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Abstract 

The performance degradation of a speech recognizer in the presence of additive noise is 

one of the major problems that still remain unsolved in the application of speech 

recognition technology. This thesis develops speech enhancement schemes where a noisy 

speech signal is processed in the feature extraction stage. Since the most popular speech 

features for speech recognition are Mel-Frequency Cepstral Coefficients (MFCC), vectors 

of Mel-scaled log-spectrum coefficients or cepstrum coefficients are enhanced. 

Three different speech feature enhancement schemes based on switching linear dynamic 

models (SLDMs) are proposed. The switching linear dynamic model describes the 

nonlinear and non-stationary time trajectory of speech features by switching among a set 

of linear dynamic models over time. With the resulting SLDMs as a speech model and a 

model for noise, speech and noise can be tracked jointly by means of switching Kalman 

filtering, which involves a weighted sum of filters operating interactively in parallel. 

Since the distortion caused by additive ambient noises is highly non-linear in the feature 

domain, the Extended Kalman Filter algorithm (EKF) and the Unscented Kalman Filter 

algorithm (UKF) have been used to deal with the nonlinear distortion caused by noise in 

the feature domain. 

Comprehensive experiments have been carried out to evaluate the proposed schemes with 

commonly used databases. The simulation results are presented and compared with other 

model-based feature enhancement systems in the literature in terms of speech recognition 

accuracy. Compared with the best results based on the Aurora2 database that we could 

find in the literature, our approach offers a similar performance (85.96% vs 86.72%) 

when the EKF is used in our proposed method, resulting in a smaller complexity. When 

the UKF is used with our method, our approach achieves a better performance (89.60% vs 

86.72%). 
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CDCN Codeword Dependent Cepstral Normalization 

DCT Discrete Cosine Transform 

EKF Extended Kalman Filter 

EM Expectation Maximization 

GMM Gaussian Mixture Model 

GPB Generalized Pseudo Bayesian 

GPB1 First order Generalized Pseudo Bayesian 

GPB2 Second order Generalized Pseudo Bayesian 

HMM Hidden Markov Model 

HMME Hidden Markov Mixtures of Experts 

HTK Hidden Markov Model Toolkit 

IMM Interacting Multiple Models 

LDM Linear Dynamic Model 

LKF Linearized Kalman Filter 

LPC Linear Predictive Coding 

LPCC Linear Predictive Cepstral Coefficients 

LP-HMM Linear Predictive Hidden Markov Model 

MAP Maximum A Posteriori 

ME Mixture of Experts 

MFCC Mel-frequency Cepstral Coefficients 

ML Maximum Likelihood 

MLP Multilayer Feedforward Neural Network 

MMSE Minimum Mean Square Error 

PLP Perceptual Linear Prediction 

RBF Radial Basis Function Neural Network 

SLDM Switching Linear Dynamic Model 

SNR Signal Noise Ratio 

SPLICE Stereo-based Piecewise Linear Compensation 

UKF Unscented Kalman Filter 

111 



UT Unscented Transformation 

VTS Vector Taylor Series 



Contents 

Acknowledgements 

Abstract 

Abbreviations 

Contents 

List of Figures 

List of Tables 

CHAPTER 1 Introduction 1 

1.1 Motivation 2 

1.2 Objectives 5 

1.3 Contributions 6 

1.4 Organization 8 

CHAPTER 2 Framework for Speech Recognition 10 

2.1 Speech Production System 10 

2.2 Speech Recognition System 11 

2.2.1 Standard Front-Ends 13 

2.2.1.1 LPCC 14 

2.2.1.2 MFCC 15 

i 

ii 

iii 

v 

x 

xi 

v 



2.2.1.3 Additional Post-Processing 16 

2.2.2 Acoustic Models 17 

2.2.2.1 HMM model 18 

2.2.2.2 GMM model 24 

2.2.3 Search Algorithm and Scoring 25 

2.3 Summary 27 

CHAPTER 3 Review of Speech Enhancement 28 

3.1 Speech Waveform Enhancement 28 

3.1.1 Spectral Subtraction 28 

3.1.2 Kalman Filter Based methods 30 

3.1.3 Noise Masking 33 

3.1.4 Statistical Model Based Approaches 34 

3.1.4.1 Spectral Amplitude Model Based Methods 35 

3.1.4.2 Hidden Markov Model Based Methods 35 

3.2 Speech Feature Enhancement 37 

3.2.1 Statistical-Model-Based Approach 38 

3.2.1.1 CDCN 39 

3.2.1.2 VTS-based Speech Feature Compensation 40 

3.2.1.3 SPLICE 41 

3.2.1.4 Extensions and Variations 43 

3.2.2 Filter-Model-Based Approaches 45 

3.3 Summary 46 

CHAPTER 4 Experimental Tasks and Corpora 47 

4.1 Experimental Conditions for Numbers vl.3 Database 47 

4.1.1 Speech Database 47 

vi 



4.1.2 Front-end Setting 48 

4.1.3 HTK Reference Recognizer 48 

4.2 Experimental Conditions for Aurora 2.0 Database 50 

4.2.1 Speech Database 50 

4.2.2 Front-end Setting 51 

4.2.3 HTK Reference Recognizer 52 

4.3 Scoring 52 

4.4 Why Test on Both Number vl .3 and Aurora 2.0 Databases 53 

CHAPTER 5 Speech Enhancement By Noise-Tracking-Only Method 55 

5.1 State-Space for Noise-Tracking-only Method 56 

5.2 Review of Switching Kalman Filter 58 

5.2.1 Introduction 58 

5.2.2 First Order Generalized Pseudo-Bayesian Approach 60 

5.2.3 Second Order Generalized Pseudo-Bayesian Approach 62 

5.2.4 Interacting Multiple Model (IMM) Approach 64 

5.2.5 Comparison of GPB 1, GPB2 and IMM Approximation 66 

5.3 Switching Kalman Filter for Noise-Tracking-Only Method 68 

5.3.1 Switching Extended Kalman Filter for Noise Tracking 68 

5.3.2 Switching Unscented Kalman Filter for Noise Tracking 71 

5.4 Speech Estimation by Minimum Mean Squared Estimation 74 

5.5 Simulation Results and Analysis 76 

5.4.1 Simulation Results on Database Number vl.3 76 

5.4.2 Simulation Results on the Aurora 2.0 Database 80 

5.6 Summary 84 

CHAPTER 6 Linear Predictive HMM for Speech Feature Enhancement 85 

6.1 Introduction 85 

vii 



6.2 Linear Predictive HMM (LP-HMM) as Speech Model 89 

6.3 Joint-Speech-Noise-Tracking Based on Linear-Predictive-HMM 95 

6.3.1 State-Space for Joint-Speech-Noise-Tracking 96 

6.3.2 Switching Kalman Filter with the GPB1 algorithm 97 

6.3.3 Switching Kalman Filter with the IMM algorithm 98 

6.3.4 Extended Kalman Filter for Joint-Speech-Noise-Tracking 99 

6.3.5 Unscented Kalman Filter for Joint-Speech-Noise-Tracking 101 

6.4 Simulation Results and Analysis 103 

6.4.1 Simulation Results on the Number vl .3 Database 103 

6.4.2 Simulation Results on the Aurora 2 Database 107 

6.5 Summary 110 

CHAPTER 7 Linear Dynamic Models with Mixture of Experts 

Architecture for Speech Feature Enhancement 112 

7.1 Introduction 112 

7.2 Mixture of Linear Dynamic Models as Speech Model 116 

7.3 Speech Feature Enhancement Based on Mixture of Linear 

Dynamic Models 123 

7.4 Simulation Results and Analysis 126 

7.4.1 Simulation Results on the Number vl .3 Database 126 

7.4.2 Simulation Results on the Aurora 2 Database 132 

7.5 Summary 136 

CHAPTER 8 Time-Variant Linear-Predictive-HMM for Speech Feature 

Enhancement 137 

8.1 Introduction 137 

8.2 Time-variant Linear-Predictive-HMM as Speech Model 143 

viii 



8.3 Speech Feature Enhancement Based on Time-Variant LP-HMM 147 

8.4 Simulation Results and Analysis 150 

8.4.1 Simulation Results on the Number vl.3 Database 150 

8.4.2 Simulation Results on the Aurora 2 Database 153 

8.5 Summary 158 

CHAPTER 9 Conclusions and Future Work 159 

9.1 Summary of Results and Conclusions 160 

9.2 Recommendations for Future Work 165 

BIBLIOGRAPHY 167 

ix 



List of Figures 

2.1 A general speech recognition system 12 

2.2 Front-end processing using overlapping window functions 14 

2.3 An example of Mel-spaced filterbank 15 

2.4 Block diagram of the MFCC processor 16 

2.5 Hidden Markov Model generating observation vectors 18 

2.6 Recognition network 26 

5.1(a) GPB1 algorithm 67 

5.1(b) GPB2 algorithm 67 

5.1(c) IMM algorithm 68 

5.2 Typical temporal sequence of log-spectrum coefficients 76 

6.1 Graphical representation of an HMM with Gaussian output 86 

6.2 Graphical representation of HMM-based switching LDM 87 

6.3 Graphical representation of the switching LDM in [Dro04] and [Kim05] 87 

7.1 Illustration of the mixture of experts (ME) structure 113 

7.2(a) Graphical representation of the switching LDM in [Dro04] and [Kim05] 115 

7.2(b) Graphical representation of the mixture of linear dynamic models 116 

7.3 Block diagram of the proposed mixture of LDMs 116 

8.1(a) Graphical representation of the linear-predictive HMM 139 

8.1(b) Graphical representation of the mixture of linear dynamic models 140 

8.1(c) Graphical representation of the time-variant linear-predictive HMM 140 

8.2 Block diagram of the proposed time-variant linear-predictive HMM 141 

8.3 Block diagram of the transition network used in [Lie99][Wan04] 142 

8.4 Block diagram of the proposed transition network 142 

X 



List of Tables 

5.1 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 77 

5.2 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the log-spectrum domain 77 

5.3 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the cepstrum domain 78 

5.4 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the cepstrum domain 78 

5.5 Accuracy (%), Aurora 2 81 

5.6 Accuracy (%) baseline without noise compensation, Aurora 2 81 

5 .7 Accuracy (%) with speech enhanced by VTS 81 

5.8 Accuracy (%) with speech enhanced by 100 particle filters 82 

5.9 Accuracy (%) with speech enhanced by 16 Unscented Kalman filters 82 

5.10 Summary of accuracy (%) on Aurora 2.0, set A 83 

6.1 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 104 

6.2 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the log-spectrum domain 105 

6.3 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the cepstrum domain 105 

6.4 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the cepstrum domain 106 

6.5 Accuracy (%) with speech enhanced by the switching Extended Kalman filters 

based on the proposed SLDM 108 

6.6 Accuracy (%) with speech enhanced by the switching Unscented Kalman filters 

based on the proposed SLDM 109 

6.7 Summary of accuracy (%) on Aurora 2.0, set A 109 

6.8 Number of LDMs in the SLDM 110 

xi 



7.1 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 128 

7.2 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the cepstrum domain 129 

7.3 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 129 

7.4 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the cepstrum domain 130 

7.5 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced in the log-spectrum domain 130 

7.6 Accuracy (%) with speech enhanced by the switching Extended Kalman filter 

based on the proposed SLDM 133 

7.7 Accuracy (%) with speech enhanced by the switching Unscented Kalman filter 

based on the proposed SLDM 133 

7.8 Summary of accuracy (%) on Aurora 2.0, set A 134 

7.9 Number of LDMs in the SLDM 134 

7.10 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 135 

8.1 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 152 

8.2 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the log-spectrum domain 152 

8.3 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 153 

8.4 Accuracy (%) with speech enhanced by the switching Extended Kalman Filter 

based on the proposed SLDM 155 

8.5 Accuracy (%) with speech enhanced by the switching Unscented Kalman Filter 

based on the proposed SLDM 155 

8.6 Summary of accuracy (%) on Aurora 2, set A 156 

8.7 Number of LDMs in the SLDM 156 

8.8 CPU time (sec) for the enhancement of one utterance 

xii 



when speech is enhanced by the switching EKF algorithm 157 

8.9 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching UKF algorithm 157 

9.1 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced by the switching EKF algorithm 161 

9.2 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced by the switching EKF algorithm 161 

9.3 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 162 

9.4 Summary of accuracy (%) on Aurora 2, set A, by the switching EKF algorithm 163 

9.5 Summary of accuracy (%) on Aurora 2, set A, by the switching UKF algorithm 163 

9.6 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 164 

9.7 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching UKF algorithm 164 

xiii 



Chapter 1 

Introduction 

Speech is one of the most important tools that people use to communicate ideas. 

Advances in telecommunications over the last few decades have made speech 

communications anywhere a reality. The freedom and flexibility provided by speech 

communications introduce new challenges, one of the most prominent ones being the 

suppression of noise. For example, mobile phone users communicate in different 

environments with varying amounts and types of background noise and channel noise. 

These problems call for the use of speech enhancement. 

Speech enhancement is defined as the attempt to improve the performance of speech 

communication systems when their input signal is corrupted by noise [Eph92]. Usually a 

speech enhancement system is based on certain assumptions (for example, the type of 

noise source, the way in which the noise interacts with the clean signal) and constraints 

(such as the number of input channels or microphones available for enhancement), which 

are typically dependent on the application and the environment. The interfering noise may 

result from background sources such as road noise or from the communication channel. 

Noise from background sources is generally modeled as additive noise whereas 

communication channel noise is modeled as convolutional noise. Environmental 

influences can also cause changes in speech articulation [Rab93]. For example, a speaker 

may shout to be heard in extreme noise. This phenomenon is called the Lombard effect 

[Rab93] and is difficult to model. 

Broadly speaking, the field of speech enhancement is interested in addressing three (not 

necessarily compatible) objectives [Eph92]: (a) the improvement of perceptual quality of 

noisy speech, (b) the immunization of speech encoders against input noise, and (c) the 

improvement of performance of speech and speaker recognition systems in the presence 

of noise. If the first criterion for performance improvement is used, the enhancement 
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system attempts to improve the quality and/or intelligibility of the corrupted speech. 

These measures are related to listener fatigue and understanding, respectively. The 

ultimate test of the effectiveness of the enhancement technique is human evaluation. The 

enhancement schemes for performance improvement with the second objective typically 

have applications as front ends to speech coders. This thesis deals with the third objective: 

speech enhancement for the purpose of improving the accuracy of speech or speaker 

recognition systems. Our study is focused on telephone-driven applications, where a 

single acquisition channel is available. The interfering noise may be stationary or non-

stationary, and only additive noise is considered. Noise is typically modeled 

independently of the speech. Communication channel noise and the Lombard effect are 

not considered. The enhancement system developed is to be used as a front end to a 

speech/speaker recognizer. 

1.1 Motivation 

It is well known that the performance of speech recognition systems degrades in the 

presence of noise [Gon95][Vii01]. Current state-of-the-art ASR (Automatic Speech 

Recognition) systems lag far behind human speech recognition in terms of noise 

robustness, and improving ASR in noisy environments remains a challenging problem. It 

should be noted that robust speech recognition is a complete research topic itself, and that 

using speech enhancement as a front-end to a recognizer is only one solution to the 

problem. A review of approaches to robust speech recognition can be found in [Gon95]. 

The approaches can be divided into the following three categories: 

(1) Use of Noise Resistant Features - This approach assumes that the system is 

independent of noise, with the same configuration used for both clean and noisy speech. 

Therefore these techniques attempt to derive features and parameters of speech that 

arenoise resistant. 

(2) Speech Model Compensation for Noisy Environments - Model Compensation entails 

the transformation of speech recognition models created in a reference environment 
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(usually clean environment) to accommodate a specific noisy environment in order to 

recognize noisy speech. This technique, rather than attempting to derive a clean estimate 

of speech, allows for noise in the recognition process itself. 

(3) Speech Enhancement - This involves the transformation of noisy speech into as close 

an approximation of the training environment as possible. Usually clean speech is used to 

train the acoustic models. By preprocessing speech, enhancement techniques are intended 

to recover either the waveform or specific parameters of clean speech. Therefore speech 

enhancement techniques are useful as a front end for speech recognition systems. 

The approaches based on the usage of noise-resistant features have the advantage that 

they are applicable to wide ranges of noisy environments, since there is no assumption 

about the characteristics of the noise. But ther e techniques are not the most successful in 

the literature. Compared with them, speech model compensation approaches usually give 

better results. But the problem is that a speech recognition model compensated in one 

noise environment may only be used in that specific noise environment, making the 

system too specific for general use. Some earlier work, such as [DenOl], also 

demonstrated a superior performance of the speech enhancement approach over the 

speech recognition model compensation one. Considering these factors, we choose speech 

enhancement as the concern of this thesis. 

Research in speech enhancement over the last three decades has resulted in a number of 

different approaches. The techniques are categorized according to the type of models, if 

any, to model the speech and noise, and the amount of prior information included. In 

general, the use of more accurate speech and noise models and incorporation of relevant 

prior information leads to better enhancement at the expense of greater computational 

complexity. Among the most successful speech enhancement algorithms have been 

spectral subtraction [Bol79][Lim79], MMSE [Eph84], and Kalman filter [Pal87], A 

detailed description is given in Chapter 3. It should be noted that these techniques are 

usually not directly related to improving speech recognition performance. Most of these 

techniques were originally developed for speech quality enhancement, and while the 
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distortion caused by those techniques is tolerable for humans, they may cause problems 

for recognition systems. On the other hand, distortion measures used by speech and 

speaker recognition systems may not correspond to a guaranteed quality or intelligibility 

improvement [Log97]. Towards solving the noise compensation problem in speech and 

speaker recognition systems, in the past few years a variety of techniques have been 

developed. One of the prevailing approaches is speech features enhancement, where a 

noisy speech signal is processed in the feature extraction stage. Instead of producing an 

enhanced waveform, an enhanced version of the recognition parameters is produced. It is 

believed that enhancement in the speech feature domain is most desirable if the purpose 

of speech enhancement is for robust speech recognition, since this is the domain as close 

as possible to the back end of the recognizer [Den04b]. Since the most popular speech 

features for speech recognition are Mel-Frequency Cepstral Coefficients (MFCC), vectors 

of Mel-scaled log-spectrum coefficients or cepstrum coefficients are enhanced, as they 

are an intermediate step in the computation of the MFCC coefficients. One of the 

difficulties with these approaches is that the distortion caused by additive ambient noises 

is highly non-linear in the feature domain. While numerical integration methods [Myr03] 

and particle filtering [Umb05] [Fuj05] can be used to solve the nonlinear estimation, in 

most of the approaches simpler estimators are obtained by linearization, e.g., by Taylor 

series approximation [Mor96] or statistical linear approximation [Kim98a]. Another 

difficulty is that the trajectory of speech features exhibits a complex and rich dynamic 

behavior that is both nonlinear and time varying. Since there is not an explicit dynamic 

model for a speech feature sequence, a Gaussian mixture model (GMM) is usually used. 

With GMM as the speech model, the noise is considered as the state variable to be 

estimated, whose observation is corrupted by speech. Clean speech estimation is then 

obtained by removing the noise sequence from the noisy signal sequence. While in some 

approaches noise is considered stationary, some approaches explicitly address non-

stationary noise, among which are sequential expectation maximization (EM) 

[Kim98c][Afi04], sequential maximum a posteriori (MAP) [Den04a], Kalman filter 

[Kim98b], and particle filtering [Fuj05]. However, it is believed that joint noise and 

speech tracking should yield a better enhancement result, as is done in [Dro04], and that 

is the method followed by this thesis. The major obstacle with this approach is how to 
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represent the nonlinear and non-stationary time trajectory of speech features by a dynamic 

model, which is a problem that has not been well solved in the literature. 

1.2 Objectives 

The objective of this thesis is to develop model-based speech enhancement approaches to 

compensate the noise in the speech feature domain. Such systems include an a priori 

model for speech and a model for noise, as well, within the enhancement algorithm. 

Accurate estimation of clean speech requires that the models be robust and faithful 

representations of reality. So the proposed speech enhancement methods are composed of 

two parts: a speech model estimate and a filtering algorithm. 

Inspired by the divide-and-conquer principle underlying the mixture-of-experts (ME) 

neural network [Wei95] and the autoregressive HMM (AR-HMM) architecture, which 

automatically segments a non-stationary time series into discrete stationary regimes 

[Pen98], a switching linear dynamic model is developed. The switching linear dynamic 

model describes the dynamics of a complex, non-stationary process by switching among a 

set of linear dynamic models over time. We investigate the appropriateness of the 

switching linear dynamic model to be the dynamic model of speech features in the log-

spectra and cepstral domains. This includes the presentation of the theoretical aspects of 

the proposed architecture, the derivation of an appropriate learning algorithm, and the 

evaluation of experimental performance. 

With the resulting model, speech and noise can be tracked jointly by means of switching 

Kalman filters. Unfortunately, exact inference in switching Kalman filters is intractable in 

practice. The optimal minimum mean square error estimate involves a bank of filters 

tuned to all the possible parameter histories, which makes the cost in computations grow 

exponentially with the data length [Sha93]. To solve this problem, we therefore need to 

use approximate inference. We investigate how to adapt the approximate inference to the 

switching linear dynamic model obtained and analyze the effectiveness of different 

approximation algorithms on improving the speech recognition accuracy. 
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1.3 Contributions 

The main contributions of this thesis are listed as follows: 

1. Three different switching linear dynamic models (SLDM), named in this thesis as 

linear-predictive-HMM, switching linear dynamic model with a mixture of experts 

(ME) structure, and time-variant linear-predictive-HMM, have been proposed to 

model the distribution of speech for the purpose of speech enhancement under a noisy 

environments. We investigate the appropriateness of the proposed switching linear 

dynamic models to be the dynamic models of speech features in the Mel-scaled log-

spectra and cepstral domains. 

In the linear-predictive-HMM, each multivariate linear prediction model is associated 

with a hidden state of a HMM to describe the temporal correlations among adjacent 

frames of speech features. Switching between the linear dynamic models is based on 

the internal information extracted from the estimation of present HMM state and state 

transition probability. In the switching linear dynamic model with a mixture of 

experts (ME) structure, the proposed model takes the input information into 

consideration when partitioning and switching between the complex input spaces. 

External information is presented in the form of inputs to a neural network, called a 

gating network. In the time-variant linear-predictive-HMM model, rather than holding 

a transition probability for the whole process as in the linear-predictive-HMM, a 

connectionist model is employed to learn the time variant transition probabilities from 

the dynamic situation of the time series. The new speech model integrates the 

following information: (1) input information, (2) predictor performance information, 

(3) previous state information. It can be interpreted as a combination of the switching 

linear dynamic model with a mixture of experts (ME) structure and the linear-

predictive-HMM model previously proposed. 

2. With the resulting SLDMs as a speech model and a model for noise, we propose to 

track the speech and noise jointly by means of switching Kalman filtering. We study 
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the efficiency of two different inference approximations, the Generalized Pseudo 

Bayesian (GPB) algorithm and the Interacting Multiple Model (IMM) algorithm, to 

handle the interactions between the parallel Kalman filters. The Extended Kalman 

Filter algorithm (EKF) and the Unscented Kalman Filter algorithm (UKF) are 

proposed to deal with the nonlinear distortion caused by noise in the feature domain. 

3. Comprehensive experiments have been carried out to evaluate the proposed schemes 

with commonly used databases. The performances of the proposed schemes for 

speech enhancement in both the log-spectral domain and the cepstral domain are 

presented and compared in terms of speech recognition accuracy with other model-

based feature enhancement systems found in the literature. 

Parts of the technical contributions of this thesis have been published (or submitted) in the 

following papers: 

• J. Deng, M. Bouchard, and T.H. Yeap, "Feature enhancement for noisy speech 

recognition with a time-variant linear predictive HMM structure", submitted to 

IEEE Transactions on Audio, Speech and Language Processing 

• J. Deng, M. Bouchard, and T.H. Yeap, "Noisy speech feature estimation on the 

Aurora 2 database using a Switching linear dynamic model", invited paper, 

submitted to Journal Of Multimedia 

• J. Deng, M. Bouchard, and T.H. Yeap, "Linear dynamic models with mixture of 
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1.4 Organization 

Chapter 2 begins with a brief introduction to the anatomy and physiology of human 

speech production systems. Next, some background about speech recognition systems is 

provided. The theory of Hidden Markov models (HMM) and Gaussian Mixture Models 

(GMM) is outlined. How to model the HMMs and the GMMs with the expectation 

maximization algorithm (EM) is described. 

Chapter 3 summarizes the main methods of speech enhancement presented in the 

literature, including the speech enhancement methods in the time domain and the speech 

enhancement methods in the feature domain. 

In chapter 4, the speech recognition engines and the speech databases that are used in the 

experiments are addressed, as they shall be used to test the algorithms developed in this 

thesis. 

A comparative study of model-based feature enhancement systems is given in chapter 5. 

At first, an overview of the switching Kalman filtering that is applied in the model-based 

feature enhancement system is given. The prevailing noise-tracking idea for speech 

enhancement is then reviewed, in which noise is considered as the state variable to be 

tracked. A switching Kalman filter is used to estimate the noise and then speech is 

enhanced by removing the noise estimate. We investigate the drawbacks of this noise-

tracking idea, which leads to the introduction of switching models for speech in the 

following chapters, in order to track the speech and noise sequences jointly. 
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Chapter 5, 6 ,  7 and 8 contain the main contributions of this research thesis. In chapter 6, a 

speech enhancement scheme based on linear predictive hidden Markov models is 

developed. The experimental results with the proposed method are presented, and a 

discussion follows. 

A mixture model with linear continuous state evolution processes is described in Chapter 

7. The learning algorithms to estimate the model parameters are given. A speech 

enhancement scheme based on the proposed model is developed. Experimental evaluation 

of the proposed method for speech enhancement is carried out, and the results are 

analyzed. 

A switching linear dynamic model based on the concept of hidden Markov models 

(HMM) but with time-variant transition probability is described in Chapter 8. The 

learning algorithms to estimate the model parameters are given. A speech enhancement 

scheme based on this new model is proposed. The proposed method is then evaluated 

based on the experimental results obtained. 

In Chapter 9, the main results obtained in this thesis are summarized. A discussion on 

potential future work is given. 

9 



Chapter 2 

Framework for Speech Recognition 

Since the algorithms to be developed in this thesis will be evaluated in the context of 

continuous speech recognition, this chapter will give a short review on the production of 

speech in humans and provide an overview of the basic structure of the recognition 

system used for the experiments described in this thesis. The performance index for 

speech recognition systems will be given. Finally speech recognition engines constructed 

based on HTK (Hidden Markov Model Toolkit [HTK99]) will be described. It should be 

noted that the algorithms developed in this thesis are independent of the recognition 

engine used, as long as the speech features used in the recognition engine are Mel-

frequency cepstral coefficients (MFCC); hence, the results and conclusions of this thesis 

could be applicable to other recognition systems, for example, speaker recognition 

systems, which share a similar front-end and a similar acoustic model with speech 

recognition systems. 

2.1 Speech Production System 

The process of speech communication involves the production of an acoustic wave by the 

speaker and the perception of the signal by the listener. Though the process of speech 

perception still largely remains a mystery to the scientific world, the process of speech 

production has been well researched and understood. When air is expelled from the lungs 

by the diaphragm through the trachea, the tensed vocal cords within the larynx are caused 

to vibrate. The airflow is chopped into quasi-periodic pulses which are then modulated in 

frequency when passing through the throat cavity, the mouth cavity and the nasal cavity. 

Depending on the positions of various articulators (i.e., velum, tongue, lip), different 

sounds are produced. A detailed description of speech production can be found in [Del93] 

[Rab93]. 
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A sequence of various sound units constitutes a speech signal. The sound units, used as 

basic theoretical units for expressing linguistic meaning, are phonemes. A phoneme 

describes the linguistic meaning conveyed by a particular speech sound. The American 

English language consists of about 42 phonemes, which can be classified as vowels, 

semivowels, diphthongs and consonants (fricatives, nasals, affricates, aspiration and 

stops). Vowels are produced due to the periodic vibrations of the vocal cords in the larynx. 

Fricatives are caused by the turbulence of the air passing through narrow constrictions in 

the vocal tract, causing a random noise-like sound. Nasals are caused by acoustically 

coupling the nasal cavity to the pharyngeal cavity by lowering the velum. Building up 

pressure in front of the vocal tract and abruptly releasing it produces plosives. Thus, a 

phoneme basically represents a class of sounds with similar acoustical meaning. 

2.2 Speech Recognition System 

Figure 2.1 illustrates a contemporary ASR system [Ros04]. The system consists of five 

main blocks: the front-end, acoustic models, language model, lexicon and search 

algorithm. Incoming speech is subject to some form of front-end signal processing that 

outputs a sequence of acoustic vectors, 0= {o\,...,oj}. This is called feature parameter 

extraction. The speech recognizer has to choose the word sequence, W= {w>i,...,wl}, with 

the maximum posterior probability given the observation sequence as follows 

W = arg max P(W \ O) = arg max (2.1) 

where Bayes' formula has been applied to obtain the final form. 

The tennP(01W) is called the acoustic model. In the context of statistical methods for 

speech recognition, Hidden Markov Models (HMM) are currently the most popular and 

successful approach for characterizing the spectral properties of speech frames . For 

small-vocabulary systems with sufficient training data it is possible to build a HMM for 

each word, while in large-vocabulary systems, it is unlikely that there are enough training 

examples of each word in the dictionary. HMMs representing some sub-word units have 
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to be used. Linguistic units such as phonemes are the most commonly used sub-word 

speech units. In that case, with a lexicon to dictate how these sub-word units are linked 

together to form individual words, a composite HMM is constructed by joining in 

sequence the HMMs corresponding to sub-word units. The second term P(W), generally 

called language model, contains the information about which word sequences are 

allowable and the probability of such sequences. The language model is called a grammar 

when only the syntactic constraints are used. It can reduce the computational load and 

improve the accuracy of the recognizer by limiting the word search space. It should be 

noted that the likelihood of the observation sequence, P(O), may be omitted in the 

maximization since it is independent of the word sequence. A Search algorithm 

implements the maximization in Equation 2.1. The performance of speech recognition 

systems is then evaluated by comparing the recognized hypothesis to a reference 

transcription, to produce the word error rate. 

speech 

Lexicon Language Model 

Front-end 
Processing 

Acoustic Models 

Search 
Algorithm 

Figure 2.1 A general speech recognition system 

The five blocks are introduced in more detail in the following sections. First, the front-

end block is reviewed. The theory of Hidden Markov Models (HMM) is then presented 

along with schemes to optimize its parameters. The theory of Gaussian Mixture Models 

(GMM) is introduced as a particular type of HMM. Next an efficient search algorithm to 

find the maximum likelihood state sequence called the Viterbi algorithm [Rab93] is 

briefly described. 
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2.2.1 Standard Front-Ends 

In a speech/speaker recognition system, first the acoustic waveform is recorded and 

sampled typically at 8 or 16 kHz to allow processing by a digital device. It is not easy to 

compare the sampled acoustic waveform directly due to the varying acoustic 

characteristics. Instead, the speech waveform is converted to some type of parametric 

representation, such as the short-term spectra, for further analysis and comparison. 

The speech signal is assumed to be quasi-stationary so that its characteristics are fairly 

stationary when divided into short frames, often 25 ms. A window function (e.g., 

Hamming) is applied to each frame to reduce boundary effects in the subsequent 

processing. For each frame a new observation vector is produced. There are overlaps 

between the adjacent frames. This process is illustrated in Figure 2.2. 

The most commonly used parametrical representations are Linear Predictive Cepstral 

Coefficients (LPCC) [Rab93], Mel-frequency cepstral coefficients (MFCC) [Dav80] and 

perceptual linear prediction (PLP) coefficients [Her90]. LPCC is based on the Linear 

Predictive coding (LPC) model, which is also known as autoregressive modeling or AR-

modeling, and is widely used in many speech research areas. The LPC model uses an all-

pole transfer function to model the vocal tract and estimate the power spectrum of the 

speech. A disadvantage of the LP model is that it approximates the speech at all 

frequencies in the same manner, which is not a suitable approach for hearing because it is 

more sensitive in the mid-range frequencies. Instead, MFCC is the most popular 

representation in speech recognition applications. The main idea of MFCC is to take 

advantage of characteristics derived from the physical acoustic properties of the human 

ear for estimating the audible spectrum. The LPCC and MFCC feature extractors will be 

described in more detail next. 
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2.2.1.1 LPCC 

The linear predictive coding (LPC) performs spectral analysis on windows of speech 

using an all-pole modeling constraint [Mak75]. Within each window the sample at time t, 

s(t) is assumed to be expressible as a linear combination of the past p samples plus some 

excitation term, Gu(t): 

s(t) » ̂  ats{t — i) + Gu(t) (2.2) 
;=I 

where a, are assumed to be constant over the window of speech, G is the gain and u(t) is 

the normalized excitation. The parameter p is called the LPC analysis order. The output of 

the LPC analysis on a window of speech is the vector of p coefficients (known as the 

autoregressive coefficients), ai...ap, 'hat specify the spectrum of an all-pole model that 

best matches the spectrum of frequencies inside the window. The cepstral coefficients, 

which have been shown to be a more robust, reliable feature set for speech/speaker 

recognition than the LPC coefficients, can be derived directly from the LPC coefficients 

as [HTK99]: 

«-i 
cn =-a» +7Z("-0«,c„-,- 0 <n<p (2.3) 

;=i 

where ci is the zth cepstral parameter calculated from the LPC parameters. 

window duration 
speech waveform 

overlap 

H 

'  t - \  

I i 

speech vectors 

Figure 2.2 Front-end processing using overlapping window functions 
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2.2.1.2 MFCC 

Psychophysical studies have shown that human perception of the frequency content of 

sounds does not follow a linear scale. Thus for each tone with an actual frequency / 

measured in Hz, a subjective pitch is measured on a scale called the 'mel' scale. The 

Mel-frequency scale is a linear frequency spacing below 1000 Hz and a logarithmic 

spacing above 1000 Hz. We can use the following approximate formula to compute the 

Mels for a given frequency/in Hz: 

mel( f )  = 2595 * log io(l + / / 700) (2.4) 

One approach to simulating the subjective spectrum is to use a filter bank, spaced 

uniformly on the Mel scale, and each filter bank has a triangular bandpass frequency 

response as shown in Figure 2.3. 

