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Silent speech recognition is the process of converting motion data of articulators
(e.g., tongue, lips, and jaw) into speech in the form of text. The primary objective of this
dissertation was to develop new approaches for silent speech recognition from segmented
and continuous input of tongue and lip movement data at three levels of speech units with
increasing conceptual complexity - phonemes, words, and sentences. At each level,
unique theoretical issues were addressed and plans for use in specific applications were
described. This dissertation is motivated by the need for (1) speech movement-based
treatment options for people with speech and voice impairments and (2) computational
approaches for recognizing speech when acoustic data are not available or extremely
noisy.

Machine learning and statistical shape analysis were used to classify and quantify
the articulatory distinctiveness of phonemes, words, and sentences. The approach is
unique in that it maps the motion data directly (instead of articulatory features) to speech
units. Procrustes analysis, a statistical shape matching approach, provided an index of
articulatory distinctiveness of vowels and consonants, which was used to derive

quantitative articulatory vowel and consonant spaces. The derived vowel space resembles



long-standing descriptions of articulatory vowel space. The theoretical properties and
practical applications in speech pathology (e.g., motor speech decline in amyotrophic
lateral sclerosis) of these spaces were also discussed. In addition, support vector machine,
Procrustes analysis, and Eigenspace approaches were used to classify a set of
phonetically balanced words and functional sentences from articulatory motion. The
direct mapping approaches resulted high classification accuracy levels, which were
adequate for practical applications.

A near-time algorithm (Holistic Articulatory Recognition, HAR) to recognize the
whole words and sentences from continuous (unsegmented) articulatory motion was
proposed and evaluated. The accuracy and speed of HAR demonstrated its potential for
practical applications. HAR is based on classification probabilities and hence any
classifier that could estimate them can be incorporated seamlessly. HAR can serve as the
recognition component of an articulation-based silent speech interface that may provide

an alternate oral communication modality for persons with speech impairments.
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Chapter 1

Introduction

Silent speech recognition from articulatory motion (simply called silent speech
recognition in the rest of this dissertation) is the process of converting non-audio motion
data of articulators (e.g., tongue, lips, and jaw) into speech in the form of text. Silent
speech recognition does not rely on information in the acoustic stream of speech (sound
wave data), which is the major and significant difference between silent speech
recognition and traditional speech recognition. This chapter introduces the concept of
silent speech recognition, motivation, background knowledge, related work, data

collection device, a formal problem definition, as well as a dissertation outline.

Speech recognition from acoustics (often referred as automatic speech
recognition, ASR, or simply speech recognition) has been studied for several decades
(Rabiner, 1989). Significant progress in ASR has led to many successful commercial
applications in specific domains including voice dictation, voice dialing, and automatic
banking service through phone call, although the general speech recognition still has
room for improvement. This technology has largely focused on recovering speech from
the acoustic signals. More recently, however, other aspects of speech (e.g., visual
information and orofacial motion) have become increasingly interesting to speech

recognition researchers because the visual or articulatory information can be used for



improving the robustness of acoustic speech recognition by providing an extra source of
input, which is referred as to audio-visual speech recognition (Livescu et al., 2007;

Potamianos, 2003).

Recognition of speech based on acoustic and visual information (i.e., facial and
lip information and without tongue information) formed the dominant paradigm due to
the logistic difficulty data collection from tongue. However, tongue is the major
articulator, particularly for vowel sounds; therefore, it is unlikely to obtain high
recognition accuracy without tongue information. A few recent studies have used both
tongue and lip information for ASR, which is referred as articulatory speech recognition
(King et al., 2007). Those researches have shown that articulatory information is helpful
for improving the robustness of speech recognition particularly when speech has

background noise or for unintelligible speech (Rudzicz, 2011).

Acoustic information is not available in some situations, for example, individuals
cannot produce sounds after laryngectomy, a surgical removal of larynx due to the
treatment of cancer. After laryngectomy, the persons cannot produce a voice, but they
still retain full function over tongue, lip and jaw movements. In addition, millions of
adults and children in the United States have other speech impairments in the United
States (Connolly, 1990; Deller, Hsu, & Ferrier, 1988; Pausch & Williams, 1992) produce
very unintelligent speech as judged by human listeners, e.g., cerebral palsy, a group of
disorders that can involve brain and nervous system functions such as speech, body
movements, etc. (U.S. National Library of Medicine, 2009). Silent speech recognition
from articulatory movements is designed to help individuals with speech impairments to

communicate orally by playing back prerecorded or synthesized sounds based on their



articulatory movements. However, silent speech recognition from articulatory movements
is extremely challenging, because tongue function during speech is still poorly
understood (Kent et al., 1996). In classic phonetics, sounds are descriptively
distinguished by a set of categorical articulatory features (AFs), e.g., lip rounding, tongue
tip position, manner of production, etc. Extant recognition approaches are often based on
feature classification tables. These approaches, however, have not obtained a high
recognition accuracy (i.e., greater than 90%) from articulatory information, due to co-
articulation effects (Kent & Minifie, 1977) and because articulation can vary significantly

within those categorical features (Uraga & Hain, 2006).

