated stops, and (c) modification of vowels

using spectral and temporal processing. The first enhancement work addresses three types of fricative

/s/ misarticulation: palatalized /s/, phoneme specific nasal air emission (PSNAE) distorted /s/ and

glottal stop substituted /s/. The misarticulated fricatives are detected automatically in a /CVCV/

structure, then the detected segments are modified using spectral compression, spectral tilt modifi-

cation, and insertion method. The second work deals with the detection and modification of three

misarticulated stops: /k/, /t/, and /T/. The velar stop /k/ is substituted by a glottal stop sound.

Three types of misarticulations of alveolar /t/ and retroflex /T/ are studied: glottal stop, velar, and

palatalized substitutions. The stop modification is performed using NMF based method in a /CVCV/

structure. The third work on CLP speech enhancement task consists of nasalized vowel /a/, /i/, and

/u/ modifications in a /CV/ structure. The vowel modifications are carried out using GMM based

spectral conversion method and temporal processing using a weighting function.

In the CLP speech analysis and enhancement tasks performed in clinical settings, the SLPs first

work on isolated phonemes. Once a CLP speaker has mastered the correct phoneme production, the

SLPs embed the phoneme in a word and analyze the speech intelligibility of an entire word. Further,
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this process is observed in a sentence, short phrase and conversational speech. In [8], it is reported

that a speaker may produce a phoneme correctly in isolation, but the same may be produced in error

in a word-level and sentence-level due to the influence of phonetic contexts. Hence, the SLPs evaluate

and attempt to enhance the CLP speech by minimizing the influence of phonetic contexts. In the

similar direction, the present work also focuses on the word-level intelligibility via combination of

phoneme specific modification techniques. The previous chapter works showed an ability to modify

the phoneme specific distortions for fricative /s/, stop consonant /k/, /t/, /T/ and vowel /a/, /i/, and

/u/ phonations. In the present chapter, the relevant phoneme specific enhancement techniques are

combined to improve the entire word-level intelligibility. Here, the considered /CVCV/ words happen

to be the possible combinations of the phonemes studied in the previous chapters.

7.2 Transforming word-level speech intelligibility

In a /CVCV/ word, when a specific transformation method is used to modify the entire word,

it is observed that the speech sounds muffled. Thus, further processing is required to achieve a

good quality enhanced speech. Several issues exist in performing the entire word-level intelligibility

because different phonemes in a word may exhibit different type of speech distortions along with

co-articulation impact. In a word, some of the phonemes may get nasalized, some are substituted

by nasal consonants, and various types of other misarticulations affect the CLP speech intelligibility

and quality. It is challenging to detect such misarticulations in an unsupervised method. Therefore,

certain assumptions are made prior to the enhancement task.

The important acoustic-phonetic cues related to obstruents are degraded due to the production

error. The cues, namely, transient burst, frication noise, and formant dynamics in the adjacent tran-

sition region mostly gets degraded. Therefore, it is assumed that the deviations in their productions

that are reflected on the acoustic signal may be correlated with the perceived CLP speech intelligi-

bility. On the other hand, due to nasalization, the voiced sounds are mostly affected. In a /CVCV/

word, when the obstruent is modified, distorted voiced sounds having co-articulation could still affect

the overall intelligibility. This renders the modification of the voiced sounds with nasalization and

co-articulation. Hence, characterizing all the deviations using relevant acoustic features followed by

modification of the same are expected to yield intelligible speech. The knowledge of deviated acoustic

characteristics explored for the analysis of CLP speech in the previous chapters can be used to enhance
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the distorted word-level intelligibility. Moreover, the methods corresponding to the segmentation of

misarticualted fricative /s/ and the stop consonants reported in Chapter 4 and Chapter 5 are exploited

in this chapter for the segmentation of obstruents and vowels in the word.

7.2.1 Transformation of fricative-vowel-fricative-vowel words

In this subsection, the study is carried out using three isolated words (/sasa/, /sisi/, and /susu/)

in the database which happen to be the combination of fricative /s/ and vowels /a/, /i/, and /u/.

The details of these three words are described in Table 3.11 of Chapter 3. The analysis, segmentation,

and modification of fricatives in fricative-vowel-fricative-vowel (FVFV) words are performed using the

techniques exploited in Chapter 4. The vowels in the /FVFV/ words are enhanced using spectral and

temporal processing methods described in Chapter 6.