Mel-spaced filterbank 

Frequency [Hz) 

Figure 2.3 An example of Mel-spaced filterbank 

To parameterize the speech signal into a sequence of Mel-frequency cepstral coefficients 

(MFCC), first each frame is transformed to the frequency domain using a Short Time 
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Fourier Transform (STFT). The squared magnitude of the STFT is computed and then 

multiplied by the Mel-frequency weighting functions and summed to obtain the Mel 

spectrum, whose components represent the energy in each of the Mel filters. To 

approximate human auditory processing more closely, the natural logarithm of each of the 

elements in the Mel-spectral vector is then computed, producing the log-Mel spectrum of 

the frame. In the final step the result is converted to Mel-frequency cepstra via a discrete 

cosine transform (DCT) to reduce the spatial correlation in the vectors. The MFCC 

feature extraction process is shown in Fig 2.4. The output is then truncated to the number 

of required observation vector elements. The 0th cepstral coefficient indicates the power 

of the speech signal. Therefore each input utterance is transformed into a sequence of 

acoustic vectors. By using the cepstral coefficients that are generally decorrelated, we 

obtain HMMs with diagonal covariance matrices. 

spectrum frame continuous 
speech 

mel log-mel mel 
spectrum spectrum cepstrum 

Frame 
Blocking 

FFT 

DCT 

Windowing 

Mel-frequency 
Wrapping 

Figure 2.4 Block diagram of the MFCC processor 

2.2.1.3 Additional Post-Processing 

For systems that operate on variable communication channels such as public telephone 

networks, the convolutional noise is represented as an additive component in the cepstral 

domain. A simple method called Cepstral Mean Normalization (CMN) can reduce the 

effect of channel filtering greatly. The means of the features are estimated over a section 

of speech. Each feature has this mean subtracted away thereby removing any linear, time 

invariant static noise from the features [HTK99]. 
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6I=«,-+E«. <2'5> 
/=0 

T is the total number of occurrences for a given feature in one utterance. After the 

normalized cepstral coefficients have been obtained, in the final step of a typical speech 

processing front-end, first-order (delta) and second-order (delta-delta) regression 

coefficients are appended to the observation vectors [HTK99]. The first and second 

derivatives (with respect to time) of the cepstral coefficients give an indication of the 

rates at which the cepstral coefficients change. It has been found that augmenting the 

cepstral coefficients with derivatives often improves the accuracy of speech recognition 

and speaker recognition systems, because these coefficients capture some of the 

correlation between feature vectors. The delta coefficients are given by [HTK99] 

d  ( 2 6 )  

iTL* 

where dt is a delta coefficient at time t computed in terms of the corresponding static 

coefficients ct_8 to ct+e, and 9 is the regression window size. The delta-delta regression 

coefficients (referred to as acceleration coefficients) are obtained by applying the same 

equation to the delta coefficients. Thus, a typical speech processing front-end produces a 

sequence of observation vectors that include the basic static parameters, the delta 

coefficients and the acceleration coefficients. 

2.2.2 Acoustic Models 

In speech recognition, it is assumed that speech is represented as a sequence of 

observation vectors derived from a probabilistic function of a first-order Markov chain. 

A brief summary of the fundamentals of HMMs is given next. Maximum likelihood (ML) 

parameter optimization for HMMs using the Baum-Welch algorithm [Bau70] is then 

addressed. Comprehensive descriptions of HMM theory and its application to speech 

modeling can be found in [Rab89][Rab93][Del93] and their references. 
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2.2.2.1 HMM Model 

A speech unit modeled by a Markov chain is shown in Figure 2.6. The diagram, adopted 

from the Hidden Markov Model toolkit (HTK) [HTK99], has non-emitting entry and exit 

states, and three emitting states. Hence, the total number of states is N = 6. States are 

connected by a probabilistic 'transitions' matrix, A= {%}, that capture the durational 

structure. For each state there is a transition probability which is formed by equations 

(2.7),(2.8). 

p{q, = j I qt-i = i) = a.tj 1 <i,j<N (2.7) 

N 

2X =1 (2.8) 

where qt is the actual state at time t and ay is the transition probability between state i and 

j. This matrix does not have to be full, whereby all transitions are permitted. As shown in 

Fig 2.5, the transition is normally constrained to be left-to-right. The non-emitting states 

allow expansion to composite models built from a number of individual HMMs for 

continuous speech recognition. Self-transitions from the non-emitting states are not 

allowed. 

an <233 #44 Cl55 

(03)^4(04^(03 

01 02 03 04 05 06 

HMM 
model 

Observation 
Sequence 

Fig 2.5 Hidden Markov Model generating observation vectors [HTK99] 
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The observation symbol probability distribution, B = { & y ( o , )} ,in which 

b j (o l )  =  P(o t \q ,=j ) ,  1 <t<T (2.9) 

defines the symbol distribution in state j,j= 1,2 .. .N. It may assume many different forms. 

Also we have the initial distribution for each state, where the initial state distribution is 

given as: 

n i  = P{q y  = i )  1 <i<N (2.10) 

It can be seen from the above discussion that a typical HMM requires three sets of 

probability measures A, B and %. For convenience, we use the compact notation 

X — (A,B,?r) to indicate the complete parameter set of the model. In order to best 

describe how a given observation sequence O - {o1o2...or} comes about, we need to 

choose X = (A,B, k) such that its likelihood, P{01X), is locally maximized. To train an 

HMM, it is necessary to be able to calculate the probabilty of being in state i at time t 

r,(i) = p(9, ='\°) <2-n> 

It is also necessary to calculate the probabilty of state j succeeding state i 

£ (h j) = P(q, = i, qt+1 =j\0) (2.12) 

These two variables can be calculated using the forward-backward algorithm decribed 

next. Given the model X, the forward variable at(i) is defined as 

a l ( i )  =  P(o l o 2 -o l , q t  =i\X)  (2.13) 

Here is the procedure to compute this variable inductively: 

• Initialization 

al{i)=7iibi{ 0,)  1 <i<N (2.14) 

• Induction 

N 

«,+iO') = 
. '=1 

• Termination 

N 

bj (  ot+1) l<t<T- l  (2.15) 

P(0\X)  =  J j a T ( i )  (2.16) 
1=1 

In a similar manner, we can define the backward variable /3t(i) as follows: 
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= P(o l+lo l+2...oT \q, = i,X) (2.17) 

This variable is inductively solved as: 

• Initialization 

PT(i) = l 1 <i<N (2.18) 

• Induction 

A(0 = 2>>„,)A t,0> (, t = T-l,T-2 1 (2.19) 
1=1 

Given the forward and backward variables the discrete state posterior probability, yt(i), 

is given by: 

r, (0 = Hq, = i IO) = "'(,)A(,) (2.20). 

X (0/?,(0 
/—1 

For re-estimation of the discrete state transition probability, the posterior probability of 

being in state i at time t -1 and in state j at time t is needed. (i, j) is given by: 

^ ^ «,0'K^(o,+I)A+iO') „ 
^Ahj) = P{q t  =hq t+l  =j\0,A) = -r i}  ^ ^  ( 2 . 2 1 ) .  

( j )ajbj (o,+1 ) P M  ( j )  
i=i j=i 

The HMM parameters X = (A,B,7t) can then be trained using an expectation 

maximization (EM) algorithm [Dem77]. The Baum-Welch [Bau70] algorithm is an 

instance of the EM algorithm. The basic idea of the EM algorithm is, beginning with an 

initial models, to estimate a new models , such that P(0 \X)> P(01X). The new 

model then becomes the initial model for the next iteration as the process is repeated until 

some convergence criterion is reached. 

The joint likelihood of an observation sequence O = {o,o2...or} and hidden state 

sequence q = {qlq2 ...qT } can be written as 

Pr(0,q)=PI(9l)fl'i(«.l«M)nir(».l«.)- (2-22>-
1=2 t=1 

The joint log likelihood may be written as 
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l0gPI(0,q) = ^l0gPI(°( |^) + ^logPr(?( k/-i) + log^j(?i) (2.23). 
t=\ 1= 2 

The EM algorithm requires us to maximize,Q ( X ,  A ), where X  = ( A , B , t t )  is defined as 

the reestimated model. Hence, 

ea,i)-x^(4i0)lo8Ji(0.<i) 

/• J T \  (2.24) 
= Z^(q|0) + l^-O+Z^g^jC0/ M 

q  V '=2 (=1 y 

where ^ denotes a sum over all possible hidden state sequences. The above equation 

consists of three terms; the first for the initial probability, n i, the second for the state 

transition probability parameters, A, and the third for the observation model parameters B. 

It then can be rewritten as 

Q(A, I) = Q(n, W) + Q(A, A) + Q(B, B) (2.25). 

The three terms in equation (2.25) can be maximized separately giving rise to parameter 

update equations for each different part of the model. 

-Initial state probability 

Using the notation introduced earlier, an update formula for the initial state distribution 

parameters can be found by maximizing 

Q(x  , x )  = ^Tyl (i) log (2.26) 
/ 

which gives the solution 

=r,(0 (2.27). 

In the E-step, yx (i) values are calculated using X values and in the M-step, the new Jii 

values are calculated using the above update formula. 

-State transition probabilities 

Using notion (2.21), the second term in the equation (2.24) can be re-arranged as 

Q(a,A)=YZI'LW'A iog(V <2-28)-
/ j V t y 

Maximizing this gives the update formula for the state transition matrix A, having 

elements ay as 

21 



Z£0'>/) 
a i (2.29). 

-Observation model 

An update formula for the observation model parameters can be found by maximizing 

A typical, choice is a multivariate Gaussian distribution and is formulated as: 

M 
V » . ) = L C * , N ( o , 1  ( 2 - 3 1 )  

m=l 

where ot is the vector being modeled, Cjm is a mixture coefficient for the mth mixture in 

state j and N is a Gaussian distribution with mean /ujm and covariance matrix Ujm for the 

m , h  mixture  component  in  s ta te  j .  y t ( j ,n )  i s  the  probabi l i ty  o f  be ing  in  s ta te  j  a t  t ime  t  

with the nth mixture component accounting for o,, i.e., 

T 

Q(B,B)  = YLPMt =i|0)logPj(o, |q t )  (2.30) 
i 1=1 

a,U)fi,U) CjnN(OnMjn,Ujn) 
N M (2.32). 

The re-estimation procedure is as follows: 

T 

Mjn ~  r 

1=1 

T 

Y , r , U , n ) ( o , - n J n ) ( o t  - M j J  

u. jn (2.33). 

/=i 
T 

0» 
c = 1=1 

j» T M 

t=\ n=l 
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This procedure will be repeated and we can improve the probability of O being observed 

from the model until some limiting point is reached. 

The above formulations are for single discrete observation sequences. For appropriate 

training of the model, we need to feed multi-observation sequences to the re-estimation 

procedure. The modification for the re-estimation procedure is straightforward: suppose 

we have the set of AT observations of sequences, we need to maximize the product of each 

probability of individual observation: 

All of the parameters used for intermediate computations including forward variable and 

backward variables will be computed individually for each observation: 

ajk) (/), /3^k) (z), y\k) (z) . The final re-estimation formulation for ergodic, continuous 

observation HMM with multi-observation training can be shown as: 

K  K 
(2.34). 

*=I. "k 

(2.35) 

S^Z^W0>^y(o^)^(7) 
rt ,=i 

k=1 rk ,=i 

k=\ "k t=\ 

JJ k—\ 
j n  K  i  T  

0» 
fc=l rt (=1 

lyl&'O-,") 
k=1 rk /=i „=i 
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The procedure is iterated until the observation likelihood converges. The final result of 

the re-estimation procedure is a maximum likelihood estimation of the HMM. 

2.2.2.2 GMM Model 

The class of Gaussian mixture models also falls into the HMM category, since a Gaussian 

mixture model is equivalent to a one state HMM and no Markovian constraint placed on 

the evolution of mixtures as in the case of a multi-state HMM. The maximum likelihood 

(ML) estimation used to find the GMM parameters that maximize the likelihood of the 

training data will be summarized as foliov/s [Rey92]. 

Assume the probability density function of x is to be represented by a weighted sum of M 

component densities as: 

M 

pO) = £M(*) (2-36) 
i=1 

where x is a Z)-dimensional vector, bt (x),i = are the component densities and 

p . ,  i  = l,...,Mare the mixture weights (i.e. a priori probability). Each component density 

is a multivariate Gaussian function of the form 

b,{X)= |1/2 exP^(x-^)rz-"'(x-fi,)} (2.37) 

with mean vector n, and covariance matrix E,.. The mixture weights satisfy the constraint 

M 
that /?, =!• The complete Gaussian mixture density parameters are collectively 

i=i 

represented by: 

A-to.ivE,} (2.38). 

With observations jc = {x,x2...xr}, the following estimates are evaluated on each EM 

iteration. These estimates guarantee a monotonic increase in the model's likelihood value: 

1 r 
Mixture weights: p t  = —^pj i  \  x t ,X)  (2.39) 

T ,=i 
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Means: pi, 
Y j P{i \x t ,X)x t  

p. =-^ 

]•>(>• I x,,;t) 

(2.40) 

r 

Variance (2.41). 

Then the a posteriori probability for an acoustic class is given by 

PQ (2.42) 

2.2.3 Search Algorithm and Scoring 

The standard speech recognition solution involves finding the most likely sequence of 

HMMs. For continuous speech recognition applied to large-vocabulary tasks, the search 

algorithm needs to apply all available acoustic and linguistic knowledge to maximize the 

recognition accuracy. The recognition network consists of a set of nodes illustrated by Fig 

2.7 [HTK99]. It can be viewed at three different levels: word, model (i.e. phoneme) and 

state. Within-HMM transitions are determined from the HMM parameters, between-

model transitions are constant and word-level transitions are determined by the language 

model likelihood attached to the word level networks. The search algorithm for a speech 

recognizer, restricted by the lexicon and language models, concatenates HMMs 

corresponding to the phoneme sequences to form a composite model representing words 

and sentences. 
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HMM 
level 

Fig 2.6 Recognition network 

There is an algorithm to search for the maximum likelihood HMM state sequence called 

the Viterbi algorithm [Rab93]. To find the single best state sequence q = qlq2...qT for a 

given observation sequence O = o, o 2.. .o T, we need to define the quantity 

St(i) = maxP(qlq2...ql ~i,olo2...o, \X) (2.43) 

that is, S t ( i )  is the best score along a single path, at time t ,  which accounts for the first t  

observations and ends in state q,-i. We have 

5l+x (j) = [max S, (i)a.. ]bj (o/+l) (2.44) 

The complete procedure for finding the best state sequences can be written as follows: (yz 

is the variable that keeps track of the argument which maximizes equation 2.43 for each t 

and;) 

Initialization: 

<? i(z)  =  7 tA(o, )  l< i<N 

Vi(0=-0 

Recursion 

S l ( i )  =  max[S t _ 1 ( i ) a l / ]b J ( o l )  2  < t<T 

y / , { i )  =  a r g  m a x [  d  t _ x  ( i ) a 9  ]  1  < i <  N  

Termination 

P'  = max[^T(/)l 2<t<T 
(2.47) 

qT* = arg max[£r ] 1 < i < N 
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Path backtracking 

<1 t  t  =  T- l ,T-2 , . .A  (2.48) 

It is straightforward to extend the Viterbi algorithm for continuous speech recognition. 

The paths are found using a token passing algorithm [You89]. In this algorithm, each 

state has a token associated with it. A token represents a partial path through the network 

extending from time 0 through time t. As each token passes through the network it must 

maintain a history recording its route. Normally, only word sequences are wanted and 

hence, only transitions out of the word end nodes need to be recorded. The word link 

record consists of the partial score and the link to the previous word link record is copied 

from the best exit token, along with the name of the word model where the token came 

from. A new word link record is generated every time instant by finding the token with 

the highest score from the exit node of each composite word model. The language model 

score and the insertion penalty are also stored to give the partial joint score. Pruning may 

be used to keep the number of active tokens from growing too large in large vocabulary 

continuous speech recognition. However, excessively tight pruning may result in search 

errors. After the final observation in the utterance has been processed, the final word link 

record holds the total score of the best hypothesis. The maximum likelihood word 

sequence is found by following back word link records using the links stored inside the 

records. For more details see [HTK99]. 

2.3 Summary 

The framework for speech recognition has been briefly described in this chapter. The 

standard front-ends were also briefly reviewed. The theory of HMMs and their 

application to acoustic modeling was described. Language models and search algorithms 

for HMM based speech recognition were also presented. 
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Chapter 3 

Review of Speech Enhancement 

In this chapter, some approaches studied in recent years to enhance speech signals 

degraded by statistically independent additive noise when only one microphone is 

available will be reviewed. Some of the techniques described produce an enhanced 

speech waveform. Some other approaches however produce enhanced speech parameters 

suitable for being input directly to a clean speech recognizer. 

3 .1 Speech Waveform Enhancement 

The observations, y( t ) ( t  = 0,1,•••,iV), are assumed to be the sum of the desired signal 

s(t) plus noise d(t) as follows: 

y( t )  =  s ( t )  +  n( t ) ,  t  = 0, (3.1) 

y{ t )  is the noisy speech signal, s ( t )  is the clean speech signal and n( t )  is the noise signal. 

The speech waveform enhancement techniques described next aim to produce an 

enhanced speech waveform j)(7). 

3.1.1 Spectral Subtraction 

Spectral subtraction [Bol79] is one of the most influential speech enhancement algorithms, 

favored for its simplicity and performance in suppressing stationary noise. We know that 

the power spectrum of uncorrelated additive signals is also additive and this holds 

approximately true for short-term estimates as well. Hence, if the power spectrum of the 

signal and noise could be obtained or estimated, a speech enhancement system may be 

constructed. 

Using the notations in equation (3.1), the power spectrum of the noisy signal is given by 

Py(a,) = Ps(o>) + PM (3-2)-
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The classic spectral subtraction technique [Bol79] estimates the speech spectrum as 

where Ps(co) is the power spectrum estimate of the clean signal, P-y(co) is the power 

spectrum estimate of the corrupted signal, and P. (co) is the smoothed power spectrum 

estimate of the noise, which is obtained by averaging the power spectrums during non-

speech activity. Based on the fact that the amplitude of the short-time speech spectrum is 

perceptually more important than the phase, the enhanced speech signal is obtained by an 

inverse Fourier transform from P- (a) and the phase of the noisy signal: 

where 0y (a) is the phase spectrum of the noisy speech and F"1 denotes the inverse Fourier 

transform. Many variations of the spectral subtraction technique can be found in the 

literature [Lim79]. The most general form of spectral subtraction method is given by: 

where the parameters y and k are chosen based on the compromise between the speech 

signal distortion and the level of residual noise. Their typical values can be found in 

[Lim79]. 

The major problem of the above method is that residual noise remains in the enhanced 

spectrum because only the average noise spectrum is subtracted. Fluctuations in the actual 

noise spectrum for each frame mean that spurious spectral components are introduced at 

the frame rate. This noise, known as 'musical noise', is mostly perceived in weak bands 

and weak speech frames. Musical noise decreases speech quality both for human listeners 

and recognition systems alike. Another problem is that the speech spectrum estimate in 

equation (3.3) may be negative. In this case some form of ad hoc solution must be applied 

which invariably involves a nonlinear operation, such as reflecting the negative spectral 

component or setting it to zero. A further problem is that the noise statistics must be 

known or estimated from the non-speech portions of the signals to be enhanced. Since no 

information about the speech is known, this may be non-trivial. 

P, (.">) = (3.3) 

(3.4) 

Pyr(<D)=P?(«>) + kPZXco) (3.5) 
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A related spectral domain method is Wiener filtering. The frequency response of this 

filter is 

H(co) = ^ (3.6) 
Ps(a>) + Pn(a>) 

The analysis is performed on a per frame basis, with only the spectral magnitude being 

estimated and the noisy phase being used when the signal is reconstructed. The speech 

and noise power spectral density must be known a priori or estimates must be made from 

the noisy speech. 

3.1.2 Kalman Filter Based Methods 

Dynamic filtering techniques, such as Kalman filtering, also provide a good estimate of 

clean speech given noisy speech. The state space for the Kalman filter includes a process 

state equation which models the dynamics of the speech signal generation process, and an 

observation state equation which models the noisy signal. When the measurement noise 

process and the signal are jointly Gaussian, the Kalman filter can yield an minimum mean 

squared error (MMSE) estimate of the clean signal. The Kalman filter algorithm was first 

proposed for speech enhancement by Paliwal et al [Pal87]. It is shown in [Pal87] that, if 

the ideal autoregressive (AR) speech model is used, the Kalman filter performs better 

than the stationary or the nonstationary Wiener filters in terms of output SNR values. A 

summary of the standard Kalman filtering algorithm is shown below [Chu99]. 

A linear system with state-space description is written as the following state-space model: 

IV/h-l + + ^k§k (3 7) 
lwt =ckyk+nkuk+nk 

where A^B^r^C^D*. are «x«, n x m , n x p  ,  q x n ,  q * m  (known) constant matrices, 

respectively, with 1 <m,p,q<n , {u*} is a known sequence of m-vectors (called a 

deterministic input sequence), and {^} and {%} are, respectively, (unknown) system and 

observation noise sequences, with known statistical information such as mean, variance, 

and covariance. The estimate of the state vector depends on the statistical information of 

the noise sequences, 
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The derivation of the algorithm can be found in [Chu99]. Assume that {^} and {%} are 

sequences of zero-mean Gaussian white noise such that Var($k) = Qk and Var(r\k) = Rk are 

positive definite matrices and £(^n/) = ° for all k and I. The initial state y_, is also 

assumed to be independent of {^} and {rit} in the sense that £(y_,£[) = 0 and £(y_,ii[) = 0 

for all k. The following Kalman filtering algorithm for the linear stochastic system of (3.7) 

is given by: 

P(~l I _1) = Var (y ) 

P ( k  I k  -1)=AtP(* I k  - 1)AL + rt,Qt.,rL 

G k  =nk \k - l )C T
t  (C k ¥(k \k - l )C T

k  +R t )~ l  

P(k | k -1) = (I -GkCk )P(k | k -1) 

y(-l|-l) = JE(y_1) 

y ( k  |  k  - 1 )  =  A k y ( k  - 1 1  k  - 1 )  

y( k  |  k )  =  y ( k  \  k  -1) + [wt - Cty( k  \  k  - 1)] 

£ = 0,1, • • • N 

where p ( k  |  f r  - 1) =  E { [ y k  -  y ( k  |  k  -  l)][7i -  y ( k  |  A: — l)]r} = Var [yt - y{k \ k - 1)] is the 

predicted state error vector covariance matrix, and 

P(& | k) = E{[yk - y{k | A:)]f yk - y(k | A:)]7} = Var [yk — y(k \ k)~\ IS the estimate State error 

vector covariance matrix. Gk is called the Kalman gain matrix. 

In speech enhancement, the clean speech signal s(t) is modeled as a /7-th order AR process 

as follows: 

s ( t )  =  Z  a i s ( (  ~ 0  + M (0  ( 3 -9 )  
i=1 

where a, is the i-th AR coefficient, u(t) is the model noise process. 

The measured speech signal^) is 

y( t )  = s( t )  + n( t )  (3.10) 

n(t) is the background noise. u(t) and n(t) are uncorrelated Gaussian white noise processes 

with means u and n and variances crl and a1. 
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The state space model can then be obtained: 

x ( t )  =  F x  0 - 1 )  +  G u ( t )  (3.11) 

(3.12) y ( t )  =  H x  ( f ) + « ( 0  

where 

x( t )  =  [s ( t -p  +  l ) - - - s ( t ) f  (3.13) 

0 1 0 ••• 0 
0 0 1 ••• 0 

F (3.14) 
0 0 0 

ap ap-1 ap-2 al 

H = Gr = [0 0 ••• 0 1] (3.15) 

where p  is the order of the AR process, F is a pxp  transition matrix, G and H are 

respectively the px l input vector and the 1 xp observation row vector. A Kalman filtering 

algorithm for speech enhancement is summarized in [GabOl] as follows: 

As with any model-based enhancement, the parameter estimation problem remains a big 

issue for AR model based Kalman filters when only noisy speech is available. Gannot et 

al [Gan98] have proposed the use of the EM algorithm to iteratively estimate the 

parameters of noise and speech. Gibson et al [Gib91] have used a method which is a 

simplified version of the EM algorithm based on the maximum likelihood argument. 

However, noise variance was estimated during the silent period, which implies the use of 

voice activity detector. In [GabOl], the sequential estimators are derived for sub-optimal 

adaptive estimation of the unknown a priori driving process and additive noise statistics, 

simultaneously with the system state estimation, by reformulating and adapting the 

classical approach used for control applications. The algorithm provides improved state 

e( t )  =  y( t )  -  Hx(/ \ i -Y) -n  

K(0 = P(f1 f - 1)Hx (HP(* 11  -l)Hr + cr 2
n y ]  

\(t 11) — x(t 11—1)  +  K( t )e ( t )  

P(/ |0=(I-K(f)H)P(f |f-l)  

X(* + 1|0 = FX(*|0 + GM 

P(f + l| t) = FP(/10Fr + GGTa2
u 

(3.16) 

(3.17) 

(3.18) 

(3.19) 

(3.20) 

(3.21) 
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estimates at little computational expense. A distinct advantage of the proposed algorithm 

is that a speech/noise detector is not required. 

An alternative approach to AR model based Kalman filters is the nonlinear neural 

network model based on the Extended Kalman Filter [Wan98]. The underlying 

assumption is that a neural autoregressive model can better accommodate the nonlinear 

behaviors of speech than the linear autoregressive model. It was found that since one can 

only estimate the neural network model of speech from the noisy signal, then when the 

input SNR is high, the estimation is more accurate. However for low SNR, the estimation 

of the nonlinear speech model may deviate far from the true value. Thus the accuracy of 

the nonlinear speech model is sensitive to the input SNR [Man05]. 

3.1.3 Noise Masking 

Noise masking is a psychological phenomenon of reducing the perceptibility of a signal 

in the presence of noise. That is, people cannot detect an acoustic stimulus whose level is 

lower than the masking threshold generated by another stimuli. Masking effects can be 

classified as time-domain (temporal) masking [ThiOO] and frequency-domain 

(simultaneous) masking [Joh88]. Temporal masking effects can be further classified as 

forward masking and backward masking, respectively. In frequency masking, one sound 

cannot be perceived if another r -und close in frequency has a high enough level. In 

temporal masking, a sound can mask another sound preceding it or following it, if there 

is a small time offset between the masking sound and the masked sound. The masking 

thresholds are energy dependent as well. 

In [Vir99], Virag proposed to enhance speech in additive background noise at very low 

signal-to-noise ratios (SNR's) (<5dB) based on masking properties of the human auditory 

system. The proposed enhancement scheme is composed of the following main steps: 

• Spectral decomposition; 

• Speech/noise detection and estimation of noise during speech pauses; 

• Calculation of the noise masking threshold; 
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• Adaptation in time and frequency of the subtraction parameters based on the 

noise masking threshold; 

• Calculation of the enhanced speech spectral magnitude via parametric subtraction 

with adapted parameters; 

• Inverse transform. 

This approach exploits the masking properties of the human auditory system to overcome 

the problem of "musical residual noise" introduced by conventional subtractive-type 

enhancement methods. 

In [Man04][Man05], several Kalman filter based speech enhancement approaches 

combined with masking properties of human auditory systems have been proposed where 

both time-domain and frequency domain masking properties are taken into account. The 

goal of the masking is to make the estimate state error energy smaller than the threshold. 

The performance advantage brought about by masking may be two-fold. First, the 

environment-dependent residuals from the speech enhancement front-end are masked. 

Second, low-level speech events are masked so that the recognizer does not learn features 

that may not be distinguishable in noisy conditions. It seems that speech distortion and 

residual noise are two quantities that cannot be minimized simultaneously. The 

compromise between the speech signal distortion and the level of residual noise needs to 

be accommodated in speech enhancement. 

3.1.4 Statistical Model Based Approaches 

The class of statistical model based techniques estimate the clean speech signal from the 

noisy signals using statistical models of the speech and noise. Given a distortion measure 

and the joint statistics of the speech and noise, enhancement is performed using the 

estimator which minimizes the expected value of the distortion measure between the 

clean and estimated signals [Eph92]. 

3.1.4.1 Spectral Amplitude Model Based Methods 
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One of the well-known statistical model based approaches is the one proposed by 

Ephraim and Malah in 1984 [Eph84]. A minimum mean-squares error (MMSE) short-

time spectral amplitude (STSA) estimator is derived by assuming a priori probability 

distributions of the speech and noise Fourier expansion coefficients. In the paper, the 

Fourier expansion coefficients of each process are modeled as statistically independent 

Gaussian random variables with zero mean. Strictly, this assumption only holds as the 

analysis frame length approaches infinity. However the authors justify its use on the 

grounds that it leads to simple estimators and good enhancement. The performance of the 

MMSE STSA method depends on the good estimate of the a priori SNR which is still an 

open issue in current research. It is demonstrated in [Eph84] that by using different STSA 

estimators for the a priori SNR, different enhancement methods are obtained. For 

example, using the "power spectral subtraction" method for estimating the a priori SNR 

results in an MMSE STSA estimator that is nearly equivalent to spectral subtraction 

estimator described in 3.1.1. The later work by Ephraim in 1985 [Eph85] looks at a 

MMSE log spectral estimator on the grounds that distortion measures which are based on 

the mean square error of the log spectrum are perceptually more suitable for speech 

processing. This results in a superior but computationally more complex enhancement 

scheme. 

3.1.4.2 Hidden Markov Model Based Methods 

A popular choice of statistical models for speech signals is HMMs. They are able to 

model the time-varying characteristics of the vocal tract. The HMM models described in 

Chapter 2 have dominated the field of speech processing in recent years not only for 

speech recognition but also for speech enhancement used before speech recognition. 

HMMs with mixtures of autoregressive (AR) output probability distributions are used to 

model the time-domain waveforms. Each mixture component of each HMM state 

represents observations that have similar autoregressive parameters, or equivalently 

similar spectral parameters. Those state-dependent autoregressive parameters are used to 

construct Wiener filters to perform enhancement similar to the Lim and Oppenheim 
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technique [Lim78]. The difference here though is that the speech autoregressive 

parameters are estimated from clean speech training data rather than from the noisy 

signals as in [Lim78]. 

Ephraim has developed various enhancement schemes based on autoregressive HMMs to 

enhance noisy speech [Eph89][Eph90]. In [Eph89], the expectation maximization (EM) 

algorithm [Dem77] is used to find the optimal MAP estimator of the clean speech. The 

algorithm works as follows: an estimate of the clean speech is calculated by filtering the 

noisy speech through a weighted sum of Wiener filters. This estimation is then used to 

find a probability sequence to supply a new sequence of Wiener filters and another 

estimate of the clean speech. This iterative process continues until a preset convergence 

criterion is reached. Experiments show that the algorithm is very dependent on the 

accuracy of choosing the correct state and mixture of each frame. For low SNRs, this can 

be difficult since a clean model is used to calculate the probability of each mixture of 

each state given initially the noisy observation. 

Ephraim extended the work in [Eph90] by using the minimum mean square error (MMSE) 

method that gives better enhancement results compared with that of MAP estimation. In 

this later work, the problem of estimating the clean state and mixture component 

corresponding to each noisy observation frame is addressed and solved using a 

compensated HMM formed by combining speech and noise statistics. This alleviates the 

need for an iterative scheme and provides a better state-frame alignment and hence a 

better selection of filters. The MMSE estimator is given by the weighted sum of Wiener 

filters for each combination of speech and noise states, weighted by the probability of that 

combination. The MMSE based HMM is further modified by Sameti [Sam98] by 

incorporating multiple state mixture based models for speech and noise. In the improved 

MMSE enhancement method, a multiple state and mixture noise model was employed to 

accommodate non-stationarity in noise. 

Lee et al [Lee96] have developed enhancement schemes based on variations to the classic 

AR-HMM. In [Lee96] and [KimOO] schemes based on the hidden filter HMM (HF-HMM) 
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are studied. This model is a special case of the autoregressive HMM with a frame size of 

one sample. It is assumed that such HMMs are better able to model quickly varying parts 

of speech signals since information is not lost at the frame boundaries. These schemes are 

state-dependent model switching methods and switching Kalman filters are used instead 

of Wiener filters. 

One drawback with the HMM-based methods is the need to choose a sufficient number of 

states to model all the different regions of speech and noise statistics, which makes the 

implementation fairly complex in comparison to other methods. 

