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ABSTRACT

Two types of non-acoustic information sources, namely myoelectric signals (MES) and 

the general electromagnetic motion sensor (GEMS) signal, are investigated to overcome 

the limitations of conventional automatic speech recognition (ASR) systems; in particu

lar, these limitations include degradation in noisy environments and reliance on the single 

acoustic signal modality.

A new training algorithm called the approximated maximum mutual information 

(AMMI) is demonstrated to improve the accuracy of MES ASR using hidden Markov 

models. Results show that AMMI training consistently reduces the error rates compared 

to conventional maximum likelihood training. Increases in accuracy of approximately 7% 

are observed at the empirically optimal operating point. A new ASR methodology using 

the GEMS signal is also presented. Classification accuracy of 68.9% is obtained for a ten- 

word vocabulary, confirming the presence of speech information in the GEMS signal.

Two types of multimodal ASR systems are developed combining MES, the GEMS sig

nal, and the acoustic signal. Type I combined the output of multiple classifiers, each op

erating on a single signal modality. Type II combined the three modalities in a single 

classifier. Evaluation of the multimodal system under acoustic noisy conditions shows 

that performance of the multimodal systems was superior to the unimodal acoustic ASR 

system in noisy environment. An acoustic ASR system was demonstrated to have a clas

sification error as high as 55.8% at an SNR of 15 dB, whereas the optimal multimodal 

ASR system classification error remained below 5.1% for the same range of noise.
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Chapter 1 Introduction

1.1 Introduction

Conventional acoustic automatic speech recognition (ASR) systems can provide an ac

ceptable performance in “clean” environments (i.e. low noise, low reverberation). How

ever, the performance of such ASR systems, which rely solely on the acoustic signal, de

grades dramatically when operating in noisy environments. For example, when an acous

tic ASR system is trained and used under quiet ambient conditions, the error rate 

achieved can be less than 1%. The error rate, however, can increase to more than 50% 

when the same system is used in a cafeteria environment [1], Such performance degrada

tion is prohibitive for the general use of ASR

Mismatches between the training and operating environments are the main reason which 

accounts for the deterioration in performance. As a result, many methods have been pro

posed to combat the drawbacks by reducing the mismatches between training and operat

ing environment. These methods included filtering the noisy acoustic signal [2]-[3], giv

ing more weigh to high SNR partitions of the acoustic signal in decision making [4]-[5], 

and exploiting a priori knowledge of both speech and noise signals [6]-[8], While these 

methods have achieved success in certain applications of ASR, they also have shortcom

ings. For example, some signal filtering techniques such as Kalman filtering have been 

applied successfully to improve the SNR but not necessarily the intelligibility of the rec

ognition accuracy. While removing the SNR, filtering also altered the spectrum of the 

speech signal [9], In addition, despite improvements in acoustic ASR accuracy, methods

1
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which operate on this unimodal approach are expected to saturate [10], and arguably this 

has already begun.

An alternative approach to improving the accuracy and robustness of the ASR system 

against noise is the use of complementary non-acoustic signals that contain speech infor

mation but are immune to noise, or at least react in a dissimilar manner to noise.

The presence of speech information in the myoelectric signal (MES) has been confirmed 

in many studies [10]-[21], The MES pattern associated with speech can be recognized by 

a trained MES classifier, enabling MES to be used in a variety of ASR applications. Since 

the MES is unaffected by the acoustic noise [10], the output of the MES classifier could 

be used to compensated the shortcomings of the acoustic ASR system.

The general electromagnetic motion sensor (GEMS) signal is a signal that measures the 

vibration of human organs. The GEMS signal at the trachea area conveys the motion in

formation of various tracheal tissues, including the tracheal wall, the vocal fold. When 

collected during speech, the GEMS signal is expected to include speech information. A 

study will be conducted to confirm this argument in this research. If the hypothesis is true, 

similar to the MES, the GEMS could be another useful alternative for ASR

If the speech information within the MES, the GEMS, and the acoustic signal are not re

dundant, a multimodal ASR system combining the three information sources can be used 

to improve the classification accuracies and robustness under noise environment. The 

multimodal ASR system can be implemented by fusing the classification of individual 

classifier or by employing a classifier to classify all the information sources.

2
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1.2 Objective

The objective of this thesis is to investigate non-acoustic speech signals that can be used 

to augment conventional acoustic ASR systems through a multimodal approach; in par

ticular, the MES and GEMS signal will be examined. Specific objectives include:

1) Improved the classification accuracy of the MES for ASR Hidden Markov 

models (HMM) have been demonstrated to be an effective method of classify

ing MES for ASR [14], However, the maximum likelihood (ML) objective 

function used to train the HMM does not performing training to optimize clas

sification accuracy. We proposed the use of the maximum mutual information 

(MMI) criterion for training HMM for MES ASR This is demonstrated to 

have a consistent improvement in the MES ASR accuracy. Improvements in 

the MES ASR accuracy will in turn should enable an improvement in the per

formance a multimodal ASR system;

2) Performed a feasibility study to confirm the presence of speech information in 

the GEMS signal. This sensor modality was chosen as it is a contact based 

sensor, similar to the surface electrodes for MES. This sensor is also capable 

of extracting information of the vocal folds in the trachea. This modality is 

important as MES can only provide vocal fold information in a very limited 

manner; and

3) Developed a multimodal ASR using the acoustic signal, the MES, and the 

GEMS signal. It is anticipated that this multimodal approach to ASR will pro

vide increased accuracy, as compared to the unimodal acoustic ASR system. 

This multimodal system will be evaluated under acoustically noisy conditions.

3
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The rest of the thesis is organized as follows:

Chapter 2: A brief background review on ASR is provided. This includes non-acoustic 

ASR methods, such as the visual signal, the MES, and the GEMS signal.

Chapter 3: Various signals classification techniques, including linear discriminant analy

sis and HMM are discussed, with an emphasis on MES classification. An alternative 

HMM training algorithm termed the approximated maximum mutual information (AMMI) 

training is proposed to improve the MES classification accuracy. Performance of this al

gorithm was evaluated against the conventional maximum likelihood (ML) training.

Chapter 4: A new methodology of ASR using the GEMS signal at the trachea area is pro

posed. Features extraction and classifier structure for the GEMS signal classifier were 

studied. The feasibility of using the GEMS signal for ASR is confirmed.

Chapter 5: A multimodal ASR system combining the acoustic signal, the GEMS signal, 

and the MES was developed. Two types of combination methods were evaluated. The 

first method combines the outputs of three classifiers that operate on the acoustic signal, 

GEMS signal, and MES independently. Combination is accomplished in by a majority 

vote or score-combination scheme. In the second method the three types of signals are 

used as inputs to a single combining classifier for ASR

Chapter 6: Conclusions and contributions of this thesis are summarized. Recommenda

tions for future work are discussed.

4
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Chapter 2 Background

2.1 Introduction

In this chapter, we will provide some background on augmented ASR We will start by 

the definition of ASR and some of its applications. The limitations of conventional acous

tic ASR are then discussed; these provide the major motivations for seeking of other non

acoustic speech signal to augment conventional acoustic ASR systems. Next we will re

view three non-acoustic signals which have been used for ASR; namely, the visual signal, 

the myoelectric signal (MES), and the general electromagnetic motion sensor (GEMS) 

signal.

2.2 What is Automatic Speech Recognition

Automatic speech recognition (ASR) is a machine intelligence technique that converts a 

speech signal to a sequence of words with an algorithm implemented on a computer sys

tem. ASR can be used as an alternative interface between humans and machines, where 

manual hand operation is impossible or undesirable. For example, instead of tediously 

typing text into a computer, a user can simply dictate verbally to the computer with ASR. 

Another example is that ASR can be applied to implement a hybrid model that integrates 

live call center agents with the advance speech processing approach for callers to ensure 

the correct computerized service is provided. Other applications of ASR include real-time 

transcripts and speech analytics. With the advancements in digital signal processing (DSP) 

techniques and increasing computational capabilities of computer systems in last several

5
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decades, ASR has practically found its places in many computerized applications sce

nario; however, conventional acoustic based ASR suffers many limits and shortcomings, 

which are discussed below.

2.3 Challenges in Automatic Speech Recognition

There are three major challenges which need to be addressed when implementing an ASR 

system. First, the acoustic signal is vulnerable to ambient noise interferences. Although 

some ASR systems claim that they can achieve recognition rates above 98% if operated 

under “optimal conditions”, these optimal conditions often mean a nearly noise free envi

ronment, or at least the operation under the same conditions that the system was trained 

upon. This may be impractical, if not impossible, in certain real-world applications. Sec

ond, a significant large number of training samples is typically required to achieve a high 

performance ASR system. This training can be tedious and time consuming for the user. 

User-independent systems seek to help overcome this issue; however, the performance of 

these systems is not as good as user-dependent systems. Third, there are certain situations 

where the acoustic based ASR is inapplicable. This includes situations where voice pro

duction is prohibited, such as communications in critical military mission or in a quiet 

library, or where voice production is not possible, such as persons with temporary or 

permanent speech impairments.

In this research, we investigate alternatives to the acoustic signal to extract speech infor

mation for ASR. These signals can be used as a secondary source of speech information 

to enhance conventional acoustic ASR systems. As well, they may also prove useful in 

standalone systems, such as voice prostheses. For these purposes, the non-acoustic signal

6
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must possess the following attributes: it must contain speech information in a consistent 

manner, resist a variety of ambient interferences especially acoustic noises, and can be 

collected in a convenient way. In the next few sections, a number of these non-acoustic 

speech signals are discussed.

2.4 Visual Speech Signal for Automatic Speech Recognition

The visual speech signal refers to the movement of the lips, tongue, and other facial mus

cles of the speaker. To perform ASR effectively, even in a noisy ambient environment, 

the computer may need to rely on visual cues from the speaker. For example, the com

puter may analyze the speaker’s face to extract speech information, such as lip move

ments, to assist ASR

Generally, visual speech recognition can be divided into three main steps. First, a se

quence of images around the mouth area is recorded simultaneously during the utterance. 

Second, features which characterize the lip movements are extracted from these images. 

Third, classification is performed on these features for speech recognition. Several studies 

have demonstrated the potential of this approach [22]- [27],

In [22], Petajan developed one of the first lip reading systems. A set of visual features, 

including the perimeter, the height, and the width of the lip, was derived from mouth im

ages. The acoustic signal was first processed by an acoustic classifier to produce a few 

candidate words. The extracted visual features were then further analyzed by a visual 

classifier to make final decision among candidate words. By combined the visual and 

acoustic information, a recognition rate of around 80% was achieved in recognition the

26 English alphabet and the digits zero through nine. In [23], Goldschen extended the

7
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system by using discrete hidden Markov model (dHMM). His work also concluded that 

time derivative features led to better performance. In other words, the lip movements 

provided more speech information than the lip positions. Using this scheme, he was able 

to achieve a recognition rate of 25.3% on 150 test sentences without using any syntactic, 

semantic acoustic or contextual information. Chiou et al. [24] proposed a contour finding 

of distinct visual features based on active contour model. Visual features were extracted 

from a sequence of mouth images and a HMM was then applied to process the visual fea

tures for word recognition. With the visual information alone, he was able to achieve a 

93% recognition rate for an 11-word isolated vocabulary. The effectiveness of this model 

was confirmed by the works of Sugahara et al. [25], where a real-time lip reading system 

was developed on a commercial personal computer platform. The sampled active contour 

model was used to extracted lip shapes from series of face images, which was classified 

using a 4-state left-right HMM. A 93% recognition rate was obtained for a vocabulary 

consisting of the names of 10 Japanese railroad stations. Meier et al. [26] used time- 

delayed neural networks (TDNNs) for ASR The acoustic features and the visual features 

were combined adaptively at several levels of the recognition network. The signal to 

noise ratio (SNR) was estimated and then was used to determine the weights for both the 

acoustic features and the visual features in the combination. This combination approach 

produces better recognition performance compared to the single acoustic recognition, es

pecially in the case of high background noise. By using the additional visual information, 

the classification error rate was reduced up to 50%. Sergheer et al. [27] investigated the 

visual features representation for lip reading. He used a hyper column model (HCM) to 

extract visual speech features from the input images. An automatic lip reading was im-

8
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plemented by feeding the HCM features a HMM classifier for recognition, which yielded 

around 81.5% classification rate in recognition of 9 Japanese sentences.

The visual speech recognition has demonstrated promise either as a standalone recogni

tion approach or as a robust supplement for the traditional acoustic ASR. The major limit 

of this approach comes from the acquisition of mouth images. Since all of the visual fea

tures extractions are based on the images, the images have to be captured with brightness, 

contrast and luminance, which satisfy the minimal requirements for feature extraction. 

The image quality must be controlled or adjusted to provide consistency as well. In order 

to position the mouth accurately for feature extraction, lip markers are sometimes re

quired, or a sophisticated face-tracking algorithm must be employed. In addition, in order 

to capture the motion of the lip, the camera must be set away from the user, which is not 

practical for some applications, such as portable units that go with the user.

