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Abstract 

This thesis presents robust methods for speech analysis and enhancement based on newly established 

properties of the higher order cumulants (HOC) of speech signals. In the exploratory part of this work, 

it is shown that the HOC of speech are non-zen, and rnay be expressed in terms of speech parameters, 

such as energy, harmonic amplitudes and frequencies. These properties are established assurning a 

sinusoidal model for speech, and considering two specific domains, namely a subband representation 

and the linear predictive coding (LPC) residual. 

The issues pertaining to the bias and variance of the HOC estimators are examined and in the case of a 

sinusoid in white Gaussian noise, these entities are quantified in terms of the process variance. An 

nlgonthm is proposed for computing the 3*-order cumulant with a reduced number of multiplications, 

and a scheduling algorithm is proposed to map a set of DSP operations on a configurabte multi-unit 

architecture. General properties relating znd and higher order statistics (HOS) in the frequency domain 

are derived, such as the recovery of the Fourier magnitude spectmm from the bispectrum. 

The application part of this work exploits the HOC properties thus established and the limitations iden- 

tified to build two aigorithms, the first for quality enhancement and the second for voice activity detec- 

tion. The algonthm for speech enhancement uses subband domain optimal filters based on a minimum 

mean square error criteria (MMSE) to recover the speech signal from the noisy observation. The key 

idea is to use the 4corder cumulant of the noisy speech to estimate the parameters required for the fil- 

ters. namely the znd-order statistics of the speech and noise as well as the probability of speech pres- 

ence. The algorithm proposed for voice activity detection (VAD) combines HOS metrics and S h !  

measures to classify frames as speech or noise, using the LPC residuai. A voicing condition for speech 

frames is derived based on the relation between the skewness and kurtosis of voiced speech. in addi- 

tion, the variance of the HOS estimators is used to yieid a likelihood measure for noise frames. 

The two algorithms developed demonstrate that, in spite of the practical limitations of using these 

cumulants and the approximate nature of the speech model assumed, effective application of HOC is 

possible. By making use of only HOC measures, the performance of these algorithms is shown to be 

comparable, even better in some respects, to the current standards. As this is the first iteration of this 

type of approach, it  clearly demonstrates the promising potential of HOC in yielding algorithms that 

would surpass the current state of the art. 
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C H A P T E R  1 Introduction 

Motivation and Rationale 
In the context of mobile telephony, speech signals are often compted by surrounding acoustic noise 

such as engine, traffic and wind as well as by system-introduced noise such as quantization, switching 

handoff, and channel interference. This in turn has an adverse effect on the perceived quality and intel- 

Iigibility of speech as well as on the performance of speech processing algorithms throughout the net- 

work, such as speech coding and recognition. 

If the cetlular system encodes the signal prior to its transmission, then further degradation in its perfor- 

mance results, since most speech coders rdy on a mode1 for the clean signal which is not suitable for 

the noisy signal. Similarly, integrated speech recognition systems used for telephone services and 

trained in high-quality conditions will degrade drastically in noisy environments. This is due to the 

sensitivity of these systems to differences between testing and training conditions. 

The idea of speech enhancernent in general is to minimize the effect of noise on the performance of 

voice communication systems. This entails improving the perceived quality to the human listener as 

well as providing noise-robust methods for estimating crucial speech parameters such as spectral con- 

tent, pitch, voicing, and others. The goal therefore of speech enhancement algorithrns is to: 

Improve the perceptual aspects of a degraded speech signal 

Irnprove the performance of speech coders 

Increase the robustness of speech recognition systems. 
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The qirnfit). of speech signals is a subjective measure which reflects on the way the signal is perceived 

by listeners. It c m  be expressed in terrns of how much effort is required in order to understand the 

message, or how pleasant or cornfortable speech sounds to the human ear. Inrelligibiliry on the other 

hand is an objective measure of the amount of information wiiich can be extracted by listeners from 

the given signal [O'Sh89]. In military contexts, intelligibility is of critical importance, whereas in con- 

sumer telephony, it seems that quality takes precedence. 