3.2 Speech Feature Enhancement 

The work described in section 3.1 applied the enhancement techniques mainly in the 

linear domain, either in the time-sample or frame-bound (linear) spectral domain, for the 

additive noise case. Although the adaptive enhancement schemes of section 3.1 pose little 

mathematical difficulties for additive noise, the cepstral or log-spectral domain is more 

desirable if the purpose of speech enhancement is for robust speech recognition, since this 

is the domain as close as possible to the back end of the recognizer [Den04b]. To get 

enhanced feature vectors that are as close to those of the undistorted, clean speech signal 

component as possible, one of the difficulties is that the distortion caused by additive 

ambient noises is highly non-linear in the Mel-scaled log-spectral or cepstral domain. 

We are given a speech waveform which is corrupted by additive noise in the time domain 

as: 

Let us define Y(a>) ,  X(a>)  and N(a>) as the power spectral densities (PSD) of the signal 

y(t), x(t) and n(t) respectively. Since the signal and noise are assumed statistically 

independent with each other, the following relationship holds for every frequency bank 

If converted into the log-spectral domain (on a linear or Mel-scale), after some algebraic 

manipulation, the above relation becomes a nonlinear function as follows [Mor96]: 

y(i) — x{t) + n(t) (3.22) 

Y(to) = X((o) + N(a>) (3.23) 
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y t  =  / (x, , n , )  =  X ,  +  l o g ( l  + exp( n, - x,)) (3-24) 

in which yt, xt and nt represent the log spectrum of noisy speech, the hypothetical clean 

speech and noise at the *th frame respectively. If equation (3.24) is converted into the 

cepstral domain, the observation model relates the cepstrum of the noisy speech y, to the 

cepstrum of the clean speech x, and to the cepstrum of the noise n, at the tth frame as 

[Ace93]: 

y, = x( + C log( I + exp( C " ' ( n ,  - x , ) »  (3.25) 

where C is the DCT matrix and C"1 is the inverse DCT matrix. 

To find the clean speech from the noisy observation, the enhancement systems need a 

model for speech, and often a model for noise as well. Mostly, the clean speech 

distribution is modeled by a Gaussian mixture model. With this speech model, the noise is 

considered as the state variable to be estimated, whose observation is corrupted by speech. 

Clean speech estimation is obtained by removing the estimated noise sequence from the 

noisy signal sequence. 

Here we divide the speech feature enhancement approaches into two general categories, 

statistical-model-based approaches and filter-model-based approaches, and we review 

them respectively in the next sections. 

3.2.1 Some Statistical-Model-Based Approaches 

In this section, we will review some well-known statistical-model-based speech feature 

enhancement systems, including Codeword Dependent Cepstral Normalization (CDCN) 

proposed by Acero in [Ace93], Vector Taylor series (VTS) expansion proposed by 

Moreno in [Mor96], Stereo-based Piecewise Linear Compensation (SPLICE) proposed by 

Deng et al in [DenOl] and some extensions and variations based on these approaches 

proposed in [Den04b]. 
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3.2.1.1 CDCN 

Codeword Dependent Cepstral Normalization (CDCN) [Ace93] is a compensation 

method that assumes an analytical model of the environmental effects on speech. In the 

standard form of CDCN, a mixture of Gaussians model is trained for clean speech 

<3-26' 
k  

Given a noise n ,  the noisy cepstra can be modeled using the following probability density 

function: 

my) = s^iv'(y;^x>it+r/t's,,t) (3-27) 
k  

r k = C  log( I + exp( C \ixj!))) (3.28) 

where C is the DCT matrix and C"1 is the inverse DCT matrix. is an estimated mean of 

the additive noise. It is seen from above that the CDCN algorithm does not model the 

effects of the environment on the variance of speech distributions, which limits its 

performance at low SNRs. can be estimated iteratively using the maximum likelihood 

criterion as 

= arg max p ( y  \  , x) (3.29) 
Mn 

Finally, the MMSE estimate of the clean speech is given by 

XI,MMSE 
k  

As the computational load of estimating the noise online is high, various simpler 

approximations are normally used. The simplest approximation is to make the correct 

factor a function of the instantaneous SNR, 

X ,  =  y ,  -  w ( S N R  , )  i  = 0,1,•••1-1 (3.31) 

The values of w(SNRj) are learned from a stereo database (i.e., a corpus in which there is 

a known frame-to-frame correspondence between the clean and noisy collected version of 

the data). Thus the feature space will be split into L regions and the compensation vector 

is a function of a codebook entry. w(£7V/?,) must be learned for each new noise condition. 
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3.2.1.2 VTS-based Speech Feature Compensation 

While CDCN uses a Oth-order Taylor series approximation, a later approach VTS 

approximates the function/in equation (3.24) with a first-order vector Taylor series. VTS 

were originally proposed by Moreno [Mor96] to approximate the nonlinear environmental 

function. If we take a 1st -order VTS approximation for equation (3.24), it becomes 

y = x + (Vv/)'x + (V„/)'n + g(n0,x0) (3.32) 

gOo>xo) = /(n0,x0) -(Vx/)fx0 - (V„/)' n0 (3.33) 

where 

/ = log(I + exp(n - x)) (3.34). 

It is assumed that the probability density function (PDF) of the log-spectra of the clean 

speech signal can be represented by a summation of multivariate Gaussian distributions: 

(3-35) 
k  

where is the mean vector of the k-th Gaussian mixture of the clean speech vector x 

and E is the corresponding covariance matrix of the clean speech and assumed to be 

diagonal. Also it is assumed that the statistics of the noise can be well represented by a 

single Gaussian iV(n„,£„). The mean and the covariance of the noisy speech vector y 

becomes 

!*M = C + v,/)>,,! + (v„/)>„ + g("», *,,) (3.36) 

»a + V,/),EIit(I+ V,/) + (V„/),L„(V./) (3.37). 

Again the Expectation Maximization (EM) algorithm is used to re-estimate the unknown 

parameters, including the noise mean and variance. The VTS algorithm proceeds as 

follows [Kim98d]: 

1. Obtain initial estimates of {fin, £„ } 

2. Estimate the parameters of the distribution of y, and with equation (3.36) 

and (3.37) 
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3. Perform a single iteration of the EM algorithm to re-estimate the ]in 

t  k  

EI>(*|y,) 
I  k  

(3.38) 

z hp(k i y / )& (y<'+(y *»k^» ' (y»» 
2 =-L—± a a ' (3.39) 

ei>(*ly,) 
t  k  

where 

P„(y,.fc) = S„,.-[S,+S.i]">. + =„[=, (3-40) 

£„(y„4)=K' + s;ir' (3.4i) 

P,i = ((V„/)')"'[y, -(I + V,/)>It -g(n0,x„)] (3.42) 

2„, » ((V,/)')-' (I + V j y  2^(1 + V^/XV,,/)"1 (3.43) 

= (3.44) 

1 

4. If the likelihood of the observed noisy data has not converged, return to step 2. 

More detailed explanations are given in [Kim98d]. The above equations are general and 

easily applicable to any representation of signal in the log-spectral and cepstral domains. 

Once the parameters of the distribution of n are computed, an MMSE estimate is used to 

calculate the clean speech given the observed noisy speech as 

i».AmsE= y« l y,)/(^>iO (3-45)-
k  

It is found in [Mor96] that both CDCN and VTS are highly efficient at medium levels of 

noise, i.e., at SNRs of 10 dB and above, but VTS performs slightly better. 

3.2.1.3 SPLICE 

From above, it is seen that both CDCN and VTS are algorithms that assume no a priori 

knowledge of the noise. These methods estimate the parameters by maximizing the 

likelihood of the observed feature sequence of noisy speech, given a Gaussian mixture 

distribution for the sequence of clean speech. Since the transformation that relates the 
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noisy speech feature to the clean speech feature is nonlinear, both CDCN and VTS 

approximate it with a truncated Taylor series in order to estimate it. However, both 

algorithms assume that the noise is stationary, and thus, both perform poorly when this 

assumption is violated. To further improve the performance of the system under non-

stationary noise, the approach SPLICE, short for Stereo-based Piecewise Linear 

Compensation for Environment, was proposed by Deng et al in [DenOl]. Remarkable 

improvements have been obtained with this method. 

There are two basic modeling assumptions in SPLICE. The first one is that the noisy 

speech feature vector y follows a mixture of Gaussians: 

The mixture component k takes a set of discrete values, one for each cepstral-space 

partitioning. A piecewise linear approximation between the clean speech MFCC vector x 

and its noisy counterpart y is made for each such partitioning. The distribution parameters 

in p(y) are trained for each separate noisy condition, using noisy speech data. The second 

assumption in SPLICE is that the conditional PDF for clean speech x is also a Gaussian. 

The mean vector is assumed to be a shifted version of the noisy speech y, that is, 

where rA. are the correction vectors that need to be trained using stereo training data. 

With the above assumption, the MMSE estimate of clean speech feature vectors is given 

as 

p ( y ) =Z  p ( k ) p ( y  I k )= Z  p & w  ( y  > P k> )  (3.46) 
k k  

p ( x \ y , k )  =  N ( x ; y  +  r k , T k )  (3.47) 

*MMSE ~ I  y ) ( y + r * ) = y + I  y K  MMSE (3.48) 
k  k  

where 

P ( k  I y) = 
p( k )p(y | k )  

(3.49) 
Y , p ( i ) p ( y \ k )  

A fast implementation of SPLICE is to approximate the weights according to 

1 k = arg max k p(k | y) 

0 otherwise 
p(k I y) (3.50). 
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This approximate estimate consists of two sequential steps of operation: 1) finding the 

optimal "codeword" fusing the VQ codebook based on the parameters (jit,Elt)and 2) 

adding the codeword-dependent vector rtto the noisy speech vector. The correction 

vectors rk are trained using stereo training data (x,,y,), maximum likelihood training is 

used and the resulting formula is 

5>(*|y/X*,-y,) 
rk v  . . .  ,  (3-51). 

/ 

An improved, noise-normalized SPLICE is proposed in [Den03]. In [Den03], the authors 

further improve the performance of SPLICE by estimating the nonstationary acoustic 

noise recursively. It has been noticed that the accuracy of the piecewise linear 

approximation for the nonlinear environmental model is a key factor in speech 

enhancement performance. Therefore the operating points for the truncated Taylor series 

expansion need to be determined appropriately. Instead of setting the operating points at 

some fixed values, a smoothed version of the previous estimate n, is used to iteratively 

update the operating point of the Taylor series expansion, and to subsequently increase 

the accuracy for noise estimation. 

3.2.1.4 Extensions and Variations 

The previous speech models described in 3.2.1.1, 3.2.1.2 and 3.2.1.3 for speech 

enhancement use no dynamic or trajectory properties of speech. The clean speech model 

is a Gaussian mixture model and each frame of data is enhanced independently. A new 

algorithm for statistical speech feature enhancement was proposed in [Den04b]. In this 

paper, the prior clean, speech model exploited takes into account both the static and 

dynamic properties of clean speech, in the domain of log mel-channel energy or 

equivalently in the domain of cepstrum. 

The joint prior distributions (still in the form of Gaussian mixtures) of clean speech 

incorporate both the static and frame-differential dynamic cepstral parameters. Due to the 

inclusion of the delta feature, the speech frame is no longer independent of its previous 
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frame. This allows the trajectory information of speech to be captured as part of the prior 

information. Compared with the conventional approaches, which exploit only the static 

features in the Gaussian mixture model, the additional information source permits a more 

accurate characterization of the prior statistical properties of the clean speech sequence. 

Full posterior probabilities for clean speech given the noisy observations are computed 

and a conditional minimum mean square error (MMSE) estimator for the clean speech 

feature is derived using the full posterior. The final form of the derived conditional 

MMSE estimator is shown to be a weighted sum of three separate terms. One of the three 

terms is shown to arrive naturally from the model in the absence of any prior information; 

the other two terms result from the speech model using only the static prior and only the 

dynamic prior, respectively. The experimental results demonstrate improvement in noise-

robust recognition accuracy by incorporating the joint prior for both static and dynamic 

parameter distributions in the speech model, compared with using only the static or 

dynamic prior and with using no prior. 

Another contribution of the paper [Den04b] is that a general form of nonlinear 

approximation technique has been developed in dealing with the nonlinearity in the 

acoustic distortion model. In that case, the Vector-Taylor-Series algorithm is a highly 

simplified and special case of this algorithm. 

However, the inherent time delay with this approach is high. Firstly, the nonstationary 

noise needs to be recursively estimated using iterative stochastic approximation [Den03], 

which makes the algorithm actually a noise-tracking-only method. Next, to remove the 

noise estimate from the noisy speech, the intra-frame iterative refinement of a Taylor 

series expansion point is required to make the speech estimate converge. Comparatively, 

filter-based sequential estimation methods have a reasonable numerical complexity and a 

low time delay. That is why filter model-based approaches have attracted much attention 

recently. 

44 



3.2.2 Filter-Model-Based Approaches 

Different from the statistical-model-based approaches, a state space needs to be built in 

filter-model-based approaches. The state space includes a process state equation 

describing the distribution of noise and an observation state equation modeling the noisy 

signal. In this case, the noise is identified as the state variable corrupted by speech. Kim 

et al used a simple random walk model as the process state equation for noise in 

[Kim98b]. Later on, Raj et al found that many types of noises, e.g., street, bar, subway, 

have a large component that is relatively slow evolving [Raj04]. This means that, even for 

non-stationary noise, the noise spectrum of the present frame can well be predicted from 

the previous frames. Noise can be represented by a continuous autoregressive model 

[Raj04], which achieves better accuracy than the random walk model used by Kim 

[Kim98b]. 

In Kim's approach [Kim98b], the nonlinear equation (3.24) is linearized by a statistical 

linear approximation (SLA) algorithm. Then the interacting multiple model (IMM) 

approach, which is based on switching Kalman filtering (more details in chapter 5), is 

applied for noise parameter tracking. After the environmental noise is estimated, the 

speech feature compensation procedure is completed by computing the clean feature 

estimate according to the minimum mean square error (MMSE) criterion. The MMSE 

procedure is the same as those in the statistical-model-based approaches. 

An alternative to Kim's approach is proposed by Fujimoto et al [Fuj05] in order to 

compensate for the effects of slowly evolving environments. In their method, rather than 

linearlizing the non-linear equation (3.24), a particle filter algorithm is used to track the 

noise. Particle filters are sequential Monte Carlo methods for nonlinear and/or non-

Gaussian Bayesian tracking problems. Better performance can be observed in their 

experiments compared to VTS. Therefore, it is shown later on in [Umb05] that when the 

particle filter is used to address stationary noise it yields no additional performance 

advantage over the speech feature enhancement by the Vector Taylor Series 
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approximation method. Compared with statistical-model-based approaches like VTS, the 

main advantage of filter-based estimation methods is a low time delay. 

3.3 Summary 

In this chapter, some mainstream methods of speech enhancement presented in the 

literature were reviewed. Although speech enhancement can be carried out in the time 

domain, where the environmental noise and speech are considered to be additive, it is 

believed that enhancement in the speech feature domain is more desirable if the purpose 

of speech enhancement is for robust speech recognition. We revealed that the distortion 

caused by additive ambient noises is highly nonlinear in the feature domain. Then we 

presented some prevailing approaches for speech feature enhancement. The feature 

enhancement methods mentioned so far have separated noise tracking and speech feature 

enhancement. One of the problems with these approaches is that, since the clean speech 

model is a Gaussian mixture model, each frame of data is enhanced independently. 

Without post-processing, this can result in artifacts, such as sharp single frame transitions, 

that are not part of the original clean speech signal. We will further report on the filter-

model-based approaches and compare their performances in chapter 5. 
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Chapter 4 

Experimental Tasks and Corpora 

Since speech recognition engines and speech databases shall be used to test the 

algorithms developed in this thesis, they will be addressed in a concise manner in this 

chapter. 

The algorithms proposed in this thesis for estimating the clean speech feature vectors will 

be evaluated on two databases, one is the Numbers vl.3 database and the other one is the 

Aurora 2 database. The reference recognizers are based on the HTK software package 

version 2.2 from Entropic [HTK99]. We choose HTK because it is the most widely used 

toolkit for building and manipulating Hidden Markov Models (HMMs) for speech 

recognition and is available for free download at http://htk.eng.cam.ac.uk. 

The acoustic models used for recognition are trained on clean data only. With this type of 

training, the highest performance can only be obtained in case of testing on clean data. 

Since these models contain no information about possible noise distortions, the question 

arises about what performance can be achieved for a different type of noise or a different 

SNR. 

4.1 Experimental Conditions for the Numbers vl.3 Database 

4.1.1 Speech Database 

The speech data is from the Numbers vl.3 Corpus provided by the Centre for Spoken 

Language Understanding (CSLU) from the Oregon Health & Science University 

(http://www.cslu.ogi.edu/corpora/). The utterances in this corpus include isolated digit 

strings, continuous digit strings, and ordinal/cardinal numbers. The data were collected 

from both analog and digital telephone lines. The analog data were recorded using an 

analog-to-digital conversion box. These files were recorded as 16-bit, 8 kHz and stored in 

47 

http://htk.eng.cam.ac.uk
http://www.cslu.ogi.edu/corpora/


a linear (uniformly quantized) format. The digital data were recorded with the CSLU T1 

digital data collection system. These files were sampled at 8 kHz and stored as 8-bit jj.-

law files. Then all of the data were linearly encoded into the 16-bit RIFF standard file 

format. 

Since the Numbers database is used here for pilot experiments, to simplify our 

simulations, we only tested on 100 zip-code utterances (5 continuous digits). Utterances 

from 50 male and 50 female speakers were picked randomly from the database. Noise is 

artificially added to the speech by a computer at SNRs (signal-to-noise ratio) of 15 dB, 10 

dB, 5 dB, and 0 dB. When the SNR is 20 dB. the speech recognizer is able to give an 

acceptable performance without using a speech enhancement front-end. The SNR is 

defined as the ratio of signal to noise energy. We add two kinds of noises, white Gaussian 

noise and babble noise from the ITU-T supplement P.23 database [ITU98], to the clean 

speech. White Gaussian noise is generally the easiest type of noise to be handled, while 

speech in babble noise is a difficult one to be enhanced. In total, the test set used in our 

evaluation experiments thus consists of 2 * 4 * 100 = 800 utterances. 

4.1.2 Front-End Setting 

The front-end is a cepstral analysis scheme where 12 Mel frequency cepstral coefficients 

(MFCC) are determined for speech frames of 32ms length. The frame shift is 12 ms. 

These parameters are the default settings in the HTK and also typical values for speech 

feature extraction. The MFCC coefficient of order 0 is not included. The cepstral 

coefficients and their first and second order derivatives are used. Thus each feature vector 

consists of 36 components in total. Further details for the cepstral analysis scheme are: 

• Application of a Hamming window 

• FFT based Mel filter-bank with 20 frequency bands in the range from 1 Hz up to half of 

the sampling frequency 

4.1.3 HTK Reference Recognizer 
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Phonemes are used to describe the digits. Totally 21 phonemes were modeled according 

to the British English BEEP pronouncing dictionary [HTK99]. The entries in the 

dictionary are: 

eight ey t sp 

five f ay v sp 

four f ow r sp 

nine n ay n sp 

oh ow sp 

one w ax n sp 

SENT-END [] sil 

SENT-START [] sil 

seven s eh v e n sp 

sil sil 

six s i k s sp 

three th r ii sp 

two t oo sp 

zero z ii r ow sp 

Each phoneme was modeled by a HMM with the following parameters: 

• 3 states per phoneme (5 states in HTK notation with 2 dummy states at beginning and 

end) 

• simple left-to-right models without skips over states 

• mixture of 8 Gaussians per state 

• Diagonal covariance matrices 

• Two pause models were defined. The first one called "sil" (silence model) consists of 3 

states and models the pauses before and after the utterance. A mixture of 8 Gaussians 

models each state. The second pause model called "sp" is used to model pauses between 

words. It consists of a single state, so the "sp" model is a tee model, i.e., the entry non-

emitting state has a transition to the exit non-emitting state. The emitting state of "sp" is 

tied with the middle state of the silence model. 

49 



• The training is done in several steps by applying the Baum-Welch re-estimation scheme 

several times. 

The above settings are taken from a similar example provided in the HTK manual 

[HTK99]. Although the speech engine obtained may not be the optimal one, the speech 

recognizer obtained by using the above settings usually are able to give a reasonably good 

performance. 

4.2 Experimental Conditions for the Aurora 2.0 Database 

4.2.1 Speech Database 

Different from the Numbers database where only clean speech is provided and noise 

needs to be added by a computer program, noisy speech is provided directly in the Aurora 

database. Next, we will give a short description of the Aurora database. For more details 

about how the Aurora working group has generated the noisy speech, please refer to 

[HirOO], 

The Aurora 2.0 database (http://www.icp.inpg.fr/ELRA/home.html') takes the TIDigits 

database as its basis. This database contains the recordings of male and female US-

American adults speaking isolated digits and sequences of up to 7 digits. The original 20 

kHz TIDigits data have been down-sampled to 8 kHz with a low-pass filter extracting the 

spectrum between 0 and 4 kHz. An additional filtering is applied to consider the realistic 

frequency characteristics of terminals and equipment in the telecommunication area. A 

filter with frequency characteristics G.712 defined by the ITU is used to simulate the 

realistic frequency characteristics of a telecommunication channel. 

Noises in the database represent the most probable application scenarios for 

telecommunication terminals and were added to the filtered TIDigits samples. Again, 

noise is filtered with the G.712 characteristic before being added. The SNR (signal-to-

noise ratio) is defined as the ratio of signal to noise energy after filtering both signals with 
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the G.712 characteristic. The speech energy is determined by applying the ITU 

recommendation P.56 with the corresponding ITU software. The noise energy is 

calculated based on a noise segment of the same length as the speech signal, that is 

randomly cut out of the whole noise recording. 

We work on the clean training mode in which the recognition engine is trained on clean 

data alone. So test set A in the Aurora 2 database is tested under the clean training mode. 

4004 utterances from 52 male and 52 female speakers are split into 4 subsets with 1001 

utterances in each. Recordings of all speakers are present in each subset. One noise signal 

is added to each subset of 1001 utterances at SNRs of 20 dB, 15 dB, 10 dB, 5 dB and 0 

dB. Furthermore the clean case without adding noise is taken as a sixth condition. Four 

noises, suburban train, babble, car and exhibition hall are added to the 4 subsets. In total, 

the test set used for our evaluation experiments thus consists of 4 times 6 times 1001 = 

24024 utterances. 

4.2.2 Front-End Setting 

The Aurora 2 supplied standard front-end is a cepstral analysis scheme where 13 Mel 

frequency cepstral coefficients (MFCCs), including the coefficient of order 0, are 

determined for a speech frame of 25 ms length. The frame shift is 10 ms. A feature vector 

with size 39 is defined by using 13 cepstral coefficients (with the 0th cepstral coefficient 

which indicates the power of speech signal), plus the corresponding delta and acceleration 

coefficients. This front-end has been standardized by the European Telecommunication 

Standards Institute (ETSI) as an outcome of the Aurora working group. 

Further details of the cepstral analysis scheme are: 

• Signal offset compensation with a notch filtering operation 

• Application of a Hamming window 

• FFT based Mel filterbank with 23 frequency bands in the range from 64 Hz up to half of 

the sampling frequency 
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4.2.3 HTK Reference Recognizer 

The digits are modeled as whole word HMMs with the following parameters: 

• 16 states per word (18 states in HTK notation with 2 dummy states at beginning and 

end) 

• simple left-to-right models without skips over states 

• mixture of 3 Gaussians per state 

• diagonal covariance matrices 

• Two pause models are defined. The silence model "sil" consists of 3 states. There is a 

mixture of 6 Gaussians in each state. The pause model "sp" consists of a single state 

which is tied with the middle state of the silence model. 

• The training is done in several steps by applying the Baum-Welch re-estimation scheme 

several times. 

For a fair comparison with other results based on Aurora 2 database in the literature, we 

use the standard settings that are defined in the Aurora 2 tasks for both speech feature 

extraction and speech recognition. 

4.3 Scoring 

The perfo. mance of a speech recognizer is evaluated by comparing the hypothesized 

word sequence to a reference transcription. These sequences are matched by performing 

an optimal string match using dynamic programming. Once the optimal alignment has 

been found, the number of substitution errors, S, deletion errors, D, and insertion errors, I, 

with respect to the true transcript can be determined. These are defined as follows: 

Substitutions S: words which are substituted for other words; 

Deletions D: words which are completely deleted from the transcripts; 

Insertions I: words which are inserted into the hypothesized transcript that were 

not present in the true transcript. 

Usually, the percentage word error rate (WEE) is quoted. The WER is given proportional 

to the sum of these quantities [HTK99]: 

52 



WER= 1 -
N - D - S - I  

N 
(4.1) 

where N is the total number of words in the correct transcription. 

The Word Accuracy Rate (WAR) is given by : 

WARr=l-WER (4.2) 

4.4 Why Test on Both Number vl.3 and Aurora 2.0 databases 

The motivation for studying Kalman filter-based speech enhancement systems later in 

this thesis is that they can handle colored noise and have a reasonable numerical 

complexity. Additionally they have a low inherent time delay. A key issue in Kalman 

filtering is that the filtering algorithm relies on a set of parameters that are unknown and 

have to be replaced by estimated quantities. In order to obtain a Kalman filter output with 

high accuracy, it is important that the models be accurately estimated. 

The algorithms developed in this thesis are made of two models: a speech model and a 

noise model. How to estimate the speech model will be elaborated in the following 

chapters. These parametric techniques can give a reasonably good speech model since the 

training set used to estimate the parameters in the speech model can often easily cover the 

acoustic space. However, because the noise types and levels are too numerous, it is too 

difficult to generate in advance a noise model with a full coverage of the acoustic space 

for the time-varying noise. Given only a limited amount of noisy speech, we find it hard 

to estimate accurately the parameters in the noise model. 

For experiments that are conducted on the database Number vl.3, since noise is added to 

the clean speech manually, the true noise sequences are available to give an accurate 

estimation of the noise model. The accuracy and appropriateness of the proposed speech 

models foi; speech enhancement can be evaluated without considering the side effect of an 

inaccurate noise model. 
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For experiments that are conducted on the database Aurora 2, the true noise sequences are 

not available, since we have only noisy utterances at hand. The parameters for the noise 

model are trained on the first ten frames of the noisy utterances, which only gives a 

coarse estimation of the noise model. The accuracy and appropriateness of the proposed 

speech models for speech enhancement can then be evaluated under real-life situations. 
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Chapter 5 

Speech Enhancement By Noise-Tracking-Only Methods 

One of the prevailing approaches towards solving the noise robustness problem in speech 

recognition systems is speech feature enhancement, where a noisy speech signal is 

processed in the feature extraction stage. The speech features to be enhanced are usually 

the Mel-Frequency Cepstrum Coefficients (MFCC), which are used by most speech 

recognizers. 

While in some current approaches noise is considered stationary, some approaches 

explicitly address non-stationary noise. The methods based on the sequential EM 

algorithm are then the prevailing ones. Previous work has shown that they can estimate 

the noise sequence effectively [Kim98c] [Afi04]. However, the inherent time delay with 

the sequential EM algorithms is high because frame-by-frame iterative estimation is 

required to make the noise parameters converge. Recently, filter-based sequential 

estimation methods have attracted much attention since they have a reasonable numerical 

complexity and a low time delay compared with a sequential EM algorithm. For instance, 

in [Kim98b], a Kalman filter is used to track the non-stationary noise characteristics. 

Based on a piecewise linear approximation of the nonlinear function, using a first order 

Taylor series expansion or a higher order Taylor series expansion, the Kalman filter can 

be used to address the time-varying noise compensation problem. Since the distortion 

caused by the additive environmental noise is highly non-linear in the feature domain, the 

particle filter algorithm [Fuj05] [Raj04] is a possible alternative method to Kim's 

linearized Kalman filter [Kim98b] method. The particle filter is a Bayesian estimation 

method based on the sequential Monte-Carlo method. Another possible alternative to 

Kim's linearized Kalman filter method is the unscented Kalman filter (UKF) [Jul97]. 

In this chapter, we will review Kim's linearized Kalman filter [Kim98b] method and 

propose to replace the linearized Kalman filter with the unscented Kalman filter [Jul97], 

in order to estimate the noise in a nonlinear system. 
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5.1 State-Space for Noise-Tracking-Only Method 

Assuming that the clean speech signal y(t) is corrupted by an independent ambient noise 

n(t) in the time domain, the noisy speech o(t) can be presented as: 

o  ( t )  =  y ( t )  +  n ( t )  (5.1) 

If we frame the speech signals and convert them into the log-spectral domain on a Mel-

scale, the above relation becomes [Mor96]: 

exp( o,) = exp( y,) + exp( n,) (5.2) 

where o, ,n, and y, represent the noisy speech log-spectrum, the noise log-spectrum and 

the hypothetical clean speech log-spectrum vectors at the /-th time frame, respectively. 

After some numerical calculation, we have [Mor96]: 

o, = log(exp( y,) + exp( n,)) 

=  y t  + log (l + exp(n, -y , ) )  

With a discrete cosine transform (DCT), we can get the following parametric model in the 

cesptral domain [Ace93]: 

0/ = Clog(exp(C~'y,) + exp(C~'n,)) 

= y, + C log(l + exp(C_1 (n, - y,))) 

where o , ,  n ,  and y, represent the noisy speech cepstrum, the noise cepstrum and the 

hypothetical clean speech cepstrum at the /-th time frame respectively. In practice, the 

DCT matrix C is not square, so the dimension of the cepstrum vector is smaller than the 

number of Mel-scaled filters. This means that we are losing resolution when going back 

to the frequency domain, and thus equation (5.4) represents only an approximation. 

As in [Raj04], we can model the sequence of log-spectral vectors or cepstrum of noise as 

the output of a first-order auto-regressive (AR) system excited by a Gaussian process v 

with mean and covariance matrix Q as follows: 

n ,=An,_ ,  + v, (5.5) 
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Note cbar in the log-spectral domain, the d x d state A is not diagonal since there is 

considerable correlation among the components of a log-spectral feature vector. The state 

matrix and process noise parameters can be estimated from a segment of training samples 

of noise. It is found from our experiments that equation (5.5) can provide a better 

description of the log-spectral dynamics than a simple random walk model as used in 

[Kim98b] [Fuj05] 

n,  =n,_,+v,  (5.6)  

where A equals an identity matrix I. Different from the conventional approach where the 

speech signal is modeled as the output of a dynamic system, the noise compensation 

problem here is treated inversely by assuming that the speech is the nonlinear obscuring 

influence that prevents us from observing the noise. 

Without losing generality, we could assume that the probability density function (pdf) of 

the clean speech feature vector y can be represented by a multivariate Gaussian mixture 

model (GMM) as: 

P i . y )  =  Z  p U ) N ( y , \ i y j , X y j )  ( 5 - 7 )  
;=i 

where Mis the total number of mixture components andp(j), jiyJ and represent the 

given a priori probability, the mean and the covariance of the y'th Gaussian distribution, 

respectively. 

Let each mixture component form a Kalman filter, then Equations (5.5) and (5.3) form 

the state and observation equations of a dynamical system in the feature domain as: 

n, =An,_!+v, v ~ A/(0,Q) (5.8) 

o (=/(n, ,yy)  yj  ~ /VQiy J ,£y J)  (5.9)  

The above state space model is general and easily applicable to any representation of the 

signal in the log-spectral and cesptral domains. The difference is that, when the discrete 

cosine transform (DCT) is used to reduce the spatial correlation in the feature vectors, the 

matrices Q, Ey . could be diagonal. 

57 



As seen from equations (5.8) and (5.9), this is a switching state-space model. Therefore, 

switching Kalman filters should be applied. In the next section we will present the 

fundamental concepts of switching state-space models and give some in-depth review of 

the algorithms that can handle the interactions between the parallel Kalman filters in an 

efficient way. 

5.2 Review of Switching Kalman Filter 

5.2.1 Introduction 

A switching model is a model with switching parameters, where the model parameters 

change among a set of different parameters, and where the change is allowed to occur at 

any time. A linear case of the switching model is 

where s, = j denotes the mode of the model at time t, which is assumed to be one of the 

M possible modes. 

For the fixed-parameter state space, a Kalman filter calculates the conditional mean and 

covariance of the hidden state z,, given the observation up to time t. It can be represented 

as: 

Generalizing from the fixed-parameter case to the case with switching parameters like the 

model given in (5.10) and (5.11), the mean and covariance of z, is conditioned not only 

on the observations up to time t but also on the entire switching history. The conditional 

mean and covariance become 

z(/) = d>wz(* -1) + uiW + WlW(0 Ww ~ N ( 0 , Q j )  

o(f) -  H s _ j Z ( t )  +  V S i = j ( t )  Vw ~ tf(0,Ry) 

(5.10) 

(5.11) 

z,„ =  E [ z ,  | oJ  

V,„  =Cov[z ,  | o w ]  

(5.12) 

(5.13). 

and 

(5.14) 

58 



C o v [ z ,  | s ,  =  = i l _ l , . . . , s l  =/,,o1:(] (5.15) 

where s, represents the state at time t, ik (1 < ik < M) . If the switching evolution 

process s, =ik,st_l =ik_1,...,si =i{ , were known, the conventional state estimation 

techniques would directly apply [Chu99]. However, the switching evolution process is 

unknown. All the possibilities of the evolution have to be considered during the 

estimation. If the model switches among M different modes, at each time step t, any of the 

M models could be chosen and as such, there are potentially as many as M' paths for the 

switching evolution up to time t. Therefore, the number of the elemental estimators has an 

exponential growth with respect to time [Sha93]. To make the state-estimation algorithm 

computationally feasible, approximations have to be made. 