2.5 Myoelectric Signals for Automatic Speech Recognition

2.5.1 Nature of the Myoelectric Signal

The myoelectric signal (MES), which is also known as the electromyography (EMG) sig

nal, is an electrical signal associated with contraction of a muscle. The schematic repre

sentation of the MES generation process is shown in Figure 2-1. The a-motoneuron is an 

efferent neuron that originates in the spinal cord and synapses with muscle fibres associ

ated with muscle contraction. The motor unit (MU) is the smallest group of muscle fibres 

that the central nervous system can control individually through a single a-motoneuron. 

Each terminal branch of a motoneuron innervates a muscle fibre in the MU. When a mus

cle contracts, the central nervous system controls muscle force by adjusting the number

9
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of recruited a-motoneurons and the firing rate of each motoneuron [28],

When a muscle fibre is active, the firing of a motoneuron triggers an electrical depolari

zation which is called the single fibre action potential (SFAP). SFAPs originate at the 

neuromuscular junction where the terminal branch of a motoneuron innervates the muscle 

fibre, and propagates toward both ends of the muscle fibre in opposite directions. The 

spatial-temporal superposition of all the SFAPs from muscle fibres within a MU is called 

the motor unit action potential (MUAP) [29], Accordingly, the time sequence of the 

MUAPs is called as the MUAP train. As the SFAP is an all-or-nothing phenomenon, 

meaning that the shape of the pulse is constant for each innervation, the MUAP is also an

Spinal cord

Figure 2-1 Schematic representation of the MES generation process based on [28]

a-motoneuron motor units MUAP trains 
spikes

10
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all-or-nothing phenomenon; hence, the MUAP train can be modelled as a filtered train of 

impulse functions, where the filter function is a shape of the MUAP, as shown in Figure 

2- 1.

The MES can be non-invasively detected using electrodes on the surface of the skin. The 

measured MES is the summation of individual MUAP trains, innervated by active motor 

units, within the electrode pickup area. Because firing rates of a-motoneurons are irregu

lar and asynchronous, the MES appears as a band-limited random signal. If the number of 

recruited MU is large, the MES can be reasonably represented by a Gaussian distribution 

function according to the central limit theorem. The amplitude of the surface recorded 

MES can range from 0 to 10 mV and the frequency can range from DC to 500 Hz [29],

2.5.2 Acquisition of the MES

>=> lifejnS i=>

MES Amplifier LPF ADC PC

Figure 2-2 A typical MES acquisition system

A typical MES acquisition system consists of the following components: surface elec

trodes, amplifier, filters, and analog to digital converters, as shown in Figure 2-2.In a bi

polar MES measurement configuration, a pair of electrodes is placed on the skin surface, 

above the muscle of interest. Since the amplitude of the signal is small (i.e. 0 ~ 10 mV), 

signal amplification is required to meet the input ranges of analog to digital converter.

11
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The amplified signal is fed into a filter to remove various electrical noises, including 

60 Hz power line interference. An analog to digital converter samples and digitalizes the 

MES, which is the used by the PC for further processing. In this thesis, this signal proc

essing is performed off-line.

The MES is vulnerable to various electrical interferences, including:

1) electronic component noise which is inherent in the detection and recording 

equipment;

2) ambient noise, which is generated from sources of electromagnetic radiation, 

such as power line, radio transmission, and motor circuitry; and

3) motion artefacts, which are from movement of the electrode that change the 

electrode-skin interface.

Careful consideration should be taken when designing the acquisition system and during 

data acquisition. The two major objectives of the MES acquisition system are to maxi

mize the signal to noise ratio, which is defined as the ratio of the energy of the MES to 

the energy of the noise signal and to minimize the signal distortion; that is, the relative 

contribution of each frequency component in the MES should be unaltered.

To accomplish the goals, special considerations are taken into account while designing 

the MES acquisition systems, as described below.

1) Differential amplification. The differential measurement configuration is 

based on the assumption that any signals that originate far away the detection 

sites will appear as common signals, whereas the signals that originate in the 

immediate vicinity of the detection sites will be different and consequently be

12
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amplified. Thus, the relative distant noise signals will be subtracted while the 

relative local MES will be amplified.

2) Electrode-skin interface impedance. In order to prevent the detected signal at

tenuation and distortion due to the input loading, the skin-electrode interface 

impedance should be reduced as much as possible. One possible solution is to 

use nonpolarizable electrodes (e.g. Ag/AgCl electrodes) and apply conductive 

gels on the surface of the detection sites before measurement. Conversely, the 

input impedance of the differential amplifier should be as large as possible. In 

addition, the balance between the impedance of the detection sites is also of 

great importance in order to minimize the distortion of the MES.

3) Filtering. A band-pass filter, which consists of a high pass filter (HPF) to get 

rid of high frequency noise and a low pass filter (LPF) for baseline drift, usu

ally applied after the stage of the differential amplifier to further increase the 

signal to noise ratio. Additionally, a 60 Hz notch filter is usually employed to 

eliminate the power line interference.

4) Electrode material. There are two types of common used electrodes for the 

MES measurement, both with their advantages and disadvantages. Conductive 

gel Ag/AgCl electrodes, which approach ideal non-polarizable electrodes, 

provide low noise due to a stable half cell potential, and have bandwidth that 

nears DC. On the other hand, polarizable electrodes such as stainless steel 

electrodes, which can be used without conductive gel, are more suitable in ap

plications where the use of gel can dry out for longer term usage or can cause 

skin irritation. This is at the expense of introducing more noise.

13
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2.5.3 Myoelectric Signals in Prosthetic Control

Since the 1940s, people have been researching upper arm prosthetic control using the 

MES. Many MES classification techniques, including MES ASR, were derived from such 

efforts.

The MES can be used as an indicator of muscle activity. For example, when the strength 

of muscle contraction is increased, more MU are recruited and the firing rate of active 

motor units increase, which increases the amplitude of the resultant MES. In [30], a 

myoelectrically controlled upper arm prosthesis was proposed using amplitude measures 

for parameterization of the MES from residual muscles; however, this simple parameteri

zation could only differentiate three limb motions reliably: hand close, hand open, and 

rest. To implement a multifunctional prosthesis control system, either additional MES 

collection channels or more sophisticated MES classification techniques are required. In 

[31], a large number of electrodes were employed to collect MES at different control 

sites; however, due to the number of electrode sites required, the approach did not apply 

to amputees with severe nerve and muscle damage to their stumps. In [32], instead of us

ing large number of electrode collection sites, one of two electrode sites were first used to 

collect the MES, then the recorded MES were parameterized in terms of the time series 

autoregressive (AR) model. This method utilized the statistical dynamics of the MES 

rather than its amplitude to recognize the correlations between the MES and limb func

tions. A real-time microprocessor system with a response time between 0.15 to 0.2 sec

onds was built to classify the parameterized MES. A recognition rate of 85% was 

achieved in discrimination 4 to 5 limb functions. Recently, a MES-based multi-fingered 

prosthesis was established for hand amputees in [33], The MES was classified using the
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combination of back propagation neural network (BPNN) and AR model. Six types of 

finger motions were identified in the proposed system with four electrode sites. A recog

nition rate of around 77% was achieved by the system.

2.5.4 Speech Information in Myoelectric Signals

The correlation between the MES and speech was observed by Morse et al. [11], The 

MES around the neck was collected during speech using four electrodes. The average 

amplitude from each channel was then used as an input into a maximum likelihood (ML) 

classifier. The experimental results demonstrated that the recognition rate was five times 

higher than the a priori accuracy, although the recognition rate dropped significantly as 

the size of vocabulary increased. This decrease in recognition rate with increased vocabu

lary is of course not unexpected.

A separate study conducted by Sugie et al. [12] also confirmed the availability of speech- 

related information in the MES. MES were collected using three pairs of electrodes posi

tioned around the mouth. An observation window with 40 ms length was used to segment 

each MES channel. Consecutive overlapping observation windows were used, with a 

window spacing of 10 ms. The number of times that each MES channel crossed a preset 

threshold was counted for each observation window. Then a state of either active or inac

tive was assigned to each observation window according to the number of crossings. The 

state sequences were then fed into a finite automaton for classification. This approach 

yielded a recognition rate of 64% for five Japanese vowels.

Chan et al. [13] also confirmed the presence of speech information in the MES. Further

more, he observed that the onset part of the MES shows strong correlations with speech.
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In his experiment, MES were collected during speech using 5 pairs of electrodes on facial 

muscles. The acoustic signal was recorded simultaneously and used to indicate the start 

of speech. Each MES channel was then windowed with variable pretrigger values into a 

1024 ms length segment. The pretrigger was used as the MES precedes the acoustic 

speech. Four sets of features: simple time domain (TD) features, short-time Fourier trans

formation (STFT), the wavelet transform (WT) and the wavelet packet transform (WPT), 

were extracted. Principal component analysis (PCA) was used to reduce the dimensional

ity of these features sets. A linear discriminant analysis (LDA) classifier was used to clas

sify the MES. The results were encouraging: a recognition rate of around 90% was 

achieved for a 10-word vocabulary, which demonstrated the potential of the MES as a 

secondary source of speech information. He also classified the MES using HMM, which 

was demonstrated being much robust to the time misalignment compared with the LDA 

classification [14], It is shown that the MES is immune to acoustic noise and has potential 

to be implemented as supplement to the acoustic signal in a multimodal ASR system [10],

Bradley et al. [15] presented a MES based speech recognition which was intended to be 

used in acoustically harsh firefight environment. The Kingsbury’s dual-tree complex 

wavelet transform was employed to extract features from a single channel MES. The fea

tures were processed with a conjugate gradient neural network classifier.

Jorgensen et al. [16] demonstrated a method for silent ASR using the MES. The MES 

was collected from the larynx and sublingual areas below the jaw using one pair of elec

trode. Then the complex dual quad tree wavelet transform was applied to the noise fil

tered MES. A trust region scaled conjugate gradient neural network was trained to recog

nize a six-word vocabulary.
16
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Manabe et al. [17] proposed an idea of unvoiced speech recognition using the MES. 

Three pairs of electrodes were mounted on three fingers and held against three articula

tory muscles on the face to collect the MES. The root mean square (RMS) of the MES 

was classified using a three-layer neural network. A recognition rate of 90% was 

achieved in recognizing five Japanese vowels. Manabe et a l  [18] later proposed using the 

MES for voice activity detection (VAD) to determine the boundary between speech and 

silence. The root mean square (RMS) was calculated from each MES channel, then all the 

RMS values from different channels were multiplied and the result was finally compared 

with a threshold for VAD decision. In this paper, he confirmed that some MES reliably 

precede the voice, which can be a very useful property for predication. In addition, he 

showed that the MES is relatively insensitive to background noise.

Bu et al. [19] developed a myoelectric speech synthesiser for phoneme classification. In

terestingly, the differential MES between monopolar electrodes on two different muscles, 

rather than the differential MES between bipolar electrodes on the same muscle, was used 

for feature extraction. Frequency domain features were extracted using a second order 

Butterworth filter bank. Then a probabilistic neural network, called log-linearized Gaus

sian mixture network was applied for recognitions.

Jou et al. [20] extended isolated MES ASR to continuous one. There considerations were

taken into account: First, the MES was decomposed into a set of time domain feature

space which keeps the useful speech information while reducing the noise. Second, three

types of contextual filters, including the delta filter, the trend filter and the stacking filter

were applied on the extracted features to better model the context. Third, the anticipatory

effect was modeled by adding frame based delays to the MES. The features were classi-
17
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fied with a LDA classifier. He then applied this approach on a 108-word vocabulary rec

ognition, the results showed a noticeable reduction in the recognition error rate.

Maier-Hein et al. [21] investigated the effects of repositioning electrodes between re

cording sessions, environmental temperature variations and skin condition differences 

among different speakers, which have a significant impact on the performance of MES 

ASR She proposed a signal normalization and system adaptation method which could be 

used to mitigate those impacts. In her paper, she also suggested that for MES ASR ap

plying more than two electrodes is crucial while the usage of more than five electrodes 

does not lead to significant performance improvement.

2.5.5 Applications of the MES-based ASR

With the rapid development in the digital signal processing (DSP) techniques, MES- 

based ASR has attracted huge interest in various communication scenarios; including 

communication in noisy ambient, implementation of MES controlled voice prosthesis and 

voiceless communications.

A MES-based ASR can be used to recognize speech signals with severe impairment in 

recognition rates within a changing ambient noise. In [10], a multi-expert ASR system 

was built using the acoustic signal and MES form five facial muscle sites, then perform

ance of the multi-expert ASR system was tested under different levels of noise. Experi

mental results show that the MES expert is more resistant to the noise interference. The 

application for this research was ASR for pilots flying high performance jet aircraft. An

other potential application of the MES-based ASR can be found in [15], where MES col

lected in an acoustically harsh environment (e.g. firefighters) has been used to extract the
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speech information. Both examples above demonstrated the promising potentials of MES 

as an alternative or additional information source for the application of ASR.