The approaches exploited for fricative and vowel modification corresponds to spectral compression,

insertion, spectral conversion and temporal processing. If spectral compression technique is to be

applied to modify the entire word /sasa/ or /sisi/ or /susu/, then lower frequency region compression

will yield enhanced fricatives but it will deteriorate the vowels at the same time because low frequency

energy is important for vowel perception [232]. In certain cases, if vowels are nasalized, insertion

method may be applicable but its perceptual quality may get distorted as it might not preserve the

individuality information of the CLP speaker. Considering the temporal processing method described

in Chapter 6, a weighting function is applied around the GCI locations to emphasize the significant

GCI events and suppressed any interfering signal components around it. If the /FVFV/ words are

processed using temporal processing method, it is speculated that it might not result in effective

transformation. The reason may be attributed to the fact that the excitation source for fricative is a

noise source signal and with temporal processing important signal components might get suppressed.

As each of the phonemes have different spectral and temporal phenomena, the distortion caused by

the articulatory impairment affects each of the phoneme differently. Further, considering the spectral

conversion method, mapping the distorted CLP spectra to a desired target speech spectra is a good

strategy towards attaining CLP speech enhancement. Hence, an attempt is made to enhance /FVFV/

words using GMM based spectral conversion method.

The enhanced /sasa/ word using GMM based spectral conversion is depicted in Figure 7.1 (e)-

(f). After performing enhancement, it is observed that GMM based spectral conversion of hypernasal

speech results in muffled speech. The analysis of the modified speech signal showed that the spectrally
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Figure 7.1: Comparison of (a)-(b) non-CLP (healthy) /sasa/, (c)-(d) NAE distorted /sasa/, (e)-(f)
enhanced /sasa/ using GMM based spectral conversion method and (g)-(h) enhanced /sasa/ using
NMF based spectral conversion method .

modified speech is observed to have low nasalization compared to original /FVFV/ word depicted in

Figure 7.1 (c)-(d), but the fricatives are ambiguous and the overall speech quality is still degraded.

The speech degradation may be attributed to the oversmoothing effect. Because of the oversmoothing

effect the formants of the vowels are observed to have larger bandwidth, smaller peak-to-valley ratio,

and the fricative spectrum are observed to have deviant acoustic characteristics and spectral tilt.

Several techniques are proposed in the literature to overcome the smoothening affect, where one of the

approach corresponds to the parametric voice conversion method which is reported to alleviate the

oversmoothing effect. Therefore, NMF based speech enhancement is used to modify the /FVFV/ word

and shown in Figure 7.1 (g)-(h). The modified /FVFV/ word shows some improvement compared

to original /FVFV/ word but its acoustic characteristics are still degraded compared to that of the

non-CLP (healthy) /FVFV/ word depicted in Figure 7.1 (a)-(b). Although some improvements are

observed, such as reduction in nasalization and spectral prominence in the high-frequency region for

fricatives. However, further observation showed that low-frequency energy in the fricatives remain and

the formants of the vowel are not distinct. Thus, it projects the importance of processing different

class of sound units separately utilizing the phoneme-specific knowledge.
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7.2.2 Transformation of consonant-vowel-consonant-vowel words

In this part of the study, the words, namely, /kaka/, /kiki/, /kuku/, /tata/, /titi/, /tutu/, /TaTa/,

/TiTi/, and /TuTu/ are addressed. These words consists of the combination of stops /k/, /t/ and

/T/ in the vowel contexts /a/, /i/, and /u/, respectively. The details of these /CVCV/ words are

described in Table 3.11 of Chapter 3. Prior to the modification of the /CVCV/ words, the analysis,

detection, and modification of burst of the stop consonants are carried out using the method discussed

in Subsection 5.2.1 of Chapter 5. The vowel analysis and modification of the same is performed using

the approaches reported in Subsection 6.3 of Chapter 6.

Considering the reported phoneme-specific enhancement methods in the earlier chapters, their

feasibility in the modification of /CVCV/ words are first analyzed. The spectral compression technique

may not effectively transform the /CVCV/ word because the spectral prominence of consonants are not

confined to a specific frequency band. For example, the velar stop /k/ is characterized by prominent

spectral energy in the low-frequency region, whereas, the alveolar stop /t/ shows spectral prominence

around mid-frequency region and retroflex /T/ shows spectral prominence above 2 kHz. Additionally,

formants of the vowel are observed in the low-frequency region. Therefore, spectral energy compression

in the low-frequency region will result in further deterioration of the /CVCV/ words. Temporal

processing of the /CVCV/ word will result in vowel modification only. By using insertion method,

artificially synthesized phoneme can be used for speech modification. However, insertion method does

not preserve the individuality information. Hence, spectral compression, temporal processing and

insertion method might not effectively enhance the entire /CVCV/ word.