This goal of this dissertation research was to achieve a better understanding of
speech production and then to develop novel techniques for accurately and efficiently
recognizing speech in form of text from continuous tongue and lip movements, where
articulatory movements were represented as time-series of 3D spatial coordinates. This
research was unique from prior research because (1) it focused on the movement patterns

of tongue and lips, rather than articulatory features, and (2) the recognition is word- and

Articulatory Words / Speech
Movements Sentences Acoustics

Hello / How are
you?

Figure 1.1 Schema of silent speech recognition from articulatory motion



sentence-level, rather than phoneme-level. In this dissertation, the production of speech
was studied at multiple levels of speech units including phonemes, words, and sentences.
Then we developed algorithms that not only achieve high recognition rates that are
enough to be used in practical applications (i.e., greater than 90%), but also to perform
this task efficiently for real-time applications. The long term goal is to employ the
algorithms as the core of a recognition engine of an articulation-based silent speech
interface (SSI) to enable individuals with laryngectomy to produced sounds using their
tongue and lips (Fagan et al., 2010), which transforms articulatory movements to speech
acoustics, as illustrated in Figure 1.1. The synthesis component can take many forms
including a playback of recorded speech units or a text-to-speech (TTS) engine (Sproat,
1998) that outputs synthesized sounds. TTS is a well-researched topic in speech literature
and is not a part of this research. The next subsection will give more details on silent

speech interfaces.

1.1 Motivation

This research on silent speech recognition from articulatory motion is motivated

by its significant scientific and clinic implications.

Scientific Knowledge: A better understanding of the mappings between
articulatory movements and different units of speech including phonemes, words, and
sentences will advance the understanding of articulatory basis of speech production. For
example, the derived articulatory vowel space may be used together with the long
established acoustic vowel space acoustic to study the relation between vowel articulation

and acoustics The knowledge gained in this research will also facilitate efforts to



integrate articulatory models into speech synthesis (Shadle & Damper, 2001) and speech
recognition (King et al., 2007; Rudzicz, 2011). As stated previously, articulatory
movements have the potential to improve acoustic speech recognition when the quality of
the input acoustics is low due to environmental noise or for unintelligent speech. The use
of articulatory information to enhance acoustic speech recognition is becoming more
prevalent and is referred to in the literature as articulatory speech recognition (Frankel &
King, 2001; King et al., 2007) or audio-visual speech recognition (Livescu et al., 2007;

Saenko, Darrell, & Glass, 2004).

Clinical Applications: The proposed recognition techniques also have the
potential to provide a much needed objective and robust method for quantifying the
degree of impairment in individuals with speech disorders. Currently, few objective
methods exist to evaluate the degree of speech impairments. One testable hypothesis, for
example, is that recognition accuracy from articulatory movement declines predictably
with the degree of speech impairment. Thus, we can track the recognition accuracy of
articulatory data collected a speaker with speech impairment at different times. The
decline of the recognition accuracy may be highly correlated with the decline of speech
motor control of the subject. In addition, quantitative articulatory vowel and consonant
spaces we derived in this research (e.g., representing the articulatory distinctiveness
between vowels and consonants) could be an indicator of the degree of speech

impairment.

A long-term clinical application of this research was initially articulated by
Pausch (Pausch & Williams, 1992), who discussed a research program centered on

developing a real-time articulatory speech synthesizer to improve oral communication of



children with motor speech impairments. Specifically, an articulatory-to-acoustics
synthesizer could be used to compensate for poor oral motor control in children with
cerebral palsy (CP), or to enable laryngectomees to produce natural speech using their
tongue and lips. In the United States, it is estimated 1.5-2.0 million children and adults
have cerebral palsy. Approximately 10,000 infants and babies are diagnosed with
cerebral palsy each year, and another 1200-1500 are diagnosed at preschool age (United
Cerebral Palsy Research and Education Foundation, 2009). Each year, approximately
12,500 new cases of laryngeal cancer (Beenken et al., 2009) and an estimated 2,500 new
cases of hyperpharyngeal cancer (Mendenhall, 2005) are diagnosed in the United States.
After surgery, these individuals lose their ability to vocalize and, thus, communicate

orally.