Single-sensor speech enhancement is a particular problem in estimation theory for which an optimum 

solution could be found if the joint statistics of the signal and noise and a meaningful distortion mea- 

sure were explicitly available. Since in practice this is not the case, suboptimal solutions based on 

rnrithematicalIy tractabIe distortion measures or on some properties of the auditory system have been 

proposed. The first group includes such methods as Wiener and Kalman filters, while the second 

includes comb filtering or spectral shaping methods based on formants and harmonic locations. In al1 

these methods however, the problem of estimating the second statistics of the speech and noise 

remains an open one, and the effectiveness of the enhancement methoâ is contingent on the proper 

estimation of these crucial parameters. 

Other speech processing applications, such as pitch estimation or voicing detection, are an integral part 

of ri variety of speech communication systems. such as coding and recognition. These problems are 

chrilIenging in and of themselves, and their difficulty increases in the presence of noise: as such. there 

is a need for finding robust methods that perform consistently in adverse conditions. 

Rationale for Higher Order Statistics 
Higher-order statistics (HOS) are a recently developed class of tools that have shown promising poten- 

tial in such fields as radar, image processing, seismology. and array processing [Nik87] [Bri194]. They 

are of particular value when dealing with a mixture of Gaussian and non-Gaussian randorn processes 

and system nonlinearity. Their attractive features include: 

Gaussian blindness: The higher order cumulants of a Gaussian process are identically zero. 

Thus, given a signal x(n) corrupted by additive and uncorrelated Gaussian noise g(n): 

y ( n )  = x ( n )  + g ( n )  , the higher order cumulants of y(n) are simply those of x(n): 

cumulanr ( y )  = cumulant ( x )  . 
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Analysis in the higher order domain is therefore a way of filtering out al1 Gaussian noise 

(both white and coloured). When 3d-order statistics are used, this statement is tnie for any 

symrneuically distributed noise, not only Gaussian. 

Phase preservation: unlike the power spectrum. the higher-order spectn preserve the corn- 

plex phase making it possible to recover the original tirne waveform. For instance, using 

3"-order statistics allows the recovery of the complex phase from the phase of the bispec- 

trum: Consider a sequence x(n) and its DTFT X(w); the power spectrum is: 

thus dlowing the recovery of the phase of the Fourier transforrn. 

Detection of non-line<vily andphase coupling: The use of 3rd and 4h order statistics allows 

the detection of system-introduced coupling in frequencies or phases. For instance if a signal 

consists of two sinusoids: x (t) = sin ( w l r )  + sin ( w , t )  , then the bispectrum of this signal 

is identically zero, unless the two frequencies are harmonicalIy related: \v2 = 2w, (proof in 

Chapter 4). Similar features are noticed when using the 41h-order cumulant. Therefore, if 

some of the frequencies at the output of a system are created as a result of non-linearïty of 

the system, then comparison of the HOS of the input and output will unveil such behavior. 

The application of HOS to speech analysis has been primarily motivated by their inherent Gaussian 

biindness and phase preservation features (e-g., [Fa193]). The work in this area has rested on the 

assumptions that speech has  certain HOS properties chat are distinct frorn those of Gaussian noise. 

While this assumption has been backed by experimental observations (e.g. [We185], [Fa193]), there has 

not been an analytical proof of it. nor a formal frarnework for using these statistics in a useful manner. 

For these reasons, it is difficult to assess the Iimited effectiveness reported in some of these attempts 

(e.g., [Pal9 11, [Fu193]). 
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Goal of this Thesis 
The goal of this thesis is to exploit the HOC properties of speech in the objective of finding new algo- 

rithms for quality enhancement and robust estimation of speech panmeters in the presence of Gauss- 

ian noise. To this end, four major issues are addressed: 