A MES-based ASR system can also be used in the implementation of MES controlled 

voice prosthesis, which would be beneficial for people with permanent or temporary 

speech impairments. The advantage of such a system over other communication methods, 

which are often cumbersome or require a significant training time, a user could simply 

mouth the words as they would in normal speech, and have a computer interpret their 

MES and speak the words for them.

Another application of a MES-based ASR system is to realize voiceless communications 

in public place, where speech is not allowed (e.g. public library). The user utters words 

without acoustic output, and the related speech information is extracted from the col

lected MES. The advantages of this system are that the communication can be conducted 

without interference other people acoustically and keep the communication privacy [17],

2.6 The GEMS Signal for ASR

The general electromagnetic motion sensor (GEMS) is a homodyne radiofrequency inter

ferometer that can be used to detect anatomical vibrations associated with the production 

of speech. The GEMS signal measured at the trachea can detect tracheal vibrations and 

provides information of vocal fold contact. Since the vibrations at the trachea and the 

contact of the vocal fold are highly related to the speech production. The GEMS signal is 

expected to contain speech information that can be very useful for speech processing.

Holzrichter et al. [34] argued that the GEMS signal provided positional or motional ar-
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ticulator information, when calibrated and statistically validated, may have potentials to 

be used for ASR. In addition, the GEMS signal can also be used to determine the onset of 

speech or derive the voiced excitation function. Specially, the vocal tract transfer function 

can be estimated by first Fourier transforming both the acoustic signal and approximated 

excitation signal and then deconvolving.

Burnett et al. [35] proposed a speech denoising approach using the combination of the 

acoustic signal and the GEMS signal. Since the GEMS signal was relatively unaffected 

by acoustical noise, it could be used to determine the onset of speech under acoustic 

background noise. Once the non-speech periods were determined, the background noise 

spectral content could be estimated, and then a correlated filter could be built to maxi

mally eliminate the background noise.

2.7 Summary

As we have discussed, the visual signal, associated with the lip motions, the MES, asso

ciated with the muscle contractions, and the GEMS signal, associated with the vocal fold 

vibrations consist of useful speech information. In addition, they exhibit some desirable 

characteristics in comparison with the acoustic signal (e.g. resistant to acoustic noise). 

Therefore, if the speech information could be extracted with satisfactory accuracies, these 

signals can be used as secondary information sources for ASR.

Due to the limitations of data acquisition interface for the visual signal (e.g. properly po

sitioned camera or head tracking, consistent lighting conditions), only the MES and the 

GEMS signal were investigated in this thesis. In the following chapter, we will discuss

the classification techniques that are used to extract the speech information for the MES.
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Specially, we will propose a new algorithm termed the AMMI training with an aim to 

improve the classification accuracy.

A feasible study regarding the presence of speech information in the GEMS signal will be 

conducted in Chapter 5. While it had been suggested that the GEMS signal has potential 

for ASR, it had not been attempted before. The GEMS signal will be collected at the tra

chea area. Different feature extraction schemes and classifier structures will be examined 

and be used to classify the collected GEMS signal for ASR.
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Chapter 3 MES Classification Techniques

3.1 Introduction

In the previous chapter, we have discussed the visual signal, the MES, and the GEMS 

signal as alternative information source for ASR. Previous studies have demonstrated the 

availability of speech information in the MES from articulatory muscles. The MES can 

be used as a supplement for conventional acoustic ASR to improve the overall perform

ance. In this chapter we enhance the standalone MES ASR system, which in turn should 

enhance any combined MES-acoustic system. Various MES classification techniques 

have been proposed since the last few years. We begin examining some of these methods; 

specifically: linear discriminant analysis (LDA) and hidden Markov models (HMM). To 

improve the accuracies of the classification, we propose the use of the approximated 

maximum mutual information (AMMI) for HMM training.

3.2 Pattern Recognition

Pattern recognition can be defined as process of identification of raw data (patterns) 

based on either a priori knowledge or on statistical information extracted from the pat

terns. Pattern recognition generally consists of two main stages: feature extraction and 

classification.

1) Feature extraction. The goal of feature extraction has generally been to find a 

representation that is relatively stable for different examples of the same pat

tern, while simultaneously maximizing the ability to discern between different
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categories of patterns. The features that are used typically depend on the char

acter of the raw data. For example, in MES prosthetic control, Zardoshti et al. 

[36] suggested that the IAV of the MES is the most suitable feature for small 

window sizes, and the AR model of the MES provides greater class separabil

ity for large window sizes with the expense of more computational time.

2) Classification. Classification is a description scheme that does the actual job 

of classifying the raw data relying on the extracted features. Usually, it is 

based on the availability of a set of patterns that have already been classified. 

The two following classification approaches are common used: deterministic 

approaches and statistical approaches. Deterministic approaches are based on 

the structural interrelationships of features while statistical approaches are 

based on statistical characteristics of patterns.

3.3 Deterministic Approach -  Linear Discriminant Analysis

Linear discriminant analysis (LDA) is a commonly used technique for data classification 

and dimensionality reduction. The basic idea of LDA is to derive typical feature se

quences for a muscle activity pattern through some averaging procedure and then use dis

tance measures to compare patterns. LDA tries to maximize the class separability by 

maximizing the ratio of between-class scatter to the within-class scatter; the within-class 

scatter defines the scatter of samples around their respective class centers and the be

tween-class scatter defines the scatter of the expected vectors around the global mean. An 

optimizing criterion can be found by a combination of with-class scatter and between- 

class scatter. Then a linear transformation matrix which is used to obtain the maximal

class separability can be calculated by the eigenvector decomposition of the optimizing
23
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criterion. One may refer to Duda and Hart [37] for a detailed description of this tech

nique.

Due to its computational simplicity and training efficiency, LDA has been applied on a 

variety of applications including MES pattern recognitions; however, a LDA classifier 

requires a non-stationary input pattern to be aligned temporally to the reference pattern. 

When there is a temporal misalignment between the two patterns, the classification rates 

of LDA classifiers will decrease. Chan et al. [14] used LDA to classify the MES from 

five facial muscles of two subjects for a 10-word vocabulary ASR The study has shown 

that the performance of LDA was sensitive to temporal misalignment. Within a 100 ms 

range of temporal misalignment, an increase in classification error of over 40% was ob

served.

Temporal alignment can be difficult when the two patterns to be compared are different 

in length. For example, in the case of the MES-based ASR, the speech rate may vary, 

which will cause inconsistencies among the length of MES. When a LDA classifier is ap

plied for classification, the error rate will be high as a result.

One possible solution is to use a form of “time warping” techniques, such that the input 

pattern and the reference are aligned temporally. This goal can be accomplished either 

linearly, which is referred as linear time warping (LTW) or nonlinearly, which is referred 

as dynamic time warping (DTW). It is noticed that speech rate variation causes nonlinear 

time fluctuation of MES lengths. Elimination of such fluctuation by time normalization is 

usually conducted before classification; however, a linear normalization (e.g. LTW) is 

inherently insufficient for coping with the highly nonlinear MES length fluctuations.
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On the other hand, DTW, in which a nonlinear warping function is used to model the 

temporal fluctuation, can be applied effectively for the purpose of time normalization. 

The fundamental idea is that DTW finds the warping of the time dimension in one pattern 

such that a minimal distance between the two patterns is attained. Finding the best align

ment between the two patterns is functionally equivalent to finding the best path through 

a grid mapping the features on one pattern to the features of the other pattern. DTW uses 

dynamic programming to find the path. The reader is referred to [38] for more details of 

the algorithm.

The second possible solution is to use another category of classification approaches, 

namely, statistical approaches as described in the following section.

3.4 Statistical Approach -  Hidden Markov Models

Compared with deterministic approaches, statistical approaches are much less sensitive to 

the accuracy of the temporal alignment. In addition, with their inherent strong mathe

matical structure, statistical approaches provide a powerful framework for pattern recog

nition. In this section, we will focus our attention on one fundamental statistical approach 

in ASR, namely: the hidden Markov model (HMM).
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Observable processes
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atj: the probability of transition from state /' to state j  while being in state i 

bt : the probability density function associated with state i

Figure 3-1 A two-state HMM

an a22 a 3 3

ao

Figure 3-2 An example of 3-state left-right HMM

A HMM is a doubly embedded statistical process. An example of two-state (N = 2)

HMM is shown in Figure 3-1. It consists of two components: the hidden Markov chain
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and the observable statistical process associated with each hidden state. The hidden 

Markov chain consists of a set of distinct states and probabilities associate with interstate 

transition. The second component governs the output of each hidden state, which deter

mines the observable sequences.

A HMM is fully characterized as X = (A,Ti,B) , where A is defined as the transition ma

trix, n  as the initial state probability vector, B as an observation probability distribution 

associated with each hidden state. Mathematically,

A =

ar

n  = it*,

ft*,

a1N
a I N

aNN

(3-1)

(3-2)

B — (bl b2- -bN^ (3-3)

The structure or topology of a HMM depends on the interstate connections. For example, 

a fully connected HMM is a model that every state of the HMM can be reached form 

every other state of the HMM in a single step. Specially, a type of HMM structure is 

called a left-right HMM as shown in Figure 3-2. The underlying state sequence associ

ated with the left-right HMM has the property that the states only proceed from left to 

right (the transition matrix A  is an upper triangular matrix). The left-right HMM has been 

found better than other structures (e.g. the fully connected HMM) in modeling acoustic
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signals since the left-right HMM can readily model signals whose properties change over 

time in a particular sequence [39],

For acoustic ASR, in short time intervals, the acoustic signal can be viewed as a quasi- 

stationary stochastic process. Each state in a HMM represents the statistical characteris

tics of the quasi-stationary stochastic process, which may be associated with a specific 

phoneme. The HMM then statistically represents this sequence of phonemes that form a 

word.

3.5 HMM Training and Evaluation

The basic assumption of HMM for pattern recognition is that the pattern can be modeled 

as an underlying parametric random process of which the parameters can be learnt using 

different algorithms on the training patterns; that is, the pattern can be represented as hav

ing been generated according to some probability distributions.

There are two problems that must be solved for HMM to be useful in real-world pattern 

classification: evaluation and model training [39],

1) Evaluation. Given the observation sequence O -  o,o2 ■■■oT , and a 

model X = (.A,Yl,B) , how to compute P (0  \ X ) , the probability of the observa

tion sequence given the model?

2) Model Training. How to adjust the model parameters X = (a ,TI,B) to maxi

mize .P(0 1 A) ?

The solution for the first question is relatively straightforward: An algorithm called

Viterbi algorithm can be used to efficiently solve this problem [39], Next, we will focus
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on the solutions to the second problem. In particular, maximum likelihood (ML) training 

and approximated maximum mutual information (AMMI) training will be presented in 

the following two sections.

3.6 Maximum Likelihood Training

The problem of HMM training can be defined to adjust the model parame

ters k = (A, II, b ) , such that the probability of the observation sequence is maximized;

that is, X  -  argmaxP((91 X).
x

Instead of finding the value of X which maximizes P (0  \ X) directly, we define objective 

functionL(X) = log(P(0 | X}), since log( ) is a monotonically increasing function, maxi

mizing L(X) is equivalent to maximizing P(0 \ X ) . We can transfer the product of prob

abilities to the summation of the logarithm of probabilities. This manipulation is of par

ticular use when using multiple observation sequences for training, which is essential for 

accurate model training when the left-right HMM is used [39],

It has been shown that there is no analytical solution for finding the model which maxi

mizes the likelihood of the observation sequence [39]; however, we can adjust X such 

that L(X) is locally maximized using a recursive method called the Baum-Welch method. 

The problem of finding the optimal model X is functionally equivalent to a standard con

strained optimization problem. The objective function to be maximized is the logarithmic 

likelihood of the observation sequence given modelX,  i.e., log(P((9| X)) , the model pa

rameters to be estimated are subject to certain stochastic constraints as explained in [39],
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We define Baum’s auxiliary function as,

F(A,X) = £ p ( g  10,X) \o%[p(o,Q\  I ) ]  (3-4)
Q

where X denotes a re-estimated model and X is the current model. We then find X

which maximizes f {X, X ), i.e. X = arg m ax[^(^^)]- It has been proven that X increases
I

the likelihood of the observation sequence; that is,

P ( 0 \ X ) > P ( 0 \ X )  (3-5)

We then replace the current model X with X and repeat the above steps until a maxi

mum number of iterations has been reached or the change in the likelihood in two se

quential iterations is under a certain threshold. It also has been proven that the iterative 

procedure leads the objective function L(X) to converge to a critical point.

l ( X )

X X

Figure 3-3 Graphical interpretation of a single iteration of the EM algorithm

The Baum-Welch method is a specialty of the general Expectation-Maximization (EM) 

algorithm. A graphical interpretation of EM algorithm is shown in Figure 3-3. The 

Baum’s auxiliary function f (X,X) is upper-bounded by the objective function/.(A) and
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the value of the two functions is equal at A.  The EM algorithm chooses A which maxi

mizes f (A,A). SinceZ(A )>F(/l,/l), increasing f (A,A ) ensures the value of the objec

tive function L(A) is increased at each iteration.