There are several general approaches to deal with this exponential growth. One is to 

approximate the mixture of M' Gaussians with a mixture of r Gaussians. This is called 

the Generalized Pseudo Bayesian algorithm of order r (GPB(r)) [Sha93]. When r= 1, we 

approximate a mixture of Gaussians with a single Gaussian approximation. When r=2, we 

collapse Gaussians that differ in their more recent history two steps ago. The more history 

we keep, the better the approximation. The generalized Pseudo-Bayesian approach (GPB) 

has been used for state estimation in the target tracking and econometrics literature for 

general dynamic systems [Sha93][Kim94]. The Interacting Multiple Models (IMM) 

[Sha93] is a good approximation to GPB2 (GPB with r=2) at the cost of only M (instead 

of M2) filters (see Fig 3.1). Fig 3.1 shows a comparison of the GPB1, GPB2 and IMM 

filtering algorithms [Mur98a]. In the following, these three types of approximation and 

the associated suboptimal state estimation algorithms are discussed. More details can be 

found in [Sha93] [Mur98a][Maz03] and their references. 
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5.2.2 First Order Generalized Pseudo-Bayesian Approach 

The structure of the first-order GPB (GPB1) algorithm is shown in Fig 5.1. At the start of 

each processing cycle, the information carried forward from the previous measurement 

interval is a single combined estimate; at each time t, the state estimate is carried out 

under each possible current model; the GPB1 estimator combining the output from all 

models into a single estimate at the end of each processing cycle, any information 

conditioned on previous model history events has been discarded. 

Let us start by defining some notation. Pr is the shorthand notation for probability. The 

conditional mean and covariance of the hidden state z,, given the observations up to time 

t are denoted as: 

z,„ = E[z, |o,J (5.16) 

=cov[z, | o1;<] (5.17) 

« i = e [ z / = y ]  ( 5 - 1 8 )  

=cov[z, \ o l , , s t  = j ]  (5.19) 

P,jj=Pr(s, =yjoI:,) (5.20) 

L {  = Pr(o, |o,.m ,5,  = j )  (5.21) 

For each model, the Kalman filter algorithm is tailored to 

(5.22) 

Vi_ I=®yVH M®/+Qy  (5.23) 

e /  =o ,  (5.24) 

K/ = Vj_,H/(H,Vj_IH, + Ry)"> (5.25) 

zi\.=zt\ M+K/e/ (5-26) 

V,f,  = ( l -K/H (5.27) 

While using the Kalman filter for the elemental estimator implementation, an assumption 

is made that posterior probabilities, Pr(o( | o = j), are Gaussian and computed by 
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l |  =  Jv (e / ;0 ,H y V ( ( M H J  + R y )  (5 .28 )  

Assume that the mixtures of Gaussians could be approximated as one Gaussian, the 

merged estimate is calculated according to 

z>\' = Z p'\>zi (5-29) 
j  

v » = x w  - z * x z i ~ x j  ( 5 - 3 ° )  
j  j  

where Pt\t = Pr(st = jjo1:;), called model probability, is calculated recursively according 

to Bayes rule as 

Pr(s, = j|o,:<)= £Pr(o,|s, = y.o^PK = j |o1:,_,) 

=  ̂ P r (o ,  | j-, = = j |s,_t = = i |o1:,_,) 
i  

=  ± L i % ? i ( s l  =  j \ s l _ l = i , o b l _ i m s t _ l = i \ o l : t _ l )  ( 5 ' 3 1 )  

i 

= -C Li 2 Pl( S' = J \Sl-l=i'° l:/-l)PL\,-X 
i  

where c is the normalization constant 

c = zpr(5' = J i s'-i = )p/-im (5-32)-
j  '  

Each recursion of the GPB1 algorithm can be summarized as below for each time step: 

1. For each current model, calculate the estimates z/j, and V,j( by running the KF listed 

in (5.22)-(5.27), given the estimate from previous time step t-l 

2. Update model probabilities, Pr(s, = j | oI;,), according to (5.31)-(5.32) 

3. Calculate the merged state and its covariance estimates, according to (5.29) and (5.30). 

It is seen that GPB1 provides a very coarse approximation of the optimal system by 

merging outputs of all filters into a single estimate at each processing cycle. This 

approach is very efficient but we need to judge whether the price for loss of accuracy 

would be too great to be used for implementing our proposed algorithm. 
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5.2.3 Second-Order Generalized-Pseudo-Bayesian Approach 

The second-order Generalized-Pseudo-Bayesian GPB2 estimator operates on similar 

principles to its first-order variant, except that the memory is allowed to extend to an 

additional processing cycle. In what follows, we review the GPB2 algorithm. The 

conditional mean and covariance of the hidden state z(, given the observation up to time t 

can be represented as: 

z«|, =E[z, |o,J 

V,„ = cov[z, |o1:(] 

z/[, =E[z, = j ]  

V,{ = cov[z, |o1:,,.s, = j] 

zi7) = ECZ, I =hSt = j] 

v;00 = cov[z, |o t o ,sM  = i,s, =j]  

(5.33) 

(5.34) 

(5.35) 

(5.36) 

(5.37) 

(5.38) 

(5.39) 

(5.40) 

LfJ) = Pr(o, |o1;<_,,Vi = h s ,  =  j )  

= Pr(,sM = i\s,= j,oht) 

(5.41) 

(5.42) 

We perform the following steps in sequence 

(5.43) 

V'(y) _ cl) V' lb 7 4 O 

e;°> =0, 

k«> = + rj)-' 

r . i ( j )  _  ™'0) ,  V- iUla 'U) 
T t \ t  - Z / | M + J V /  e /  

(5.47) 

(5.46) 

(5.44) 

(5.45) 

(5.48) 
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The posterior probabilitiesPr(.s,
/_1 = i  \  s t  =  j , o V j )  and model probabilities Pr(s, = y|o1:() are 

computed recursively by 

L \ ( J )  =  N  ( e^ y ) ;0 ,H  jV «l\H , + R ,) (5.49) 

/ > \ Pr(^ = j I Vl = Z'°l r-l)-Pi-llr-l 
P,Zv = = m, = >,,) = = , | v_ = 

(5'50) 

(j-51) 

W« =Pr(S,_, -l|j, •MJ-Fg&IPl (5.52) 

The derivation of the mode update equation is as follows 

Pr(s,_, =i,s, =./|o1;()=^-Pr(5(_1 = i,s, = j, j,|o1:(_,) 
= "cPr(°/ IVi- U s ,  =/,o1:,_1)Pr(v, = i , s ,  = j \ o V J _ l )  

=  i P r ( « ,  k - i  = i , s ,  = j , o h l _ 1 ) P r ( s ,  = j \ s , _ l  = i , »,«_,)Pr(j(_i = i| o l a _ , )  

= Pr(s, = j ] sM = i,ou/_, )PU\,-i 

where c is the normalization constant 

c-yy.^ws,- y i » m ( 5 . 5 4 )  

Pjt and W:'l/ can be derived according to Bayes rule and by straightforward conditional 

probability manipulation. 

The merged estimate at node j is calculated according to 

-  I  f . l l ' z iy  (5 .55 )  
j 

(5.56) 
j  j  

The state estimate is equivalent to 

>» = I (5-57) 
j  

\ =Yfi% +2#k -**k ~ZJ (5.58) 
j  j  

Hence the operation of the GPB 2 algorithm is such that the estimate from each model in 

the processing cycle is processed using each dynamic model, giving M 2 total elemental 

filters. At the end of each processing cycle, the M 2 estimates are combined down to M 
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estimates, combining estimates from different models in the previous processing cycle to 

leave one estimate for each model in the latest processing cycle. This is illustrated in Fig 

5.1, which shows the structure of the algorithm. Compared with the structure of the GPB1 

algorithm also shown in Fig 5.1, the GPB2 algorithm uses M2 filters, thus it is able to 

maintain M estimates and propagate each estimate with each of the M filters at each 

processing interval. 

The GPB2 algorithm can be summarized below: 

1. Calculate z)|/} and for i, j = 1,2,...,M, using the KF in (5.43) to (5.48), using 

the merged state estimates at the previous time step, z^,^, and as initial 

values. 

2. Calculate the merging probabilities, Pr(5',_1 = i, st = j |o1:(), according to (5.49)-(5.52). 

3. Merge states for each model at the current time step using the merging probabilities 

according to (5.55) and (5.56), which will be used for the next time step recursion. 

4. Update model probabilities, Pr(s, = j | oI;/), according to (5.49), (5.50) and (5.51). 

5. Calculate the state and its covariance estimates, z,_,|M and V(_,|M, according to (5.57) 

and (5.58) 

5.2.4 Interacting Multiple Model (IMM) Approach 

The IMM estimator is a methodology which achieves comparable performance to the 

GPB2 estimator using only Melemental filters, rather than M2 as required by the latter. 

A block diagram of the IMM algorithm is shown in Fig 5.1. There are M filters, each of 

which is supplied with a different input. However, rather than passing the output of each 

filter directly the same filter at the next processing cycle, the algorithm mixes the 

estimates accv ung to the Markov transition model in order to allow the system to react 

to changes to the model in force. In that way, the input to the y'th filter becomes the best 

estimate of the state at time instant t-1, conditioned on the event that model j is in force at 

time instant t (the new sample time). 
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In this part, we adapt the general IMM state estimation approach to our nonlinear state-

space model of feature dynamics. The following notations need to be first adopted 

Z,ilH = £(Z,_, I S, = j>°l:/-l) (5-59) 

V/_lN = cov(z,_, 15, = j, o,:M) (5.60) 

WM-i = Pr (sM = i\s, = j, o1:<_,) (5.61) 

The initialization values, zandV^^,, are obtained by merging according to 

<5-62) 
i 

= v,,i,-i ~ zmh )(zmh ~z/-im) (5.63) 
i i 

The mixing probability = Pr(sM = i\st = j,o1:/_,) is computed recursively with Bayes' 

rule 

wt%-\ = Prfc-1 = 'k = j'° l:/-l ) 

PrQy, = j | y, = z,)Pr(s,_, = i \ o1:,_,) (5.64) 

XPr(s< = j 15/-i = i.oto_i)Pr(s,_, = z | o1:,_,) 
/ 

The Kalman filter algorithm for the IMM becomes: 

Xi-l =®yZ/i,M+uy (5.65) 

V,{_1=®yV^M®/+Qy (5.67) 

e/=0/-hyzi-> (5'68^ 

k/ = v^hh/(h,v^hy + ry)_1 (5.69) 

zi=zi-i+k/e/ (5-70> 

V,(, = (l-K/H (5.71) 

And Pr(s, = j | o,.,) is updated as 
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Pr(y, = j I o1:() =iXPr^-i = f'Si = 

j 

=SPr(o, k-1 =i,s, =j,°i:/-i)Pr(Vi = »>«, — jI°i:m) (5.12) 
i 

=^Pr(o, |s,_, =i,st =7,oI:,_1)Pr(yf =j 1^-1 =*>i:,-i)Pr($-i ='I°i:m) 
i 

where c is the normalization constant 

c=ZZPr(°- 1s,_, = z, s, = 7,o1:/_j) Pr(5, = j 15,_1 = z", o1;(_j) Pr(5,_, = i | o,;M) (5.73) 
j i 

The calculation of Pr(o, | o);,_, ,sM = i,s, = j) in (5.72) is done with 

Pr(o, |o1:M,Vl =i,st =7) = Me/;0'H,V<f,_,H.+Rj (5.74) 

The state estimate is equivalent to 

zf|, = E Pr( s, = j | oI;,)z /„ (5.75) 
j 

V'l< = E Pr(S' = j I + Z Fr(-S< = j I °l:')(Z/|« ~ Z'I'XZ4 -1<\>)T (5-76) 
j j 

The entire IMM algorithm can be summarized as follows: 

1. Calculate mixing probability Pr(sM =i\st = y,using (5.64) 

2. Calculate merged initial conditions zj_x|M and for each current model 

according to (5.62) and (5.63), given the estimate from previous time step t-1 

3. Calculate the estimates z^ , V,| by running the KF in (5.65)-(5.71) with initial values 

obtained in step 2 

4. Update model probabilities Pr(s( = j | o) according to (5.72)-(5.74) 

5. Calculate the state and its covariance estimates and according to (5.75) 

and (5.76). 

5.2.5 Comparison of GPB1, GPB2 and IMM approximations 

(1) Computational cost: Like the GPB1, the IMM approach has the same M possibilities 

considered at each time step, and hence it has the same computational cost. Compared 
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with the GPB2 that has JW2 possibilities considered at each time step, the IMM and GPBl 

approach have a significantly lower computational cost (by a factor of M). 

(2) Initial value: The IMM is different from the GPBl approach in which all possibilities 

are initialized by the same value. The GPB2 approach takes into account all pairs of 

model switching from time t-\ to t, and each pair has its initial value from the previous 

model. 

(3) Accuracy: The merging in the IMM approach takes place just before the estimation 

begins at each current model, which is different from the GPB2 in which the merging 

takes place after the estimation is completed at each current model. Since the merging in 

the GPBl is more aggressive, it is expected to have a lower estimation accuracy than the 

IMM and the GPB2. The interacting multiple models (IMM) algorithm is a good 

approximation to the GPB2 at the cost of only M(instead of M2) filters. 

x. Merge 

Filter 2 

Filter 1 

Fig 5.1 (a) GPBl algorithm 

x, 

.1,2 1,2 

2,1 

t-1 

.2,2 2,2 

Merge 

Merge 

Filter 1 

Filter 2 

Filter 2 

Filter 1 

Fig 5.1 (b) GBP2 algorithm 
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Fig 5.1 (c) IMM algorithm 

It should be noted that, if there is a statistical independence assumption between st and 

s._, , the IMM approach is then identical to the GPBl algorithm, since 

1 = P^-l =Z'|^/ = )~ Pr(5(-1 = ̂  | ®i:/_i ) 5 Z/-l|(-l — an<^ • 

5.3 Switching Kalman Filter for Noise-Tracking-Only Method 

In section 5.1, we review some fundamental concepts of switching state-space models and 

the approximation algorithms that can handle the interactions between the parallel 

Kalman filters. Next we will show how to estimate the noise by using the switching 

Kalman filtering based on the state-space model given in equations (5.8) with (5.9). 

5.3.1 Switching Extended Kalman Filter for Noise Tracking 

Some notations are defined first: 

=  E [ n <  I  =  j ]  

y,i =  c o v [  n ,  |  0 1 ; , , s ,  =  j] 
fi,|, = e["< i °i:j (5-77) 

V , ) (  =  c o v [  n  ,  |  o 1 ; /  ]  

LJi = Pr( o, | o= j) 

p,J = Pr (*, = y|°,,) 

Given a noisy speech feature vector o, (t=l,...,T) and parameters (nyJ,2:y j,j = 1... M ) ,  

n(|, is found from the GPBl algorithm using a bank of Extended Kalman Filters (EKF) 

with the following steps performed in sequence: 
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(ai'v.iu/) 

EKF (n ,_i | r_i ,  V,o, ,Q,j i  ,  2  y iy)  

p  j  _  L J , p ( . s ,  =  j )  
r t 

(5.78) 

(5.79) 
Z j  L i p ( s t  =  J ) 

(n , V(|/ ) - Collapse (n /j,, V,>, P/ ) (5.80) 

where p(st = j) = p(j) is the a priori probability of the y'th GMM mixture component 

and is assumed to be independent of the previous observation. Note that, because of the 

statistical independence assumption between /?($,) and j?(s,_,) in the collapsing step, the 

IMM approach is identical to the GPBl algorithm [Kim98b]. 

The definition of the EKFQ function is as follows: 

n J — 
<i/-i = An 

V,iU = AV ,_i|,_ia' + q 

r T k, = v^h^hv^h7' +geyj.gr)-1 

where 

h 

G = 

W.\ 
an l"0,1'''' 

df 

3y "o'fyj 

Filtered estimate of the state vector: 

ai=^m+k
((0,-o,h) 

Filtered state-error covariance matrix: 

T i  =  v7' - K  ~ H T V J  ™ r|r-l JVftl v r|(-i 

(5.81) 

(5.82) 

(5.83) 

(5.84) 

(5.85) 

(5.86) 

(5.87) 

(5.88) 

If the above equations are applied to log-spectral features, the derivative matrices are 

h 9L  
5n 

JL 
dy 

= diag 

diag 

1 
1 4- exp(n0 -fiyJ) 

1 
1 + exp( n „ - nyy.) 

(5.89) 

(5.90) 
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In the cesptral domain, it becomes 

h K. 
dn 

df 

• i — C diag 1-
1 + exp( C 1 (n0 

c-1 

r 
G = — = Cdiag l-

l 

(5.91) 

(5-92) 
l + exp(C" (n0-nyJ))y 

The choice of the Taylor series expansion point is a crucial issue and needs to be 

appropriately determined, as it affects the implementation of the algorithm greatly [FreOl]. 

For the clean speech y, the operating point can be set naturally at the mean vector of the 

clean mixture model. If the operating point for the noise is set at n0 = as in [Kim98b], 

the Kalman filter works on a stationary linear system, referred to as a linearized Kalman 

filter (LKF) in this chapter. In the extended Kalman filter, normally we set n0 = n^_,. 

Linearization is continually updated around the previous state estimate. 

The posterior probabilities L\ =Pr(o, | ° 1;/_,, = j) are updated according to: 

Li =N (O , ;O  ,|M, HV ,|j_, H T + G£yJGr) (5.93) 

P,j =./|o1:,) is calculated according to equations (5.79) and (5.93). The outputs of 

all filters are merged into a single estimate x(k \ k) andP- (k \ k) at time t according to: 

n,i, =Zp/fii (5-94) 
J 

\ +Tp-j(K - - fi*)r (5-95) 
J J 

In [Kim98b], since the state estimations are associated with large state-error covariance 

matrices, to make the switching Kalman filter stable, a shrinking factor was introduced to 

reduce the Kalman gain. In our experiments, we use a more accurate noise model instead 

of the random-walk noise model in [Kim98b], so that the state-error covariance is 

decreased. In this case, the shrinking factor would bring negative effects to the results of 

our simulations. It was indeed found through our experiments that with the shrinking 

factor the recognition accuracy dropped by about 10%. Therefore no shrinking factor was 

used in our experiments. 

70 



Until now, we have obtained the noise sequence n. To get the speech sequence, the noise 

sequence is to be removed from the noisy signal sequence o by using the approximated 

minimum mean squares estimation (MMSE) procedure that will be described in section 

5.4. 

5.3.2 Switching Unscented Kalman Filter (UKF) for Noise Tracking 

Although the EKF algorithm presented in section 5.3.1 can handle the nonlinear 

distortion caused by noise in the feature domain, the flaws of the EKF have been pointed 

out by Julier and Uhlman in [Jul97]. A central and vital operation performance in the 

Kalman filter is the propagation of a Gaussian random variable (GRV) through the 

system dynamics. In the EKF, the state distribution is approximated by a GRV, which is 

then propagated analytically through the first-order linearization of the non-linear system. 

This can introduce large errors in the true mean and covariance of the transformed GRV, 

which may lead to sub-optimal performance and sometimes divergence [WanOO]. An 

improvement was introduced as the UKF proposed by Julier and Uhlman in [Jul97], and 

it addresses this problem by using a deterministic sampling approach. The state 

distribution is again approximated by a GRV, but is now represented using a set of 

carefully chosen sample points propagating through the nonlinear system. Julier and 

Uhlman have demonstrated the substantial performance gains of the UKF in the context 

of state-estimation for nonlinear control. 

To further improve the performance, next we will apply the UKF to the noise-tracking-

only method. The Unscented Kalman Filter is a straightforward extension of the 

unscented transformation (UT) to recursive estimation. The UT is a method for 

calculating the statistics of a random variable which undergoes a nonlinear 

transformation [Jul97]. It is described below in summary [WanOO]. Given, an L-

dimension random variable x with mean x and covariance matrix Px, the statistics of a 

random variable y = g(x) can be calculated by the following procedure: firstly, form a 

matrix i of 2L+1 sigma vectors j, with corresponding weights Wt, according to the 

following rules: 
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Z 0  =  X  

z, = x + (rj(ttj)p7). i = i,—,£ 

Z i  =  x - { J ( L T TjPTL i = I + 1,-,2£ (5.96) 

r 0
( m )  =  A / ( L  +  A )  

W Q
( C )  =  a /(i +  a) +  (1 -  a 1  +  / ? )  

= = i /{2(l + a)} / = 1, — .21 

where x  =  a  2  (I +  y )  -  L  is a scaling parameter, a  determines the spread of the sigma 

points around x and is usually set to a small positive value, y  is a secondary scaling 

parameter which is usually set to 0, and p  is used to incorporate a priori knowledge of 

the distribution of x (for Gaussian distributions, p = 2 is optimal). ^J(l  + X)vt). is the i t h  

column of the matrix square root. These sigma vectors are propagated through the 

nonlinear function, 

Y, = *(*,) ' = o, ••• ,2X (5.97) 

and the mean and covariance for y are approximated by: 

T* S *7"% (5.98) 
i = 0 V ' 

py « i! W^{V, - y}{Y, - F}r 

/ = 0 

It is seen that, by propagating a small set of deterministically chosen (Sigma) points 

through the nonlinear system, the posterior mean and covariance of a Gaussian random 

variable can be captured accurately. No explicit calculations of Jacobians or Hessians are 

necessary to implement this algorithm. For the Gaussian inputs, the UT results can 

achieve the accuracy of the third order. For non-Gaussian inputs, approximations are 

accurate to at least the second-order. The accuracy of third and higher order moments is 

determined by the choice of a and p [JulOO]. The EKF, in contrast, only achieves first-

order accuracy. 

Next we will show how to adapt the UKF algorithm to the state-space model given in 

equations (5.8) with (5.9). For frame t, some notations of the noise feature vector 

conditioned on the state s, = j are first defined: 
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n,', = E [n, |  o13 ,s t  = j] 

V,jJ = cov[ n, | o l : l , s ,  =  j ]  

<l( = E [n (  | o] (5-99) 

V,„ =  c o v [  n, | o,.,] 

L {  = Pr( o, |  o= j )  

P , J  =  Pr ( s ,  =  y|o,,) 

Initialize with: 

noio -  ̂ [nol (5.100) 

V0 |0 =  ̂ [(n0 ~ no|oXno — no|o) ] 

Given a noisy speech feature vector ot ( t= 1,...,T) and parameters ( p y j , ' L y J , j  =  1 . . .  M ) ,  

n,|, is foimd from the GPBl algorithm using a bank of unscented Kalman filters with the 

following steps performed in sequence: 

(n^.vi,Li)=UKF ( n , v ,  o , ;  q ,  j i  y  y ,  l  y  y . )  ( 5 . 1 0 1 )  

P  J  =  
L J > P ( S >  =  J ) (5.102) 

zy L 3 < P ( S t  = J )  

{h,v,\At)= Collapse\n{t,\lt,Pt
J) (5.103) 

where p ( s ,  =  j )  =  p (  j )  is the a priori probability of the y'th GMM mixture component 

and is assumed to be independent of the previous observation. 

The UKFQ function is given as follows: 

Firstly, form h a,_ _ , ,  V , ,%a as in [WanOO]: 

v;.1m=[vmm 0 0; 0 q 0; 0 0 (5-104> 

z°=Kxl T  ( f ) T  ( z y ) T f  

Sigma  ma t r i ce s :  i  =  1 ,  •  •  • ,  L  

+ {jiL + VV^l 

X l L { t - \ \ t - \ )  =  h l ^  - { j ( L  +  ̂ , ) V , ) .  

(5.105) 
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(5.106) 

Time update equations: 

z" (' I' -1) = A x? (< -11 < -1) + x^ (' -11' -1) i = 0,-,2L 

i = 0 

Vl|,_1 = £ w,M[*,"(* |/-1)- A][*," (/1 / -1) - fi]r 

/=0 
Y, ( t  \ t  - 1) =  f i x "  CI'-1), X t  CI'-1)) '  =  0> -  .2i 

®,M =£ ri<">Y|('U-l) 
/=o 

Measurement update equations: 

Pae (0 = Z T [Y, (/ I / - 1) - 6 IY,. (/ | / - 1) - 6 J (5-107) 
»'=0 

*«(0 = S (* I / - D - ]tyfI * -1> - 6^-. (5.108) 
;=0  

kf=p„(0pm(0 (5-109> 

Filtered estimate of the state vector: 

•^=^|H+K.(^-Vl) (5.110) 

Filtered state-error covariance matrix: 

v,/;=v,M-K,p66(0K/ (5.111) 

L\ = iV"(o,; 6,|(_,, P66 (o) (5-112) 

Collapse is a moment matching function, defined as in [Sha93]: 

( 5 U 3 >  
j 

J  J  

For each frame of incoming noisy speech, the algorithm described above gives the 

estimate of the noise in the frame. The clean speech sequence can then be estimated by 

using the approximated minimum mean squares estimation (MMSE) procedure described 

next. 

5.4 Speech Estimation by Minimum Mean Squares Estimation 

The minimum mean squares estimation procedure developed in [Mor96] is given as 

follows: 
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y, = - TJP(J I °iAl/)loS (• + exp (n,„ -|iyJ)) (5.115) 
M 

n is the noise sequence obtained by the Switching Kalman filter method, o is the noisy 

signal sequence, and y is the clean speech estimation. In the cesptrum domain, equation 

(5.115) becomes 

y,=°,-ZX/|o„n(|()Clog (l + exp (CT^n,,,-jiy .))) (5.116) 
M 

where M is the number of mixture components and p( j  \  o,, n,|() is given by: 

po'io„ft„,)= Mm*,{5117) 

lf(0« 
i=1 

where u £ denote the mean vector and the covariance matrix of 0 which are 
r* o ,t » o ,i 

compensated by a first order Vector Taylor Series (VTS) based approach [Mor96] with 

parameters ft y y ,£ y y. 

o = (Vy/)y + (v„/)n + g(y0, n0) 

gr(yo5
no)=/(yo5

no)-(Vy/)yo-(Vn/)nO (5.118) 

M-o,y = (Vy/)ny, + (Vn/)n„ + g(y0, n0) 

e0j, « (vy/)'ly,;(vy/) + (vn/yen(v„/) 

where y0,n0 are the first-order vector Taylor series expansion point and are set to 

H y , fi n , j = 1,...,M , respectively in this chapter. It is suitable to perform VTS 

approximation at ( ^ p n ), j = , because the a posteriori probabilities 

p( j  | o,,n,|,) measure the contributions of all the operating points in the VTS 

approximations and weight the different linear approximations to result in a piecewise 

one. Note that in equation (5.118) biases are frame-dependent and different stochastic 

residuals for different frames may be introduced. 

Since the distribution of the speech features in noise-tracking-only methods is described 

by a Gaussian mixture model without considering the temporal interrelations between 

close frames, each frame of data is enhanced independently. Without post-processing, this 
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can result in artifacts, such as sharp single frame transitions, that are not part of the 

original clean speech signal [Dro04]. This phenomenon can be seen in Figure 5.2. The 

residual noise has a great variance at the initial and final silences while the variance is 

smaller at non-masked speech parts. When speech is heavily masked by noise, the bias is 

large, while other parts exhibit a small bias. 

-10 

-14 

120 
Frame index 

Fig 5.2 Typical temporal sequence of log-spectrum coefficients for clean speech (solid), 

noisy speech (dotted), compensated speech (dashed). Cg is shown here. 

5.5 Simulation Results and Analysis 

5.5.1 Simulation Results on Database Number vl.3 

Pilot experiments are first conducted on the database Number vl.3. The database 

description and experimental settings for the speech recognition engine are given in 

chapter 4. The estimated clean speech feature vectors will be mapped from the log-

spectral domain into the MFCC domain using a DCT transform if they are processed in 

the Mel-scaled log-spectral domain, before being passed on directly to a speech 

recognizer for the recognition task. 
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With equation 5.7, clean speech feature vectors are modeled by a GMM model with 18 

Gaussian mixtures. The GMM components have Ml covariance matrices if the features to 

be enhanced are in the log-spectral domain. Simulation results in terms of recognition 

accuracy for white noise and babble noise mixtures when speech is enhanced in the log-

spectral domain are presented in Tables 5.1 and 5.2. For cepstrum vectors (MFCC), the 

GMM components have diagonal covariance matrices. For a fair comparison, we use a 

square DCT so that the cepstrum vectors have the same dimension as the log-spectral 

vectors. Simulation results in terms of recognition accuracy for white noise and babble 

noise mixtures when speech is enhanced in the cepstrum domain are presented in Tables 

5.3 and 5.4. 

SNR OdB 5dB 10 dB 15 dB Average 

No noise reduction 50.6 73.4 88.0 93.0 76.3 

Linearized Kalman filter 55.0 74.0 87.8 93.0 77.5 

Extended Kalman filter 51.2 73.2 86.8 93.6 76.2 

Unscented Kalman filter 56.0 74.6 88.6 94.0 78.3 

Table 5.1: Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 

SNR OdB 5 dB 10 dB 15 dB Average 

No noise reduction 44.0 70.2 85.0 91.0 72.6 

Linear Kalman filter 47.0 71.8 85.0 90.8 73.7 

Extended Kalman filter 44.4 70.2 85.2 91.6 72.9 

Unscented Kalman filter 46.2 72.4 85.2 91.0 73.7 

Table 5.2: Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the log-spectrum domain 
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SNR OdB 5 dB 10 dB 15 dB Average 

No noise reduction 50.6 73.4 88.0 93.0 76.3 

Linearized Kalman filter 54.4 74.8 86.8 91.2 76.8 

Extended Kalman filter 52.0 73.2 85.6 90.6 75.4 

Unscented Kalman filter 54.8 74.6 87.4 91.8 77.2 

Table 5.3: Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the cepstrum domain 

SNR OdB 5 dB 10 dB 15 dB Average 

No noise reduction 44.0 70.2 85.0 91.0 72.3 

Linearized Kalman filter 47.2 72.4 87.0 89.6 74.1 

Extended Kalman filter 44.4 71.4 84.8 88.6 72.3 

Unscented Kalman filter 46.8 72.6 86.8 91.2 74.4 

Table 5.4: Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the cepstrum domain 

Since our corpus includes only 5-digit utterances, we use a grammar 

([sil] $digit [sil] $digit [sil] $digit [sil] $digit [sil] $digit [sil]) 

instead of 

([sil] <$digit [sil]>) 

which is used when the string length is unknown as in the Aurora database. The square 

brackets denote optional items and the angle braces denote one or more repetitions. We 

found that this experimental setting makes the Number database baseline recognition rates 

given in Table 5.1-5.4 without noise reduction much higher than the baseline rates of the 

Aurora 2 database at low SNR. 

The simulation results on the Number vl.3 database show that the Kalman filter approach 

with either the linearized Kalman filter, the extended Kalman filter or the unscented 

Kalman filter is able to provide a small improvement of the recognition performance for 

this database. 
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It was found that the extended Kalman filter cannot bring better results than 

approximating the observation equation (5.9) by a piecewise linear model and then using 

a linear Kalman filter. On the contrary, at low SNRs, the extended Kalman filter performs 

even a bit worse than a Kalman filter with a linearized state-space-model. Large 

variations of the parameter estimates along the time axis are responsible for this 

phenomenon. The estimated noise n tends to be biased, while here, since we use the true 

noise sequence for training, p,n is the true value of the noise mean. Therefore, 

appropriately setting the Taylor expansion operating points at the mean vector of the 

clean speech mixture model and the mean vector of the noise brings better results. 

The unscented Kalman Filter can resolve the Taylor-expansion-points problem of the 

extended Kalman filter and improve the approximation accuracy. For both types of noise, 

the UKF method showed its superiority to the EKF counterpart. At SNR higher than 10 

dB where the speech is fairly clean, the recognition performance obtained with the EKF 

compensated speech is actually poorer than that obtained with the uncompensated noisy 

speech, while the enhancement algorithm continues to provide performance improvement 

with the UKF approach. However, the performance of the unscented Kalman filter is 

similar to the linearized Kalman filter. A possible reason is that the MMSE of speech is 

based on Taylor expansions, although the noise is tracked by a UKF method. Therefore, if 

we approximate the nonlinear acoustics model with appropriate Taylor expansion points, 

the Kalman filter can achieve equally good results as the UKF. 

It is found that enhancement in the cesptrum domain does not result in any additional 

improvement in recognition accuracy. This is reasonable since the DGT transform is a 

linear transform and could not bring further performance improvement. However, since 

the covariance matrices of the clean speech and noise are diagonal, Kalman filtering 

algorithms could be implemented faster. 
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5.5.2 Simulation Results on the Aurora 2.0 database 

After the pilot test, the experiments are then conducted on the Aurora 2.0 database. The 

database description and experimental settings for the speech recognition engine are 

given in chapter 4. We use the standard Aurora front-end settings. To conform to the 

observation model presented in (5.3), the feature generation was modified slightly from 

the reference implementation. In particular, we changed from using the spectral 

magnitude to using the power spectral density as the input to the Mel-frequency filter-

bank to make equation (5.3) stand. Our settings are the same as those in [Dro04][Umb05]. 