The spectral prominence for consonants ranges from low to high-frequency region and in vowels

the lower frequency region are mostly considered to carry important perceptual information. Hence,

the modification technique designed for a specific category of phoneme may or may not be effective in

transforming the disordered nature of all the phonemes in a word. As stated in the previous section,

mapping the disordered speech spectra into that of the non-CLP (target) speech spectra may improve

the speech intelligibility and quality. Hence, the modification of /CVCV/ word is also attempted using

GMM and NMF based spectral conversion method, respectively.

For illustration, the transformed signals for the word /kaka/ is shown in Figure 7.2. From the

figure, it is observed that the vowel formants and the consonants in Figure 7.2 (e)-(f) and Figure 7.2

(g)-(h) are not close to non-CLP speech characteristics shown in Figure 7.2 (a)-(b). Based on the above
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Figure 7.2: Comparison of (a)-(b) non-CLP /kaka/, (c)-(d) misarticulated /kaka/, (e)-(f) enhanced
/kaka/ using GMM based spectral conversion method and (g)-(h) enhanced /kaka/ using NMF based
spectral conversion method.

figures, it is observed the enhanced speech signal does not show significant improvement relative to

the original unprocessed signal. The reason may be attributed to the complex relationship of the

misarticulations and nasality in CLP speech. Hypernasality and articulation error both show an

impact in the same word reducing the speech intelligibility and quality both. In the above figures, for

an illustration only /kaka/ is depicted. However, similar analysis are observed for other /CVCV/ word

misarticulations, for example, /kiki/, /kuku/, /tata/, /titi/, /tutu/, /TaTa/, /TiTi/, and /TuTu/.

Both the NMF and GMM based spectral conversion had shown some improvement in the speech

characteristics, however, they are not able to effectively enhanced the speech signal as close to non-CLP.

Therefore, this necessitates further analysis of the signal characteristics and then perform modification.

Hence, phoneme specific enhancement can be attempted to observe the impact on the overall speech

intelligibility and quality of a word.

7.3 Experimental evaluation

In this section, the impact of independent modification of all the phonemes in a word are analyzed.

From Figure 7.1 and Figure 7.2, it is observed that when the entire word is modified using a specific

modification technique, the different attributes of the speech distortions in all the phonemes are not
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addressed effectively. Due to the impairment, both articulation error and nasalization are observed in

Figure 7.3: Illustration of waveform and spectrogram of: (a)-(b) clp /kaka/, (c)-(d) modified /k/,
(e)-(f) modified /a/, and (g)-(h) modified /k/ and /a/.

CLP speech. When each of the phonemes in a word are modified independently as shown in Figure 7.3

and Figure 7.4, a significant modification in the articulation error and nasalization is observed. To

Figure 7.4: Illustration of waveform and spectrogram of: (a)-(b) clp /sasa/, (c)-(d) modified /s/,
(e)-(f) modified /a/, and (g)-(h) modified /s/ and /a/.

have an enhancement system capable of performing the desired task, it is essential to improve all the

speech distortions of a word. The impact of the word-level speech enhancement is analyzed in three
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Table 7.1: P-STOI values for different combination of nonsensical words. F denote fricative /s/, C1

denote consonant /k/, C2 denote consonant /t/, C3 denote consonant /T/, GS denote glottal stop
substitution, PA denote palatalized articulation, PSNAE denote phoneme specific nasal air emission,
and velar denote velar substitutions.

Speech samples Normal Reference CLPoriginal
CLPmodified

Obstruent Vowel Obstruent + vowel

/FVFV/ (GS) 0.88 0.02 0.27 0.23 0.46
/FVFV/ (PA) 0.88 0.11 0.26 0.22 0.44

/FVFV/ (PSNAE) 0.88 0.12 0.35 0.21 0.49

/C1VC1V/ (GS) 0.84 0.04 0.11 0.33 0.40

/C2VC2V/ (GS) 0.81 0.12 0.14 0.16 0.37
/C2VC2V/ (Velar) 0.81 0.13 0.14 0.18 0.39
/C2VC2V/ (PA) 0.81 0.13 0.14 0.19 0.42

/C3VC3V/ (GS) 0.82 0.15 0.17 0.24 0.43
/C3VC3V/ (Velar) 0.82 0.18 0.19 0.23 0.39
/C3VC3V/ (PA) 0.82 0.16 0.18 0.18 0.42

Table 7.2: P-ESTOI values for different combination of nonsensical words. F denote fricative /s/, C1

denote consonant /k/, C2 denote consonant /t/, C3 denote consonant /T/, GS denote glottal stop
substitution, PA denote palatalized articulation, PSNAE denote phoneme specific nasal air emission,
and velar denote velar substitutions.