Assuming the observation probability function associated with each HMM state is a 

Gaussian mixture, the re-estimation formulae of A = (A,TI,B) can be derived from this 

optimization procedure [39],

Despite its prevailing for real-world pattern recognition, ML training also contains certain 

limitations. First, the ML training is trying to maximize the likelihood of observation se

quences; however, this optimal criterion, the maximum likelihood of observing the train

ing samples given the model, does not associate directly with the minimum classification 

error rate (MCE), which is a critical performance indicator of a classifier.

Second, the ML training is optimal when the stochastic assumptions on the signal is true, 

for example, the observation sequences associated with subsequent states are independent 

with each other and the probability distribution function of each state is a true description 

of the signal probabilistic characteristic; however, these stochastic assumptions are 

merely a mathematic approximation of the real MES.

Third, theoretically, the ML training requires an infinite number of training samples to 

give an optimal estimation on the signal model. When the number of training samples is 

insignificant, the ML training will introduce bias to the estimated parameters. In practice, 

the availability of training samples is usually limited.
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3.7 Approximated Maximum Mutual Information Training

To overcome the inherent limitations of ML training, a new category of training named 

the maximum mutual information (MMI) training, based on the concept of discriminative 

training, may become more appropriate for certain pattern recognition.

The MMI training adjusts parameters of HMM so that the mutual information between 

observations and correct patterns is maximized, thus producing a model which has an in

creased capability of distinguishing observations generated by different patterns. MMI 

training has to estimate parameters jointly across the entire classes, and the gradient de

scent searching algorithm is sensitive to step sizes: small step sizes take long time for the 

training to converge, while large step sizes may lead to instability. The AMMI training 

optimizes the objective function called the approximated MMI criterion. Unlike the MMI 

training, the parameters for each HMM can be calculated separately in a method similar 

to the Baum-Welch algorithm.

Let X = (A, n , B ) be the parameter of the HMM for the pattern specified by y ,

J(A) = D o g  P ( 0  \ X ) - d  D o g P (0  \A) P-6)
OEu O ^v

where u is the set of indices of the training data that were labelled as the pattern specified 

by y, v is the set of indices of the training data that were recognized as the pattern speci

fied by y after the maximum a posteriori (MAP) criterion is applied on the training data, 

and d  is a parameter that can be used for adjusting the discrimination rate. The optimiza

tion for the objective function J(X) can be implemented in a manner similar to the Baum- 

Welch algorithm and the re-estimation formulae are given in [40].
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The main difference between ML training and AMMI training lies in the objective func

tion to be optimized. ML training maximizes the likelihood of observation sequences 

given the model. On the other hand, AMMI training maximizes the likelihood of model 

given the observation sequences which minimizes the CER.

3.8 AMMI Training for MES Pattern Recognition

3.8.1 Data Collection

The MES database used in the section was from the previous study by Chan [10], The

MESs were collected from five articulatory muscles around the mouth: zygomaticus ma

jo r  (ZYG), platysma (PLT), depressor anguli oris (DAO), anterior belly o f  the digastri- 

cus (ABD), and messeter (MST). These muscles control the movement of the mouth and 

the lip. Their respective functionalities are as follow:

1) ZYG: draws upper lip upward and outward

2) PLT: controls the movement of the lower lip

3) DAO: draws comers of mouth downward and laterally

4) ABD: elevates and retracts hyoid bone and tongue

5) MST: prime mover of jaw closer

Five pairs of Ag-AgCl Duotrode MES electrodes (Myotronics, 6140) were placed on the 

five articulatory muscles for the MES collection [10], One Ag-AgCl Red-Dot electrode 

(3M, 2259) was placed on the back of the neck to provide a common ground reference.

A systemic depict of the MES acquisition system is shown in Figure 3-4. The MES was 

pre-amplified by an array of optically isolated differential amplifiers. The outputs of the

pre-amplifiers array were the inputs of another array of amplifiers (Tektronics, AM502),
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whose gains were set to values between 10 and 20, depending on the amplitude of the 

MES to be amplified. The gain was determined by attempting to maximum the dynamic 

range of the analog to digital converter, without over-ranging. The amplified MES were 

then anti-aliased by a low pass filter with a cut-off frequency of 500 Hz. During the data 

collection, the acoustic signal was recorded simultaneously using a microphone. The out

put of the microphone was amplified by a gain of 5 and bandlimited to 5000 Hz. The 

acoustic signal was used later to segment the data by using it to determine the start of 

speech. Both MES and acoustic signal were sampled at 10 kHz using a data acquisition 

board with a sample-and-hold unit (CIO SSH16) and a 12-bit analog to digital converter 

(ADC) (CIO DAS16/330).

MES

Isolated differential Tek AM502 
pre-amplifiers 
gain 800

Anti-aliasing
LPF
Cutoff 500 Hz

BW 0. l-1000Hz 
Gain 10-20

Acoustic signal
Anti-aliasing
LPF

Tek AM502 
BW O.l-lOOOOHz S&H

DAS16/330 Computer

Gain 5 Cutoff 5000 Hz SSH16

Figure 3-4 Systemic depict of the MES acquisition system

A 10-word vocabulary consists from the words form ‘zero’ to ‘nine’ was uttered during

the data collection. Five subjects were participated in the data collection. Five channels of
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MES from facial articulatory muscles (i.e., ZYG, MST, ABD, PLT and DAO) were sam

pled when each subject was uttering the words. Each word in the vocabulary was re

peated 52 times by each subject. The words were uttered in a random order. In addition, 

there was a one-second pause between each repetition to reduce any coarticulatory and 

anticipatory effects.

In the original experiment, MES were collected with the acoustic signal contaminated by 

six different levels of white Gaussian noise ranges from 0 dB to 18 dB. In order to get a 

sufficient number of training and test samples, we combined the entire MES from the six 

noise levels. This combination was justified by the assumption that the MES is unaffected 

by the ambient noise, which is demonstrated in [10],

3.8.2 Data Processing

Recorded data were processed offline using Matlab® Version 7. The original MES sig

nals were first downsampled to 1000 Hz, then segmented into frames of 1024 ms length 

using the simultaneously recorded acoustic signal as a trigger signal, as depicted in 

Figure 3-5. Since the muscular contractions would be expected prior to the acoustic 

speech, the start of MES activity would occur before the acoustic signal indicates speech. 

Thus MES data was segmented using a pretrigger. A pretrigger value for the MES was 

fixed at 500 ms, which has been shown to be empirically optimal range [10],

A set of sliding windows of distinct window size and step was used to frame the seg

mented MES, as shown in Figure 3-6. Within each window, the signal features were 

computed; namely, the root mean square (RMS) value and autoregressive (AR) coeffi

cients. The values from each window were combined to form a feature vector. Depending
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on how many AR coefficients were selected, the dimensionality of the feature vector 

would change. For example, if the first AR coefficient was used, the feature vector would 

have a dimensionality of 3. The number of feature vectors will vary with the window size 

and step. For example, when a length of 1024 ms signal was feature extracted using a 

128 ms length window with a step of 16 ms, the number of feature vectors will be 57.

1024 ms

2200
2000

2200 

■ 2000

500 ms

_____________I_____________ |_____________ I '  i_____________ 1_____________ |_____________ 1_____________ |_____________ I_____________

0 2  0.4 0.6 0.8 1 1.2
“i------------r-

0.2 0.4 0.6 0.8 1.2 1.4 _l--------- r
<  2000

\ i

0.2 0.4 0.6 0 8 1 1 2 1.6 1.0

J_________I_________ j_________ I_________t. I ---- 1
0.2 0.4 0.6 0.8 1 12

0.2 0.4 0.6 0.8 t 1.2 1.4 1.6 1.8
Time in second

Figure 3-5 Segment of the MES

Step Window size 
< — M --------------------- ►

0.2 0.4 0.6 0.8 1

T im e in s e c o n d

Figure 3-6 Sliding window for features extract
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3.8.3 MES HMM Classifier

The construction of a MES HMM classifier involves two phrases: classifier training and 

MES pattern recognition.

The MES for each word was separated into two separate sets. The odd number samples 

were used as training samples and the even number as test samples. A left-right HMM 

with single mixture observation Gaussian densities was built for each word. The HMMs 

were trained using the training samples.

After the HMM parameters were estimated, the test samples were classified by the 

HMMs using the Viterbi algorithm. The classification error rate (CER), which was de

fined as the ratio between the number of wrongly classified test samples and the total 

number of test samples, was used to assess the performance of the system.

Both the ML training and the AMMI training were used for the HMMs training, The 

CERs were compared with various model parameters settings: window size, number of 

HMM states, number of AR coefficients, and the number of training samples.

3.9 Results

3.9.1 Number of Features

In this section, we compared performance of the AMMI training to that of the ML train

ing varying the number of features. A 10-state HMM was used with 128 ms of length ob

servation window size, with a step of 16 ms. The RMS and a various number of the AR 

coefficients were used as features, with the AR order ranging from 0 to 12.
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Figure 3-7 CER as a function of the AR order

As shown in Figure 3-7, the AMMI training outperforms the ML training consistently in 

terms of CER When only the first AR coefficient was used as a part of feature vectors, 

the CER obtained by the AMMI training was 15%, when the first two AR coefficients 

were applied, the CER rate dropped significantly to 12.77%. Using more than 2 AR coef

ficients, however, does not further reduce the CER. Using small number of AR coeffi

cients does not provide enough discriminative information. On the other hand, introduc

ing more AR coefficients increased the dimension of the signal features, which would 

require more training data to fully utilize the additional AR coefficients. In this case, with

a fixed training data set, the increase dimensionality is likely resulting in an undertrained
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system causing the decreased performance. The CER from the ML training was 15.31% 

and 13.69% for the first and first two AR coefficient cases, respectively. Examining the 

empirically optimal case where the first two AR coefficients are used, the AMMI training 

provides a 6.74% improvement over the ML training algorithm.

3.9.2 Observation Window Size

Different size of observation window and step were applied to extract features from the 

MES data. The window sizes used were: 16 ms, 32 ms, 64 ms, 128 ms, and 256 ms. Ob

servation windows were spaced one eighth of the window size and 10-state HMMs were 

used. The RMS and first two AR coefficients were used as features.

22
ML 

—  AMMI
20  - -

18 -

9.8% improvement

14 -

6.74% improvement
12  - -

16 32 64 128 256

Window sizes (ms)

Figure 3-8 CER as a function of window sizes

The error rates with different observation window sizes for both the AMMI training and
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the ML training are shown in Figure 3-8. The error rates decreased significantly with in

creasing window size until the optimal window size of 128 ms was reached, after which 

the CER increased. As shown in the plot, the HMM model by the AMMI training had a 

consistently lower error rate than the ML training. With 128 ms observation window, the 

CER was 12.77% and 13.69% for the AMMI and ML training, respectively. There is an 

improvement of 9.8% when a window size of 32 ms was used. The improvement for the 

optimal window size was 6.47%. An increase on the CER on small and large observation 

window size was observed. A small observation window would lead to high variance and 

introduce noise in the observed features. On the other hand, too large window size would 

smooth the data and would be unable to capture the short time change of the MES. Thus, 

it was reasonable that the empirically optimal observation window size was at a point be

tween the two extremes.

3.9.3 Number of States

In this experiment, a left-right HMM with the number of states varying from 3 to 15 was 

used. The observation window size was fixed at 128 ms, with 16 ms window spacing, and 

the RMS and first two AR coefficients, which were found to yield the lowest CER in the 

previous two experiments, were used as features. The CERs with the changing state sizes 

are plotted in Figure 3-9. The CER varied from 31.69% to 13.69% for the ML training, 

and 28.53% to 12.77% for the AMMI training. The CER increased when using a HMM 

with too few or too many numbers of states. The optimal state size was 10 for both the 

ML and AMMI training. The largest improvement of around 13% occurred when a 5- 

state HMM was used.
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3.9.4 Training Size

Using the empirically optimal HMM and feature settings found from the previous sec

tions, the effect of the number of training samples was evaluated. The number of training 

samples was decreased from 260 to 100 by steps of 10. The CER for the AMMI training

24
- ML 
-AMMI

22

20

18

16

14

12

3.86% improvement on average

10

8
100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 250 260

the number of training samples 

Figure 3-10 CER as a function of the number of training samples

and the ML training as a function of the number of training samples is shown in Figure 

3-10. The CER trended to increase with the reduction of the number of training samples, 

as expected. The CER for the AMMI training was 12.77% (13.69% for the ML training)
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when the number of training samples was 260, and rises to 23.31% (23.54% for the ML 

training) when the number of training samples was reduced to 100.