The recognition rates (%) for clean speech are given in Table 5.5. The baseline results 

without noise processing are presented in Table 5.6. 

All the experiments use the same global speech model, which is a GMM model with 16 

Gaussian mixtures. For each noise type a specific noise model was built. The parameters 

for the noise model were trained on the first ten frames of the noisy utterances. The first 

ten frames are assumed to be speech free. All the experimental conditions were 

maintained the same as those in [Umb05]. As we found from the pilot test on the Number 

database that speech enhancement in the cepstral domain brought similar results to those 

in the log-spectral domain, in this section we tested the proposed algorithms in the log-

spectral domain only. 

Detailed recognition rates (%) for each of the four noise conditions and for each of the 

SNRs in the Aurora set-A are given in Tables 5.8-5.9. The Vector Taylor Series (VTS) 

algorithm [Mor96] reviewed in chapter 3 is used as a benchmark, since the VTS is the 

most influential speech feature enhancement algorithms. The VTS results in Table 5.7 

were taken directly from [Myr03]. In the VTS, the non-linearity (5.9) is approximated by 

a 0-th order Taylor series approximation. An estimate of the noise is obtained and is then 

removed from the log-spectral feature vectors by using the MMSE method described in 

section 5.2.3. The results obtained by particle filters are also shown in Table 5.8 for the 

purposed of comparison. They were taken directly from [Umb05]. Our results using the 

proposed UKF approach are provided in Table 5.9. 
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Subway Babble Car Exhibition Average 

Clean 98.96 98.97 98.90 99.11 98.99 

Table 5.5 Accuracy (%) , Aurora 2 

Subway Babble Car Exhibition Average 

20dB 97.18 91.32 97.82 96.67 95.75 

15dB 93.31 75.63 89.53 93.49 87.99 

lOdB 79.98 50.60 69.49 78.72 69.70 

5dB 53.39 27.03 33.49 42.36 39.07 

OdB 27.26 12.18 11.09 15.71 16.56 

Average 70.22 51.35 60.28 65.39 61.81 

Table 5.6 Accuracy (%) baselines without noise compensation, Aurora 2 

Subway Babble Car Exhibition Average 

20dB 97.05 95.44 97.82 97.01 96.83 

15dB 95.30 85.85 93.56 93.58 92.07 

lOdB 84.34 62.39 76.05 81.02 75.95 

5dB 59.75 32.29 38.53 52.64 45.80 

OdB 29.44 10.67 10.68 17.71 17.13 

Average 73.12 57.32 63.33 68.39 65.55 

Table 5.7 Accuracy (%) with speech enhanced by VTS - (results are from [Myr03]) 
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Subway Babble Car Exhibition Average 

20dB 98.74 97.73 99.05 98.77 98.57 

15dB 96.13 94.20 97.44 95.99 95.94 

lOdB 89.59 84.92 90.52 88.34 88.34 

5dB 73.87 67.53 71.82 71.46 71.17 

OdB 45.41 40.11 33.25 42.39 40.29 

Average 80.74 76.89 78.41 79.39 78.85 

Table 5.8 Accuracy (%) with speech enhanced by 100 Particle filters 

(Results are from [Umb05]) 

Subway Babble Car Exhibition Average 

20dB 96.96 98.28 98.36 97.35 97.73 

15dB 93.31 96.83 95.85 92.97 94.74 

lOdB 87.17 88.94 88.94 85.25 87.58 

5dB 76.57 70.62 74.29 70.23 72.93 

OdB 52.29 31.47 42.71 44.89 42.84 

Average 81.26 77.23 80.03 78.14 79.16 

Table 5.9 Accuracy (%) with speech enhanced by 16 Unscented Kalman filters 

(Proposed in this chapter) 

The simulation results for the Aurora 2.0 database are summarized in the following table. 

The results are averaged across 0 dB to 20 dB. It can be seen that the performance 

improvement provided by the enhancement algorithm is much more significant in this 

case. 
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Subway Babble Car Exhibition Average 

Baseline 70.22 51.35 60.28 65.39 61.81 

VTS 73.12 57.32 63.33 68.39 65.55 

Particle filter 80.74 76.89 78.41 79.39 78.85 

Proposed 

UKF 
81.26 77.23 80.03 78.14 79.16 

Table 5.10 Summary of accuracy (%) on Aurora 2.0, set A 

The results show that the noise tracking approaches with either the particle filter 

[Umb05] or the proposed Unscented Kalman filter clearly outperform the VTS method 

[Mor96]. Comparing the results of the UKF method with those obtained by a particle 

filter, a small performance improvement over the particle filtering approach is observed. 

Considering the complexity involved, we used only 16 UKF while 100 particle filters 

were used in [Umb05]. It has been shown in [Dro04] that with the increase in the number 

of Gaussian mixture components and the number of the corresponding filters, better 

results could be achieved. It is thus promising that if we increase the number of the 

Unscented Kalman filters to 100, we should obtain better results than the particle filters 

method. 

We found that the performance improvement from using feature enhancement could be 

more easily observed from the Aurora database results than from the Number database 

results. One reason accounting for this is that, as explained before, the baseline 

recognition rate of the Number database is much higher. Another reason is that we used 

rather simple reference recognizer settings for the Number database: 3 HMM states were 

used to model one linguistic unit, while 16 states were used for one linguistic unit in the 

Aurora database testing. However, the results and conclusions based on the Number 

database still stand, because the algorithms are compared under the same unfavorable 

conditions. 
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In summary, from the simulation results, it is seen that the Kalman filter-based sequential 

estimation methods are effective at improving the recognition performance. The 

Unscented Kalman Filter is more appropriate (or at least as appropriate) for this 

application than the particle filtering approach. In the following chapters, we will further 

develop the Kalman filter-based speech enhancement approaches to compensate the noise 

in the speech feature domain. 

5.6 Summary 

A comparative study of filter-model-based noise-tracking-only methods was given in this 

chapter. A review of switching Kalman filtering was first given, which included the 

concept of switching state-space models, and an in-depth review of the approximate 

inference algorithms in switching state-space models, for which the exact inference is 

intractable. The prevailing noise-tracking idea for speech enhancement was then reviewed. 

Considering noise as the state variable to be tracked and whose observation is corrupted 

by speech, a switching Kalman filter can be used to estimate the noise, and then speech is 

enhanced by removing this estimated noise from the observation. The Extended Kalman 

Filter (EKF) algorithm and the Unscented Kalman Filter (UKF) algorithm were studied to 

compensate the nonlinear distortion caused by the environment noise in the feature 

domain. We revealed that the artifact problem associated with the noise-tracking-only 

approaches was brought about by the GMM speech model assumption. To further 

improve the performance of speech enhancement systems, a dynamic model taking the 

temporal interrelations between close frames of speech features into consideration will be 

introduced in the next chapter. 
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Chapter 6 

Linear-Predictive-HMM f or Speech Feature Enhancement 

6.1 Introduction 

In chapter 5 a noise-tracking-only method was reviewed, in which noise-tracking and 

clean speech estimation were two procedures carried out separately. However, it is 

believed that joint noise and speech tracking should yield a better enhancement result, as 

reported in [Dro04]. The major obstacle with the joint-speech-noise-tracking approach is 

how to represent the nonlinear and non-stationary time trajectory of speech features by a 

dynamic model. 

In [Dro04], the time evolution of speech features is represented by a Switching Linear 

Dynamic Model (SLDM). The linear dynamic model is the simplest dynamic model with 

state evolving continuously through time, which can be described by the following 

equation: 

x, =/fy., + w, (6.1) 

Evolution from one time-state to the next is described by a linear transformation F and 

the addition of some noise. The benefit of using a linear dynamical system is the smooth 

trajectory modeling. Speech is a continuous process and ideally should be modeled as 

such. However, a linear dynamic model is not appropriate to describe the trajectories of 

speech features since the time movement of speech features is manifestly non-stationary 

due to the nature of speech production [Por82][Ken90]. To describe the complex 

dynamics of speech features, a more accurate model such as the switching linear dynamic 

model is desirable. The basic idea is that the model describes the dynamics of a complex, 

non-stationary process by switching among a set of linear dynamic models over time. 

The standard hidden Markov model (HMM) is another popular and successful technique 

for modeling non-stationary time-series. As shown in Fig 6.1, the state variable in a 
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HMM is discrete and can be viewed as a switching variable between different stationary 

proceao regimes. The benefits of using a HMM include efficient training and recognition 

algorithms, in which automatic segmentation using the Viterbi algorithm has a very 

significant role. 

( St-1 j St j 

(Vy (V) 
Fig 6.1 Graphical representation of an HMM with Gaussian output. 

The shaded nodes are observed, and clear nodes are hidden 

On the other hand, a major drawback with an HMM is that successive frames are assumed 

conditionally independent given the hidden state, as shown in Fig 6.1. It is not a good 

assumption since the speech feature vectors are strongly correlated [Dig92][Ost96]. This 

correlation between successive feature vectors is often called inter-frame correlation. 

Combining an HMM and a linear dynamic model may be able to address some 

shortcomings of this assumption [Por82] [Ken90]. The result is named as linear-

predictive-HMM and it was applied for speech recognition in [Ken90]. The graphical 

representation of linear-predictive-HMM is shown in Figure 6.2. In Fig 6.2 (a), the linear-

predictive-HMM has a first-order dependency, while Fig. 6.2 (b) shows a linear-

predictive-HMM with a second-order evolution dimension. The shaded nodes are 

observed, and clear nodes are hidden. HMM states can be viewed as switching variables 

which choose the active parameters of the LDM. Therefore, linear-predictive-HMM is a 

SLDM that captures the smooth time evolution of the feature vectors conditioned on the 

hidden HMM state sequence. 
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(a) 

(b) 

Fig. 6.2 Graphical representation of HMM-based switching LDM 

In recent years, speech recognition using the SLDM in acoustic modeling has been 

studied in [Ken90][She94][Ros04]. However, the use of a switching linear dynamic 

model to represent speech in the context of speech feature enhancement was probably 

first proposed by Droppo et al [Dro04]. With a SLDM as the speech model and a noise 

model, Droppo et al estimate the clean speech component by a numerical integration 

method. Very recently, Kim et al [Kim05] use a SLDM with a similar structure to the one 

in Droppo's work, to model the speech and then estimate the clean speech component 

simultaneously with the noise component. The SLDM model in [Dro04] and [Kim05] has 

a structure which can be represented by the following figure. 

. ^ 

Fig.6.3 Graphical representation of the switching LDM in [Dro04] and [Kim05] 

The SLDM shown in Fig. 6.3 also maintains the concept that as time progresses, the 

signal passes through several distinct discrete states. The difference between Fig. 6.2 and 

6.3 is that the SLDM represented by Fig 6.3 assumes time dependence among the 
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continuous speech features in one state, but not among the discrete states. Therefore, it 

could be treated as a combination of a Gaussian mixture model (GMM) with a LDM. The 

linear-predictive-HMM represented by Fig. 6.2 takes further advantage of the temporal 

correlations among adjacent frames of the speech signal, by including transition 

probabilities among the discrete state variables. Compared with the GMM, the state 

transition probabilities of an HMM tend to eliminate single frame errors in the output. 

This advantage also makes HMM-based switching models have potentially greater 

descriptive power over the GMM-based switching models. 

In this chapter, we propose the use of a linear-predictive-HMM as a model for speech 

feature enhancement instead of a model for speech recognition as in [Ken90]. By 

incorporating the speech model with a noise model into the state space equations, both the 

noise and clean speech components are estimated simultaneously during the speech 

enhancement. A filtering approach with the linear-predictive-HMM as the speech model 

permits the feature enhancement not only at the level of individual frames, but 

simultaneously at the level of local sequences of frames. Offsetting this advantage is the 

fact that exact inference in the SLDM-based Kalman filter is intractable. Approximate 

inference algorithms are required, which in turn complicates the filtering. 

Our approach bears some similarity with the one proposed by Kim et al [Kim05]. 

However, our work was developed independently, and there are three important 

differences between our method and the method presented in [Kim05]: 

rti 
First, the SLDM in [Kim05] uses a first-order linear predictive model to predict the t 

speech log-spectral vector. In our SLDM, we investigate the use of both first order and 

second order linear predictive models for log-spectral vector prediction. To the best of our 

knowledge, the explicit use of higher-order SLDM to model the feature vectors for speech 

enhancement has not been reported so far. 

Second, the SLDM used in [Kim05] shares a similar structure to the one in Droppo's 

work [Dro04], while we use a different SLDM structure. Kim's SLDM is closely related 
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to the stochastic segment model [Dig93], in which the segments are assumed to be 

independent of one another. While in our SLDM, the speech vector is propagated over the 

segment boundaries, which should provide a better model for co-articulation. 

Third, the inference process of the switching LDM parameters is different. In Kim's 

SLDM, the whole space of log spectra of clean speech is divided into a number of disjoint 

clusters. The statistics to estimate the SLDM parameters were computed based on a 

cluster index that was obtained by "hard" competition. We use a "soft" competition 

instead. Hence it is possible to estimate at each time t the responsibility of each model 

and therefore detect a mode transition. 

It should be noted that, although linear-predictive-HMM can be used as an acoustic model 

for speech recognition, this model is only used for speech enhancement in this thesis. The 

enhanced speech feature vectors are then passed on to a speech recognizer for the 

recognition task. The speech recognizer is composed of the traditional HMMs with 

continuous Gaussian mixtures as reviewed in chapter 2. The number of hidden states in 

the linear-predictive-HMM could be understood as the number of LDMs in the SLDM, 

which has no connection with the number of HMM states used in the speech recognizer. 

Another notable thing is that the state variable in a HMM is discrete, while the state 

variable in the LDMs and the noise model are continuous, these two types of state 

variables are considered differently in our applications. To distinguish them, we will label 

the discrete state as 'state (mode)' in the following sections, meaning different HMM 

states representing different dynamical "modes". 

6.2 Linear-Predictive-HMM as a Speech Model 

Linear-predictive-HMM can be trained efficiently in a maximum likelihood framework 

using the EM algorithm [Dem77]. Consider a Markov chain with M discrete hidden states 

(modes), i, je(l,..., M) and a state (mode) transition matrix 
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p(tjl = j\q,_x -i)=aiJ = Z(i,j). Let y, stand for the output of the process at time t given 

that the model is in state i at time t, y, is defined as 

y, =»*,,=,• +BM,=,yr-i +-+B
JMl=iyt-P +e. (6.2). 

All the parameters of the linear dynamic model are time dependent via the discrete state 

(mode) variable st. If p is the autoregressive order and d is the dimension of y,, yt and ji 

are dxl vectors, the B's are dxd matrices, and the residual is a dxlrandom vector 

having a Gaussian distribution with mean 0 and covariance matrix _t. It is assumed 

that the residual e, at different times is independent. Equation 5.2 could be rewritten in the 

short-hand form as 

here xt is the <5?p-dimensional column vector [y,_1,---y,_p]rand Bs =i is the dxdpmatrix 

(®u,=i ®p,s,=f)- The hidden filter model described in the time domain [She94] can 

be obtained by setting d= 1 andji = 0. For a stationary autoregressive process, the dc term 

|i is necessarily 0; but for the non-stationary model there is no such restriction, and p is 

treated as a parameter to be trained in the same way as the regression coefficients. In this 

section, we show how to estimate the parameters of the model, namely a, = , as 

well as the transition probabilities Z of the hidden Markov chain and the initial probability 

7t, from a sequence of observations Y = {y,y2— yr} using an Expectation-Maximisation 

(EM) [Dem77] algorithm. For convenience, we use the compact notation A = (X,Z,n) to 

indicate the complete parameter set of the model. 

The EM algorithm requires us to maximize Q(A, A,), where X - (A,Z,3f) is defined as 

the reestimated model. The joint likelihood of an observation sequence 

Y = {y,y2...yr} and a hidden state (mode) sequence q = {qlq2...qT} can be written as 

y« =JV/+B*,=/xr+e, (6.3) 

T T 
(6.4) 

The joint log likelihood becomes 
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log^j(y,q) = logPI(91) + xlo8il^' k-i) + zlogpl(y< 1^) (6-5) 
t=2 (=1 

The EM algorithm requires us to maximise 

2(2,J) = X^(q|Y)log/>j(Y,q) 
q 

/ t f \ (6.6) 
=s^(q|y) logpi(9i)+zlogpi(^ k-o+x10^^ k) 

q v '=2 /=1 7 

where ^ denotes a sum over all the possible hidden state (mode) sequences. The above 

equation consists of three terms; the first for the initial probability, n i , the second for the 

state (mode) transition probability parameters, Z and the third for the observation model 

parameters A. It then can be rewritten as 

Q(A,I) = Q(x,Jr) + Q(Z,Z) + Q ( A, A) (6.7) 

Q( j i ,  k )  = Y4P!l (q ,  = i|Y) logPj (q x  = i ) (6.8) 
i 

i j I 

fi(a,a) = 2z/,a(^=f|y)logpj(y(|3<) (6.10) 
* t 

The three terms in equation (6.7) can be maximized separately, giving rise to parameter 

update equations for each different part of the model. 

The update formula for the initial state (mode) distribution parameters and the transition 

matrix can be found by maximizing equation (6.8) and (6.9) which gives 

^=7,(0 (6.11) 

(6-12) 

EM o 

where 

r,(!) = P(q,=i\V), t = l,...,T (6.13) 

Z,(hj)=P(,q< =Uql+i = ;'|Y) (6.14) 
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They are defined in the same way as in a standard HMM, and can be calculated by the 

forward-backward algorithm as described in chapter 2. 

-Observation model 

An update formula for the observation model parameters can be found by maximizing 

0(A,I) = (4, =/1 Y)logPj(y, |*,) (6.15) 
i * 

For a Gaussian observation model 

Pr(y, k =i) = (2xYdl2 12,. p exp(—j[y, -B,x, -JiJ'Sr'ty, -fix, -p,]) (6.16) 

By substituting this into equation (5.15) and dropping terms that are independent, the 

objective function becomes 

g(A,A)=-|52>, (i)log|£, H22>. 0)E„[(y, -B,x,-Jl,)'Sr'(y, -B,x, -R)] (6.17) 
t  i  t  i  

The following expected sufficient statistics are introduced [Mur96b]: 

Srrj (*')£„• [y,y)] 
/ 

Srrj = y)yj 
/ 

(6.18). 
t 

Sr,=!>, (0£»w 
/ 

SxY<,i = (o^foy',1 
t  

V* =&(')£,/[ y,x)] 
t  

Maximizing Q(A, A) with respect to B,. and setting the derivative to 0 

(0.-2er'^[(y, -f/)*)] 
/ 

=sr'{(X>, (0#[y,*)])-»,.£>, (0£„[x,x;])-ji,.(X]r, (o^jx;])| (619). 

=  -  X X \ i  ~  

•kQ = o 

the vector equation is obtained 
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»<=(skv-rs«)si^ (6-2°) 

Likewise, setting the derivatives of Q  with respect to |i. equal to 0 

iQ—iZr, (0.-2=r'£«[(y, -*,)] 
/ 

= «2>, (0£,[y, 1) - »,(r, W.l*, 1) - sdr, ('))} 
/ t (6.21) 

=  { S Y i  —  B j S X j  —  ( i , y i }  

another vector equation is obtained 

— syj — b/sxi 
it, =— (6.22) 

r ,  
where y t  = ̂ y, (i). The new estimates for ji, and B, can now be obtained by solving 

t 

the pair of simultaneous equations. 

®i = (Syx\i ~ J1; $x,i )^xx\i 

_  S Y  .  r - B , S X J  (6.23) 
h,- =— 

Y ,  

Setting the derivatives of Q (  A, A) with respect to £; gives the re-estimation formula as 

(i)% (0£,/(y, -B,x, —pf)(y, -B,x, —pf)' = 0 (6.24) a 
as; 

21 =~Y/t (Wy,y, -y,i*< -B,.x,y; +b,x,x;b; +b,x,h; -fi,yi + l i , x , B i  +n,n;) 
Y , t  

Since we have 

S y i ~ B i S X i  
% =— — (6.25) 

r, 

equation (6.24) is simplified further to 

E ;  = (iSyy' i  ~S r r .B.  — BjiSjjyy 4- B j iS ,
x v„.B | .  — i ()  (6.26) 

rt 

Throughout the above analysis, we have assumed that the model is trained using a single 

token. However, a left-to-right model cannot, in general, be reliably trained with a single 

token. The multiple token training case analysis is similarly derived. Suppose we have L 

tokens Y(I),---, Y( i)of lengthr(1),---,r(L), we replace each "t (time) summation" by a "I 
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L rc'' 

(token) summation and t (time) summation": SS . The subsequent analysis is 
/ i=i i 

exactly the same as discussed previously. 

A linear-predictive-HMM model trained using the EM algorithm is guaranteed to reach 

only a local maximum likelihood solution. Because there are many local maxima, such 

models are sensitive to how they are initialized. For this reason, we need to initialize the 

model rather carefully. Both the HMM and the linear dynamical model must be 

initialized. The key point is to start wn'? a good partition of the data, each being modeled 

by a linear dynamic model [Gha98]. The initialization algorithm is summarized as 

follows: 

1. A fuzzy C-means clustering technique [Bez81] is applied to cluster all the feature 

vectors into M segments. The process calculates the cluster membership degree 

ctj if), and updates the cluster centers Vj iteratively to make the following 

objective function reach a minimum: 

M T 
o = (6.27) 

7=1 '=1 

where D t  = [y,;y,_,]. The fuzzy membership degree to cluster j at a time point t 

a j (t) can be interpreted as to what degree the data point belongs to a specific 

state (mode) j. Here the fuzzy-C clustering algorithm is used instead of the "hard" 

clustering, since it gives us the fuzzy membership degree aj it) used in step 2. 

2. The aforementioned EM algorithm is performed to obtain the initial estimate for 

the LDM parameters in cluster j using formulas (6.23), (6.26) with aj (t) instead 

of y,(i). 

3. Initial probability and transition probability are set to be 1/ M. 

Now, the EM algorithm can be summarized as follows: 

Step 1: Initialize X = {A,Z,TU)  

Step 2: Find the expected state (mode) occupancy: y, (/") = P{q t  = i | Y), t = 1,..., T 
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Step 3: A new set of parameters X = (A, Z, W) is found that maximizes the expected log-

likelihood using the update formulas (6.13), (6.14), (6.23) and (6.26). 

Step 4: Let X = X ; if convergence has not been achieved, go to step 2. 

6.3 Joint-Speech-Noise-Tracking Based on Linear-Predictive-HMM 

Given the linear-predictive-HMM as the speech model, we are going to develop a 

sequential approach to estimate the clean speech components from noisy observations. 

What distinguishes the present approach from the approach presented in chapter 5 is that 

both the clean speech components and the noise components are estimated 

simultaneously. The major obstacle to use the switching LDM for enhancement is the 

computational burden that it brings. Optimal minimum mean squared error estimators 

involve a bank of filters tuned to all the possible parameter histories, which makes the 

cost in computations grow exponentially with data length as we have explained in chapter 

5. Tractable, approximate inference algorithms are therefore required. We will show how 

the Interacting Multiple Model (IMM) algorithm and the first order generalized pseudo 

Bayesian (GPB1) scheme can be adapted to the nonlinear state-space model of feature 

dynamics presented above, to provide a sub-optimal approximation solution. As a basis 

for these algorithms, we first present a nonlinear state-space model for noisy speech, 

clean speech, and noise in the feature domain. 

The nonlinear acoustic model in the log spectrum feature space is given as: 

o, = y, + log(l + exp( n, - y,)) (6.28) 

where ot, yt and nt are the ^-dimensional log spectrum of noisy speech, the hypothetical 

clean speech and noise at the £th frame, respectively. In the cepstral feature space, it 

becomes 

o, = y, + C log(l + exp((r' (n, - y,))) (6.29) 

where ot) ytand nt represent the d-dimensional cepstrum of noisy speech, the hypothetical 

clean speech and noise at the /lh frame, respectively. Taking into account the time-varying 

characteristics of the background noise, we model the sequence of noise features as the 
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output of a first-order auto-regressive (AR) system excited by a zero mean Gaussian 

process v with a covariance matrix Qn as [Raj 04]: 

nt = An,., + ji„ + v, (6.30) 

6.3.1 State-Space for Joint-Speech-Noise-Tracking Method 

Combining (6.2) with (6.28) and (6.30) leads to a nonlinear state space model in the log-

spectral domain conditioned on st = j as: 

z, =<&/z,-i +"/ + e,j (6-31) 

= /(z,) = y, + log(l + exp(n, - y,)) (6.32) 

The nonlinear state-space model in the cepstrum (MFCC) domain conditioned on s, = j 

is 

z, =®yz,_, +Uj + e t j  (6.33) 

o, = /(z,) = y, +Clog(l + exp(C"'(n/ -y,))) (6.34) 

with the following definitions: 

z ,  = [y« r  «*, r] r  

® ,  =  
B, 0 
0 A 

e<,j = k,; v< 1 

0 , 
r, o 
0 q« 

(6.35) 

(6.36) 

The state-space model for linear-predictive-HMM with second-order dependency in the 

log-spectral domain is given as: 

z, = 4»yz,_, + u j + Gfe,j (6.37) 

o .  =  / (z<)  =  < +  l°g(  I  +  exp(  n ,  -  F y , )) (6.38) 

In the cepstrum domain, it becomes 

z, = Oy.z,_, + U; + Ge,j (6.39) 

» ,  = / (z , )  =  ̂ 7 ,  + C log(  I  +  exp(  C (n ,  -  F y , ))) (6.40) 

with 

v,] r  " y  /  "  y ,  
Z ,  =  il

 

Z ,  =  

9
 

_ y  r - l  _  
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c. 

Cj 0 
0 a 

1 0 

"y=tl»y 0 Hj7" 

qy = 

(6.41) 

G  =  Gy 0  s. 0 
0 Q„ 0 i 

F  = [i o] G y  =[I Of 

Both noise and clean speech components are incorporated in the state space, and are 

estimated simultaneously. 

6.3.2 Switching Kalman Filter with the GPB1 algorithm 

In this section, we will show how to adapt the first order generalized pseudo Bayesian 

scheme to the nonlinear state-space model of feature dynamics presented above. Let us 

define 

z , = £ ( v i  k - > )  ( 6 - 4 2 )  

V,_,|M = cov(z,_, | o1:l_,) (6.43) 

z/|, =  E [ z ,  |o , : , , s ,  =  y]  (6 .44)  

V,i = cov[ z, |o1:,,s, = j] (6.45) 

LJ
t  = />(o, | j,_, = i, s, = j, oI a _,)  (6 .46)  

in which oI;, = {o„o2 oj denotes the noisy speech observation sequence up to time t. 

Given a noisy speech feature vector ot (t=l,...,T), z,!( is found from the GPB1 algorithm 

using a bank of Kalman filters with the following steps performed in sequence: 

for theyth Kalman filter: 

(i,;.V,/,,i;)=XF'(«,.,l,.„V,_,l,_„o,;®y,oy,Qy) (6.47) 

The model probabilities p{st — j | ow) are updated according to 

P(s< = JI ®i:<) = i 1 = U s, = j, o, |oI:M) 
/ 

= n i vi = h S, = j, 01;m )p(s,_x = i, s, = j i o1:/_,) (6.48) 
i  

= k-l = i>s, =j\s<-1 ' i ) 

where £2 is a scaling factor equal to 
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^ = K-l = i'Si =J\si-l = i>°lu-l)P(s<-l = ' l°l:,-l) (6-49) 
J  *  

The outputs of all filters are merged into a single estimate z^ and V(|( at. time t according 

to: 

i>\< = Z =  - /  I ° l : ,  )«/[ ,  (6-5 0^ 
j 

V,|( = X />(S, = j l°I:/)V,f; + Z = j l°l:<)(Z/|< - - g>\<)' ^6-51^ 
i i 

6.3.3 Switching Kalman Filter with the IMM algorithm 

In this section, we will show how to adapt the IMM scheme to the nonlinear state-space 

model of feature dynamics presented in section 6.3.1. In the IMM algorithm, there are M 

filters, each of which is supplied with a different input. Let us define 

z,-l|,-l = £(z,-1 i »!:-.) (6-52) 

V,_,H = cov(z._, I (6.53) 

= E(z,_t I s, = j,) (6.54) 

V/:,|M =cov(zM |.s, =j,o l,_ l) (6.55) 

W,\_x = Pr (v, = i\s, = ) (6-56) 

L* =p(o, |s,_i =i,s, =7,(6.57) 

in which o1:, = {o,,o2,...,o,} denotes the noisy speech observation sequence up to time t. 

The algorithm mixes the estimates according to the Markov transition probability, in 

order to allow the system to react to changes in the model m force. In that way, the input 

to the/h filter becomes the best estimate of the state at time instant t-1, conditioned on the 

event that model j is in force at time instant t (the new sample time), and v/,|,, are 

then obtained according to 

j i  - Y W i \ j  ( 6 . 5 8 )  
i 

v / . , „ . 1 = S ^ V . v , ( 6 . 5 9 )  
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The mixing probability wfu =/?(*,_, ='}*, =y,is computed recursively with Bayes' rule 

W,%-1 = P(",-1 = 'k = •/>« l:,-l ) 
Pp,  = j |S | - l  = ' .Pl=,- l)p(g,- l  = '  l"l : , - l )  *• '  '  

X P(s, = j I S/-l = i»Ol:,-l)p(S,-l = ' I ® !:/-! ) 
i 

Given a noisy speech feature vector o, T), z,|( is found from the interacting 

multiple model algorithm using a bank of Kalman filters with the following steps 

performed in sequence: 

for theyth Kalman filter: 

The model probabilities p(s, = j | o) are updated according to 

Pis, =j\oh,)=iY<P(s<-\ =*>s' = M|°i:m) 
i 

= a %P^ t  I SI-1 = st = J> °1:M )p(st-1 = = j I °1:,-1 ) (6-62) 
i 

= aXX°< iVi =Us, =j,o l : t^)p(s, =j\s t_ l  — i,0|.(_,)p(s,_i = /|o l :,_,) 
i 

where n is a scale factor. 

a = Z E P(°l i = *> S> = •/'01:'-1 )^< = / i "vl = i>0 l:/-l )p(s,-l = z'i° 1:/-1) (6-63) 
j ' 

The estimated output at time t is calculated according to 

2',|, = Z = iloI:()z/|( (6.64) 
j 

6.3.4 Extended Kalman Filter for Joint-Speech-Noise-Tracking 

If the extended Kalman filter (EKF) algorithm is used in equation (6.47), the algorithm 

becomes 

The EKFQ function is defined as: 

z,i,-. = ® A-ik-1 + u ; (6.65) 

v,f,_,=i»a-1m<i>/+qy (6-66) 

K/ = VX_1Hr(HV,{1H)"1 (6,67) 
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ij,\, = + k/(°< - /(2/v-i)) 

y,i = (i - k /h )v i. 

(6.68) 

(6.69) 

where H = [ k 
dy 

df I 
('v:-:) gu | (^^ 

i;=jv^;,m),hv,|,_,h) 

If the speech enhancement is in the log-spectral domain, the derivative matrix is 

, I, where 

(6.70). 

H = [— 
sy 

df  
(i'vi) on 

e/=rfiJ !— 
^l + exp(ii-y) dy 

df 

(6.71) 

cftag 1--
1 

1 + exp( n - y) <5n 

(6.72). 

In the cesptral domain, it becomes 

3y 

df_ 
dn 

— Cdiag 
1 

= I - Cdiag 

l + exp(C (n-y)) 

1 

i-i 

1 + exp( C (n-y)) 

For the state-space model with second-order linear-predictive-HMM, the 

Kalman filter algorithm is defined as: 

= ® A -im +u; 

^_,=®;.vmm<+gqygr 

e/ = °< - /(z(|<-i) 

K/ =V,f,_1Hr(HV^1Hr)-1 

H, = + K>er 

V,f, = (i - K /H )v,' 

where h = \— 
dy 

oj_ 
(4-i) 0n (*,V 

(6.73) 

(6.74) 

extended 

(6.75) 

(6.76) 

(6.77) 

(6.78) 

(6.79) 

(6.80) 

(6.81) 
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L{ = P (0  , I s ,_ ,  = i, s , = j, o I ; ,_ ,  )  

=  N  (e/ ;0,H V^.H )  
(6.82) 

If the speech enhancement is in the log-spectral domain, the derivative matrix is 

, I, where h = [^ 
3y 

df_ 
(z/i,-i) 5n 

V 
dy 

df_ 
dn 

= diag 

= diag 

( 1 
l + exp(n-i*y) 

1 
1-

1 + exp( n - Fy) 

(6.83) 

(6.84) 

In the cesptral domain, it becomes 

— = Cdiag( \ 
8y 11 + exp(C (n - Fy)) /  

dn 
= Cdiag 1-

1 
1 + exp( C (n - Fy)) 

C ~ lF 

C 1 

(6.85) 

(6.86) 

6.3.5 Unscented Kalman Filter for Joint-Speech-Noise-Tracking 

If the unscented Kalman filter (UKF) algorithm is used, no explicit calculations of 

Jacobians or Hessians are needed. As reviewed in chapter 5, the unscented Kalman filter 

is a straightforward extension of the unscented transformation (UT) by applying the UT 

sigma point selection scheme. We will show next how to implement the unscented 

Kalman filter in the switching Kalman filter algorithm. 