Speech samples Normal Reference CLPoriginal
CLPmodified

Obstruent Vowel Obstruent + vowel

/FVFV/ (GS) 0.25 0.02 0.06 0.13 0.18
/FVFV/ (PA) 0.25 0.06 0.09 0.16 0.22

/FVFV/ (PSNAE) 0.25 0.01 0.02 0.15 0.24

/C1VC1V/ (GS) 0.19 0.03 0.07 0.16 0.20

/C2VC2V/ (GS) 0.31 0.09 0.15 0.17 0.23
/C2VC2V/ (Velar) 0.31 0.07 0.08 0.10 0.16
/C2VC2V/ (PA) 0.31 0.06 0.10 0.17 0.23

/C3VC3V/ (GS) 0.29 0.12 0.17 0.20 0.22
/C3VC3V/ (Velar) 0.29 0.15 0.15 0.21 0.19
/C3VC3V/ (PA) 0.29 0.01 0.07 0.11 0.27

stages. At first the impact on word-level intelligibility is evaluated for the enhanced speech obtained

by transforming the obstruents only. In the second step, the enhanced speech obtained using only

vowel modification is evaluated. Finally, in the third step, the enhanced speech obtained by modifying

both the obstruent and vowels are evaluated.

7.3.1 Objective evaluation

The modified CLP speech is assessed using pathological short-time objective intelligibility (P-

STOI) and pathological extended short-time objective intelligibility (P-ESTOI) measures [267]. Au-

tomatic speech recognition (ASR) and mel cepstral distortion (MCD) are also used as the objective

metrics.

The objective measures corresponding to P-STOI, P-ESTOI, ASR and MCD are noted in Ta-
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ble. 7.1, Table. 7.2, Table. 7.3, and Table. 7.4, respectively. The P-STOI and P-ESTOI values are

computed for time-aligned CLP speech signals and non-CLP (reference) signals. Before comparing the

objective measures, word specific reference templates are created from non-CLP speech. The reported

values are obtained by averaging all measures across all the listeners corresponding to the specific

errors in all the vowel contexts. P-STOI values shown in Table 7.1 indicate that compared to original

misarticulated CLP speech, modification of any specific error (obstruents misarticulation or vowel

nasalization) improves the intelligibility. However, from the P-STOI values, it is also observed that

modification of obstruents misarticulation and vowel nasalization both provide higher P-STOI values

as compared to standalone modification of either obstruents or vowels. Similar observations are noted

for the P-ESTOI values tabulated in Table 7.2. In certain cases, the objective intelligibility values of

combined modifications are observed to be comparable with standalone modification. The probable

reason may be attributed to the fact that either obstruent or vowel in the word is less distorted, hence

resulting in comparable values.

For an illustration, the original and modified CLP words are analyzed using ASR performance.

As the speech data for this study are in the Kannada language, a Kannada ASR system is developed

using KALDI speech recognition toolkit [205]. The ASR system performance for various phoneme

modification categories is measured using phone error rate (PER) metric. The PER for the original

and modified CLP speech is shown in Table 7.3.

Table 7.3: Phoneme error rate (%) for various combination of nonsensical words. F corresponds to
fricative /s/, C1 corresponds to consonant /k/, C2 corresponds to consonant /t/, C3 corresponds to
consonant /T/, GS corresponds to glottal stop substitution, PA corresponds to palatalized articu-
lation, PSNAE corresponds to phoneme specific nasal air emission, and velar corresponds to velar
substitutions.

Speech samples CLPoriginal
CLPmodified

Obstruent Vowel Obstruent + vowel

/FVFV/ (GS) 68.85 56.08 58.15 54.53
/FVFV/ (PA) 59.23 38.80 36.83 31.58

/FVFV/ (PSNAE) 63.38 39.99 35.28 32.97

/C1VC1V/ (GS) 67.17 55.44 58.78 53.14

/C2VC2V/ (GS) 64.30 53.04 59.27 52.73
/C2VC2V/ (Velar) 68.46 59.96 50.18 54.04
/C2VC2V/ (PA) 49.72 43.52 48.06 42.98

/C3VC3V/ (GS) 77.31 63.09 65.92 62.28
/C3VC3V/ (Velar) 75.26 64.91 67.22 63.29
/C3VC3V/ (PA) 72.54 61.43 62.18 57.65

Compared to the original unprocessed CLP speech, the recognition performance of the modified

speech is relatively higher. The modification of a specific phoneme also yield reduced PER value

140

TH-2534_146102035



7.3 Experimental evaluation

compared to that of the original distorted CLP speech. However, better performances are observed

when both the phonemes in the word are modified. In certain instances, the PER of the combined

modification is comparable to the standalone modification of the phoneme. This implies that, in those

utterances, the distortion caused by that specific phoneme is dominant.