3.10 Discussion

It has been shown that the AMMI training can be used as an alternative in the estimation 

of HMM parameters to reduce CER for MES ASR The experimental results demon

strated that the AMMI training obtained a HMM model with a reduction in recognition 

error rates when compared to that with the ML training. The average improvement was 

approximately 3% on the test database. At the empirically optimal operating point, the 

AMMI training provides a 6.74% improvement over the ML training. The increase in 

classification accuracy may appear modest; however, one must acknowledge that the im

provement is from an already high classification accuracy (80% ~ 85%). In addition, this 

increase in classification accuracy was consistent when changing the window size, num

ber of states, number of features, and training size.

ML training seeks to optimize the HMM parameters that maximizes the likelihood of ob

servation, whereas the AMMI training aims to minimize the classification error rate. The 

parameters of HMM were adjusted so that the mutual information between observations 

and correct classes is maximized, thus producing a model which has more capability in 

distinguishing observations generated by different classes.

The trade-off for an increase in the classification accuracy by the AMMI training was an 

increase in the computational complexity. This increase in complexity is only in the train

ing phase. Once the classifier is trained, there is no impact on the testing phase.
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An empirically optimal operating point for the MES classification in the context of ASR 

was proposed. When the vocabulary changes, the empirically optimal operating point 

may change; the change is not expected to be large, so that the results and the search 

scheme can serve as a good guideline for future research.

It was noted that the usage of more AR coefficients does not achieve smaller CER This 

result can be explained by the fact that the introduction of more features increases the 

number of free parameters in the HMM and hence the dimensionality of the problem. 

Additional training data would be required to properly estimate the HMM parameters. 

Unless the additional features are providing sufficient additional discerning information, 

they can increase the error rate.

As expected, the CER decreased as the number of training samples increased for both ML 

training and AMMI training. However, when a larger number of training samples was 

used, the AMMI training provided more improvement over the ML training, with a gain 

of 4% on average, which may imply the AMMI could be more desirable when large num

ber of training samples was used.
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Chapter 4 GEMS Signals for Automatic Speech 
Recognition

4.1 Introduction

In this chapter, we propose a new modality for ASR using the general electromagnetic 

motion sensor (GEMS) signal. We will provide a brief description of the GEMS first. 

Then describe a measurement setup to collect the GEMS signal at the trachea area. We 

proceed to the analysis of the GEMS signal for ASR in the following section. The process 

of classification first decomposes the GEMS signal into a feature space. We attempt to 

find a feature space which produces a high recognition rate, examining a number of dif

ferent features and their combinations. The structure of the HMM which has the highest 

performance is also investigated. This chapter will demonstrate that the GEMS signal 

contains useful speech information. If this information can be extracted appropriately, the 

GEMS can be used as alternative information source or as another supplement for ASR

4.2 GEMS Signals

Radarlike sensors have been used to measure the organ motion of the human vocal sys

tem during acoustic speech by transmitting electromagnetic (EM) waves [41], A pulse of 

very low power and high frequency EM waves train is transmitted into the neck or the 

jaw where articulatory movements associated with speech are monitored. The GEMS is a 

type of EM sensor which is optimized for glottal electromagnetic sensing [42] [43],

The GEMS is a vibration detection sensor that operates at radio-frequency (RF) of 2.4
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GHz and is capable of measuring very small relative motions over a wide frequency 

range. The operating frequency range allows the EM waves penetrate approximately 

10 cm into the human tissue and reflect back to the sensor [44], Fundamentally, the 

GEMS is a homodyne phase interferometer that detects moving objects by transmitting 

electromagnetic (EM) waves at a target and mixing the reflected waves with the original 

transmitted wave [41], All dielectric and conductivity discontinuities caused by tissue-air 

or tissue-tissue interfaces in the path of the propagating EM waves will reflect the EM 

waves, which changes the phase of the original transmitted waves. The reflected waves 

are then detected and mixed with the transmitted waves. The position or motion informa

tion of tissues is derived by calculating the phase difference between the received and 

transmitted waves. In addition, a high pass filter is employed to remove the low fre

quency signal which is associated with the low frequency clutter from the skin-air inter

face and other stationary or slowly moving tissue interfaces. Under certain conditions, the 

output of GEMS, which is called the GEMS signal, is a measure of target position from 

the sensor as a function of time [43],

The production of human speech involves in a sequence of coordination of the articula

tory organs that includes the tongue, the lip and the vocal fold etc. For example, to pro

duce the sound of \E\ as in “beat”, the middle of the tongue has to be raised close to the 

hard palate while the mouth is kept slightly open. Furthermore, in order to produce 

voiced sounds (vowels and some consonants such as /b/ /d/ /g/ /v/), the vocal fold has to 

vibrate while for unvoiced sounds (e.g. /p/ /t/ /k/ /s/ /h/) it does not. The GEMS signal is a 

measure of the organ motions, which exhibit different patterns when different sounds are 

produced; therefore, if acquired appropriately, the GEMS signal may be used as a new
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modality of ASR by associating the distinct pattern of the GEMS signal with the sound 

produced.

4.3 Method

The experimental research in this section was reviewed and approved by the Carleton 

University Research Ethics Committee. Five subjects participated in this experiment. The 

GEMS signal was collected at the trachea area during speech production of a ten word 

vocabulary consisting of the digits “zero” to “nine”. The GEMS signal was classified us

ing HMMs trained with the AMMI algorithm. First, a combination of features that pro

duces the highest recognition error rate was searched from a group of five candidate fea

tures: root mean square (RMS) value, integrated absolute value (IAV), zero crossing 

(ZC), slope sign change (SSC), and autoregressive (AR) coefficients. The optimal set

tings for the GEMS signal classification, (i.e., the window size, the window space, and 

the number of HMM states) were also investigated.

4.3.1 Instrumentation

GEMS I/O Connector ADC
Aliph NIBNC-2090 PCI-6071 E Computer
ARV Re
vision B

Figure 4-1 Instrumentation for the GEMS signal acquisition
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The GEMS signal was acquired using the Aliph Radio Vibrometer (Aliph, ARV, revision 

B) with a neck interface. The neck interface was firmly attached against the skin to elimi

nate gaps between the antennae and the skin during the measurements. This configuration 

will enable the near field operation of the GEMS, which will yield the best GEMS signal. 

The output analogue signal of the GEMS was fed to the data acquisition board (NI PCI- 

6071E I/O) through an I/O connector (NI BNC-2090) for digitalization. Finally, the digi

talized GEMS signal was fed into a computer for further analysis. The sampling rate that 

was used during the data acquisition was set to be 8000 Hz. The instrumentation settings 

for the GEMS signal acquisition system were shown in Figure 4-1.

4.3.2 Experimental Method

A 10-word vocabulary consisting of the words “zero” to “nine” was used for this experi

ment. Data were collected from five subjects (5 males; age range 24 to 35). Each word 

was repeated 60 times by each subject such that a sufficient number of training and test 

samples were available for data processing. The daqSPEECH software was used to facili

tate the data collection as shown in Figure 4-2. For each repetition, the word to be uttered 

was displayed on the screen. The start of each signals recording was controlled by an ex

ternal trigger, which the subjects can press when they are ready to utter the word. The 

word list was randomized and a two-second pause was inserted between each repetition 

to reduce any coarticulatory and anticipatory effects. During the data collection, the sub

jects were instructed to repeat each utterance in a consistent manner such that variations 

in the utterances (e.g. speaking rate, speaking volume) were minimized.
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Figure 4-2 Screenshot of the daqSPEECH data acquisition software
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4.3.3 Data Processing

The recorded signals were processed offline using Matlab® Version 7.1. The GEMS sig

nal was segmented into a frame of 1000 ms in length using the simultaneously recorded 

acoustic signal as the trigger signal as shown in Figure 4-3.
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Figure 4-3 Segment of the GEMS signal

The segmented signal was further partitioned into consecutive frames using a sliding ob

servation window. The number of frames depended on the size of the observation win

dow that used and the space between two consecutive observation windows. Within each 

frame, a set of features, including the RMS, the IAV, the ZC, the SSC and the AR coeffi

cients, were computed.

These features were classified for each subject individually. A left-right HMM with sin

gle mixture observation Gaussian densities was used as the signal model for each word. 

Every other repetition of a particular word in the vocabulary was used as in the training 

samples; the rest of the repetitions were used as the test samples.

The GEMS signal classification proceeds in the following four steps. First, only AR coef

ficients were used for classification. We examined the impacts of AR coefficient order on
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CER. Second, an optimal features combination, which produced the lowest recognition 

error rate, was chosen from a set of five time-domain features and their combinations. 

Third, using the optimal features combination, we investigated the effects of the observa

tion window size and the window spacing on performance. Finally we tried to find the 

number of HMM state that yielded the lowest CER.

4.4 Results

In this experiment, performance of classification was evaluated by the average CER over 

five subjects by classifying the test samples.

4.4.1 Order of AR Coefficients

To examine the effect of the order of AR coefficients on CER, We used the first n AR 

coefficients for classification, where n varied from 1 to 10. During this running, a size of 

110 ms observation window with 100 ms spacing and 6-state left-right HMMs were em

ployed. The size of observation window and the number of HMM state were chosen em

pirically. In each running, a different number of AR coefficients were extracted from the 

GEMS signal. The training and testing samples was partitioned using the hold-out 

method as used in previous experiment: half of the total samples were used for training 

and the rest half for testing. The CER of classification the test samples was recorded af

ter each running. The plot of CER as a function of the number of AR coefficients is 

shown in Figure 4-4.
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Figure 4-4 CER as a function of the number of AR coefficients

The CER increased significantly from 60.3% to 81.4% then dropped to around 65% when 

the number of AR coefficients was increased 1 to 10. A peak of CER was observed when 

3 AR coefficients were used. The lowest CER was achieved when one AR coefficient 

was extracted. The result showed that using more AR coefficients does not necessarily 

yield a lower CER. This may be explained by the non-stationary statistic property of the 

GEMS signal. In this case the observation window was 110 ms in length, within which 

the stationary assumption of the AR model did not hold anymore. In this scenario, intro

ducing more AR coefficients would essentially introduce more errors in estimation. 

Based on this result, it was reasonable to use one AR coefficient in the following experi

ments.
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4.4.2 Feature Selection

In this experiment, we were trying to classify the GEMS signal by a different set of fea

ture combinations. 5 time domain features (e.g. RMS, IAV, ZC, SSC and AR coefficient) 

and their combinations were used as candidate. In each running, classification was per

formed using the selected feature combination. The CER on the testing samples was used 

as criterion to distinguish the effectiveness of different feature combinations in the repre

sentation of the GEMS signal. The features were extracted using a 110 ms non

overlapping observation window. The GEMS samples were separated into halves for 

training and testing. A 10 left-right HMM of 6-state with single mixture observation 

Gaussian densities was trained and used for testing in each running.

Since 5 features were used, there were only 31 possible combinations. Exhaustive search

ing through all possible combinations was used in this experiment. The CER attained by 

using different feature combinations were recorded for each running. As shown in Figure 

4-5, depending on the feature combination, the CER fluctuated from 37.6% (RMS, ZC 

and SSC) to 60.3% (AR). The result showed that the CER tended to drop when more fea

tures were extracted for classification: the average CER if more than 2 features were used 

was 39.2%, the CER increased to 45.2% if the number of features was less than 3. It also 

showed that the RMS, ZC and SSC combination produced the lowest CER of 37.6%. 

Based on this experimental result, it seems that among the 5 features, the speech informa

tion of the GEMS signal was better captured by the following 3 physical characteristics 

associated with the GEMS signal: power (RMS), frequency (ZC) and change of ampli

tude (SSC). In the following sections, we used the 3 features for the GEMS signal classi

fication.
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When determining the optimal parameters for classification, including features, window 

sizes, spacing, and the number of HMM states, there is no analytical solution. Thus, we 

determine an empirically optimal set of parameters by experimentation: different size of 

observation window and HMMs with different number of states were used to classify the 

GEMS signal. Classification performance was evaluated by CER. Due to the complexity 

and size of the search space, the searching scheme we employed was rudimentary. The 

point was to show the potential of the GEMS in ASR and the classification accuracy can 

be improved by carefully tuning the classifier and to determine a reasonable operating 

point.
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4.4.3 Observation Window Size

The effect of observation window size on CER was investigated in this section. Based on 

the results from previous experiments, the window spacing was set to be 100 ms, the size 

of observation window was changed from 10 ms to 200 ms with a step of 10 ms. RMS, 

ZC and SSC were extracted within each observation window. A 6-state right-left HMM 

with single mixture observation Gaussian densities was used for classification.
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Figure 4-6 CER as a function of observation window size

The CER as a function of observation window size was showed in Figure 4-6. The CER 

decreased gradually from 53% to 40% when the window size increased from 10 ms to 70 

ms. The rate levelled off around 38% until the window size was increased to 160 ms. The 

lowest CER of 37.3% was achieved with a 120 ms observation window. The perform

ance deterioration on both sides was not unexpected. When the window spacing was 

fixed, a small observation window would have too much variability relative to the useful
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information (i.e. essentially a poor SNR); contrarily, too large window size would be un

able to capture the local variations of the GEMS signal.