1. The burden of proof: The higher order cumulants of noisy speech are identicai to those of the 

clean speech when the corrupting noise is uncorrelated and Gaussian. For this statement to have 

a meaningful implication, the cumulants of the speech itself have to be non-zero. Experimental 

observation and intuitive reasoning suggests that the HOS of speech have to be non-zero. For 
-ald . example, speech samples have k e n  shown to have a Laplacian distribution: f (x) = ce , 

as a result, the kunosis of speech may be shown to be a function of the energy (variance): 

and is clearly non-zero. On the other hand, one can rake 

voiced speech is modeled as a sinusoidal signal, then its 

a deterrninistic approach to speech. If 

power specuum consists of delta func- 

tions at harmonic frequencies and its bispectrum may be shown to have similar peaks at multi- 

ples of the fundamentai frequency. Analysis with actual speech data shows this to be indeed the 

case (Figure 1 - 1). In the rest of this thesis, the 3rd and 41h order cumulants of speech are 

explored and shown to be different from those of Gaussian noise. An anaiytical model and two 

speech representations are considered, the LPC residual and a narrow subband paradigm. 

2. Inrerpreration of speech HOS: It is not sufficient to prove that the HOS of speech are non-zero. 

To make meaningful use of these statistics, one needs a fnmework where these are expressed in 

terms of useful speech attributes, such as energy, frequency, pitch, etc. To provide such a frame- 

work, i t  is necessary to assume a mode1 for speech that is both mathematically manageable as 

well as reasonably representative of actuaI signals. In this work, the cumulant slices, the kurto- 

sis, skewness and the DC component of some cumulant slices are derived based on a sinusoidal 

model for speech. Important relations between second and higher-order cumulants are high- 

lighted. As in any scientific approach, the results thus deduced from this mode1 (Le, the HOC 

expressions) are verified by experimental data and used to prove the mode1 validity or limita- 

tions. 
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Figure 1-1 Magnitude of the spectrum and bispectnrm of a voiced speech segment 

O 20 M 60 80 100 120 140 

Time index 

Speech signal 
20 4û 60 80 1 0 0  120 14û 

Freq index ' 
Magnitude Spectrum 

Magnitude Bispectrum 

50 
n 

20 F2 (freq samples) 

F1 (freq samples) 50 O 

3. Implernentation issues and fimitrrtions: The Gaussian-blindness feature of HOS is tme only in 

the statistical sense. When analysis is done using only one realization and finite data records, 

issues related to the bias and variance of the HOS estimators need to be accounted for. As an 

example, the detection of whether a given signai frame consists only of Gaussian noise can only 

be made in a probabilistic sense with a confidence interval. Another implication is that careful 

smoothing of the estimators is required prior to using them for inferring speech panmeters. 
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Additional implernentation issues related to the computational complexity of HOS and how one 

may use various efficient computational means to estimate rhem are also addressed. 

4. Application of HOC to speech analysis and enhancement: Once the HOC properties of speech 

are established and once the practicd limitations of using HOS are identified, the task of 

di-signing algorithms for a specific application is a problem in and of itself. For example in the 

application of voice activity detection, SNR measures have to be combined with HOS metrics 

to circumvent the problem of false detection of small amplitude segments as voiced speech. The 

tuning of the algorithm in terms of fnrne size. and detection threshoids is an important aspect 

and one that calls for as much art as science. In the application of speech enhancement, the issue 

of how to formulate the problem so that HOC can be used to deduce vanous required parame- 

ters is an important algorithmic design issue. Furthemore, the details related to the nurnber of 

subbands, the frame size, the overlap between iterations and the degree of smoothing of the esti- 

mated parameters are al1 aspects that need to be determined by experimentation and intuitive 

reasoning. 

Structure of this Thesis 
- 

Chapter 2 is a review of the various approaches to speech enhancement that are commonly reponed in 

the literature. Reported work on using Higher Order Statistics for speech analysis is also reviewed. 

The first part of Chapter 3 is a brief background on HOS. highlighting the time and frequency domain 

definitions and properties. The second part in chat chapter consists of a senes of new derivations that 

relates second and higher order statistics of deterministic signals. 

Chapter 4 is an explontory work into the HOC properties of subbanded speech. It is assumed that 

speech is divided in narrow bands, such that each band contains one or two hannonics. The expres- 

sions for the diagonal slice of the 3d and 4'h order cumulants are derived assuming a sinusoidal model. 

The peculianties of these functions in tems of phase and harmonic content are highlighted and the 

relation between 2nd and 4'h order statistics is panicularly noted. Actual speech data is used to venfy 

the validity of the expressions and the underlying model. 