Table 7.4: MCD values for different combination of nonsensical words. F corresponds to fricative
/s/, C1 corresponds to consonant /k/, C2 corresponds to consonant /t/, C3 corresponds to consonant
/T/, GS corresponds to glottal stop substitution, PA corresponds to palatalized articulation, PSNAE
corresponds to phoneme specific nasal air emission, and velar corresponds to velar substitutions.

Speech samples CLPoriginal
CLPmodified

Obstruent Vowel Obstruent + vowel

/FVFV/ (GS) 13.00 11.20 11.80 11.90
/FVFV/ (PA) 12.94 11.31 12.23 12.29

/FVFV/ (PSNAE) 13.00 11.50 12.18 12.26

/C1VC1V/ (GS) 12.34 11.91 11.41 11.53

/C2VC2V/ (GS) 12.73 10.81 11.91 11.98
/C2VC2V/ (Velar) 13.58 10.91 11.75 12.22
/C2VC2V/ (PA) 13.58 10.58 11.90 12.13

/C3VC3V/ (GS) 13.74 10.85 11.76 12.02
/C3VC3V/ (Velar) 13.80 10.67 11.87 12.27
/C3VC3V/ (PA) 13.91 10.46 11.88 12.36

MCD is computed using equation 4.8 expressed in Subsection 4.5.1 of Chapter 4. Considering

the MCD values shown in Table 7.4, it is observed that the combined modification of the obstruent

and vowels, results in lower MCD values relative to that of the original distorted CLP words. The

MCD values reported in Table 7.4 are averaged across all the listeners corresponding to the specific

errors in all the vowel contexts. The lower MCD values of the modified words indicate that the

spectral difference between non-CLP and misarticulated words are reduced significantly for all the

words evaluated in the study.

The objective evaluation results signifies that different types of speech distortions influences each

of the phonemes differently, resulting in less intelligible CLP speech. Hence, modification of each of

the phonemes shows an improved performance compared to the isolated phoneme modifications alone.

7.3.2 Subjective evaluation

Listening experiment is also carried out to assess the word-level intelligibility. The modified CLP

speech is evaluated to check its quality using mean opinion score (MOS). The MOS with a 5-point

rating scale (1 = bad, 2 = fair, 3 = good, 4 = very good, and 5 = excellent) is used for speech quality

evaluation. A total of 10 naive listeners have participated in the study and the speech samples were

randomly numbered to avoid any bias towards the original or modified speech.
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Table 7.5: Distribution of the speech samples presented to the listeners.

Speech samples No. of words

/FVFV/ 3 vowel contexts × 3 errors × 4 variations = 36
/C1VC1V/ 3 vowel contexts × 1 error × 4 variations = 12
/C2VC2V/ 3 vowel contexts × 3 errors × 4 variations = 36
/C3VC3V/ 3 vowel contexts × 3 errors × 4 variations = 36

Total = 120

Table 7.6: MOS for different combination of nonsensical words. F corresponds to fricative /s/, C1

corresponds to consonant /k/, C2 corresponds to consonant /t/, C3 corresponds to consonant /T/,
GS corresponds to glottal stop substitution, PA corresponds to palatalized articulation, PSNAE cor-
responds to phoneme specific nasal air emission, and velar corresponds to velar substitutions.

Speech samples CLPoriginal
CLPmodified

Obstruent Vowel Obstruent + vowel

/FVFV/ (GS) 1.00±0.09 1.5±0.07 2.10±0.15 3.10±0.50
/FVFV/ (PA) 1.10±0.15 1.54±0.55 2.42±0.26 3.92±0.50

/FVFV/ (PSNAE) 1.50±0.40 1.90±0.60 2.50±0.20 3.80±0.20

/C1VC1V/ (GS) 1.58±1.17 1.88±0.75 2.85±0.46 3.72±0.45

/C2VC2V/ (GS) 1.12±1.11 1.53±0.51 2.27±0.47 3.57±0.99
/C2VC2V/ (Velar) 1.08±1.19 1.97±0.99 2.92±0.88 3.82±0.55
/C2VC2V/ (PA) 1.94±0.98 2.02±0.58 2.80±0.76 3.71±0.87

/C3VC3V/ (GS) 1.20±1.01 1.54±0.74 2.10±0.92 2.99±0.22
/C3VC3V/ (Velar) 1.15±0.83 1.72±1.20 2.30±0.57 3.05±1.09
/C3VC3V/ (PA) 1.53±1.25 1.72±0.58 2.70±0.89 3.59±1.12

The listeners bear the knowledge of speech science and technology. Each of the listener have

evaluated 120 speech samples. The details of the number of words presented to the individuals are

shown in Table 7.5. The MOS values are derived by averaging all the MOS values across each vowel

context of the specific word from all the listeners. The averaged MOS values shown in Table 7.6

indicate that the combined modification of the obstruent and vowel yield significant improvement

compared to the original and standalone modified CLP speech.