4.4.4 Observation Window Spacing

The observation window spacing on the CER was examined in this section. The observa

tion window size was set to be 120 ms based on the result of Section 4.4.3. The window 

spacing was increased from 20 ms to 110 ms with a step of 10 ms. RMS, ZC and SSC 

were calculated within each observation window. The GEMS samples were separated in 

half for training and testing. 6-state right-left HMMs with single mixture observation 

Gaussian densities were used as classifier.

44 -
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40 50 60 70 80 90 100 11020 30

Window spacing (ms) 

Figure 4-7 CER as a function of window spacing
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Figure 4-7 showed the result of CER as a function of window spacing. The CER fluctu

ated around 38% when the spacing increased from 20 ms to 80 ms. A smallest CER of 

35.9% was observed at window spacing of 90 ms. The CER increased when large win

dow spacing was used after 90 ms. The relatively smoothness of the CER between win

dow spacing of 20 ms and 80 ms may be explained by the domination of the observation 

window size (120 ms) when a relatively small spacing was used for feature extraction.

4.4.5 Number of HMM States

The number of HMM states also has impact on the classification accuracy. In this section, 

the observation window size and window spacing was set based on the results from pre

vious searching: the observation window was 120 ms in length and the window spacing 

was set to be 90 ms. RMS, ZC and SCC were calculated within each observation window. 

Right-left HMMs with single mixture observation Gaussian densities were constructed as 

classifier. Half of the samples were used for training and the rest for testing. This experi

ment started with a 2-state HMM. After each running, the number of states was increased 

by 1 until 10 states were used. The CER as a function of the number of HMM states was 

depicted in Figure 4-8. The CER decreased monotonically as the number of HMM states 

increased, from 48.9% (2-state HMM) to 31.1% (10-state HMM). HMM classification 

essentially was used the HMM to model the statistical distribution of the time series, 

which may be time-variant in this case, thus the number of HMM states should be enough 

to model the statistical variation over time. It indicated from the result that a sufficient 

large number of HMM states (> 7) was required in order to achieve a satisfactory classifi

cation accuracy on the given database. However, the number of states cannot be increased
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arbitrarily: as the number of states increases, the parameters to be estimated will also in

crease significantly, which, in turn, requires more training samples available for training 

the HMM accurately.
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Figure 4-8 CER as a function of the number of HMM states
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4.5 Discussion

In this chapter, the GEMS signal at the trachea area was collected from five subjects for 

ASR Five time-domain features were extracted from the recorded GEMS signal. Several 

feature combinations were attempted for classification. A HMM classifier was con

structed using the AMMI as described in pervious chapter. A CER of 31.1% was 

achieved through an empirically analysis.

The CER was much smaller than the a priori rate, obtained by random guessing (i.e. 90% 

for ten-word vocabulary), which implies the availability of speech related information in 

the GEMS. There were two reasons that might account for the experimental results. First, 

the GEMS signal collected from the neck essentially was a summation of the various tra

cheal tissue vibrations during uttering if it was properly filtered. When a different word 

was uttered, a different pattern of tracheal tissue vibrations was presented, which, in turn, 

changed the characteristics of the GEMS signal (e.g. shape, amplitude, power level etc.). 

These sequential variations in the GEMS signal were then captured by a well-trained 

classifier to identify the word uttered. Second, the vibration of the trachea is associated 

with the utterance of a voiced sound. Since different words consists of different voiced 

sounds which appear in different positions in the word, these voiced sound sequences are 

likely the main source of the speech information.

To extract the speech information which contain in the GEMS signal, a classifier must be 

constructed. Considering the prowess of HMM in the effectively modeling of various 

complex time series, we also adopted the HMM to construct the classifier. It can be an

ticipated that the feature extracted scheme (feature set, observation window size, etc.) and

the structure of HMM have significant impact on the classification accuracy.
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While the higher orders of AR coefficients showed its effectiveness for classification of 

certain signals, e.g. the acoustic signal and the MES signal. It seemed that the usage of 

higher orders AR coefficients failed to improve the classification performance, which 

might imply that the higher orders AR coefficients did not provide extra information re

garding speech. This is not unexpected as the GEMS signal is quite sinusoidal in nature, 

which implies that only a low order AR model is required.

There were 5 time domain features and their combinations were examined. The CER 

trended to decrease when more features were used for classification. The average CER 

when more than 2 features were used was 39% compared to 45% when less than or equal 

to 2 features were used. The combination of RMS, ZC and SSC was founded to yield the 

lowest CER compared with other combinations. Having additional features caused an in

crease in the dimensionality of the problem, raising the CER. With a larger training set, it 

is possible that a lower CER could be achieved.

The size of observation window also had significant effect on the classification perform

ance. Inappropriate observation window size will decrease the classification accuracy. A 

window size between 80 ms to 160 ms was founded to be suitable for the database. Too 

small window size was unable to fully extract the information contain in the GEMS sig

nal while too large window size failed to characterize the variations of the signal.

The number of HMM states should be suffice to classify the GEMS signal with satisfac

tory accuracy. However the number of states was upper bounded by the training samples 

which were available for the estimation of HMM parameters.

A rudimentary approach was introduced for feature extraction and construction of HMM
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classifier. The experimental results showed that the lowest CER was obtained using a fea

ture combination of RMS, ZC and SSC, which was extracted by a 120 ms observation 

window with a 90 ms spacing, and classifying by 10-state left-right HMMs with single 

mixture observation Gaussian densities.

The settings (i.e. feature combination, observation window size, the number of HMM 

states, etc.) for the GEMS signal classification, which were found by the proposed ap

proach in previous sections, however, may not be globally optimal. For example, fre

quency domain features, which were not mentioned so far, may be useful as well. In addi

tion, if the searching strategy that was employed or the initial search point were changed, 

the results may differ. The objective of this section is not to find global optimal CER 

which is beyond the scope of this study. The point was to demonstrate the potential of the 

GEMS signal for ASR Some optimization was performed to provide an indication of the 

performance level of this modality. However, the results from the experiment are encour

aging. If measured and processed properly, the GEMS signal has potentials to be used for 

ASR, which could become another promising supplement of the conventional acoustic 

ASR other than the MES.

62

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Chapter 5 Multimodal Speech Recognition

5.1 Introduction

Performance of a conventional acoustic ASR system degrades severely in the presence of 

noise. Despite ongoing research improving unimodal ASR systems, which relies solely 

on acoustic information, these will eventually saturate in performance and arguably al

ready have begun saturating. One of feasible solution to this problem is to supplement the 

acoustic signal with other speech related signals, which are immune to acoustic noise, 

resulting in a multimodal ASR system [45], In this chapter, we propose a multimodal 

ASR system using the acoustic signal, the MES, and the GEMS signal. Two types of 

multimodal ASR systems were constructed as shown in Figure 5-1. Type I was con

structed by fusing the classification outputs of the three HMM classifiers. Type II was 

constructed using a single HMM classifier that used all three types of signals as inputs. 

Relying on more information for decisions, the multimodal ASR system is expected to 

outperform the unimodal acoustic ASR system.
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MES signal

GEMS signal Label

Acoustic signal
Acoustic signal classifier

MES classifier

GEMS signal classifier Decision rule
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MES signal ------------ p\

GEMS signal ------------ ►

Acoustic signal ------------ m

Multimodal classifier

Label

Typell

Figure 5-1 Type I and Type II multimodal ASR system

5.2 Measurement Setup

The experimental research in this section was reviewed and approved by the Carleton 

University Research Ethics Committee. Three types of speech relevant signals were col

lected from five subjects: the acoustic signal, the MES, and the GEMS signal.

MES were collected from three articulatory muscles around the mouth: zygomaticus ma

jo r  (ZYG), platysma (PLT), and depressor anguli oris (DAO). Three pairs of Myo- 

Tronics Duo-Trode disposable Ag/Ag-Cl electrodes were placed on the muscles for the 

MES collection. One Red-Dot Ag/Ag-Cl electrode from 3M (Montreal, QC) was placed 

on the left wrist to provide a common ground reference. Before positioning the elec-
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trodes, a small coating of electro-medical gel from MyoTronics (Tukwila,WA) was ap

plied on the surface of electrodes to reduce the electrode-skin impedance. The GEMS 

signal was collected at the trachea area using the Aliph Radio Vibrometer (Aliph, ARV, 

revision B). The acoustic signal was recorded simultaneously using a microphone during 

the data collection. The acoustic signal was used for both acoustic ASR and data segmen

tation.

MES

Electrode Board Neuroamplifier 
F-15EB/B1 Grass M l 5

GEMS signal 

 ►

ARV Rev. B

Bm -

I/O Connector 
NIBNC-2090

ADC
PCI-607 IE PC

Acoustic signal 

 ►

Microphone

Figure 5-2 Measurement setup for acoustic, MES, and GEMS signal

MES were fed into the data acquisition system using an electrode board (Model 

F15EB/B1 from Grass, West Warwick, RI). The MES were amplified differentially using 

a programmable multi-channel amplifying system (Ml 5A54, Grass, West Warwick, RI). 

The MES were bandlimited between 30 Hz to 300 Hz to eliminate the electrical noise 

outside the MES bandwidth. In addition, a 60 Hz notch filter was applied to each MES 

channel to eliminate power line noise interference. The GEMS signal was collected using
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the neck interface which enables the ARV to operate in near field. The National Instru

ments PCI-607IE I/O (Austin, TX) data acquisition board was used to digitalize the ana

logue signals; that is the MES, the GEMS, and the acoustic signals. The sampling rate 

that was used in this data collection was 8000 Hz per channel. A system diagram of the 

data acquisition setup is shown in Figure 5-2.

5.3 Data Collection

A 10-word vocabulary consisting of the words “zero” to “nine” was used for this experi

ment. Three subjects participated in the data collection. Five channels of signals, includ

ing the three MES, the GEMS signal, and the acoustic signal were collected from each 

subject. Each word was repeated 60 times by each subject such that a sufficient number 

of training and test samples were available for data processing. The daqSPEECH soft

ware was used as user interface for the data collection as in Chapter 4 (Figure 4-2). Sub

jects were instructed to utter the word 1 second after the start of data recording such that 

the MES prior to the utterance could be recorded. The word list was randomized to re

duce any coarticulatory and anticipatory effects. In addition, a two-second pause was in

serted between each repetition such that the articulatory muscles could start contraction 

from relax status at the beginning of each utterance. During the data collection, the sub

jects were instructed to repeat each utterance in a consistent manner such that the varia

tions were minimized (e.g. speaking rate, speaking volume).

The recorded signals were processed offline using Matlab® Version 7.1. The raw data 

were segmented into 1000 ms of length. The acoustic signal was used to position the start 

of each utterance for segmentation. The acoustic signal and the GEMS were segmented
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from the utterance start point. The MES were segmented 500 ms prior to the utterance 

start point as the MES activity precedes the acoustic speech signal. The data segment 

scheme is depicted in Figure 5-3.

1000 ms

500 ms 1000 ms

N

o

H

o>
o

ow
2CZ)

>aoc
<71

Figure 5-3 Segmentation of the MES, the GEMS signal and the acoustic signal

5.4 Type I Combination

5.4.1 Classifiers

Three HMM classifiers were built to classify the GEMS signal, the MES and the acoustic 

signal respectively. The feature extraction scheme and HMM classifier construction were
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based on the results from previous chapter.

Classification of the MES was based on the results from Chapter 4. Two types of time- 

domain features including RMS and two AR coefficients were extracted using a 128 ms 

observation window which spaced by 16 ms. The MES data were separated into two 

parts: half of the data was used for training and the rest for testing. 10-state left-right 

HMMs with single mixture observation Gaussian densities were employed for the MES 

classification.

Classification of the GEMS was performed on the base of the results from Chapter 5. 

Three time-domain features including RMS, ZC and SSC were extracted using a 120 ms 

observation window which spaced by 90 ms. Each other recorded GEMS was used for 

training and the rest for testing. 10-state left-right HMMs with single mixture observation 

Gaussian densities were used for the GEMS classification.

To construct a classifier for the acoustic signal classification, a searching process similar 

to Chapter 3 was applied to find an empirically reasonable operating point for an HMM 

classifier. As a result, RMS and two AR coefficients were extracted using a 25 ms obser

vation window which spaced by 10 ms. 6-state left-right HMMs with single mixture ob

servation Gaussian densities were used for the acoustic signal classification.