A new method for speech enhancement based on optimal filtering, subbands. and HOC is proposed in 

Chapter 5. The kev idea is to use the 4~-order statistics to estimate the Dararneters reauired for the 
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enhancement filters, namely the zDd-order statistics of the speech and noise. It is shown that the kuno- 

sis and the diagonal slice of the fourth cumulant may be used to estimate such panmeters as the SNR, 

speech autocorrelation and the probability of speech presence. Additional aspects of psychoacoustics 

such as frequency masking are accounted for- The resulting algorithm is tested in typical mobile noise 

conditions and its performance compared to the TIA standard for noise reduction [IS 1271. 

Chapter 6 takes a similar exploratory approach as Chapter 4 into the HOC propenies of speech, with a 

focus on the LPC residual. It is assumed that the LPC residual has a flat spectrum where ideally all 

short-term correlation is removed. The expressions for the horizontal slices of the 3* and 4<h order 

cumulants are derived assuming a sinusoidal model. The peculiarities of these cumulants in terms of 

phase, periodicity and harmonic contents and their similrinty with the autocorrelation function are 

highiighted. The expressions for the skewness and kurtosis of speech are noted and their use as metrics 

for detection of voiced speech is discussed. As in Chapter 4, actual speech data is used to assess the 

validity of the derivations and the underlying sinusoidal model in the LPC residual domain. 

The HOC properties of LPC-filtered speech derived in Chapter 6 are exploited in Chapter 7 in the goal 

of finding a robust algorithm for voice activity detection in the presence of noise. A necessary condi- 

tion for voicing is derived based on the relation between the skewness and kurtosis of voiced speech. 

T h e  variance of the HOS estimators is used to yield a likelihood measure for noise frames. The perfor- 

mance of the algorithm is compared to the [TU-T G.729B VAD [Ben971 in various noise conditions. 

T h e  probability of correct and false classifications is computed for both algorithms relative to hand- 

labeled speech for various S N R  and noise types. 

Chapter 8 and Appendix A explore some of the crucial issues in implernenting HOS-based methods, 

namely accuracy and computational complexity. In Appendix A, the bias and variance of the HOS 

estimators of a mixed process, particuiarly the skewness and kurtosis of a sinusoid in Gaussian noise, 

are quantified through a number of derivations. A new unbiased estimator for the kurtosis is proposed 

and its variance derived for the case of a white Gaussian process. Chapter 8 addresses the computa- 

tional aspects, namely: 

The complexity in implementing HOS: an algorithm is proposed for efficiently computing 

the 3d-order cumulant function with a reduced number of multiplications. 
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The problem of executing a DSP algorithm on a parallel architecture. A general scheduling 

and allocation mode1 is proposed for mapping a set of operations on a configurable 

multi-unit architecture. 

Contributions of this Thesis 
As mentioned before. the goai sought in this thesis is to exploit the HOC propenies of speech in the 

objective of finding new algorithrns for quality enhancement and robust speech analysis in the pres- 

ence of Gaussian noise. To arrive at this goal, fresh insights into the HOC properties of speech signals 

os well as sorne general findings about HOS relations with 2"-order statistics are unveiled. As a result. 

the contribution of this thesis is on the one hand establishing a framework for using the higher curnu- 

lants of speech and on the other in providing two specific algorithms for speech processing to illustrate 

the  effectiveness of these cumulants and their robusmess in Gaussian noise conditions. The first algo- 

rithm is for enhancing the quality of speech degraded by acoustic additive noise and the second one is 

a VAD algorithm for classifying speech and noise frames and detecting the voicing characteristics of 

speech frames. 

Unlike the reponed work on the use of HOS for speech, the approach taken here is more formal and 

systematic whereby the HOC properties are first established analytically, then verified using simula- 

tions with actual signals, and finally used for estimating specific speech parameters for the two appli- 

cations considered. The contributions are as follows: 

1. Cenerai HOS findings 

The expression for the Fourier transform of any horizontal slice of the 3rd-order cumulant 

(Section 3.2.1) and the horizontal and diagonal slices of the 4h-order cumulant (Section 

3.3.1)- 

The relation between the Fourier transform of the 3rd-order curnulanc slice and the bispec- 

trum (Section 3.2.2). 