For the state-space with first order linear-predictive-HMM, if the unscented Kalman filter 

algorithm is used in equation (6.47), the algorithm becomes 

(^/i/jV/ji>-£/)= UKF (z<_1|t_1,V/_1|/_1,o<;<I»_/,uy.,Qy) , 

The UKFQ function is given as follows: Firstly, form z, %a as in [WanOO]: 

zi-1m j uj] 
V,-,,,-, = [vM,_, 0; 0 

=[Cr')r (%v)Tf 

qy] (6.86) 
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Sigma matrices: i = \,-~,L, L is the dimension of 

zo(t- 1u — l) = z°-1m ((l on\ 
I \ (p.o/) 

x°(t -1U -1) = + y(I + A)V,Vil 

ZnA'-l \t-1 )  =  -  (j(L +  a ) v , j  

Time update equations: 

**(/ | / - l )  = + i  = 0, ••• , 2L  

(6.88) 
v/m = s w'c)[xi (< i'-1)it*;(t i'-d- a.v«]r 

7 = 0 

Y,(f |f-l) =/(*,'(/1/-1)) / — O,-- ,2L 

6/m = s ̂,(m)v<(/ |r-i) 
1=0 

Measurement update equations: 

P«(0 = Z»R
1

( E )[Y /(/ | /-I)-6/MLY I(R|<-I)-AI.J <6"8 9) 
/»0 

2 L  (6.90) *«(') = £ ti(e)[*f (' i' -1) - u-i)- 6jmf 
/—0 

K, = P„(/)Pii1(0 (6-91) 

Filtered estimate of the state vector: 

K =K-t +K,(o, -o/M) (6-92) 

Filtered state-error covariance matrix: 

v,f, =v,|,_,-K,p66(/)K,r (6.93) 

£/,=N\o(;6;|(1,P55(0) (6.94) 

For each frame of incoming noisy speech, the algorithm described above gives the 

estimate of the speech in the frame. 

Compared with the EKF, the UKF can handle nonlinearities without using numerical 

derivatives and provides higher order approximation for both Gaussian and non-Gaussian 

distributions, as previously mentioned. 
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6.4 Simulation Results and Analysis 

6.4.1 Simulation Results on the Number vl.3 Database 

Pilot experiments were first conducted on the small database Number vl.3. The database 

description and experimental settings for the speech recognition engine are given in 

chapter 4. For experiments conducted on the database Number vl.3, we assume that an 

AR model of background noise is known. Clean speech features from 60 clean utterances 

are used to obtain the SLDM parameters. The number of hidden states (modes) used for 

the SLDM is decided by trial and error. Here we used 8 hidden states. If the log-spectral 

vectors are to be enhanced, the SLDM has full covariance matrices. For each frame, the 

noisy 20th order mel-scaled log spectrum is transformed to clean feature estimation. 

Finally, the estimated clean speech feature vectors are mapped from the log-spectral 

domain into the cepstral (MFCC) domain using a DCT transform, before being passed on 

directly to a speech recognizer for the recognition task. If the cepstrum vectors are to be 

enhanced, the SLDM has diagonal covariance matrices. For a fair comparison, we use a 

square DCT so that the cepstrum vectors have the same dimension as the log-spectrum 

vectors. The estimated clean speech feature vectors are then passed on directly to a 

speech recognizer for the recognition task. 

From our experiments, we found that the extended Kalman filter can bring better results 

than approximating the observation equation (6.28),(6.29) by a piecewise linear model 

and then using the Kalman filter, as was done in Kim's previous work. An explanation is 

that, since joint noise and speech tracking yields a good estimate of hypothetical clean 

speech and noise, continuously updating the linearization around the previous speech and 

noise estimate will give a better approximation of the nonlinear function. So we use the 

extended Kalman filters in all of our experiments except when the Unscented Kalman 

Filter is used. 

Tables 6.1 and 6.2 show the recognition accuracy for white noise and babble noise 

mixtures if the speech features are compensated in the log-spectral domain. Tables 6.3 
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and 6.4 show the recognition accuracy for white noise and babble noise mixtures if the 

speech features are compensated in the cepstral domain. The extended Kalman Filter 

algorithm is used to deal with the nonlinear distortion by noise in the feature domain. The 

results for the SLDM with first-order dependency are represented by 'SLDM-chapter 6-

p=V in the tables, while the results for SLDM with second-order dependency are 

represented by 'SLDM-chapter 6-p-2'. Both the IMM algorithm and the GPB1 algorithm 

have been tested to provide approximative solutions to the switching nonlinear state-

space model. For the purpose of comparison, the results with the noise-tracking-only 

method presented in [Kim98b], which we just reviewed in chapter 5, are listed in the 

tables as '[Kim98b]'. We also tested the SLDM method proposed in [Kim05] with a 

linearized Kalman filter, but the SLDM was modeled using the method described in 

[Raj04]. As we pointed out in section 6.1, the structure of the SLDM in [Kim05] and in 

[Raj04] is similar, the only difference being in the methods for finding the sufficient 

statistics to update the LDM parameters in the M step. The results are represented by 

'SLDM [Kim05]' in the tables. Note that, as explained in Chapter 5, because of the 

statistical independence assumption between p(st) and p(st_{), the interacting multiple 

model (IMM) approach is identical to the GPB1 approach for this SLDM structure 

[Kim98b]. However, the IMM approach is different from the GPB1 approach for our 

proposed SLDM structure. 

SNR OdB 5dB 10 dB 15 dB Average 

No noise reduction 50.6 73.4 88.0 93.0 76.3 

[Kim98b] 55.0 74.0 87.8 93.0 77.5 

SLDM [Kim05] 59.0 79.0 87.6 92.8 79.6 

SLDM-chapter 6 

/?=1-IMM 
68.0 83.6 92.8 95.0 84.9 

SLDM-chapter 6 

^1-GPBl 
64.8 84.2 93.0 95.0 84.3 

SLDM-chapter 6 

p=2-IMM 
71.0 86.6 93.4 95.6 86.7 

Table 6.1: Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 

104 



SNR 0 dB 5 dB 10 dB 15 dB Average 

No noise reduction 44.0 70.2 85.0 91.0 72.6 

[Kim98b] 47.0 71.8 85.0 90.8 73.7 

SLDM [Kim05] 49.6 73.2 84.6 91.0 74.6 

SLDM-chapter 6 

j0=l-IMM 
59.4 74.8 -90.4 93.4 79.5 

SLDM-chapter 6 

p=l-GPBl 
55.4 73.0 87.4 93.0 77.2 

SLDM-chapter 6 

jp=2-IMM 
62.4 78.8 90.0 93.4 81.2 

Table 6.2: Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the log-spectrum domain 

SNR 0 dB 5 dB 10 dB 15 dB Average 

No noise reduction 50.6 73.4 88.0 93.0 76.3 

[Kim98b] 54.4 74.8 86.8 91.2 76.8 

SLDM [Kim05] 59.4 79.8 87.4 92.2 79.7 

SLDM-chapter 6 

/?=1-IMM 
67.2 86.0 92.6 94.0 85.0 

SLDM-chapter 6 

/>=1-GPB1 
66.8 84.6 92.6 94.2 84.6 

SLDM-chapter 6 

/?=2-IMM 
69.2 87.6 92.8 94.4 86.0 

Table 6.3: Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the cepstrum domain 
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SNR 0 dB 5 dB 10 dB 15 dB Average 

No noise reduction 44.0 70.2 85.0 91.0 72.6 

[Kim98b] 47.2 72.4 85.0 89.6 73.6 

SLDM [Kim05] 50.4 73.2 84.0 91.0 74.7 

SLDM-chapter 6 

/?=1-IMM 
59.4 77.4 89.0 92.4 79.6 

SLDM-chapter 6 

p= 1-GPB1 
55.6 75.8 87.6 92.0 77.8 

SLDM-chapter 6 

/?=2-IMM 
62.4 77.6 88.0 92.0 80.0 

Table 6.4: Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the cepstrum domain 

The simulation results on the Number vl.3 database show that 

• The switching linear dynamic model approach with either the SLDM by [Kim05] or 

the proposed SLDM is effective at improving the noise-robust recognition 

performance and provides better results compared with the method presented in 

[Kim98b], where the clean speech model is a Gaussian mixture model (GMM) and 

only noise is tracked with switching Kalman filters. It confirms that joint noise and 

speech tracking yields a better enhancement result. 

• For both white noise and babble noise, the 'SLDM-chapter 6-/7=1' and 'SLDM-

chapter 6-/>=2' show their superiority to their SLDM counterpart in [Kim05]. That is, 

the introduction of transition probabilities among linear dynamic models can improve 

the performance of SLDM systems. 

• IMM vs. GPB1: from the comparison of approximation algorithms for switching 

Kalman filters presented in chapter 5, we saw that with the same computational 

complexity as the IMM algorithm, the merging in the GPB1 is more aggressive, and it 

is expected to have a lower estimation accuracy than the IMM. The experimental 
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results lead us to the same conclusions. The IMM algorithm provides better speech 

estimates than the GPB1 for both types of noise and for all SNRs. 

• For SNRs between 0 dB and 10 dB, based on the same approximation algorithm, the 

'SLDM-chapter 6-p=2' outperforms the 'SLDM-chapter 6-p=V. We can conclude 

that the SLDM with higher-order dependency is a better way to characterize the clean 

speech features distribution since it can model longer-term temporal dependencies. 

However, there is a tradeoff involved in that. As p increases, the number of model 

parameters grows linearly; this increase will lead to substantially slower filtering if p 

is too large. 

• Speech enhancement in the cepstral domain brings similar results as those in the log-

spectral domain. However, since the covariance matrices for linear dynamic models in 

the SLDM are diagonal in the cepstral domain , Kalman filtering algorithms could be 

implemented faster in that domain. 

6.4.2 Simulation Results on the Aurora 2 Database 

The proposed algorithms were also tested on the Aurora 2 database. As we found from 

the pilot test on the Number database that speech enhancement in the cepstral domain 

brought similar results to those in the log-spectral domain, in this section we tested the 

proposed algorithms in the log-spectral domain only. Since we expect a desirable balance 

between performance gain and the degree of computational complexity, for a large 

database like the Aurora 2, we tested the SLDM approach with first order dependency 

only and approximated the switching Kalman filter using the IMM algorithm. All the 

experiments used the same linear-predictive-HMM model with 16 hidden HMM states. 

With the increase of the number of hidden LDMs, the computational cost grows since the 

number of Kalman filters carried out in parallel in the switching Kalman filters increases. 

The number of hidden states was determined according to the simulation results in 

[Dro04], to achieve a desirable balance between performance gain and the cost of 

processing. 
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The Aurora 2 database description and experimental settings for the speech recognition 

engine are given in chapter 4. We use the standard Aurora front-end settings. To conform 

to the observation model presented in (6.32), the feature generation was modified slightly 

from the reference implementation. In particular, we changed from using the spectral 

magnitude to using the power spectral density as the input to the Mel-frequency filter-

bank to make equation (6.32) stand. Our settings are the same as those in 

[Dro04] [Kim05]. 

All the experiments used the same speech model with 16 hidden states (modes). For each 

noise type a specific noise model was built. The parameters for the noise model were 

trained on the first ten frames of the noisy utterances. The first ten frames are assumed to 

be speech free. The experimental conditions to obtain the noise model were also 

maintained the same as those in [Dro04][Kim05]. 

Detailed recognition rate (%) for each of the four noise conditions and each of the noisy 

speech SNRs in the Aurora 2 set-A are provided in Table 6.5, for the proposed SLDM 

approach. The SLDM has a first-order dependency and the switching extended Kalman 

filtering was approximated by the IMM algorithm. If the UKF is used in this approach, 

the results obtained are shown in Table 6.6. 

Subway Babble Car Exhibition Average 

20 dB 98.25 98.67 98.78 97.78 98.37 

15 dB 96.68 97.10 98.48 96.73 97.24 

10 dB 91.10 93.53 94.63 91.61 92.72 

5 dB 81.67 81.68 84.19 79.57 81.78 

0 dB 56.80 47.37 55.98 51.16 52.83 

Average 84.90 83.67 86.41 83.37 84.59 

Table 6.5 Accuracy (%) with speech enhanced by the switc ling extended! "Caiman Filter 

based on the proposed SLDM 
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Subway Babble Car Exhibition Average 

20 dB 98.25 98.67 98.78 97.78 98.37 

15 dB 96.76 97.07 98.39 96.42 97.16 

10 dB 93.52 94.13 96.77 93.40 94.46 

5 dB 86.37 85.12 89.66 86.70 86.96 

0 dB 70.73 56.41 74.25 68.03 67.36 

Average 89.13 86.28 91.57 88.47 88.86 

Table 6.6 Accuracy (%) with speech enhanced by the switching unscented Kalman Filter 

based on the proposed SLDM 

The simulation results on the Aurora 2.0 database are summarized in Table 6.7, with 

results averaged across 0 dB to 20 dB. For the purpose of comparison, the results reported 

in [Kim05] and [Dro04] are also listed in Table 6.7. The results obtained by our proposed 

linear-predictive-HMM based SLDM approach are presented as 'SLDM chapter 6-EKF' 

and 'SLDM chapter 6-UKF' in the table. The baseline results without noise processing 

are also given. The number of LDMs used in the SLDM to obtain the results presented in 

Table 6.7 are given in Table 6.8. 

Subway Babble Car Exhibition Average 

Baseline 70.22 51.35 60.28 65.39 61.81 

SLDM [Kim05] 80.55 67.52 86.19 77.82 78.02 

SLDM [Dro04] 80.48 80.98 86.82 84.53 83.20 

SLDM chapter 6-EKF 84.90 83.67 86.41 83.37 84.59 

SLDM chapter 6-UKF 89.13 86.28 91.57 88.47 88.86 

Table 6.7 Summary of accuracy (%) on Aurora 2.0, set A 
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Number of LDMs in the SLDM 

SLDM [Kim05] 128 

SLDM [Dro04] 16 

SLDM chapter 6 16 

Table 6.8 Number of LDMs in the SLDM 

Our SLDM approach based on the linear predictive HMM outperforms the SLDM 

approach from [Dro04],[Kim05]. More specifically, with the same number of LDMs in 

SLDM, the proposed SLDM approach outperforms the SLDM approach in [Dro04], 

especially when the environmental noise is babble noise. As we compare our results with 

those obtained in [Kim05], even with only 1/8 of the computational load used for the 

experiments in [Kim05], a better performance is obtained, especially when the 

environmental noise is babble noise or subway noise. If we replace the Extended Kalman 

filter with the Unscented Kalman filter, a clear performance improvement can be 

observed. It has been shown in [DroQ4] that with the increase of the number of hidden 

LDMs, better results could be achieved, as with the increase of the number of LDMs, the 

SLDM can describe the acoustic space more accurately. Therefore, it is promising that if 

we increase the number of the linear dynamic models in the SLDM, we should obtain 

even better results than our present results. 

6.5 Summary 

In this chapter, a new Switching Linear Dynamic Model (SLDM) approach was proposed 

to compensate for the environment noise in the speech feature domain. Compared with 

previous work, the proposed SLDM approach based on linear-predictive-HMM can 

improve the noise-robust recognition accuracy even with a simple structure specification 

for the SLDM. One of the major advantages of the linear-predictive-HMM is its 

capability of capturing the temporal correlations among adjacent frames of speech in a 

systematic way. We have carried out experiments to evaluate the effects of incorporating 

the transition probabilities into the SLDM for the speech feature enhancement 
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application. Simulation results have confirmed the improved performance of the proposed 

approach over some previously published SLDM methods. 
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Chapter 7 

Linear Dynamic Models with Mixture of Experts Architecture 

for Speech Feature Enhancement 

In chapter 6 a switching linear dynamic model (LDM), named linear-predictive-HMM, 

was proposed to describe the time evolution of speech features in the context of feature 

enhancement for speech recognition. The basic idea is that the model can switch between 

different dynamic "modes" or "regimes", each with local stationary statistics, so as to 

approximate the non-stationary dynamics of speech. The dynamics of the modes 

themselves are governed by a Markov chain. In the literature, there is another class of 

dynamic models, known as the mixture of experts (ME) [Jac91], which has been well 

studied for non-stationary time series prediction. Motivated by the capability of the ME in 

modeling the non-stationary dynamics and the close link between linear-predictive-HMM 

and ME, in this chapter we propose a novel approach to enhance speech features under 

noisy environments based on a switching linear dynamic model with the ME structure 

named as mixture of linear dynamic models. 

It should be noted that there are two types of state variables in a switching linear dynamic 

model (LDM): discrete or continuous. They have different functions in the SLDM and in 

our applications. To distinguish them, we will label the discrete states as 'state (mode)' in 

the following sections, meaning different discrete states representing different dynamic 

"modes". 

7.1 Introduction 

The mixture of experts (ME) is a powerful divide-and-conquer algorithm which was first 

introduced by Jacobs et al in 1991 [Jac91]. It consists of a set of competing experts 

moderated by a gate. The basic idea behind the mixture of experts is simple: rather than 

using a single global model, several local models (the experts) are used and each 
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specializes in modeling a small region of the input space. When the experts are predictors 

and the data set is a time series, the algorithm is capable of segmenting the nonstationary 

time series into stationary regimes with each region modeled by a predictive model. There 

is a large literature on models of this kind in econometrics, signal processing, and other 

fields. The basis concept of the ME can be visualized in figure 7.1 [Lie99]. The upper 

picture in figure 7.1 shows a nonstationary time series consisting of three dynamic modes. 

The experts of the ME system specialize on different dynamic modes. Figure .7.1 

illustrates the corresponding probabilities of each expert. It is seen that the dynamics of a 

complex non-stationary physical process can then be described by switching among a set 

of expert models over time. 

expert A expert C 

expert 
probabilities 

-1 f ' 1 

/ \ 1 / expert A \ 

expert B \ 

P-

/ expert C 

Fig 7.1 Illustration of the mixture of experts (ME) architecture 

The central problem in using a set of experts is therefore the calculation of the activities 

of each expert, called the gating problem. Upon what information can the gate base its 
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decision? There are two choices: external information, presented in the form of input to 

the gating network, and internal information, extracted from the estimate of the present 

state (mode). The work of [Jac91][Wei95][Jor94][Wat95][Zha95] fall into the first case. 

The expert's activities are provided by a feedforward gating network that is directly 

connected to the inputs. The input space is split nonlinearly through the hidden units of 

the gating network, while in its original formulation [Jac91], the experts and gate saw the 

same input. The ME was applied to systems where different regimes did not overlap in 

the input space. However, for the prediction task, this is not always possible. Weigend et 

al [Wei95] got around this by using a longer tapped delay line at the gate than for the 

experts and applied it to predict the daily electricity demand of France, a real-world 

problem. Subsequently, Jordan and Jacobs [Jor94] introduced the architecture of a 

hierarchical mixture of linear experts, and Waterhouse and Robinson [Wat95] applied the 

hierarchical mixture of linear experts to time series prediction of acoustic vectors. The 

hierarchical mixture of experts has also been applied in a similar manner in speech 

recognition as a phonetic decision tree and performance improvements on the Wall Street 

Journal database test have been reported [Zha95]. 

In the second case of no connection between the input and the gate, the gate bases its 

decision on its estimate of the previous state (mode) and the transition from the previous 

state (mode) to the present state (mode). This concept is identical to a hidden Markov 

model [Rab89]. Based on this concept, a dynamic ME approach was proposed by 

Kohlmorgen et al [KohOO] and successfully applied to segment and identify the dynamic 

modes of electroencephalogram (EEG) data sets. In the fields of econometrics, Shi and 

Weigend applied ME to address the financial data prediction problem and showed 

promising results [Shi97]. Another application of the ME framework to the modeling of 

time series has been proposed in [Gha96]. The continuous signal sequence is processed 

by several experts and a discrete state (mode) variable is used to switch between these 

outputs. It has been revealed in [Gha96] that the switch state (mode) plays the role of a 

gating network and has Markovian dynamics. 
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Note that since the gate in the first case is directly connected to the inputs, this direct 

connection can facilitate the splitting, whereas in the second case the HMMs split the 

input space only indirectly [Wei95a]. The information from the external inputs and from 

the previous internal state (mode) of the gating network can also be combined: the gating 

network proposed in [Cac94] has recurrent connections from the output layer to the 

network's input layer, which allows the gate to calculate the present state based on the 

information from the last state and the present inputs. Bengio et al [Ben95] and 

Predoviciu et al [Pre95] presented a framework called "input-output hidden Markov 

model" that allows the gate to access both external information (from inputs) and its own 

past outputs. 

Up to now, research efforts on mixture of experts have shown that the ME is effective in 

modeling the temporal structure of non-stationary time-series. We notice that the linear-

predictive-HMM proposed in chapter 6 is closely related to the concept of mixture of 

experts in the second case. In this chapter we will focus on mixture of experts with a 

structure falling into the first case. Since we use linear dynamic models as experts while 

in the ME, nonlinear experts are normally used; it is called mixtures of linear dynamic 

models here. There are important differences between a mixture of linear dynamic models 

with the ME architecture and the switching LDM presented in [Dro04] and [Kim05], as 

shown in figure 7.2. The shaded nodes are observed, and clear nodes are hidden. The 

prior probability of each model is fixed and input-independent in the switching LDM, 

while in the mixture of linear dynamic models the a priori probability is based on the 

knowledge of external inputs. 

St ) 

Fig 7.2 (a) Graphical representation of the switching LDM in [Dro04] and [Kim05] 
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Fig 7.2 (b) Graphical representation of the mixture of linear dynamic models 

7.2 Mixture of Linear Dynamic Models as a Speech Model 

Consider a time series that consists of pairs of input and target data {(x,, y,)}. The target 

data might be a future value of a time series, e.g. y,, and the input data might be a vector 

of past values, e.g. x,=[y,_,] or x, =[y,_1,y,_2]. This is the usual formulation of a time 

series prediction problem. At each time step t, 1 <t<T , each expert i provides a 

prediction y( i for the target y,. 

Figure 7.3 shows the architecture of a mixture of linear dynamic models with first order 

evolution in the LDM. The mixture of linear dynamic models consists of M linear 

dynamic models (LDM) and one gating network. Each LDM corresponds to a different 

state (mode); therefore there are M possible states (modes). Both the LDM and the gating 

network have access to the inputs: they can either share the same inputs [y,^ ], or be 

given different sets of inputs: vector [ y(-1 ] as the input to the LDMs, vector [y,_, ,y,_2] as 

the input to the gating network, which is represented by a dotted line in Figure 7.3. 

output vector yt 

<Px 
i -

t-

(PM 8x 
LDM 

1 
... LDM 

M 
gating 

network J < ' \ /|\ 
I 
\ 

8M 

input vector y(1 | input vector yt 2 J 

Fig. 7.3 Block diagram of the proposed mixture of LDMs 
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In the remaining part of this section, we presume that the LDMs and gating network see 

the same input x,=[y,^]. The pair of input and target data is {x,, y,). A multilayer 

feedforward neural network (MLP) or a radial basis function (RBF) neural network can 

be applied as the nonlinear gating network. The gating network has one output for each 

expert denoted by gt (x , ,  0  g ), which may be interpreted as the probability that the desired 

til t t clean speech observation output yt was generated by the i LDM (i.e., i possible state 

(mode)) given x,. 

Denoting the MLP weights from the input to the hidden units as wn and the MLP 

weights from the hidden units to the output units as Wtj, we have the network (internal) 

outputs ccj as: 

p-1) 
j  I  

where j is the index of the hidden units, and I is the index of the input units. The hidden 

units' activation function is the standard sigmoid function 

¥(*) = •: —7 (7.2) 
1 + exp(-x) 

where 0g = { Wiy, Wji} is the set of parameters characterizing the MLP gating network. If 

the gating network is a RBF network with M direct (internal) outputs a,, we have 

«,(x<»9
g) = expl - 2<r 1' z' = 1'2'""'m 

where Qg = {ck, ofc, wu} is the set of parameters characterizing the gating network: Ck is 

the RBF center for each hidden neuron k, ok is the variance for the Gaussian function in 

each hidden neuron k, and wu is the weight that connects the kth hidden neuron to the 

node i in the RBF output layer. 

The direct outputs at are exponentiated and normalized by their sum, giving the final 

gating outputs g\: 

g,(x,,8g ) = ;?(•?, =i|x,)= (7.4) 

£exp(aj 
m=1 
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where s t  is the unknown state (mode) at time t. The definition of g, implies that they are 

strictly positive, smaller than 1 and that the sum over all theg, is equal to 1. For the time 

series prediction, a linear dynamic model with the zth state (mode) parameter set 

0, ={b„n„sj } obeys the following system equation: 

yw =^(x„0i) = |iJ + B,x, +e(ii, eM ~iV(0,E,.) (7.5) 

where B,- represents the autoregressive prediction coefficients between consecutive 

frames of clean speech in the feature domain, ji; is the estimated mean of y(>;-, et i is the 

autoregressive prediction residual with a zero mean Gaussian distribution and covariance 

matrix . The overall output for a mixture of linear dynamic models is then defined as: 

M M  

y, =£^(x"0
g)y(,/ =Z&(x"e*)p'(x"0i) (7-6)-

i=i i=i 

We have the overall probability as 

M  M  

p(y, |x,)=2^(5< =i\xt)p(yt i*,.*, =0=z^(*»'e«)ia(y« . =0 (7-7)-
;=i 1=1 

The Expectation Maximization (EM) algorithm [Dem77] is used here to train the 

proposed model. For details, see [Jor95] which provided a theoretical analysis for the 

convergence of the Expectation-Maximization (EM) algorithm for the training of mixture 

of experts. Assuming that at each time instant the underlying dynamics only come from 

a single model, the gating output gs should be binary, i.e., zero or one. In other words, 

only one predictor remains active for each input pattern. With this assumption, the 

likelihood of the "complete data" can be written as 

T M 
i = n n ^ / ( x " o

s ) p A ( y / = o i  
/=i /=i 

where l' t  is 1 if y, is generated by the z'th LDM, otherwise it is 0. Note that whereas I is 

binary, its expectation h can take any value between 0 and 1. The EM algorithm allows us 

to replace the missing variable I't by their expected values h, (0. Therefore, in the E-step, 

the current parameter estimation is held fixed to compute the expected state (mode) 

occupancy h t  (i): 
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h (/)  -  pis - i iv x ) = PCi, = <li .)P(y. | i , .».  = /) (7.9). MO n*. . |y„x,) 

J 

Note that, the gating network outputg,.(x,,0g) is solely based on the knowledge of x,, 

not on the knowledge of y,, called the a priori probability, while the posterior probability 

h, (0 includes how close the output of expert i is to the target y,. 

The probability of generating y, by the z'th LDM at time t given x, is 

P{y t  | x„5, = 0 = (2x)~dl11p exp(-i[y, -Bx, -Bx, -h]) (7.10) 

where d is the dimension of y,. 

P(s, = *|x,) = g,.(X/> e
g) (7-11) 

The definition of the posteriors h t  (i) here includes both the input and output values of 

each LDM. The EM algorithm requires us to maximize the expected log-likelihood 

Q(A,I), where A = (0g,0,) i = l,2...M is the model corresponding to an initial 

estimate of the parameters, and X =(0gS0;) i = 1,2...Mrepresents the parameters of 

the new model. Taking the expectation of the logarithm of equation (7.8) yields the cost 

function g(A,2)as 

= = ;|y,,x,)log[Pj(s, =i|x,)PA(y, |x,,j( = i)] 
i i (7-12) 

= XY lh,(i)lcg[P I(Sl  = i\x,)P I(y l  |x„j, =0] 
t i 

where h, (/) is the posterior probability that the LDM is in state (mode) i at time t. The 

above equation consists of two parts: the first one related to the parameters of the gating 

network, 0g, the second one related to the parameters of the individual linear dynamic 

models, 0;. 

=i|x,) 

- ' ' (7-13) 
0(®/.®i) = 2^(*)loS^r(y/ =0. i = l,2,-,Af 
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The two parts can then be maximized separately giving rise to parameter update equations 

for the gating network and the LDMs. 

- M step for linear dynamic models 

A new set of LDM parameters is found by maximizing the expected log-likelihood 

2(0, , 0, ). By substituting equation (7.10) into equation (7.13) and dropping terms that 

are independent, the objective function becomes 

e(e,J,)=-i2>. 0)iog|£, KI>, &X(y, -5,x,  -R)'Er'(y, -ft) P-i4). 
t t 

To present the result of this maximization, the following sufficient statistics are 

introduced [Mur98b]: 

(0£„[y,y)] 
t 

t 

s r j =  xa,(0£„[y,] 
, (7.15) 

t 

s*,,=zm0£„[x,] 
/ 

sXY\, = (0£«[x,yl] 
t 

Snv =z/2' (o^uty,*',] 
t 

where " ' " denotes a transpose operation. Maximizing (9(0,,9;)with respect to b,. and 

setting the derivative to zero, the following equation is obtained: 

(0--2sr'£,[(y,-s*, -fx] 
t 

-2r'{(£*, (o««[y,i;i)-B,£>, *;])-!(<•)£„[*;])} (716) 

The vector equation is obtained: 

Likewise, setting the derivatives of Q with respect to p, equal to 0 
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(7.18) 

^:Q—\YUH> (0--2erx[(y, -%)] 
t 

=zr'«2>< (0«„[y,B-5,(A, (>)£„[*,])-i>,£>, ('"))> 
i i 

= X; {SYi—B iSXi—ii jh i} 

-g-Q = 0 
en, 

Another vector equation is obtained 

- =  Sy,i ~ BjSx,i ( 7 1 9 )  

hi 

where h i  =^h, (i). (7.20) 
t 

The new estimates for JL, and B; can now be obtained by solving the pair of simultaneous 

equations: 

®i =(.SyX',i ~ X,i)S XX,J 

-  S T J -  B , S „  (7.21) 

hi 

Setting the derivatives of <2(0,, 0, ) with respect to Ef gives the re-estimation formula as 

t8=1 (][>, (0)2, (0fi«(y, -RXy,-B ", -Fi) (7.22) 

= 0 

%  = 7 ( Q £«(Y«yi -y,p; -BX/Y; +B,X,X;B; +B,X,IE; -JI,.y; +JIIX;B;+IIIP;) 
h, t 

Since we have 

- = su - b,sx4 (? 23) 

h, 

the equation (6.20) is further simplified to 

% = r(\r„ - vJ5; -b,s„v +b,sh,,b; -a.jis) (7.24). 
h, 

- M step for nonlinear gating network 

We then focus on the cost function <2(0g,0g). Since we use nonlinear hidden units, the 

weights of the network cannot be computed directly but require iterative techniques. The 

weight changes in the gating network are proportional to the gradient of the cost function 

8 
as; 
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with respect to the intermediate variable a t  (prior to the exponentiation and 

normalization in the softmax part). To maximize the log-likelihood is equal to minimizing 

the negative loglikehood. If Q(0g,Og) is interpreted as an error function to be 

minimized, we have 

(*,.«,)). (7.25) 

8g_= dQ da t  h  ^ daL 
seg  da, seg  '  ' '  8  8Qg  

If h t  (i) is treated as the target of the neural network, equation (7.24) is the same as those 

in the BackPropagation algorithm. Therefore, for both RBF and MLP, the parameters can 

be found by the gradient-descent method. The local-optimum property of the 

BackPropagation algorithm in this M-step makes the learning algorithm described in this 

section a generalized EM [Dem77]. An alternative way to update the parameters of the 

single-layer RBF network defined in equation (7.3) is to combine an unsupervised K-

means clustering algorithm for adjusting the RBF center and variance parameters, and a 

supervised Least-Squares (LS) algorithm for updating the weights [Moo89]. The 

supervised training tries to match the gating network output gi(x<,0g)to the posterior 

probability ht (i). The advantages of updating the RBF in a hybrid manner are that it is 

fast and very easy to interpret. Let h denote a T-by-I matrix with element hti = h, (i), T is 

the number of training samples, and I is the dimension of the RBF output layer which is 

equal to the number of experts. d> is a T-by-K matrix, K is the number of hidden neurons, 

and its elements (j)lk are calculated as 

||n 
fa = exp -

e/—st ii 

2^ j 
(7.27) 

where Ck is the RBF center for hidden neuron k, and ok is the variance for the Gaussian 

function in hidden neuron k. The weights w for the RBF output layer are updated by the 

Least-Squares algorithm as 

w = pinv(<!>)h (7.28) 

where pinv stands for the pseudoinverse. 
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A mixture of linear dynamic models trained using the EM algorithm is guaranteed to 

reach only a local maximum likelihood solution. Because there are many local maxima, 

such models are sensitive to how they initialized. For this reason, we need to initialize the 

model rather carefully. Both the gating network and the linear dynamical model must be 

initialized. The key point is to start with a good partition of the data, each being modeled 

by an LDM [Gha98]. Our initialization algorithm is summarized as follows: 

1. Use the same initialization technique developed in chapter 6 to obtain the initial 

estimate for the LDM parameters. 

2. For the RBF gating network, the initial RBF centers and variance parameters are 

obtained by the unsupervised K-means clustering algorithm. The weights in the 

RBF output layer are randomly set to small values. If the gating model is a MLP 

network, the weights in the MLP hidden layers are randomly set to small values. 

We found through the experiments that, probably because the RBF gating network could 

be initialized in a more proper way than the MLP gating network, the mixture of linear 

dynamic models with the RBF gating network brought better results. 