5.4.2 Combination of Classifier Outputs

The outputs of the three classifiers were combined for the final decision based on certain 

combination method. Two types of combination: majority vote (MV) and score- 

combination (SC) were used to fuse the classifier outputs in this experiment. A math-

ematic description of classifier combination was provided in the following sections. De-
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fine 0  as a pattern space which is the union of the M  mutually exclusive classes 

C, ( i e  A = { 1 2 •••M }),mathematically,

5.4.2.1 Level of Classifier Outputs

Suppose there are K classifiers, denoted as ek (k = \ 2---K) to classify an unknown pat

tern X  e 0  . Generally, the output of a classifier can be one of the three levels [10],

Abstract Level: The unknown pattern X  is assigned an index i e A if a classifier ek be

lieves X e C , .

Rank Level: The unknown pattern X  is assigned by a classifier ek a rank vec

to r^  = [v(t(l) vk (2)---vk( M ) J , which is a permutation of the set A . The order of vk{j) in 

the permutation indicate the degree of confidence that the classifier ek believes 

X  e C,,where i = vk (j).

Measurement Level: The unknown pattern X  is assigned by a classifier ek a measure

ment vectors*. = [s* (1) sk (2)---sk (M)]r . Element sk (/) is a numerical value which indicates 

the degree of confidence that the classifier ek believes J e C ,.

5.4.2.2 Majority Vote

In the majority vote, the assignment of an unknown pattern X  to class C, by classifier ek 

can be denoted mathematically by the following binary relationship.

M
(5-1)

i=i
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T ( Y a C \ - \ l ek { X)  = in h e r e  i t  K
M  J  0 otherwise (5-2)

Denote E ( x ) be the combination of classifier outputs for an unknown pattern X . A com

mon form of the majority vote rule is to assign E ( x ) = / if the majority number of the clas

sifiers believe X  e Ci and the number exceeds a certain percentage of the total number of 

the classifiers K , that is,

E(X)  =
arg< max Y T k( x * c t)

k=1

M  +1 otherwise

i f  max £?;(X < e C,.) >aK
(5-3)

The constant a  is between 0 and 1 and is used to control the threshold for a valid deci

sion. Specifically, for the majority vote combination in this section £(x)is assigned an 

index / if more than one classifier agrees upon a proposition. If no agreement is present, 

then the majority vote assigns a value of M+1, indicating that a decision was no possible; 

however, considering the relatively high accuracy of the acoustic signal classifier, when 

none of the three classifiers were agree upon, the proposition of the acoustic signal classi

fier was selected instead.

5.4.2.3 Sore-combination

Sore-combination can only be applied to classifiers which have an output on the meas

urement level. In order to combine the outputs of different classifiers, the measurement

vector Sk =[st (l)st (2)---st (A/')]r first must be normalized so that each measurement is in

the same range. Various nonlinear transformations can be applied for the normalization.
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The normalized scores can then be fused with basic mathematical operations such as sum, 

difference and weight. In this study, the likelihood values were used as scores and a loga

rithmic transformation is used for measurement vector normalization, with the sum op

eration used for combination, which was selected based on the results of a previous pa

per [10], Since score-combination makes full use of each classifier’s output, it is expected 

to be superior in performance compared with major vote, which only considers the rank

ing of individual classifier and simply ignores the score information.

5.4.3 Results

GEMS MES Acoustic Type IMV

Figure 5-4 CER by unimodal classification and by Type I majority vote

Figure 5-4 showed the CER of the unimodal system and the multimodal system by Type I 

majority vote. The CER for the unimodal system was 31.1%, 16% and 3.1% when the 

GEMS signal, the MES and the acoustic signal was used respectively. The CER for the 

MES classification is slightly higher than the result obtained in Chapter 3 (12.8%). Con-
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sidering only 3 channels of MES were collected, compared to 5 channels in the Chapter 3 

data, the results are reasonable. The acoustic classifier had the lowest CER of 3.1% partly 

due to the acoustic signal was recorded in quiet lab environment. The judgments of the 

three classifiers were combined by the majority vote, resulting in a CER of 7.1%. While 

the combination yielded a CER better than the standalone GEMS signal or MES classifier, 

the rate was still higher than the acoustic signal classifier. This result also confirmed the 

fact that majority vote does not necessarily yield an accuracy better than any of the indi

vidual classifier. In the worst case, when the pattern of failure occurs, the accuracy of ma

jority vote can be worse than an individual classifier.

In majority vote, the combination was performed in a way such only the class which each 

classifier assigned the highest score was considered. Remember the HMM classifier as

signed a belief (score) to each class which it considered an unknown pattern belonged to. 

Thus, it was reasonable to utilize that information for more accurate final decision. This 

can be achieved by a method called score-combination.

Figure 5-5 showed the CER comparison of unimodal classifiers and multimodal classifier 

by score-combination. The CER dropped to 1.4% when the results from individual classi

fier were combined using score-combination method. Performance of the multimodal 

classifier was better than any of the individual standalone classifier. Score-combination 

also outperformed majority vote (7.1%), an improvement around 80%. Compared with 

majority vote, it would seem that score-combination fused the judgment of each classifier 

more effectively by utilizing the information which was ignored by majority vote. It was 

also noticed that the score-combination multimodal classifier had a lower CER than the

unimodal acoustic classifier; this would be particularly useful when the acoustic signal
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was contaminated by noise. It could be anticipated that the combination method would 

provide a robust mechanism for maintaining classification accuracies against ambient 

noise.

35 
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3? 20
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Figure 5-5 CER by unimodal classification and by Type I score-combination

GEMS MES Acoustic Type I SC
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5.5 Type II Combination

5.5.1 Implementation

Due to the differences between measurement mechanism and physical characteristics, the 

MES, the GEMS signal and the acoustic signal can be assumed to contain orthogonal in

formation regarding speech. Combined together, these signals would provide more in

formation for ASR. Another reasonable approach to utilize these information sources is to 

build a classifier which takes the three signals (the MES, the GEMS and the acoustic sig

nal) as input based on the assumption that the three signals represent a distinct speech 

pattern.

To construct a classifier for this propose, the feature extraction scheme and the structure 

of the HMM must be determined. One major difficulty lies in the fact that the HMM clas

sifier can not be optimized for all signal types at the same time in this case. Rather, the 

goal was to construct a classifier which produced the best overall performance.

It had been shown that 10-state left-right HMMs with single mixture observation Gaus

sian densities were adopted for both the GEMS signal and the MES classification for op

timal performance. We also noticed that there was only slight difference in CER for the 

acoustic signal classification with 6-state HMM and 10-state HMM. Thus, it made sense 

to use 10-state left-right HMMs with single mixture observation Gaussian densities as the 

“all-in-one” classifier.

Special considerations also must be taken into account for feature extraction scheme. 

Since only one classifier was used, when performed feature extraction, the observation 

window spacing must be kept the same among all the signals to construct the feature ma-
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trix; however, previous experiments had shown that the optimal window spacing was dif

ferent for different signals, i.e., 16 ms for the MES, 10 ms for the acoustic signal and 90 

ms for the GEMS. Bearing in mind that the goal is to achieve the overall performance, 

again, we conducted experiments to determine an empirically optimal value for the win

dow spacing, resulting in a 16 ms window spacing.

When the value of the window spacing was fixed, different sizes of observation window 

can be used to extract feature from different signals. Based on the results from previous 

Chapters, an observation window of size of 128 ms, 120 ms and 25 ms was used for the 

MES, the GEMS signal and the acoustic signal, respectively. In addition, within the ob

servation window, different feature sets can be extracted. Based on the results from Chap

ter 3 and Chapter 4, RMS and two AR coefficients were extracted for the MES; RMS, ZC 

and SSC for the GEMS signal, RMS and two AR coefficients for the acoustic signal. The 

segmentation process for a single window is illustrated in Figure 5-6. The next window 

follows the same segmentation process, with each window offset by the 16 ms window 

spacing.

All types of signals were partitioned in half, the odd number samples were used for train

ing and the even number samples were used for testing. Performance were evaluated by 

the CER in classification the test samples.
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Figure 5-6 Segmentation process for the combining classifier
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5.5.2 Results

35

GEMS MES Acoustic Type II

Figure 5-7 CER of unimodal classification and Type II combination

The CER of the unimodal classification and the multimodal classification by Type II 

combination were showed in Figure 5-7. The CER dropped to 1.8% by the “all-in-one” 

classifier. The CER was superior to any of the three unimodal classifier. A nearly 42% 

improvement over the acoustic classifier was observed. By using the MES and the GEMS 

signal as supplement to the acoustic signal for ASR, the proposed classifier seemed being 

able to discriminate the speech the unimodal acoustic classifier had difficult with, thus 

attaining a gain in the recognition accuracy. In addition, the CER was comparable with 

the rate obtained by score-combination method in previous section (1.4%). However, 

since this approach of combination used only one classifier instead of three in score- 

combination, there was the advantage of reducing the computational overhead and easing
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classifier implementation.

5.6 Multimodal ASR in Noisy Environment

5.6.1 Method

Two types of multimodal ASR systems had been proposed by combining the judgments 

of standalone ASR systems or by constructing an “all-in-one” classifier which used the 

MES and the GEMS signal as supplement to the acoustic signal. It was shown that the 

multimodal systems provided more accurate classification if an appropriate combination 

method was chosen. Indeed, the CER could be lower than the rate attained by a stand

alone acoustic system even under quiet lab environment. In this section, performance of 

the multimodal ASR systems was evaluated under noisy conditions.

The samples were separated in half. The odd numbered samples were used for training 

and the rest for testing. Specially, test samples of the acoustic signal were contaminated 

with different levels of additive white Gaussian noise (AWGN). The intensity of AWGN 

was measured by signal-to-noise-ratio (SNR) which was defined as the ratio of the power 

of the signal to the power of the AWGN. The SNR used in this experiment ranged from 0 

dB to 50 dB. When the SNR was equal to 0 dB, the power of the signal was equal to the 

power of the AWGN.

A unimodal acoustic classifier and two types of multimodal classifiers (Type I and 

Type II) were constructed as described in previous sections. The classifiers were trained 

using training samples which were not contaminated by AWGN, and then were used to 

classify the test samples contaminated by different levels of AWGN. Performance was 

evaluated using the CER.
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5.6.2 Results
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Figure 5-8 CER as a function of SNR

Figure 5-8 showed the plot of CER as a function of SNR for unimodal acoustic classifier 

and two types of multimodal classifiers. As expected, the CER for the acoustic classifier 

degraded dramatically from 4.4% to 86% as the SNR decreased from 50 dB to 0 dB. 

When the SNR was as small as 0 dB, the CER of the acoustic classifier was close to ran

dom guessing (i.e. 90%).

The CER for majority vote decreased from 33.3% to 7.3% as SNR increased from 0 dB 

to 50 dB. In terms of CER, majority vote outperformed the acoustic classifier when the 

SNR was less than 40 dB from where it seemed that the MES and the GEMS signal com-
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plemented the contaminated acoustic signal in providing speech information. However, 

when the SNR was high, performance of majority vote was slightly worse than the acous

tic classifier. This may partly due to the relatively higher CER of the MES and the GEMS 

signal classifier under high SNR environment which presented themselves as outliers to 

the acoustic classifier.

The CER for score-combination decreased from 51.8% to 1.4% when SNR increased 

from 0 dB to 50 dB. When the SNR was larger than 10 dB, score-combination was supe

rior to both majority vote and the acoustic classifier. When the SNR was 0 dB, however, 

the CER was 51.8%, worse than the rate of majority vote (33.3%).

The CER for Type II combination decreased from 32.4% to 1.9% as SNR increased from 

0 dB to 50 dB. This type of combination yielded the lowest CER among all classifiers 

when the SNR was small (less than 40 dB). For high SNR (greater than 40 dB), its per

formance was also close to the score-combination method, which was the method that 

yielded the lowest CER under these conditions.

When the SNR was less than 10 dB, the rate of performance degradation of score- 

combination and Type II combination was much great than that of majority vote. Notice 

that the rate was comparable to that of the acoustic classifier, the deteriorating acoustic 

signal accounted for the degradation. The noise in the acoustic signal will propagated to 

the score output of HMM classifiers. The majority vote essentially acted as a filter to 

these noisy scores, which had a smooth effect on the degradation rate. This could also 

account for the larger CER for score-combination compared to that of majority vote.

Although a significant performance improvement in terms of CER was observed for mul-
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timodal ASR systems when the SNR was small. The CER was increased with the de

crease of the SNR. The main reason was that the judgment of the acoustic classifier or the 

acoustic signal was treated equally even when contaminated by noise under current com

bination scheme. One alternative is to adaptively adjust the weight of the acoustic signal 

when the SNR was small such that the acoustic signal has less domination for final deci

sion. As a result, the MES and the GEMS signal, which are more resistant to noise, will 

gain more weight in making decision, and thus increases the chance of making correct 

decision.