The expression for the geometric mean of the power spectmm of a signal from its magnitude 

bispectrurn (Section 32.3). 

Three schemes for recovering the magnitude of the Fourier transform of a signal from the 

magnitude bismctmm (Section 3.2.4). 
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Properties about the DC component of the horizontal slice of the 4"-order cumulant (Section 

3.3.2). 

2. The HOC properties of speech 

The proof that the 3'<'-order cumulant of subbanded speech is identically zero (Section 4.2). 

The expression for the diagonal slices of the 4"-order cumulant of subbanded speech accord- 

ing to the sinusoidal mode1 assumed (Section 4.3). 

Relations between the kunosis of subbanded voiced speech and the speech energy. Analyti- 

cal and experirnentai tindings are reported (Section 4.3.1 and Section 4.3.2). 

The expression for the diagonal slices of the 4m-order cumulant of subbanded unvoiced 

speech according to the sinusoidal mode1 and the experimental findings that prove this model 

invalid (Section 4.3.3 and Section 4.5.2). 

The expressions for the horizontal slices of the 3d (Section 6.3.1) and &' order (Secrion 

6.4.2) cumulants of the LPC residuat of voiced speech according to the sinusoidal model. 

The expressions reveal important properties of these cumulants in tems of periodicity, phase 

and harmonic content and highlight important relations between the energy of speech and its 

higher order statistics, namely the skewness and kurtosis. The findings are verified by exper- 

imental data (Section 6.7). 

The analysis of whether unvoiced speech may be properly modeled as a h m o n i c  process in 

the LPC domain. The expression for the slices of the curnulants are derived (Section 6.3.3. 

Section 6.4.1) and the experimental results that prove the model invalid are noted (Section 

6.7.3). 

The relation between the DC component of the horizontal slice of the 4ch-order cumulant of 

voiced speech and the energy and bandwidth of the signal. in the case of the LPC residual 

(Section 6.4.2.1). 

3. Application of HOC 

An algorithm for voice activity detection based on the established HOC properties of voiced 

speech in the LPC residual domain (Chapter 7). The algorithm combines HOS rnetrics and 

SNR rneasures to classify Frames as speech or noise and determine whether speech frames 

are voiced. A condition on voicing is deterrnined based on the relation between the skewness 

and kurtosis of voiced speech. Results in various noise conditions show the proposed VAD 
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has overall comparable performance to the ITU-T G.729B: Its probability of false classifica- 

tion is lower in low SNR and Gaussian-like noise. but higher in speech-like noises. The algo- 

rithm however is conceptually simpier and is based on more analytical grounds than the 

heuristic G.729B. Most importantly, the algorithm proposed demonstrates the effectiveness 

of using HOS and their robustness in low SNR conditions. 

An algorithm for speech quality enhancement based on optimal filters, subband and 41h-order 

cumuIants (Chapter 5). The algorithm uses a subbanding approach in the time domain and 

MSE-based optimum filten to enhance noisy speech. The 4Lh-order cumulant is used to esti- 

mate such parameters as the SNR, the speech autocorrelation and the probability of speech 

presence. When compared to the TIA 1s-127 noise reduction standard in various noise con- 

ditions, the HOS algorithm is shown to be better at preserving the harrnonic structure of the 

speech and results in Iess speech distortion. It also results in more overall reduction of the 

noise, particularly in Gaussian-like environments such as Street, fan and office noise, but this 

comes at the cost of slightly more noise artifacts particularly at very low SNR and non-Gaus- 

sian noise conditions. 

4. HOC Implernentation 

An algorithm for efficiently cornputing the 3*-order cumulant function with a reduced num- 

ber of multiplications, by exploiting the redundancy in the product terms (Section 8.1). 

A scheduling and allocation algorithm for mapping a set of operations on a contigurable 

multi-unit architecture (Section 8.2). A new approach based on probabilistic allocation meth- 

ods is proposed. The scheme follows the general framework as branch-and-bound 

approaches, whereby a heuristic is used at each decision point to determine the matching of a 

candidate operation with an available resource- The criterion is a probabilistic decision based 

on quantifying the opportunity cost of the resource and the scheduling urgency of the opera- 

tion. 