Now, the EM algorithm can be summarized as follows: 

Step 1: Initialize X -  (0g ,0;) i -1,2... M 

Step 2: Find the expected state (mode) occupancy: h, (i), t = l,...,T 

Step 3: A new set of parameters X — (0g, 0;) i = 1,2... M is found that maximizes the 

expected log-likelihood using the update formulas (7.20), (7.23), (7.25)-(7.27). 

Step 4: let X = X ; if convergence has not been achieved, go to step 2. 

7.3 Speech Feature Enhancement Based on a Mixture of Linear Dynamic Models 

Assume that speech and noise are mixed linearly in the time domain; this corresponds to a 

nonlinear mixing in the log spectrum feature space as follows: 

o t  =  y ,  + log( I  + exp( n ,  - y , ) )  (7.29) 
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in which o,, y,, and n, represent the log spectrum of the noisy speech, the hypothetical 

clean speech and the noise at the /th frame, respectively. It corresponds to a nonlinear 

mixing in the cepstral feature (MFCC) space as: 

o, = y, +Clog(l + exp(C~1(n, -y,)» (7.30) 

where C is the DCT matrix and C"1 is the inverse DCT matrix. The observation model 

relates the cepstrum of the noisy speech o, to the cepstrum of the clean speech yt, and to 

the cepstrum of the noise n* at the /th frame. The model of background noise can be 

written as: 

n, = AnM+n„ + v, (7-31) 

where A represents the autoregressive prediction coefficients between consecutive frames 

of noise in the feature domain, fi„ is the estimated mean of n,, v, is the autoregressive 

prediction residual with a zero mean Gaussian distribution and covariance matrix Qn. 

Combining (7.5) with (7.29) or (7.30) and (7.31) leads to a nonlinear state space model 

conditioned on st = i as: 

(7.32) 

(7.33) 

l+Ui +eM  

o, =/oo 
with the following definitions: 

z/ = [y / n ITY e()i=[e,/ v/ ] 

<&. = 
B, 0" U i rs. o i 
0 A 

u, = f t Q, = 

i ©
 

o
 

• 

(7.34) 

(7.35) 

Both noise and clean speech components are incorporated in the state space model and 

can be estimated simultaneously by the switching Kalman filters. It is noted that since 

there is no transition probability between st and st_t, the interacting multiple model 

(IMM) approach is then identical to the GPB1 algorithm, as we have explained in chapter 

5. Next, we will show how the GPB algorithm of order 1 can be adapted to the nonlinear 

state-space model of feature dynamics presented earlier, providing a sub-optimal 

approximation solution. 

Let us define 
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V,|,_, =£(z,-i i o.:r_i) (7.36) 

V , =  cov(z,_, | (7.37) 

=^[z, |o,.(,s, = /] (7.38) 

V/„ = cov[ z, | o,.,,s, = /] (7.39) 

in which ola = {o1,o2,...,o(} denotes the noisy speech observation sequence up to time t. 

Given a noisy speech feature vector ot (t=l,...,T), i t ] f  is found from the GPB1 algorithm 

using a bank of Kalman Filters (KF). For the z'th (i= 1,...,M) filter, the Kalman filter 

algorithm is given as: 

fe. v , i y (z,_,l,_„V,_1|,_],o,;®,,u„Q,) (7.40) 

where KFQ represents the filtering operations of the extended Kalman filter EKFQ or the 

unscented Kalman filter UKFQ. For a detailed description of the EBCF and the UKF 

algorithms, please refer to section 6.3.4 and 6.3.5 respectively. 

The posterior probabilities P(s t  = i | o);/) are updated according to: 

P(s, = i |  o1:,) = ±P(o, |  s t  = i,o1:,_i)P(sr = i | <>].,„!) (7.41) 

where a is a scaling factor equal to 

= I>(°, I S t  ^j,oht^)P(s t  = j I o1:,_]) (7.42) 
j 

An assumption is made that P(o, \ s t  = /,o,:/_,) is Gaussian and computed by 

i>(o,K = i, o <; /(£ fl.-.). ) (7.43) 

and we assume 

p(st = i 10 i:,-i) » p(s< = i i K-x) = p(st =i i y i:r-i) (7-44) 

P(s t  = i | y) is calculated according to equation (7.1) or (7.3) and (7.4). It is seen that 

the previous estimation y1;/_, is used in addition to the present estimation error 

information in order to decide which state (mode) is present. Since yI:,_[ is only an 

estimate of y 1./_1, it tends to be biased. Equation (7.50) is only an approximation. This has 

however not been observed to affect the performance of the switching Kalman filter 
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algorithm adversely in practice. We could also replace y,.,_, by ^y 1:I_, which resulted in a 

slightly improved performance. Here, y is a bias factor, which can be determined from 

experiments. 

The outputs of all filters are merged into a single estimate and at time t according 

to: 

= HF(St =11 °1:< %\t (7-45) 
i 

% =HP(SI = ~h\ /fe|/ (7-46) 
/ / 

For each frame of incoming noisy speech, the algorithm described above gives the 

estimate of the speech in the frame. 

7.4 Simulation Results and Analysis 

7.4.1 Simulation Results on the Number vl.3 Database 

Pilot experiments were conducted firstly on the small database Number 1.3. The database 

description and experimental settings for the speech recognition engine are given in 

chapter 4. For the experiments conducted on the database Number 1.3, we assume that an 

AR model of the background noise is known. Clean speech features from 60 clean 

utterances were used to train the parameters in the mixture of linear dynamic models, as 

described in Section 7.2. The number of linear dynamic models is determined a priori 

and is 8 in our experiments. The switching between different models is determined by a 

RBF gating network. The number of hidden neurons for the RBF network was 8, 

determined by trial and error. For each frame, the noisy 20th order Mel-scaled log 

spectrum was transformed to clean feature estimation. Finally, the estimated clean speech 

feature vector was mapped from the log-Mel spectral domain into the cepstral domain 

(MFCC) using a DCT transform, before being passed on directly to a speech recognizer 

for the recognition task. If the cepstrum vectors are to be enhanced, the covariance 

matrices in the SLDM are diagonal matrices. For a fair comparison, we use a square DCT 

so that the cepstrum vectors have the same dimension as the log-spectral vectors. The 
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estimated clean speech feature vector will be passed on directly to the speech recognizer 

for the recognition task. 

We found through the experiments that, since the joint noise and speech tracking yields a 

good estimate of the hypothetical clean speech and noise, continually updating the 

linearization around the previous speech and noise estimate will give a better 

approximation of the nonlinear function than approximating the observation equation 

(7.33) by a piecewise linear model at pre-selected points. Here we use the extended 

Kalman filters in all of our experiments with the database Number vl.3. 

As we mentioned in section 7.2, there are two traditional ways to update the parameters 

of a RBF gating network. Comparing with the RBF-clustering algorithm, all the free 

network pa.ameters in an RBF-LMS algorithm are adapted simultaneously, which seems 

to yield an improved overall solution. However, throughout our experiments, we could 

not observe this advantage. In the following tables, only the results by means of the RBF-

clustering algorithm are given. 

Tables 7.1 and 7.2 show the recognition accuracy for white noise and babble noise 

mixtures if the speech features are compensated in the log-spectral domain. Tables 7.3 

and 7.4 show the recognition accuracy for white noise and babble noise mixtures if the 

speech features are compensated for in the cepstral domain. The Extended Kalman Filter 

algorithm (EBCF) is used to deal with the nonlinear distortion by noise in the feature 

domain. The results for the proposed mixture of linear dynamic models with the ME 

architecture are entitled with 'SLDM-chapter T in the tables. Three schemes have been 

attempted. In the first scheme, to predict yt the LDM and the gating network share the 

same input yt-j. The results are presented by 'SLDM-chapter 7-p=l,/=l-GPBl' in the 

tables. In another scheme, the input to the gating network is increased and becomes [y,_;; 

yt-2 ]> while the input of the LDMs is still y,_/. The results are presented by 'SLDM-

chapter 7-/7=1 ,/=2-GPBl' in the tables. In the third scheme, the input of the gating 

network and the input of the LDMs are both [y,./; yt-2 ]• The results are presented by 

'SLDM-chapter 7-p=2,/=2-GPBl' in the tables. Since the dimensions of LDMs are kept 
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the same as the first scheme, the computational load for the Kalman filtering is the same 

as the first scheme. Only the mixing probability P(st = y |ois calculated differently. 

These extra computations are much fewer than if the dimension of both the LDMs and the 

gating network are increased as in the third scheme. The second scheme is unique to the 

mixture of linear dynamic models and it cannot be achieved by the SLDM proposed in 

chapter 6, and neither by the switching LDM used in [Kim05][Dro04]. The results 

obtained by the SLDM methods proposed in chapter 6 are also listed here, denoted by 

'SLDM-chapter 6-p=l-IMM\ For the purpose of comparison, we also list the results with 

the method proposed in [Kim05], represented by 'SLDM [Kim05]' in the tables. The 

CPU time for the enhancement of one utterance (5-continuous-digits) by the switching 

EKF algorithm in the log-Mel domain on a Pentium4 2.4GHz personal computer under a 

Matlab environment is given in Table 7.5 

SNR 0 dB 5dB 10 dB 15 dB Average 

No noise reduction 50.6 73.4 88.0 93.0 76.3 

SLDM [Kim05] 59.0 79.0 87.6 92.8 79.6 

SLDM-chapter 6 

/?=1-IMM 
68.0 83.6 92.8 95.0 84.9 

SLDM-chapter 7 

/j=l,/=l-GPBl 
65.2 85.0 92.8 94.0 84.3 

SLDM-chapter 7 

j?=l,/=2-GPBl 
68.4 87.6 93.6 95.2 86.2 

SLDM-chapter 7 

p=2,/=2-GPBl 
68.4 85.0 92.8 96.0 85.6 

Table 7.1: Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 
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SNR 0 dB 5 dB 10 dB 15 dB Average 

No noise reduction 44.0 70.2 85.0 91 0 72.6 

SLDM [Kim05] 49.6 73.2 84.6 91.0 74.6 

SLDM-chapter 6 

/?=1-IMM 
59.4 74.8 90.4 93.4 79.5 

SLDM-chapter 7 

/?=1,/=1-GPB1 
59.6 76.6 88.0 93.6 79.5 

SLDM-chapter 7 

/?=l,/=2-GPBl 
62.2 78.6 90.0 93.6 81.1 

SLDM-chapter 7 

j9=2,/=2-GPBl 
62.8 78.2 87.4 92.6 80.3 

Table 7.2: Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the log-spectrum domain 

SNR 0 dB 5 dB 10 dB 15 dB Average 

No noise reduction 50.6 73.4 88.0 93.0 76.3 

SLDM [Kim05] 59.4 79.8 87.4 92.2 79.6 

SLDM-chapter 6 

/?=1-IMM 
67.2 86.0 92.6 94.0 85.0 

SLDM-chapter 7 

/>-l,/=l-GPBl 
65.6 82.6 91.0 95.0 83.6 

SLDM-chapter 7 

p=l,l=2-GPB1 
65.4 83.6 91.8 94.0 83.7 

Table 7.3: Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the cepstrum domain 
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SNR 0 dB 5 dB 10 dB 15 dB Average 

No noise reduction 44.0 70.2 85.0 91.0 72.6 

SLDM [Kim05] 50.4 73.2 84.0 91.0 74.6 

SLDM-chapter 6 

/?=1-IMM 
59.4 77.4 89.0 92.4 79.6 

SLDM-chapter 7 

^=1,/=1-GPB1 
53.0 74.8 87.0 92.2 76.8 

SLDM-chapter 7 

/?=l,/=2-GPBl 
53.2 73.2 84.8 91.6 75.7 

Table 7.4: Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the cepstrum domain 

SLDM-chapter 6 SLDM-chapter 6 
3.17 

/>=1-GPB1 

SLDM-chapter 6 SLDM-chapter 6 
3.92 

/?=1-IMM 

SLDM-chapter 7 SLDM-chapter 7 
3.20 

/?=l,/=2-GPBl 

Table 7.5 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced in the log-spectrum domain 

The simulation results on the Number vl.3 database show that 

• For both white noise and babble noise, the mixture of linear dynamic models 

approach appears to be effective at improving the recognition performance, and it can 

provide better results compared with its SLDM counterpart in [Kim05]. The 

difference between these two methods compared in Figure 7.2 is that the structure of 

the proposed mixture of linear dynamic models is able to access external information 

in order to estimate the a priori probability for each linear dynamic model. We thus 

conclude that the introduction of external information in calculating the state (mode) 
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probabilities for linear dynamic models can improve the performance of switching 

LDM systems in speech feature compensation for robust speech recognition. 

• The results obtained in the log-Mel domain seem to be better than those in the cesptral 

domain. This phenomenon is unique to the mixture of linear dynamic models 

structure. In chapter 5 and chapter 6, we observed similar performances in these two 

areas. A possible explanation is that both GMM and HMM-based speech models 

don't make much use of the spatial correlation in modeling, while this information is 

useful for the SLDM mixture of linear dynamic models structure. At the same time, 

we notice that, when speech is enhanced in the log-Mel domain, the method 'SLDM-

chapter 7-p=l,/=2-GPBl' outperforms 'SLDM-chapter 7-p=l,/=l-GPBl', especially 

at SNRs between 0 dB and 10 dB, while in the cepstral domain, this advantage cannot 

be observed. It seems that the gating network can take advantage of the spatial 

correlations among components of speech features to segment the input space. In 

future work, we could investigate further whether the method 'SLDM-chapter 7-

p=l,/=3-GPBl' for speech enhancement in the cepstral domain could compensate for 

the lack of information in the input-space segmentation and provide better results. We 

also notice that the method 'SLDM-chapter l-p=2, /=2-GPBl' didn't bring further 

performance improvement, compared with the method 'SLDM-chapter 7-p=l,/=2-

GPB1', meaning that the use of second order information at the input of the LDMs in 

the proposed ME-based structure is not useful. 

• In the log-Mel domain, the method 'SLDM-chapter l-p=\, H2-GPB1' gives a better 

performance than the linear predictive HMM approach represented by 'SLDM-

chapter 6-/>-l-IMM'. 

• From Table 7.5, it is seen that the processing time needed to estimate speech features 

with 'SLDM-chapter 7-p=l, 1=2-GPB1' is nearly the same as those with the 'SLDM-

chapter 6-p=l-GPBl' approach, and thus is less than the 'SLDM-chapter 6-p=l-

IMM' approach. 
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7.4.2 Simulation Results on the Aurora 2 Database 

The proposed algorithms were also tested on the Aurora 2 database. The database 

description and experimental settings for the speech recognition engine are given in 

chapter 4. The feature generation was modified slightly from the reference 

implementation. In particular, we changed from using the spectral magnitude to using the 

power spectral density as the input to the Mel-frequency filter-bank to make equation 

(7.33) stand. These settings are the same as those in [Dro04],[Kim05]. 

All the experiments used the same speech model with 16 hidden linear dynamic models 

(LDMs). For each noise type, a specific noise model was built. The parameters for the 

noise model were trained on the first ten frames of the noisy utterances since usually the 

first ten frames are assumed to be speech free. The experimental conditions to obtain the 

noise model were also maintained the same as those in [Dro04][Kim05]. Feature vectors 

were enhanced in the log-spectral domain. 

We used a radial basis function (RBF) network of the Moody-Darken type [Moo89] with 

32 hidden neurons in the hidden layer as the gating network. The number of hidden 

neurons for the RBF network was determined by trial and error. 

Detailed recognition rates (%) for each of the four noise conditions and each of the noisy 

speech SNRs in the Aurora set-A are provided in Table 7.6, for the proposed SLDM 

approach. In the experiment, the input to the gating network is [y,_y; yt-2 ], while the input 

of the LDMs is yt-u which corresponds to the scheme 'SLDM-chapter 7-p=l,/=2-GPBr 

in section 7.5.1. When the unscented Kalman filter was used in this approach, the results 

obtained are shown in Table 7.7. 
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SNR Subway Babble Car Exhibition Average 

20 dB 98.13 98.46 98.84 97.87 98.33 

15 dB 96.78 97.07 97.97 96.20 97.01 

10 dB 91.71 93.47 94.48 91.02 92.67 

5 dB 81.18 81.26 82.64 79.05 81.03 

0 dB 56.77 47.34 52.43 48.50 51.26 

Average 84.91 83.52 85.27 82.52 84.06 

Table 7.6 Accuracy (%) wit l speech enhanced by the switching extended ! 

based on the proposed SLDM 

ECalman filter 

SNR Subway Babble Car Exhibition Average 

20dB 98.13 98.46 98.84 97.87 98.33 

15dB 96.46 97.38 98.33 96.42 97.15 

lOdB 92.74 94.32 95.75 92.58 93.84 

5dB 84.70 86.08 86.96 83.97 85.43 

OdB 64.13 57.33 65.07 57.64 61.04 

Average 87.23 86.71 88.99 85.70 87.16 

Table 7.7 Accuracy (%) with speech enhanced by the switching unscented Kalman filter 
based on the proposed SLDM 

The simulation results on the Aurora 2.0 database are summarized in the Table 7.8 with 

results averaged across 0 dB to 20 dB. For the purpose of comparison, the Aurora 2.0 

database results reported in [Kim05] and [Dro04] are also listed in Table 7.8, represented 

as 'SLDM[Kim05]' and 'SLDM[Dro04]' respectively. The results obtained by our 

proposed approach based on the SLDM with ME structure are presented as 'SLDM 

chapter 7-p=l,/=2-GPBl-EKF' and 'SLDM chapter 7-p=l,/=2-GPBl-UKF' in the table. 

Our previous results in chapter 6 are represented as 'SLDM chapter 6- p=l-IMM -EKF' 
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and 'SLDM chapter 6- j5=l-IMM -UKF' in the table. The baseline results without noise 

processing are also given. The number of linear dynamic models needed to obtain the 

results presented in Table 7.8 are given in Table 7.9. Table 7.10 shows the CPU time for 

the enhancement of one utterance (5-continuous-digits) by the switching EKF algorithm 

on a Pentium4 2.4GHz personal computer under a Matlab environment. 

Subway Babble Car Exhibition Average 

Baseline 70.22 51.35 60.28 65.39 61.81 

SLDM [Kim05] 80.55 67.52 86.19 77.82 78.02 

SLDM [Dro04] 80.48 80.98 86.82 84.53 83.20 

SLDM chapter 6 

j9=1,IMM-EKF 
84.90 83.67 86.41 83.37 84.59 

SLDM chapter 7 

p=\ ,/=2-GPB 1 -EKF 
84.91 83.52 85.27 82.52 84.06 

SLDM chapter 6 

/>=1,IMM-UKF 
89.13 86.28 91.57 88.47 88.86 

SLDM chapter 7 

p=\ ,/=2-GPB 1 -UKF 
87.23 86.71 88.99 85.70 87.16 

Table 7.8 Summary of accuracy (%) on Aurora 2, set A. 

Number of LDMs in the SLDM 

SLDM [Kim05] 128 

SLDM [Dro04] 16 

SLDM chapter 6 16 

SLDM chapter 7 16 

Table 7.9 Number of LDMs in the SLDM 
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SLDM-chapter 6 
11.31 

/>=1-GPB1-EKF 

SLDM-chapter 6 
19.17 

^=1-IMM-EKF 

SLDM-chapter 7 
11.33 

p= 1 ,/=2-GPB 1 -EKF 

Table 7.10 CPU time (sec) for t le enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 

The results show that our SLDM approach outperforms the SLDM approach from 

[Dro04],[Kim05]. More specifically, with the same number of LDMs in the SLDM, the 

proposed SLDM approach clearly outperforms the SLDM approach in [Dro04], 

especially when the environmental noise is babble noise. As we compare our results with 

those obtained in [Kim05], even with only 1/8 of the computational load used for the 

experiments in [Kim05], a better performance is obtained, especially when the 

environmental noise is babble noise and subway noise. If we replace the Extended 

Kalman filter with the Unscented Kalman filter, a clear performance improvement can 

also be observed. It has been shown in [Dro04] that with the increase of the number of 

LDMs in the SLDM, better results could be achieved. Therefore, it is promising that if 

we increase the number of the linear dynamic models in the SLDM, we should obtain 

even better results than our present results. 

Comparing our results with those obtained in chapter 6, we find that our SLDM approach 

in chapter 6 performs a little bit better than the SLDM approach proposed in chapter 7. 

This conclusion is different from the one obtained based on the Number vl.3 database 

results. We explain the disagreement as follows: in the ME structure-based SLDM 

approach, the previous filtered estimation was used to predict the present mode of the 

SLDM. The filtered estimation tends to be biased, especially under the experimental 

conditions of the Aurora 2, where the noise model only gives a very coarse estimation of 

the true noise. In other words, when the side effect of inaccurate noise modeling cannot 
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be ignored, the approach in chapter 7 no longer performed better than the one in chapter 

6. 

7.5 Summary 

In summary, this chapter presented a new speech features enhancement method based on 

a switching linear dynamic model with a mixture of experts (ME) architecture, named as 

a mixture of linear dynamic models. The advantage of the proposed mixture of linear 

dynamic models is its capability to access external information in order to estimate the 

prior probability for each linear dynamic model. We have carried out experiments to 

evaluate the effects of introducing the external information into the SLDM for the speech 

feature enhancement application. Simulation results have confirmed the improved 

performance of the proposed approach over some previously published SLDM methods, 

and the improvement of performance over the SLDM approaches proposed in chapter 6 

under ideal noise training conditions (Number vl.3 database). 
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Chapter 8 

Time-Variant Linear-Predictive-HMM for Speech Feature 

Enhancement 

In chapter 6 a switching linear dynamic model (LDM), named linear-predictive-HMM, 

was proposed to model the distribution of speech features. One problem with the linear-

predictive-HMM is that it is unable to describe the model transitions at each time point 

precisely, since the transition property is defined over the whole process. In this chapter, 

we propose a novel approach to enhance speech features under noisy environments based 

on a SLDM named here as a time-variant linear-predictive-HMM. It has a similar 

structure to the linear-predictive-HMM in chapter 6, but the transition properties between 

the LDMs are time-variant. We will show that the time-variant linear-predictive-HMM 

model can be interpreted as a combination of the linear-predictive-HMM approach in 

chapter 6 and the mixture of linear dynamic models approach in chapter 7. 

Again, it should be noted that there are two types of state variables in a switching linear 

dynamic model (LDM): discrete or continuous. They have different functions in the 

SLDM and in our applications. To distinguish them, we will label the discrete state as 

'state (mode)' in the following sections, meaning different discrete states representing 

different dynamical "modes". 

8.1 Introduction 

The idea of introducing time-variant transition probabilities to a Hidden Markov Model 

(HMM) was first proposed in [Lie99]. It was named as Hidden Markov Mixtures of 

Experts (HMME) and was applied to the analysis of human electroencephalogram (EEG) 

signals. This HMME model was further studied in [KohOO] to identify the non-stationary 

dynamics in physiological recordings. A similar model was proposed in [Wan04] for time 

series signal prediction and was named as the Time-line Hidden Markov Experts 
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(THME). In the HMME and the THME, rather than holding a transition probability for 

the whole process, the transition property between the experts is localized at each time 

point by a connectionist model named as the transition network. 

In this chapter, we will introduce the time-variant transition probabilities to the linear-

predictive-HMM that we have studied in chapter 6 for the purpose of speech feature 

enhancement under noisy environments. The main innovations of the current work are as 

follows: 1) previous work [Lie99][Koh00][Wan04] had studied the univariate, time 

domain signal. This is the first time that the switching linear dynamic model with time-

variant transition probabilities is applied to model the multivariate speech feature vectors; 

2) a new topology for the transition network is proposed; and 3) it is the first time that a 

time-variant linear-predictive-HMM is proposed to enhance speech features under noisy 

environments. 

It is noticeable that there are important differences between the time-variant linear-

predictive-HMM and the linear-predictive-HMM described in chapter 6 and the mixture 

of linear dynamic models with the ME architecture studied in chapter 7, as shown in 

figure 8.1. The shaded nodes in figure 8.1 are observed, and the clear nodes are hidden. 

According to the previous linear-predictive-HMM model in figure 8.1(a), if there is no 

noise and xw can be observed, the calculation of the posterior probabilities p(s, = j |x,.() 

makes use of the predictor performance information p(x, \ s, -  j, xthe previous 

state (mode) information p(s,_, = i | x,,M ), and the relation 

P(s, =j\x] : l)=±p(x, |s t  =j,x l : l^)Y,P(s, =j\st-i =*km) (8-1) 
i 

where Q is a scaling factor equal to 

^ = K =J\ s t-l  =Z '>X l :M)POr-l =*'l*la-l)  (8-2) 
ji 

Here the transition probability p(s, =j =z',x,.,_j) is time-independent, i.e. 

p(st = j 15,_, =/,xI:M) =p(s, = j | s,_{ =i) . The mixture of linear dynamic models in 

138 



figure 8.1(b) uses the input information p(s :  = j | x 1;f_,) and the predictor performance 

information. The posterior probability p{st = j | x1:;) is then calculated as: 

p(sl=j\xl:l)=jip(xl\st=j,xlu_l)p(st=j\xx.l_l) (8.3) 

where Q is a scaling factor equal to 

ft = I j ,  = j, )p(s t  = j | x1:,_,) (8.4) 
j 

The new speech model in figure 8.1(c) can be interpreted as a combination of the mixture 

of linear dynamic models and the linear-predictive-HMM. It has integrated the following 

information: (1) input information (2) predictor performance information (3) previous 

state (mode) information, to calculate the posterior probabilities p(st = j | x,.() : 

P(S t  =./I X1:() k =Mlu-l)TJP(S t  = J\S , - l  ='Ixi:m) (8-5) 
i 

where Q. is a scaling factor equal to 

ft = ]£/>(*, Is' =/IVi = = *l*ia-i) (8.6) 
j ' 

The transition probability p(s, = j \s,_, =i,xl:/_l) has its full meaning since it also 

depends on the values x1;,_,. The model shown in figure 8.1(c) can be treated as a 

combination of the models in figure 8.1(a) and (b). Therefore the new model is more 

general than the previous ones. 

Fig 8.1(a) Graphical representation of the linear-predictive HMM proposed in chapter 6 
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Fig 8.1(b) Graphical representation of the mixture of linear dynamic models proposed in 

chapter 7 

Fig 8.1(c) Graphical representation of the time-variant linear-predictive HMM 

Consider a set of M linear dynamic models {0,},^ at time step t, 1 <t<T. The i 'h  linear 

model with i e (l,..., M) provides a prediction x/; for the target x, with 

The parameters for each LDM are 0. = , where b, represents the linear 

regression coefficients between consecutive frames of clean speech in the feature domain, 

H, is the estimated mean of x,(., and e,,- is the prediction residual with a zero mean 

Gaussian distribution and covariance matrix . 

If each LDM is associated with a hidden state (mode) in a Markov chain, the state (mode) 

transition along the Markov chain is the process of activating different LDMs with 

different probabilities. If the transition probabilities between the hidden states (modes) are 

based on a transition matrix defined over the whole process 

we then have the linear-predictive-HMM presented in chapter 6. If the transition 

probabilities between the hidden states (modes) are based on a time-variant transition 

matrix we have 

x/>(- = H/ +B/x,-i + e,,/ > ew ~iV(0,2,.) (8.7) 

(8.8), 
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P{q< =yk-, =i,Xt#s) =a?(Xt,Bg). (8.9) 

which means that the transition property at each time point depends on the actual location 

X, in the space, resulting in the time-variant linear-predictive-HMM. Xt is the vector of 

past x, values, Xt - [xH,x,_2,...,x,_r] , and 0g contains the parameters of a 

connectionist model, such as a neural network, that can model the input-related state 

(mode) transition probabilities. 

The structure for the time-variant linear-predictive-HMM is shown in Figure 8.2. 

T 
HMM 

ft <Pu 
LDM 

1 
... LDM 

M 
transition 
network 

> t V /|N 

1 

input vector x( / I input vector x/ 2 j 

Fig. 8.2 Block diagram of the proposed time-variant linear-predictive-HMM 

The interesting point in this context is the input-dependent transition network 

a f ( X , , B g ) ,  which is usually modeled by a neural network. We named it as a transition 

network in figure 8.2. The structure of the transition network is shown in figure 8.3. The 

outputs of the neural network have dimensions M*M, representing the transition 

probabilities between LDMs. 
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all ai2 aim a21 a22 aml am2 amm V / V / s / \ / s / V / s 

Neural Network 

/ 

input vector 

Fig. 8.3 Block diagram of the transition network used in [Lie99][Wan04] 

One problem with the above transition network is that, as the number of LDMs increases, 

the output dimensions of the neural network increase quadratically. The input and output 

relationship af (X,,Qg) then becomes complex and a huge neural network with several 

thousand weights may be needed. Instead, we propose to use a group of small networks as 

shown in Figure 8.4. One of the advantages of using a group of smaller networks is that 

the function of the transition network can be better interpreted. If the ith small network is 

treated as the precondition q,_, = i, the input and output relationship for the network i can 

be easily interpreted as 

a^{X l,Qg)=p{q l=j\q l_x=i,X l,%g) 

Furthermore, the new topology results in neural networks with a smaller total number of 

weights than the topology shown in figure 8.3, and consequently faster training was 

achieved in our experiments. 

/Jv / V / \ S / V / S s / v /Ts 

Network 1 " Network 2 Network M • 
s > 

input vector 

Fig. 8.4 Block diagram of the proposed transition network 
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A multilayer feedforward neural network (MLP) or a radial basis function (RBF) neural 

network can be applied as the nonlinear transition network. For the ith network, we have 

the network (internal) outputs atj = y/(Xt,Qg i) , where 0g / is the set of parameters 

characterizing the ith network. The direct outputs atj are exponentiated and normalized by 

their sum, giving the final gating outputs af (X,,0g,.): 

af(x„» „,) = .?(?, =>m =i,x„e.,)= m
exp(g") (8.10). 

£exp(«.) 
M 

The definition of af implies that they are strictly positive, smaller than 1 and that the sum 

of all al{ over j is equal to 1. 

8.2 Time-Variant Linear-Predictive-HMM as a Speech Model 

In this section, we show how to estimate the parameters of the time-variant linear-

predictive-HMM model, namely 0. = {nj5B},/e(l,...,M), as well as the parameters 

for the transition network 0g = {0g>, }^i and the initial probability JC, from a sequence of 

speech feature observations X = {XjX2 ...x^} using an Expectation-Maximisation (EM) 

[Dem77] algorithm. For convenience, we use the compact notation 

A = ( {0.} , {0 gi to indicate the complete parameter set of the model. 

The EM algorithm requires us to maximize Q(A, 2), where X =({0i}^1,{0gi,}^1,^r) is 

defined as the reestimated model. The joint likelihood of an observation sequence 

X = {x,x2...xr } and a hidden state (mode) sequence q = {q^—Qr } can be written as 

<8-H) 
1=2 «=1 

The joint log likelihood thus becomes 

logpi(x,q) = logpj(gi) + xlogpi(?, |^1,x) + xlogpi(x/ |qt) (8.12). 
1=2 1=1 
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The EM algorithm requires us to maximize 

Q(A,I) = X^(q I X)log/j(X,q) 

f T T \ (8.13), 
= zp*faix) lo§px(?i) + zlo§p!^' 1?/-i'x> +z los(x» 1) 

? \ /=2 /=1 / 

where ^ denotes a sum over all the possible hidden state (mode) sequences. The above 

equation consists of three terms; the first for the initial probability jti, the second for the 

state (mode) transition probability parameters, and the third for the observation model 

parameters 0,. It can then be rewritten as 

0i = i  |X)logP J(4r I  =0 (8.14) 
i 

= J-1- ='IX)!ogPxla, I?,-|.X) (8-15) 
i j t  

q, =x2pi(«. "ilxjlogpjcs, |«,) (8.16) 
/ t 

The three terms in equation (8.16) can be maximized separately, giving rise to parameter 

update equations for each different part of the model. 

The update formula for the initial state (mode) distribution parameters and the transition 

network can be found by maximizing equations (8.17),(8.18). Adding the Lagrange 

M 
multiplier 8 and with the constraint that = 1, we have 

;=i 

a M 

-^-[0,+*(2>i-1)1 = 0 (8-17) 
STF, 

The update formula for ni becomes 

*, =;>(,, =i|XW,(i) (8.18) 

M 

In a similar way, we use the Lagrange multiplier 8 and the constraint that ^ a? = 1, 
7=1 

a[&+<5(i>?--l)] = 0 (8-19)-
d a j  M  

We get the following formula: 
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l
rP{q l_ l=i,q t=]\X) + S=Q (8.20) 

The transition network update equation is obtained as 

-ij = £('»/), (821) 

mo 

where 

r t(*)=P(q t  =i|x,og), *=i,...,r (8.22) 

6 0'» 7') = iX?, = U qM = j IX, 0g ) (8.23). 