5.7 Discussion

8

Acoustic Type IMV Type I SC Type II

Figure 5-9 A comparison of the unimodal system and multimodal systems without adding AWGN

Two types of multimodal systems have been constructed in this chapter. The CER com

parison among the acoustic unimodal ASR system and the multimodal systems without 

adding AWGN was plotted in Figure 5-9. The CER for the unimodal acoustic ASR sys

tem was 3.1%. With Type II score-combination, the CER dropped to 1.4%. The CER
81
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dropped to 1.8% when Type II combination was used. The noticeable reduction in CER 

(except majority vote) showed that the multimodal ASR system could be constructed to 

enhance the unimodal acoustic ASR system by properly fusing the results of individual 

classifier (Type I) or by constructing a combining classifier (Type n).

An observation of the confusion matrices of the classifiers could be of assistance to un

derstand the reason that accounts for the improvement. The confusion matrix for the MES 

HMM classifier and for the acoustic HMM classifier was shown in Table 5-1 and Table 

5-2 respectively. As indicated in the tables, the acoustic HMM classifier had difficulty in 

recognizing the word ‘5’: 9 out of 21 words spoken were misclassified; however, the 

MES HMM classifier was more efficient, with only 1 misclassification. On the other 

hand, the MES HMM classifier has difficulty recognizing the word ‘9’, 7 misclassifica- 

tions out of 30 words spoken, which could be recognized more accurately by the acoustic 

HMM classifier, only 1 misclassification out of 30 repetitions of the word ‘9’. Thus, it 

can be anticipated that with optimal combination methods, the multimodal ASR system 

would be able to utilize the capacities of individual classifier, reducing the CER

The CER was 1.8% when using Type II combination, a rate that was comparable with the 

result by Type I score-combination. Since only a single classifier was be used, there was 

no need to train each classifier separately like in Type I combination, which may be very 

time consuming and computational intension. Furthermore, there was no any decision 

rule required, which may be somehow subjective. However, the single one structure also 

suffered certain limitations: For example, the classifier structure may not be optimal for 

all signals to be classified. In addition, the classifier considered all the input signals

equally, ignoring the fact that some signals may convey more information for classifica-
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Table 5-1 MES HMM classifier confusion matrix for subject 5

HMM Classification

0 23 2 1 0 0 0 3 0 0 0

1 0 29 0 0 1 1 0 0 0 0

2 1 0 26 1 1 1 0 0 0 0

0 2 0 26 0 1 0 1 0 0

4 0 0 0 0 29 1 0 0 0 0

5 0 0 0 0 0 29 0 1 0 0

6 0 0 0 0 0 0 27 0 1 2

7 2 0 0 0 0 0 0 24 0 4

8 0 1 0 0 0 0 3 0 25 1

9 1 0 0 1 0 1 1 1 2 23
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Table 5-2 Acoustic HMM classifier confusion matrix for subject 5

HMM Classification

H B Sfe. I n p i 4^ iss£ J 6 ■ I ■ H 1
0 26 0 i 0 1 l 0 0 0 0

-I 0 30 0 0 0 0 0 0 1 0

2 1 0 28 0 0 1 0 0 0 0

3 0 0 0 29 0 1 0 0 0 0

W
or

d 
Sp

ok
en

4 2 0 0 1 27 0 0 0 0 0

■> 2 0 0 6 0 21 0 0 0 1

6 0 0 0 0 0 0 30 0 0 0

7 0 0 1 0 0 0 0 29 0 0

8 0 0 0 0 0 0 0 0 30 0

9 0 0 0 0 0 1 0 0 0 29

Despite of the computation complexity, Type I combination, on the other hand, offers the 

advantage that each classifier can be tuned for optimal performance. Also, different clas

sifier structures even different types of classifiers can be used depending on the character

istics of the signals to be classified. In addition, the fusing can be adjusted according to
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applications.

However, the multimodal system does not always produce superior performance. For ex

ample, the CER with majority vote was 7.1%. Although the CER was much less than the 

CER with the MES or the GEMS standalone classification (16% and 31.1% respectively), 

it was worse than the CER with acoustic standalone classification (3.1%). Two reasons 

may account for this deterioration. First, two wrong decisions made by the MES and the 

GEMS signal classifiers, when coincidently being unanimous, could avert the correct de

cision by the acoustic signal classifier. Again, these two classifiers do not have a high 

performance even under ideal conditions compared to the acoustic classifier. Second, 

when all classifiers failed to agree upon a decision, the decision of the acoustic signal 

classifier would be chosen based on the decision rule. On the other hand, the decisions 

from the MES and GEMS signal classifiers would be discarded, without making any use 

of the two additional information sources, which is desirable when the SNR is high but 

poor when the SNR is low. Despite its simplicity, the major vote treats each member 

classifier equally without considering the ability of individual classifier. In addition, the 

major vote does not utilize the probability information (e.g. score) resulting from individ

ual classifier. Therefore, the score-combination method, taking score information into 

account, seems more appealing in this scenario.

It was arguable that the performance of the acoustic signal classifier was not optimal with 

a CER of around 3.1%. While constructing a superior acoustic signal classifier is possible 

with carefully selected features and types of classifiers, it is sufficient to illustrate the ef

fectiveness of the combination approach which resulted in a multimodal ASR system. In

addition, an improved acoustic signal classifier or other signal classifiers should simply
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enhance the overall performance of the multimodal ASR system. Take the major vote for 

instance, since the decision was make by the acoustic classifier when there was no 

agreement among the three classifiers, an acoustic classifier, with higher recognition ac

curacies, could reduce the CER.

Performance of the proposed multimodal ASR systems had been evaluated using differ

ent levels of AWGN. Results showed that the multimodal ASR systems had consistent 

improvements over the unimodal acoustic ASR system under various levels of SNR. As 

expected, the CER increased dramatically when the samples were contaminated by 

AWGN. For example, at 15 dB SNR, the CER for the unimodal acoustic ASR was nearly 

57%. The rate for the Type II multimodal ASR was 5%, an improvement of 91% was ob

served.

5.8 Conclusions

A multimodal ASR system using the GEMS, the MES and the acoustic signal has been 

proposed. With appropriate selection of classifier structure and combination methods, 

performance of the multimodal ASR system was demonstrated to be superior to a unimo

dal acoustic ASR system. It was also demonstrated through an experiment that, when ap

plied to a noisy environment, where performance of the unimodal acoustic ASR system 

would deteriorate dramatically, the multimodal ASR system can be used to perform rec

ognitions much more accurately.

86

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Chapter 6 Conclusions and Future work

6.1 Conclusions

Conventional acoustic ASR methods have many limitations. Relying solely on the acous

tic signal, a conventional acoustic ASR system will suffer a severe degradation in recog

nition performance when operating with background noise and the system will fail when 

no acoustic communication was allowed. A new methodology of ASR was proposed in 

this research to overcome such drawbacks. The MES and the GEMS signal were used as 

alternative information sources for ASR. Thanks to their immunity to the acoustic noise, 

a MES or GEMS signal ASR system could be used to improve performance in noisy en

vironments. In addition, without relying on the acoustic signal, they could also be used in 

applications where acoustic speech is prohibited.

A new method of training the HMM classifier for the MES classification have been pre

sented, the new method, using the AMMI training, estimates the HMM parameters by 

utilizing the misclassification information during the training stage to maximize the sepa

rability between patterns. The AMMI training reduced the classification error rate by 3% 

consistently over the widely used ML training, with an improvement of 6.74% observed 

at the empirically optimal operating point.

The GEMS signal at the neck has been proposed as a new modality for ASR. The RMS, 

the ZC and the SSC have been selected among 5 time domain features. A classification 

error rate of 31.1% was achieve for a 10-word vocabulary with a 10-state HMM classifier
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using the extracted features. Similar to the MES, the GEMS signal is resistant to various 

acoustic noises. A GEMS signal recognizer can be used to perform ASR under severely 

background noise. If the classification accuracies could be improved further, it would 

make many for promising unimodal applications. For example, similar to the MES ASR, 

the GEMS signal ASR does not required the signal presents acoustically, which can be 

used to realize the silent communication or be used as voice prosthesis for patience who 

loses voice temporarily.

Two types of multimodal ASR systems were developed. A significant reduction in the 

classification error rate was observed by both proposed multimodal systems. Compared 

to the unimodal acoustic ASR system, the classification error rate of the unimodal acous

tic system dropped from 3.1% to 1.4% when the classification of each individual classi

fier was fusing using the score-combination. The classification error rate dropped to 1.8% 

when a single HMM classifier was constructed to perform recognition, using the three 

types of signals as inputs.

Performance of the multimodal ASR systems was simulated under noisy environment by 

adding 11 levels of AWGN to the acoustic test samples. Results showed that the multi

modal ASR systems had a consistent reduction in recognition error rate under various 

noise levels. Type II combination yielded the best overall performance among the three 

combination methods. It was not unexpected that the performance of the acoustic ASR 

degraded severely with the presence of AWGN. At 20 dB SNR, for example, the CER 

increased tremendously to 42.3%. By contrast, Type II combination yielded a CER of 

3.6% at the same SNR level. Advantages of this multimodality, shown in the results of

previous experiments, demonstrated the applicability of this new method for ASR
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6.2 Contributions

6.2.1 Major Contributions

1) Introduced the AMMI training in the context of MES ASR. This was demon

strated to improve the recognition accuracies of MES ASR, as the AMMI 

training uses the misclassification information in the training stage to adjust 

the HMM parameters adaptively. The reduction in the error rate was shown to 

be consistent over the ML training. This was published and presented at the 

2006 International Conference of the IEEE Engineering in Medicine and Bi

ology Society.

2) Implementing and testing of a new modality of ASR using the GEMS signal. 

This has been demonstrated of having the potential to be implemented as a un

imodal ASR system or as a supplement to the conventional acoustic ASR sys

tem. Testing and evaluation of the GEMS ASR system was done using ex

perimental data. While this idea has been previously proposed [34], this work 

represents the first implementation and confirmation of feasibility of ASR us

ing the GEMS signal.

3) Developed a multimodal ASR system using the GEMS signal, the MES and 

the acoustic signal. A majority vote, score-combination, and signal multimo

dal classifier were implemented. These implementations were tested and 

evaluated using experimental data. The multimodal ASR system demonstrated 

superior performance than the unimodal acoustic ASR system if using a 

proper combination method. This performance increase was shown to be es

pecially true under acoustically noisy conditions.
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6.2.2 Minor Contributions

1) Observed the AMMI training is sensitive to the training samples size, which 

implies the AMMI training could yield a better performance when there is 

significant large number of samples available for training.

2) Optimized a set of time-domain features and a structure of the HMM for the 

MES which provides a lower recognition error rate.

3) Optimized a set of time-domain features and a structure of the HMM for the 

GEMS signal which provides a lower recognition error rate.

4) Proposed two types of combination methods to construct a multimodal ASR 

system, that is, a multimodal ASR system that fusing the classification of in

dividual signal classifier and a multimodal ASR system that classifying three 

types of signals using one signal classifier.

5) Evaluated the multimodal ASR system with the majority vote and the score- 

combination, showed that the multimodal system does not necessary always 

improve the performance of the unimodal ASR system, the decision rule 

should be set up with caution.

6.3 Future Work

1) The availabilities of speech information in the GEMS signal have been proven 

in this study. Potentials of this new methodology for ASR using the GEMS 

signal in various real-world applications should be fully explored, including 

unimodal applications.

2) The GEMS signal was currently collected at the trachea area using a neck in

terface that firmly attached the antenna to the skin, which enable the GEMS
90
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operate in the near field area. The GEMS signal from other locations should 

be studied. For example, the GEMS signal could be collected to detect the mo

tion of the jaw, the chin or the mouth, which may convey the information for 

ASR The major difficulty lies in positioning the antenna for the near field op

erating, producing the GEMS signal with better SNR.

3) Classification accuracies of the GEMS signal should be further improved. Per

formance of various types of classifiers on the GEMS signal classification 

should be evaluated.

4) Only time domain features were extracted and used for classifications in this 

study. The effects of frequency domain features on the recognition perform

ance should be studied.

5) Techniques to reduce computational intensities should be applied. For exam

ple, the vector quantization could be performed on the extracted features to 

reduce the feature dimension.

6) More efficient instrumentation for the MES and the GEMS signal measure

ment should be developed, which could be implemented by designing wear

able measurement equipment or using wireless sensors.

7) The possibilities of training and operating the classifiers in offline, real-time, 

continuous speech and user independent manner should be further explored.

8) Other possible combination methods to construct a multimodal ASR system 

should be investigated. For example, the decision rules could be trained adap

tively to enhance the robustness of the multimodal ASR system or a series of 

sequentially arranged classifiers could be used to improve the recognition rate.
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9) Synchronization among the three types of signals should be performed. This 

could be achieved by employing a synchronized signal segment scheme or by 

modifying the structure of the classifier.

10) Using contextual information is another method of improving classification 

accuracy and should be integrated into future work.
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