C H R P T E R  2 Background and 

Citerature Reuiew 

An Analytical Model For Speech 
- - - - - -- 

To provide an analytical framework for using higher order cumulant~, it is necessary to assume a 

model for speech that is both mathematicaily manageable as well as reasonably representative of 

actual signals. Speech processing is one area that is dominated by linear models, in spite of the physi- 

cal and experimental evidence that seems to suggest that non-linearity needs to be accounted for 

[Tea83][Tea90]. It is argued in [Fac96] that using 3rd-order statistics for speech analysis cm reveal 

information about the nonlinear signal generation mechanisms, but the results in [Fac96] were 

non-conclusive, even negative about the presence of this non-linearity, or its detection with HOS. 

In the area of coding and voice detection, models that describe speech signais as a Stream of different 

Gaussian processes have been proposed mam79][Ram80]. The experimental work in [Gab88] using 

3rd and 4" order statistics of long-terrn speech showed however that these models are limited and that 

the speech process may be more accurately considered as mixtures of spherically invariant Gaussian 

distributions. 

Since the interest in this work is in short-term speech segments, and since the goal is to estirnate con- 

ventional speech mdel  parameters, it is reasonable to use a Iinear model that is valid for extracting 

these panmeters. As in any scientific approach, some model has to be assumed at first, then the results 

deduced from this model -in this case the higher order cumulants- are verified by experimental data 

and used to prove the model validity and limitations. 
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Among the sinusoidal mudels developed to represent speech, the simplest and often referenced one is 

the so-called zero-phse hamonic representarion [McAS6]. The elegance of this model is in its use of 

the same expression for both voiced and unvoiced speech and allowing for a soft decision whereby a 

frame may contain both types of speech. The model is characterized by sine-wave amplitudes, a voic- 

ing probability, and a fundamental frequency. Removing (or greatty simplifying) the phase makes it a 

minimal parameter set for analysis and synthesis [Qua86]. ln this representation, a given frame is rep- 

resented by a sum of harmonically related sine waves. A synthetic phase function is used such that dur- 

ing voiced speech, the sine waves are coherent (in phase) and during unvoiced speech they are 

incoherent- The speech signal over a short-term window may be expressed as: 

M 

~ ( n )  = x a m - c o s [ ( n - n , ) w , + ~ , + 8 , ]  (E 2.1 

m = l  

where no is the voice onset tirne. M is the number of sinusoids. a,  the amplitude of the m" sine wave 

and w, the excitation frequencies. For a perfectly periodic frame, these are harmonically related, Le.. 

bt*, = mwo, with wo the fundamental frequency. The first phase tenn is due to the onset tirne ng, defined 

as the time when the pitch puIse occurred relative to the beginning of the frame. The second phase 

component depends on a frequency cutoff w, and a voicing probabiiity Pu: 

where U[-K. x] is a uniformly distributed random variable between -x and x. Thus, the higher the voic- 

ing probability the more sine waves are declared voiced with zero phase. Finally, the third phase corn- 

ponent is the system phase e,,, along frequency track m. For sirnplicity, rhis component is often 

assumed to be zero or a Iinear function of frequency. In the case of steady voiced speech, the sine 

waves are harmonically related and Eq 2.1 becomes: 

Therefore in the fnmework of the sinusoidal model: 

A sready (or stationary) voiced speech segment is modeled as a sum of harmonically related 

sine waves whose frequencies are multiples of the fundamental and whose phases are deter- 

mined entirely by the voice onset time no 
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A non-stationary voiced speech segment is modeled as a sum of sine waves. but only some 

of those may be harmonically related. For the rest, the phases are assumed detenninistic but 

unknown. 

An unvoiced speech segment is modeled as a sum of incoherent sine waves whose phases are 

assumed random and uniformiy distnbuted. In the more general approach, unvoiced speech 

is considered as a random -though not necessarily Gaussian- process. 