7.4 Summary

The word-level intelligibility is attempted by using the salient properties of phoneme-specific mod-

ifications discussed in the previous chapters. A comparison study is also done to observe whether the

specific transformation method exploited in the above chapters can improve the entire word intelligibil-

ity. When a specific transformation method is used to modify the word as a whole, it is observed that

the speech sounds are still distorted. Hence, phoneme-specific modifications are exploited to observe

its impact in word intelligibility. From the evaluation results, it is observed that, improvement in the

word-level intelligibility can be achieved when all the phonemes in a word are modified independently.
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8. Conclusions

Overview

This chapter provides the summary and conclusions of the works presented in the thesis towards

enhancing the articulation error and hypernasality in cleft lip and palate(CLP) speech. Based on the

contributions and different investigations, few insights are discussed for future research.

8.1 Summary of the work

In this thesis, an attempt is made to analyze and modify misarticulation of obstruents (fricatives

and stop consonants) and vowel nasalization. At first, the misarticulated fricative /s/ is automatically

segmented and then subject to modification. In the next work, the compensatory errors produced for

stop consonants are modified using nonnegative matrix factorization (NMF) method. Three unvoiced

stop (/k/, /t/, /T/) misarticulations are addressed in the thesis. In several cases, individuals with

CLP exhibit both the articulation error and the nasalization of voiced sounds. For such aspects, only

the articulation error modification may not yield the desired speech intelligibility and quality. Hence,

this renders the need for de-nasalizing the voiced sounds. Therefore, three vowels (/a/, /i/, and /u/)

are analyzed and modified using temporal processing and Gaussian mixture model (GMM) based

spectral conversion. Further, the combined impact of each of the phoneme specific modifications are

evaluated for word-level intelligibility.

The incorporated contributions of the thesis are summarized as follows:

(i) CLP Speech Database Development: The unavailability of CLP speech database in public

domain poses a major limitation in this regard. Therefore, it is necessary to first develop a

database consisting of CLP speech.

The speech samples for this study are collected from AIISH, Mysuru, India. Both the CLP and

non-CLP (healthy) speakers data are recorded in a sound proof room using a speech level meter

(Bruel and Kjær) at a sampling frequency of 48 kHz and 16-bit resolution [173]. The speech

stimuli consists of nonsensical words, meaningful words and short phrases. Forty-two CLP

speakers (24 males and 18 females) in the age range of 7− 12 years participated in the study.

Forty-two non-CLP speakers (20 males and 22 females) in the age range of 8− 12 years act as

a control for the study. All the participants are native Kannada speakers. The manifestation

of the CLP speech disorders are performed by three expert speech language pathologists (SLP)

who have an experience of a minimum of five years in the field of CLP speech evaluation.

144

TH-2534_146102035



8.1 Summary of the work

(ii) Modification of Misarticulated Fricative /s/: This work involves investigating the acous-

tic characteristics of misarticulated fricatives for automatic segmentation followed by modifi-

cation of these errors close to non-CLP /s/. Three types of misarticulated fricative /s/ are

analyzed: palatalized articulation, phoneme specific nasal air emission distorted /s/ and glot-

tal stop substituted /s/ in initial and medial position in fricative-vowel-fricative-vowel (FVFV)

structure [8]. An automatic segmentation of the misarticulated fricative /s/ is performed using

the onset of glottal activity region as an anchoring point. Within 150 ms of the onset point of

glottal activity region, the fricative evidence is investigated using band energy ratio and spectral

tilt feature. If fricative evidence is detected, then the category of fricative error is determined

using the features namely, spectral centroid, dominant spectral centroid, and maximum nor-

malized spectral slope. The detected misarticulated fricative is further subject to modification

by applying spectral energy compression followed by spectral tilt modification. On the other

hand, if no frication is found, then the search interval is analyzed using short-time energy and

abrupt transition characteristics. If the region is identified as silent with steep transitions, it is

considered glottal stop substituted /s/. Therefore, the glottal stop substituted /s/ is modified

by inserting artificially synthesized /s/.