Currently, the commonly wused alternatives for these patients are either
Electrolarynx (a vibrating source held against the neck, which is the most common
therapy currently (Bailey, 2006) or esophageal speech (burped speech). Both methods
produce a very unnatural sounding voice. Moreover, when using the Electrolarynx,
patients are required to hold the device against their neck. Esophageal speech (or
Esophageal voice) is a speech production method that involves oscillation of the
esophagus. This contrasts with traditional (healthy) laryngeal speech which involves
oscillation of the vocal folds. Instead, air is injected into the upper esophagus and then
released in a controlled manner to create sound used to produce speech. Persons with
laryngectomy are usually trained to produce esophageal speech. However, esophageal
speech is very hard to learn. Only 30% of the trained patients can produce perceptually

acceptable sounds (Bailey, 2006).



Current challenges to developing a silent speech interface are both hardware and
software related. Recent research on silent speech interfaces (Denby, Schultz, Honda,
Hueber, Gilbert, & Brumberg, 2010) have shown the potential of developing portable,
non-invasive, and affordable devices that can collect accurate data in real-time. Denby et
al., (2010) provides a detailed comprehensive review of different silent speech
approaches including Electromagnetic Articulograph systems that track the movement of
sensor coils on articulators (Fagan et al., 2008; Perkell et al., 1992), ultrasound systems
that track vocal tract shapes (Denby et al., 2010), non-audible murmur (NAM)
microphone (Heracleous & Hagita, 2010; Nakajima, Kashioka, Shikano, & Campbell,
2003a, 2003b), surface electromyography (EMG) that record facial muscle activation
patterns (Deng et al., 2009; Jorgensen et al., 2003; Jou et al., 2006; Schultz & Wand,
2010), electroencephalography (EEG) devices that track cortical activation patterns
(Porbadnigk et al., 2007; Wolpaw & Birbaumer, 2002) and intracortical electrode
approaches that record activity directly from cell in speech motor cortex (Brumberg et al.,
2010). The interfaces between brain and computer interaction are also referred as brain-
machine interface (BMI) or brain-computer interface (BCI) in literature (Lebedev &
Nicolelis, 2006; Lotte, Congedo, Lécuyer, Lamarche, & Arnaldi, 2007). Denby et al.,
(2010) also compared the strengths and weaknesses of different hardware technologies
for practical real-time SSI applications. In this comparison, they evaluated each
technology’s potential for detecting speech in in silence, in noisy environment, for
laryngectomy, and if they are non-invasive, ready for market, and in low cost. EMA-
based data collection technology, which was used in this dissertation, is considered as

one of the most promising technologies for practical SSI applications.



This dissertation targeted the development of algorithms (software) that
accurately recognizing functional speech from articulatory motion for practical
applications. Articulatory motion data were collected using an EMA (Carstens, Inc.
Germany). Although EMA’s (i.e., AG500) hardware is currently cumbersome for
practical applications, it has the highest spatial resolution of all the electromagnetic
tracking systems currently available. The spatial accuracy of data collected using the
EMA is 0.5 mm (Yunusova, Green, & Mefferd, 2009). Thus, EMA AG500 was used for
collecting data that was used to evaluate our algorithms. In the future, a more portable
device can be used including that described by Fagan et al., 2008 and the Speech Wave
System developed by NDI Inc. Canada (Berry, 2011). The methods and algorithms
developed in this research will serve as the recognition component of a real-time
articulation-based silent speech interface that could drive the playback of prerecorded or

synthesized speech samples.

1.2 Speech Production Basics

Although speech is produced effortlessly by most talkers, the underlying
coordination required to produce fluent speech is very complex involving dozens of
muscles spanning the diaphragm to the lips. The speech production system includes the
respiratory subsystem, the laryngeal subsystem, and the supraglottal subsystem (vocal

tract). Exactly how speech is produced is still poorly understood (Kent et al., 1996).

The speech production literature contains diverse theoretical perspectives on the
neurologic, physiologic, acoustic, perceptual, and environmental factors that govern

speech. Examples are source-filter theory for speech acoustics (Fant, 1960; Stevens,
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