These are defined in the same way as in a standard HMM, and can be calculated by the 

forward-backward algorithm [Rab93]. 

z«/o>l(0y) bj( o,+ 1) 1 < * < T -1 (8.24) 

A (0 = Z bj (o,+1) A+I (7>r' (0, ) < = I* -1, r - 2,...,1 (8.25) 
/=! 

r, (0=P(«, = /1 x, et) = M
g'(')'g'(') (8.26) 

(0A(0 
1=1 

e , .  ^  n,  •  )£;(<>,+1)A+IC/) ,0™ 
€,0,j) = P(q, ~hq t+i =7|x,0g) = ir77 * (8.27) 

x£«,(04+,(og)*>,+1)a+1(yo 
<=1 y=i 

We then focus on the update formula for 0g. Since we use a neural network as the 

connectionist model, with nonlinear hidden units, the weights of the transition network 

cannot be computed directly but require iterative techniques. The weight changes in the 

z'th, i e(ltransition network are proportional to the gradient of the cost function 

with respect to the intermediate variable a1>.(X/,0g,.)(prior to the exponentiation and 

normalization). Maximizing the log-likelihood is equal to minimizing the negative 

loglikehood. If 0(0 ,, 0g,) is interpreted as an error function to be minimized, we have 

da, ̂
e = -(af-a,(x„0g,)) (8.28) 
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dQ _5Q 8a v  = - (a? -a i i (X n e g J ) ) w - (8.29) 
00gi day 30g (. 

Therefore, for both RBF and MLP networks, the parameters can be found by the gradient-

descent method. The local-optimum property of the gradient-descent algorithm in this M-

step makes the learning algorithm described above a generalized EM algorithm [Dem77]. 

-Observation model 

An update formula for the observation model parameters can be found by maximizing 

*r(x, 14, =i) = (2*)""2 IS, P exp(-{[i, -|T,]'L"1 [x, -ji,]) (8.31) 

By substituting this into (8.16) and dropping terms that are independent, the objective 

function becomes 

a=•412>, m iogi £,i-i 52>, msf, - w -wi (8.32) 

This objective function is the same as the one for linear-predictive-HMMs in chapter 6. 

The detailed optimization procedure to find the update equation for B, ,]!, and S, is thus 

not reproduced here. 

The time-variant linear-predictive-HMM trained using the EM algorithm is guaranteed to 

reach only a local maximum likelihood solution. Because there are many local maxima, 

such models are sensitive to how they are initialized. For this reason, we need to initialize 

the model rather carefully. Both the parameters of the transition network and the linear 

dynamical models must be initialized. The initialization algorithm is summarized as 

follows: 

1. Use the technique developed in chapter 6 to obtain the initial estimate for the 

parameters of a linear-predictive-HMM, with the transition property defined over 

the whole process. The parameters for the linear dynamical models {0, }^, are 

then treated as the initial value for the time-variant linear-predictive-HMM. 

e!=ee^(?,='ix)iogi'i(x,i«,) (8.30) 

For a Gaussian observation model we have 
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2. The Viterbi algorithm [Rab93] is used to search for the maximum likelihood 

linear-predictive-HMM hidden state (mode) sequence q = {q^—qj} . 

3. For a RBF gating network, the initial RBF centers and variance parameters are 

obtained by an unsupervised K-means clustering algorithm. The initial weights in 

the RBF output layer are randomly set to small values. If the gating model is a 

MLP network, the initial weights in the MLP hidden layers are randomly set to 

small values. 

4. Conditioned on qt_x = i obtained in step 2, the z'th transition network is trained 

with a series of input-output pairs { X, , af (Xl,Bg) =p(ql = j\qt_x =/)}. Note 

that at the initialization stage the transition probabilities p(qt = j\q,_x = i) are 

input-independent and were found in step 1. 

5. The parameters of the transition network obtained in step 4 are used as the initial 

setups for the transition network. 

Now, the EM algorithm can be summarized as follows: 

Step 1: Initialize X = ({0,-

Step 2: Find the expected state (mode) occupancy: yt (i) = P(qt = i | X), t = 1,..., T 

Step 3: A new set of parameters X = ({0,.} , 0g, W) is found that maximizes the expected 

log-likelihood. 

Step 4: let X = X . If convergence has not been achieved, go to step 2. 

8.3 Speech Feature Enhancement Based on Time-Variant Linear-Predietive-HMM 

Given a time-variant linear-predictive-HMM as the speech model, a sequential approach 

to estimate the clean speech components from noisy observations will now be developed. 

As we found in the previous chapters that speech enhancement in the cepstral domain 

brought similar results as those in the log-spectral domain, in this chapter we only 

describe and test the proposed approach in the log-spectral domain. 
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Given that the speech model is at mode j at time t, xt is defined as 

t , j  = | iy+Byx,_,  +e I J t  l t j  ~  N(Q,  'E J )  (8.33) 

The nonlinear acoustic model in the log spectrum feature space is given as: 

o, = x, +log( l +  exp( n,-x,)) (8.34) 

where o,, x,and n, are the log spectrum of noisy speech, the hypothetical clean speech and 

the noise at the *th frame, respectively. Taking into account the time-varying 

characteristics of the background noise, we model the sequence of noise features as the 

output of a first-order auto-regressive (AR) system excited by a zero mean Gaussian 

process v, with a covariance matrix Qn as [Raj04] : 

nt = An,.! + ft„ + v( (8.35). 

Combining (8.41) with (8.42) and (8.43) leads to a nonlinear state space model in the log-

spectral domain, conditioned on st = j: 

z, =®A-I + »y + e(,J (8-36) 

o, = /(z,) = x, + log0 + exP(n, - x,)) (8-37) 

with the following definitions: 

r T T i7 
= |x, n, J 

' >,i 

B .  0  
0  A  Q y 

r  r  T 1 

[ « « . y  v '  3  

0 

o Q» 

(8.38) 

(8.39) 

Since we have found in chapter 6 that the Interacting Multiple Model (IMM) algorithm 

has a better estimation accuracy than the first order generalized pseudo Bayesian (GPB1) 

algorithm, in this chapter the switching Kalman filters approximated by the IMM 

algorithm are used to estimate the clean speech components from the noisy observations. 

In the IMM algorithm, there are M filters, each of which is supplied with a different input. 

Let us define 

z,_.M =£(z,_i I(8.40) 

V , =  C O V ( Z , _ ,  I  

Vi|<-1 =£(z,~i k =j,o,,-i) 

(8-41) 

(8.42) 
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v,= cov(z,_, I s ,  = 7,o1:(M) (8.43) 

^{M=Pr(v1=^ = y»o,:,-1) (8-44) 

Li =p(o, Iv, =i,s, =j,o1:,_,) (8.45) 

in which o1:/ = {o15o2,...,o,} denotes the noisy speech observation sequence up to time t. 

The algorithm mixes the estimates according to the Markov transition probability, in 

order to allow the system to react to changes in the model in force. In that way, the input 

to the/h filter becomes the best estimate of the state at time instant t-1, conditioned on the 

event that model j is in force at time instant t (the new sample time). and v/_,H are 

then obtained according to 

Z J  = Y w i , J  z '  (8.46) 
i  

vv^S^.v/.,,,., (8_47)_ 

+Z^ mm(ZU-i -Z,V,X2U-I 
i  

The mixing probability =/?($,_, =/|s, =7,ow_,) is computed recursively with Bayes' rule 

= P(?t-1 = l|S/ = (g 
_ lO, = = 1,0 )p(s,_ l  = i  1 o 

2  p(s ,  =  =  / ,01 : ,_,)p(s,_, = i  |  )  
I 

a P(S, = = ?'|Oj:,-l) 
X p ( s ,  =  7'|5,_1 = i , i i : , - t ) p ( s t - l  =i|«I: ,-l)  

i  

p(s, = j | s,„i = ) is the output of the nonlinear transition network. It is seen that the 

input-related transition probability is used in addition to the previous state (mode) 

information, in order to decide which state (mode) is present. Since x,.(_, is only an 

estimate of x, it tends to be biased. Equation (8.55) is thus only an approximation. 

However in practice this has not been observed to affect the performance of the switching 

Kalman filter algorithm adversely in our experiments. 

Given a noisy speech feature vector o, (*=1,...,T), zt{l is found from the interacting 

multiple model algorithm using a bank of Kalman filters with the following steps 

performed in sequence: 
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Obtain z/|( from the/h (j= filter by 

(z j { l  , y ,  L J
t  ) =  K F  (z,Vi, Vtw-x , o,; <D ,, u ,, Q , ) (8-49) 

where KFQ represents the filtering operations of the extended Kalman filter EKFQ 

function or the unscented Kalman filter UKFQ function. For a detailed description of the 

EKF and the UKF algorithm, please refer to section 6.3.4 and 6.3.5 respectively. 

The model probabilities p(s ,  = j  | o) are updated according to 

P(s, =j\°i:<)=-kTJP(s
l-i = *>, =MK-i) 

i  

= Q I S<~1 = S< = J> = S< = J I ) 
' (8.50) 

= nZ^0' Is t- i  = i>s t  = )P(S< =  J IS l - i  = i>°x:,- i)P(s<-i =*'Kr-i) 
i  

= iLi Hp(S< = J I Vl = )P(S>-1 = 11 °1:/—1) 
/ 

where n is a scale factor. 

n = ZZ'Z^« = *»°l:«-l)/*sr-l = 'l°l:,-l) (8.51) 
J • 

The estimated output at time t is calculated according to 

= Z P ( S <  =  J  ^8-52^ 
J 

For each frame of incoming noisy speech, the algorithm described above gives the 

estimate of the speech in the frame. 

8.4 Simulation Results and Analysis 

8.4.1 Simulation Results on the Number vl.3 Database 

Pilot experiments were first conducted on the small database Number vl.3. The database 

description and experimental settings for the speech recognition engine are given in 

chapter 4. For the experiments conducted on the database Number vl.3, we assume that 

an AR model of background noise is known. Clean speech features from 60 clean 

utterances were used to obtain the SLDM parameters. The total number of LDMs used in 
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the SLDM was 8. The SLDM has full covariance matrices. A feed-forward Multi-Layer 

Perceptron (MLP) neural network was used to model the transition probabilities between 

the LDMs. The MLP network has a topology as shown in figure 8.3. The input 

dimensions for the network are 40 (l=[xM,x(„2]). There are 8 hidden neurons in the 

hidden layer and the output dimensions are 64. For each frame, the noisy 20th order Mel-

scaled log spectrum was transformed to clean feature estimation. Finally, the estimated 

clean speech feature vectors were mapped from the log-spectral domain into the cepstral 

domain using a DCT transform, before being passed on directly to a speech recognizer for 

the recognition task. 

Tables 8.1 and 8.2 show the recognition accuracy for white noise and babble noise 

mixtures if the speech features are compensated in the log-spectral domain. The results of 

the proposed time-variant linear predictive HMM approach are represented by 'SLDM-

chapter 8-£>=l, /=2-IMM', meaning that the SLDM have first-order dependency and the 

input of the transition network isX, = [x,_,,x,_2]. For the purpose of comparison, the 

results obtained by the SLDM methods proposed in chapter 6 and chapter 7 are also listed 

here, denoted by 'SLDM-chapter 6-p=l-IMM' and 'SLDM-chapter 7-p=l,/=2-GPBl\ 

The results by the SLDM method proposed in [Kim05] are represented by 'SLDM 

[Kim05]' in the tables. Table 8.3 shows the average CPU time for the enhancement of 

one utterance (5-continuous-digits) on a Pentium4 2.4 GHz personal computer under a 

Matlab environment. 
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SNR OdB 5 dB 10 dB 15 dB Average 

No noise reduction 50.6 73.4 88.0 93.0 76.3 

SLDM [Kim05] 59.0 79.0 87.6 92.8 79.6 

SLDM chapter 6 

jP=l-IMM 
68.0 83.6 92.8 95.0 84.9 

SLDM-chapter 7 

/j=1,/=2-GPB1 
68.4 87.6 93.6 95.2 86.2 

SLDM chapter 8 

p=1, /=2-IMM 
66.6 82.8 93.0 94.0 84.1 

Table 8. 1: Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced in the log-spectrum domain 

SNR OdB 5 dB 10 dB 15 dB Average 

No noise reduction 44.0 70.2 85.0 91.0 72.6 

SLDM [Kim05] 49.6 73.2 84.6 91.0 74.6 

SLDM chapter 6 

j3=l-IMM 
59.4 74.8 90.4 93.4 79.5 

SLDM-chapter 7 

p=l, /=2-GPBl 
62.2 78.6 90.0 93.6 81.1 

SLDM chapter 8 

p=l, l=2-JMM 
62.8 79.4 88.2 93.0 80.9 

Table 8.2: Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced in the log-spectrum domain 
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SLDM-chapter 6 
3.92 

£>=1-IMM 

SLDM-chapter 7 
3.20 

p= 1, /=2-GPBl 

SLDM-chapter 8 
4.31 

p= l ,  t = 2-IMM 

Table 8.3 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 

The simulation results on the small Number vl.3 database show that, for white noise, the 

introduction of time-variant transition probabilities among linear dynamic models didn't 

improve the performance of SLDM systems. The time-variant linear predictive HMM 

proposed gives a similar performance to its SLDM counterpart, the linear-predictive-

HMM with time-invariant transition property, proposed in chapter 6. However, for babble 

noise, the introduction of time-variant transition probabilities among linear dynamic 

models makes the newly proposed SLDM approach give better performance. It 

demonstrates that a connectionist network could be used to model the transition property 

between the LDMs, which gives a greater potential descriptive power for the SLDM. We 

also notice, although we got some performance advantage from the time-variant linear 

predictive HMM approach, the approach proposed in chapter 7 still gave the best 

performance among these approaches. 

8.4.2 Simulation Results on the Aurora 2 Database 

The proposed speech enhancement scheme was also tested on the Aurora 2 database. The 

database description and experimental settings for the speech recognition engine are 

given in chapter 4. Feature vectors were enhanced in the log-spectral domain. For each 

noise type a specific noise model was built. The parameters for the noise model were 

trained on the first ten frames of the noisy utterances, which are assumed to be speech 

free. To conform to the observation model presented in (8.37), the feature generation was 
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modified slightly from the Aurora 2 reference implementation. In particular, we changed 

from using the spectral magnitude to using the power spectral density as the input to the 

Mel-frequency filter-bank. All the experimental settings were maintained the same as 

those in [Dro04], [Kim05]. 

A global SLDM model with 16 hidden linear dynamic models (LDMs) was trained to 

describe the time movement of the speech features. One problem with this model is how 

to train a series of input-related transition probability matrices. When we used the 

Number vl.3 as the testing database, there were only 8 LDMs in the SLDM. The input-

related transition probability matrices had a size of 8 X 8. Therefore a transition network 

with a structure shown in figure 8.3 can still be updated rapidly in the EM framework. 

However, for the Aurora 2.0 database testing, the number of LDMs in the SLDM is 16, 

and the transition probability matrices have a size of 16 x 16. A huge neural network with 

several thousand weights is needed to model the complex input and output relationship. 

Training such a large connectionist model would consume a lot of computational 

resources and make the updating process very slow. As previously mentioned, we build 

up instead a transition network with the structure presented in figure 8.4. The transition 

network is composed of 16 radial basis function (RBF) networks of the Moody-Darken 

type [Moo89], each with 8 hidden neurons in the hidden layer. The number of hidden 

neurons are obtained by trial and error. The input dimensions are 46 (l(=[xM,x,.2]) 

and the output dimensions for each RBF network are 16. It should be noted that, although 

time-variant linear predictive HMMs take more training time during the EM learning 

because of the introduction of neural networks, this training is off-line and the speech 

model obtained will be kept fixed during the whole database testing. 

Detailed recognition rates (%) for each of the four noise conditions and each of the noisy 

speech SNRs in the Aurora 2 set-A are provided in Table 8.4 for the proposed SLDM 

approach. The SLDM has a first-order dependency and the switching extended Kalman 

filtering was approximated by the IMM algorithm. If the EKF in this approach is replaced 

by the UKF algorithm, the results obtained are shown in Table 8.5. 
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SNR Subway Bobbii; Car Exhibition Average 

20dB 98.46 98.58 98.93 97.81 98.45 

15dB 96.50 97.37 98.36 96.91 97.29 

lOdB 91.68 94.11 94.93 91.30 93.01 

5dB 82.93 83.95 85.77 78.90 82.89 

OdB 63.43 52.72 62.45 54.03 58.16 

Average 86.60 85.34 88.09 83.79 85.96 

Table 8.4 Accuracy (%) with speech enhanced by switching extended Kalman Filter 

based on the proposed SLDM 

SNR Subway Babble Car Exhibition Average 

20dB 98.46 98.67 98.93 97.81 98.45 

15dB 96.77 97.64 98.30 96.73 97.36 

lOdB 94.18 94.74 96.59 93.78 94.82 

5dB 88.84 86.28 90.49 88.43 88.51 

OdB 71.09 60.07 75.54 68.70 68.85 

Average 89.87 87.48 91.97 89.09 89.60 

Table 8.5 Accuracy (%) with speech enhanced by switching unscented Kalman Filter 

based on the proposed SLDM 

The simulation results on the Aurora 2.0 database are summarized in Table 8.6, with 

results averaged across 0 dB to 20 dB. For the purpose of comparison, the results reported 

in [Kim05] and [Dro04] are also listed in Table 8.6. The results obtained by our proposed 

time-variant linear-predictive-HMM are presented as 'SLDM chapter 8- p=l, /=2-IMM-

EKF' and 'SLDM chapter 8- p=\, H2-IMM -UKF', while the results by its counterpart, 

the linear predictive HMM with fixed transition property, are represented as 'SLDM 

chapter 6-p=l-IMM -EKF' and 'SLDM chapter 6- ^1-IMM -UKF' in the tables. The 

results obtained by our proposed SLDM approach with ME structure are also included, 

represented as 'SLDM chapter 7-p=1, /=2-GPBl-EKF' and 'SLDM chapter 7-p= 1,1=2-

GPB1-UKF'. The baseline results without noise processing are also given. The number 
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of LDMs used in the SLDM to obtain the results presented in Table 8.6 are given in Table 

8.7. Tables 8.8-8.9 show the average CPU time for the enhancement of one utterance (5-

continuous-digits) on a Pentium4 2.4 GHz personal computer under a Matlab 

environment. 

Subway Babble Car Exhibition Average 

Baseline 70.22 51.35 60.28 65.39 61.81 

SLDM [Dro04] 80.55 67.52 86.19 77.82 78.02 

SLDM [Kim05] 80.48 80.98 86.82 84.53 83.20 

SLDM chapter 6 

p=l-IMM-EKF 
84.90 83.67 86.41 83.37 84.59 

SLDM chapter 7 

p=\, /=2-GPBl-EKF 
84.91 83.52 85.27 82.52 84.06 

SLDM chapter 8 

p=l, /=2-IMM -EKF 
86.60 85.34 88.09 83.79 85.96 

SLDM chapter 6 

/?=1-IMM -UKF 
89.13 86.28 91.57 88.47 88.86 

SLDM chapter 7 

p=l, /=2-GPBl-UKF 
87.23 86.71 88.99 85.70 87.16 

SLDM chapter 8 

p=1, /=2-IMM -UKF 
89.87 87.48 91.97 89.09 89.60 

Table 8.6 Summary of accuracy (%) on Aurora 2, set A. 

Number of LDMs in the SLDM 

SLDM [Kim05] 128 

SLDM [Dro04] 16 

SLDM chapter 6 16 

SLDM chapter 7 16 

SLDM chapter 8 16 

Table 8.7 Number o: 'LDMs in the SLDM 
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SLDM-chapter 6 

/?=1-IMM-EKF 
19.17 

SLDM-chapter 7 

p=1, /=2-GPBl-EKF 
11.33 

SLDM-chapter 8 

p= 1, /=2-IMM-EKF 
20.70 

Table 8.8 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 

SLDM-chapter 6 

p=\ -IMM-UKF 
789 

SLDM-chapter 7 

p~\, /=2-GPBl-UKF 
775 

SLDM-chapter 8 

p= 1, /=2-IMM-UKF 
811 

Table 8.9 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching UKF algorithm 

The experimental results from the Aurora 2 database show that all of our SLDM 

approaches outperform the SLDM approach from [Dro04],[Kim05]. It can also be 

observed that the Unscented Kalman filter performs better than the Extended Kalman 

filter, at the cost of more memory and processing time. 

Among the three SLDM approaches that we proposed, the approach in chapter 8 gave the 

best performance, while the approach proposed in chapter 6 performs as well as the one 

proposed in chapter 7. This conclusion a priori disagrees with the one we just obtained 

based on the results of the Number v 1.3 database. The conclusive disagreement can be 

explained as follows: in chapter 7, the previous filtered estimation was used to predict the 

present mode of the SLDM. The filtered estimation tends to be biased especially under 
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the experimental conditions of the Aurora 2 database, where the noise model only gives a 

very coarse estimation of the true noise. Therefore, if the side effect of inaccurate noise 

modeling cannot be ignored, the approach in chapter 7 no longer performs better than the 

one in chapter 6 and chapter 8. The SLDM proposed in chapter 8 can be interpreted as a 

combination of the SLDM in chapter 6 and the SLDM in chapter 7. Theoretically, it tends 

to have a potentially greater descriptive power than each individual one, at the expense of 

a greater computational complexity. On the other hand, the complex SLDM structure 

makes the modeling process fairly complicated and can introduce more training errors 

into the speech model, in comparison to each individual one. This drawback can be 

revealed from the Number vl.3 database experimental results. Therefore, for the SLDM 

approach proposed in chapter 8, there is a compromise between the achievable 

performance advantage and the modeling error involved. For example, suppose that the 

proposed SLDM model could be trained with some improved, advanced neural network 

algorithm and that the EM algorithm could converge well enough, then we would get a 

better speech model than our present one, and this would further improve the performance 

of the new approach. 

8.6 Summary 

In this chapter, a new SLDM approach was proposed to compensate for the 

environmental noise in the speech feature domain. Compared with the SLDM approaches 

proposed in chapter 6 and chapter 7, the newly proposed SLDM approach can further 

improve the speech enhancement accuracy, since the model transition probabilities 

between the LDMs can be described more precisely at each time point. We have carried 

out experiments to evaluate the effects of incorporating an input-dependent transition 

network into the SLDM for the speech feature enhancement application. Simulation 

results have confirmed the improved performance of the proposed approach over the 

comparable SLDM methods previously published, and the improvement of performance 

over the SLDM approaches proposed in chapter 6 and chapter 7 under realistic noise 

training conditions (Aurora 2 database). 
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Chapter 9 

Conclusions and Future Work 

Our research has focused on the enhancement of speech in the cepstral and log-spectral 

domain for the purpose of robust speech recognition. One of the difficulties with this kind 

of approach is that the distortion caused by additive ambient noises is highly non-linear in 

the feature domain. The Extended Kalman Filter algorithm (EKF) and the Unscented 

Kalman Filter algorithm (UKF) can be used to deal with the nonlinear distortion 

introduced by the noise in the feature domain. 

Another difficulty is that the trajectory of speech features exhibits a complex and rich 

dynamic behavior and may not be explicitly described by a global dynamical model. How 

to model the non-stationary time evolution trajectory of speech features is a problem that 

we attempted to solve in chapter 6, chapter 7 and chapter 8. 

In chapter 6, a switching model based on the concept of hidden Markov models (HMM) 

was studied. In chapter 7, a switching model v. ith a mixture of experts (ME) structure was 

proposed. We showed that the different variants of these two models could be interpreted 

in a unified way in chapter 8. The method in chapter 6 made use of a bank of M different 

linear dynamic models, each of which tracks the speech dynamics in a different regime. 

The behavior of the system is characterized by switching between the linear dynamic 

models. If each linear prediction model is associated with a hidden state of a HMM, and 

the switching between the linear dynamic models is based on the internal information 

extracted from the estimation of the present HMM state and the state transition 

probability, it gives the linear-predictive-HMM described in chapter 6. If the switching 

between the linear dynamic models is based on the external information presented in the 

form of inputs to a gating network, it gives the mixture of linear dynamic models 

presented in chapter 7. The learning and inference algorithms for modeling the time 

evolution of speech features with the proposed switching model were presented. Based on 
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the systems obtained, switching Kalman filters were then adapted to compensate for the 

noisy speech. 

A problem with the linear-predictive-HMM model presented in chapter 6 is that it is 

unable to describe the transitions at each time point precisely since the state transition 

property is defined over the whole process. To further improve the performance of the 

linear-predictive-HMM model for speech enhancement, a new linear-predictive-HMM 

model with a time-variant HMM state transition probability was proposed for the purpose 

of speech enhancement under noisy environments in chapter 8. Rather than holding a 

transition probability for the whole process, a neural network model was employed to 

learn the time variant transition probability from the dynamic situation of the time series. 

With an input-dependent transition matrix, this new model is more general than the 

related linear-predictive-HMM model in chapter 6, which doesn't make use of the input 

information in the switching process. The new model is also more general than the 

mixture of linear dynamic models approach in chapter 7, which doesn't make use of the 

previous state information. Thus the time-variant linear-predictive-HMM model can be 

interpreted as a combination of the linear-predictive-HMM approach of chapter 6 and the 

mixture of linear dynamic models approach of chapter 7. A speech enhancement scheme 

based on the new model and switching Kalman filters was developed in chapter 8. 

9.1 Summary of Results and Conclusions 

In chapters 6,7 and 8, the performances of the proposed schemes for speech enhancement 

were presented and compared with other model-based feature enhancement systems in the 

literature. In this section, the performances of the proposed schemes will be summarized 

and compared with the state-of-the-art performance in the literature. 

(1) Experimental results on the Number vl.3 database 
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Tables 9.1-9.2 show the best results that have been obtained with the SLDM proposed in 

chapter 6, chapter 7 and chapter 8, when speech is enhanced in the log-spectral domain 

and the LDMs in the SLDM have first-order dependency. The three entries have the same 

number of LDMs. Table 9.3 shows the average CPU time for the enhancement of one 

utterance (5-continuous-digits) on a Pentium4 2.4 GHz personal computer under a Matlab 

environment. 

OdB 5dB 10 dB 15 dB Average 

SLDM-chapter 6 

/?=1-IMM 
68.0 83.6 92.8 95.0 84.9 

SLDM-chapter 7 

£>=l,/=2-GPBl 
68.4 87.6 93.6 95.2 86.2 

SLDM-chapter 8 

p= 1, /=2-IMM 
66.6 82.8 93.0 94.0 84.1 

Table 9.1 Recognition accuracy (%) for speech mixed with white noise 

when speech is enhanced by switching EKF algorithm 

SNR OdB 5 dB 10 dB 15 dB Average 

SLDM-chapter 6 

/?=1-IMM 
59.4 74.8 90.4 93.4 79.5 

SLDM-chapter 7 

p=l,/=2-GPBl 
62.2 78.6 90.0 93.6 81.1 

SLDM-chapter 8 

p=1, /=2-IMM 
62.8 79.4 88.2 93.0 80.9 

Table 9.2 Recognition accuracy (%) for speech mixed with babble noise 

when speech is enhanced by switching EKF algorithm 
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SLDM-chapter 6 
3.92 

p=l-IMM 

SLDM-chapter 7 
3.20 

p=lJ=2-GPBl 

SLDM-chapter 8 
4.31 

p— 1, /=2-IMM 

Table 9.3 CPU time (sec) for the enhancement of one utterance 

when speech h enhanced by the switching EKF algorithm 

(2) Experimental results on the Aurora database 

Tables 9.4-9.5 show the best results that have been obtained with the SLDM proposed in 

chapter 6, chapter 7 and chapter 8 when speech is enhanced in the log-spectral domain, 

and the LDMs in the SLDM have first-order dependency. These three entries have the 

same number of LDMs. The results are averaged across 0 dB to 20 dB. Tables 9.6-9.7 

show the average CPU time for the enhancement of one utterance (5-continuous-digits) 

on a Pentium4 2.4 GHz personal computer under a Matlab environment. 

To the best of our knowledge, the best experimental results based on the Aurora 2 

database Set A in the literature are given by L. Deng et al in [Den04b]. The method 

proposed in [Den04b] is based on a noise-tracking EM algorithm and was reviewed in 

section 3.2.1.4 of chapter 3. Their results are represented by 'State-of-the-Art' in Tables 

9.4-9.5. Different from the other noise-tracking-only approaches, L. Deng's approach 

takes into account the dynamic properties of speech by using the frame-differential 

("delta") features. However, the inherent time delay with this approach may be high as we 

explained in chapter 3. 
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Subway Babble Car Exhibition Average 

State-of-the-Art 85.92 83.77 90.47 86.71 86.72 

SLDM-chapter 6 

/?=1-IMM-EKF 
84.90 83.67 86.41 83.37 84.59 

SLDM-chapter 7 

p= 1 ,/=2-GPB 1 -EKF 
84.91 83.52 85.27 82.52 84.06 

SLDM-chapter 8 

p=l, /=2-IMM-EKF 
86.60 85.34 88.09 83.79 85.96 

Table 9.4 Summary of accuracy (%) on Aurora 2, set A, by the switching EKF algorithm 

Subway Babble Car Exhibition Average 

State-of-the-Art 85.92 83.77 90.47 86.71 86.72 

SLDM-chapter 6 

/?=1-IMM-UKF 
89.13 86.28 91.57 88.47 88.86 

SLDM-chapter7 

p= 1 ,/=2-GPB 1 -UKF 
87.23 86.71 88.99 85.70 87.16 

SLDM-chapter 8 

p=1, /=2-IMM-UKF 
89.87 87.48 91.97 89.09 89.60 

Table 9.5 Summary of accuracy (%) on Aurora 2, set A, by the switching UKF algorithm 
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SLDM-chapter 6 
19.17 

/>=1-IMM-EKF 

SLDM-chapter 7 
11.33 

p= 1 ,/=2-GPB 1 -EKF 

SLDM-chapter 8 
20.70 

p= 1, /=2-IMM-EKF 

Table 9.6 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching EKF algorithm 

SLDM-chapter 6 
789 

j?=l-IMM-UKF 

SLDM-chapter 7 SLDM-chapter 7 
775 

p=l ,/=2-GPB 1 -UKF 

SLDM-chapter 8 
811 

p=l, /=2-IMM-UKF 

Table 9.7 CPU time (sec) for the enhancement of one utterance 

when speech is enhanced by the switching UKF algorithm 

(3) Analysis 

The experimental results of the large Aurora 2 database showed that the proposed 

approach in chapter 8 gave the best performance. Compared with the best results found in 

the literature, our 'SLDM-chapter 8-/7=1, /=2-IMM-EKF' approach offers a similar 

performance (86.72% vs. 85.96%) but at a lower cost, while our 'SLDM-chapter S-p=l, 

/=2-IMM-UKF' approach achieves a better performance (89.60% vs. 86.72%), arguably 

with similar processing time. The approach proposed in chapter 6 performs as well as the 

one proposed in chapter 7. However, from the pilot experimental results of the small 

Number vl.3 database, we found that the approach proposed in chapter 7 performed 

better than the approaches proposed in chapter 6 and chapter 8. This disagreement has 
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been analyzed in detail in chapter 8, and the differences in performance come from the 

different conditions on the noise modeling between the Number vl.3 database (good 

noise model available, not too realistic) and the Aurora 2 database (only approximate 

noise model available, realistic). To decide which SLDM approach should be used for a 

given application, we thus need to take the experimental conditions into consideration, 

and we also need to consider a desirable balance between the performance gain and the 

degree of algorithm complexity. When we can only have a very coarse estimation of the 

noise model, the approach of chapter 8 is more preferable. On the other hand, if we have a 

good noise model at hand, approach in chapter 7 is more desirable. Although the 

approach in chapter 8 always performs better than the one in chapter 6, the complex 

SLDM structure in chapter 8 makes the modeling process fairly complicated and may 

introduce more training errors into the speech model if it gets trapped in a local maximum. 

If the background noise has a more stationary property, compared with the approach in 

chapter 8, the approach in chapter 6 is then a better choice because of its simplicity. 

It also has been observed in our experiments that the unscented Kalman filter performed 

systematically better than the extended Kalman filter, at the cost of more memory and 

processing time. 

9.2 Recommendations for Future Work 

The direct area of future work emerging from this thesis is the applications of the SLDM 

for speech enhancement in the time domain. 

Although this thesis dealt with the problem of speech enhancements for the purpose of 

improving the accuracy of speech or speaker recognition systems, the proposed SLDM 

approaches could be applied in the time domain to improve the perceptual quality of 

noisy speech. The reasons why the SLDM would be suitable for non-stationary speech 

signal analysis in the time domain can be briefly explained as follows. Among most of the 

speech waveform enhancement methods reviewed in chapter 3, the speech time signal is 

split up into a number of overlapping blocks. Assuming that signals in each block are 
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stationary, an autoregressive (AR) model is then applied. A problem with this approach, 

however, is that the framing often results in a relatively poor temporal resolution for 

quickly varying speech sounds such as plosives [She94]. Alternatively, it has been found 

by [Lee96][Kim00] that the SLDM are better able to model quickly varying parts of 

speech signals, since information is not lost at the frame boundaries. Applications of the 

SLDM for speech enhancement in the time domain would thus be a worthwhile 

investigation. 

Based on the above, we have preliminarily studied the hidden filter model suggested in 

[Lee96][Kim00], which has an inference process similar to the linear-predictive-HMM in 

chapter 6, except that it was working on the univariate time signal. The Kalman filtering 

problem for such models includes a weighted sum of filters operating interactively in 

parallel, which is the same as the switching Kalman filters problem that we have 

elaborated in this thesis. We found from the experiments that this approach provides a 

better performance than the conventional Kalman filter approaches in terms of ITU-T 

P.862 PESQ scores [ITU01], which have a close match with subjective speech quality 

scores. Since the SLDM approaches proposed in chapter 7 and chapter 8 are closely 

related with the one in chapter 6, it is promising that they could also be applied to 

enhance speech waveforms for the purpose of improving the perceptual quality of noisy 

speech. 
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