(iii) Event-Based Transformation of Misarticulated Stops: The presence of articulation error

in CLP speech degrades the speech intelligibility severely, specifically the stop consonants. Ac-

cordingly, this work focuses on the modification of articulation errors, namely, glottal, palatal,

and velar stop substitutions produced for the unvoiced stops (/k/, /t/ and /T/). Stop conso-

nants are characterized by dynamically varying spectro-temporal characteristics. Hence, for the

modification of stop, the spectral transformation should specifically represent the dynamic char-

acteristics rather than the mixture of different spectral components present in the utterance.

Therefore, in this work, an event-based approach is proposed for the spectral transformation.

First, automatic detection of burst onset and vowel onset events are carried out. Having de-

tected the acoustic events, the region from burst onset to 20 ms transition followed by vowel

onset is segmented. The segmented regions of the source (CLP) and target (non-CLP) speech

are used for learning the transformation matrix, which is optimized using nonnegative ma-

trix factorization method. The optimized transformation matrix is further used to modify the

articulation errors.
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(iv) Modification of hypernasal vowels using temporal and spectral processing: The

nasalization of vowel reduces the clarity of speech, thus making the speech less intelligi-

ble [2, 235]. From the acoustic analysis of hypernasal speech, it is observed that the spectral

characteristics of vowels (/a/,/i/, and /u/) are deviated due to the introduction of additional

formant and anti-formant pairs in the spectrum, broadening of formant bandwidths and spec-

tral flattening [243]. The hypernasal speech modification is carried out using children speech

data. The high-pitch speech affects the lowest formant and hypernasality introduces additional

nasal formant in the lower frequency region. This necessitates the accurate representation of

the spectral envelope of high-pitch hypernasal speech. Therefore, speech parameterization is

performed using extended weighted linear prediction (XLP) method. The XLP coefficient cep-

strum from both the source and target speakers are used to build the conversion function for

training. The transformation is achieved using GMM based spectral conversion function de-

rived from the source (hypernasal) and target (non-CLP) speakers probabilistic model. It is also

noted that, because of the deviated spectral characteristics, the obtained residual signal con-

sists of scaled and delayed versions (interfering components) of the original speech [255]. While

synthesis, the interfering signal components in the residual signal may sometimes introduce

unnatural spectral changes which are perceived as distortion in the enhanced speech. There-

fore, modification of residual and spectral characteristics are expected to result in intelligible

speech. A fine weight function is used for de-emphasizing the interfering signal components of

the XLP residual signal. The hypernasal speech characteristics are modified while preserving

the fundamental frequency of the source speaker.

(v) Combined framework for the enhancement of an entire word-level intelligibility:

The word-level intelligibility is attempted by combining the specific phoneme modification tech-

niques discussed in the previous chapters. A comparison study is also done to observe whether

the transformation method exploited in the above chapters can improve the entire word-level

intelligibility. When the transformation method is used to modify the word as a whole, it is

observed that the speech sound gets muffled. Therefore, different approaches are exploited to

achieve a good quality enhanced speech. Several issues exist in performing the entire word-level

intelligibility because many times, both articulation error and hypernasality are observed in

the same word. It is challenging to detect such misarticulations in an unsupervised method.
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Hence, with certain assumptions and prior knowledge, the enhancement task is carried out.

8.2 Contributions of the thesis

The notable contributions of the thesis are stated as follows:

• A database is developed for studying the CLP speech characteristics. Database comprised of

nonsensical words, vowel phonations, meaningful words, and short phrases. However, only some

nonsensical words and vowel phonations are used in this thesis.

• Two primary factors of the CLP speech degradation are studied, namely articulation error

(misarticulation) and hypernasality.

• Misarticulated fricative /s/ is first studied and modified as it is observed as one of the frequently

occurring errors in the database and findings from various studies also support the same.

• Misarticulated unvoiced stops /k/, /t/, and /T/ are analyzed and modified using NMF based

spectral conversion.

• Nasalized vowels /a/, /i/, and /u/ are modified using temporal processing and GMM based

spectral conversion.

• Finally, phoneme specific modification techniques are combined to achieve entire word-level

intelligibility.

8.3 Directions for future work

Based on the studies carried out in the thesis, a few feasible future directions are stated as follows:

(i) Sub-band based de-nasalization of hypernasal speech: Hypernasal speech is character-

ized by spectral deviations with the presence of nasal formants in different frequency locations,

consistently in the lower frequency region. Specifically, the lower frequency band consistently

exhibit the nasalization characteristics. Therefore processing the spectrum in different fre-

quency bands may result in effective modification of hypernasal speech. Hence, the significance

of sub-band based processing of high-pitch hypernasal speech is worth exploring.

(ii) Exploring CLP speech enhancement for other distorted phonemes: In the current

thesis, we have illustrated CLP speech enhancement using some nonsensical words only in the

clinical settings. However, in CLP speech there are other phonemes as well which are distorted

due to the articulatory impairment. For instance, phoneme specific nasal air emission distorts
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other fricatives and affricates, namely, /z/, /sh/, /zh/, /ch/, and /j/, respectively. In certain

cases, nasalization of oral consonants are observed, where the voiced stops are substituted by

their nasal cognates, such as, /b/ → /m/, /d/ → /n/, and /g/ → /ng/. Another observation

is that when the fricative /s/ is combined with unvoiced stops /p/, /t/, and /k/. The stops

are substituted by their voiced cognates, for example, /spell/ → /bell/, /stop/ → /dop/, and

/skate/→ /gate/. This necessitates the inclusion of additional CLP speech distortions and the

respective phonemes on which they occur frequently.

(iii) Enhancement of CLP speech by minimizing its difference with the non-CLP speech

using iterative approach: Most of the speech enhancement techniques perform the study

based on the acoustic characteristics of clean speech (in the case of non-CLP speaker’s de-

graded speech enhancement) or non-CLP speech template (in the case of disordered speech

enhancement). CLP speech enhancement in the current thesis is also studied in the similar

fashion. However, the presented approaches were performed on one-shot experiment. The

different studies in the thesis showed significant improvement. However, there is scope for fur-

ther improvement. For this we can explore the study in an iterative manner and observe the

outcome, whether we get any improvement in the performance or not?

(iv) CLP speech enhancement using neural networks: Recent speech enhancement literatures

have shown that neural network based methods become the mainstream strategy for speech

modification task. It results in improved speech quality and intelligibility compared to the

traditional voice conversion (VC) methods (GMM based VC and NMF based VC) used for

pathological speech enhancement [1, 53, 269]. However, the neural network based methods

always need a large amount of parallel data to train the system for improving the generalization

of the network.

Collecting a large amount of pathological speech data such as CLP speech and creating a parallel

corpus is challenging. This projects non-parallel VC methods more suitable for utilizing the

benefits of neural network for CLP speech enhancement. To address this issue, exploration of

cycle-consistent generative adversarial networks (CycleGAN) based technique would be a good

strategy because this approach achieved excellent performance for image-to-image translation,

music style transfer, singing voice separation, VC, and noise robust ASR tasks [29] without

using parallel data. The CycleGAN is one of the state-of-the-art non-parallel VC methods that
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8.3 Directions for future work

has shown its effectiveness for various applications [144,148,149].

Considering CycleGAN to improve the intelligibility of the CLP speech, an initial investigation

was carried out in [270]. From the experimental evaluation results, it is observed that the

speech signals obtained using CycleGAN method showed an improved performance accuracy

compared to original distorted CLP speech. However, it is also observed that the modified CLP

speech quality achieves a relatively lower MOS compared to that of the non-CLP speech. This

implies that the mapping parameters used during conversion deserves future exploration. A

much more improvement in both the quality and intelligibility is desired to make a more robust

system in order to bring it close to the target (non-CLP) speech and deal with the realistic

environment. Additionally, a thorough experiment must be carried out using nonsensical words,

meaningful words, and sentences for handling the spoken-input systems by the CLP speakers.

(v) Exploring data augmentation approach to improve the ASR performance for CLP

speech: The articulatory impairment in CLP speakers interrupt them from effective use of

speech based applications. It is because the system of such devices are trained using non-

CLP speakers’ speech. Training a robust recognition system specifically for the CLP speakers

is challenging because of scarcity of data. Hence, the ability of generative models in learn-

ing and mimicking data distributions can be explored to serve the purpose. With generative

models, sufficient amount of synthetic speech samples can be generated for augmentation of

training data and observe the system performances. Additionally, different data augmentation

approaches can also be explored for improving the speech recognition of CLP speech. This

work is submitted in APSIPA 2021.

(vi) CLP speech enhancement for improving ASR performance: In the thesis, semi-

supervised approach is followed to illustrate an improvement in the performance of CLP speech

recognition. The approach could be further improved if the speech enhancement techniques are

applied for the CLP speech distortions based on the output of the speech recognition system.

Then, we could analyze the recognition performance of the enhanced CLP speech, whether it

improves or not?
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of hypernasal speech signals using nonlinear and entropy measurements,” in Proceedings of Interspeech,
2012, pp. 2029–2032.
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