2.2 Speech Quality Enhancement Techniques 
The literature on speech enhancement techniques is quite abundant. This section elaborates on the 

common approaches. These are categorized in the following groups: 

1. Wiener Filtering and Related Methods: Enhance speech by spectral decomposition and opti- 

mal linear filters; these filters are derived by rninirnizing the MSE or other criteria. Estimation 

of the SNR and other speech and noise statistics is an important issue in these approaches. 

2. ML and MMSE-based Spectral Estimation: Formulate the enhancernent problem as an ML 
or an MMSE estimation of the speech spectral envelope or magnitude. These methods involve 

an estimation of the DFT of speech from the noisy speech spectrum. 

3. Kalman Filtering: Formulate the enhancement problem in state space form, by modeling the 

speech as an AR process. Assuming the AR parameters may be estimated, estimate the state 

vector and the clean speech. 

4. Comb Filtering: Comb through the specmm and reinforce the harmonic components of voiced 

speech. The issue of computing the parameters of the comb filter to account for the imperfect 

periodicity of speech is a crucial issue. 

5. Wavelet Denoising: Transforrn the signal using a set of orthonormal b a i s  functions. Apply a 

thresholding criteria to reject tikely noise components and resynthesize speech. The choice of 

thresholding rule is a main issue in these methods. 

6. Psychoacoustic Methods: Apply special filtering that takes into account the peculiarities of 

perceptually important speech parameters o r  acoustic criteria of human hearïng. 

For erich approach, the theoretical basis is presented, followed by a sumrnary of one or two typical 

papers in that category. 
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2.2.1 Wiener Filtering and Related Methods 
Wiener filters are an instance of the general class of optimum filters [Van68], where it is desired to find 

an estirnate 3, for a signal Sr given a number of observations, { X  ,-,, . . ., X,, ..., X,, , }  . It is assumed 

that the observations are the sum of the desired signal plus unwanted noise: 

Xa = Sa + Na a €  I I = { r - a ,  ..., r + b } .  

The estirnate S, is obtained by a linear filter acting on the set of observations: 

The filters are optimum with respect to minimizing the mean square ermr: 

2 
~ [ e : ]  = E[(s,-S,) 1 .  (E 26) 

The optimum filter is based on the principle of orthogonaliry whereby the error is orthogonal to al1 

observations: 

E [e,X,] = 0. (E 2.7) 

It c m  be shown [Le0891 that in the case where X, and 2, are zero-mean jointly wide-sense stationary 

processes, the filter that minimizes the mean square error must satisfy the equations: 

That is the filter coefficients could be found by solving the p+ 1 simultaneous equations (Eq 2.8). Here, 

Rdm)  and R'drn) are the autocorrelation functions of the clean signai and the noisy observations and 

Rsx(m) is the cross correlation between the two. In the case where the signal and noise are indepen- 

dent random processes, chat is: 
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2.2.1 -1 lnfinite smoothing and frequency-domain fiîters 

If S, is  to be estimated using the entire realization of X,, that is I = (-m.-) , (this is the case when the 

entire signal is recorded. and then played back) then: 

R,,(m) = C hpR,  ( m  - B) - 
p=-  

The Fourier transform yields: 

P,.,(f) = H ( f ) P , ( f ) -  

If, in addition. the processes are independeni and zero-mean, then 

P , , ( f )  = P s ( f )  andP,(fI = P,(n +P,(f) .  

The optimum filter is found (using Q 2.12 and Eq 2.13): 

Thus assurning the power spectmm of the speech and noise could sornehow be estimated. a speech 

enhancement system may be achieved by spectral decomposition and appropriate scaling of the vari- 

ous frequency coefficients. A genenc Wiener-based enhancement system is shown in Figure 2- 1. 

Figure 2-1 Genenc Wiener-based speech enhancement 
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Power subtraction filters 

Consider a filter whose response is the square root of a Wiener filter, thus: 

The power spectrum of the output of this filter is: 

or simply 

Po., = IS( f )12.  (E 2-17) 

Thus the filter has suppressed noise in the power spectrum sense. This is equivaient to subtracting an 

estimate of the noise power from the spectrum of the noisy speech. 

Magnitude subtraction filters 

Consider another filter whose response is given by: 

The magnitude spectrum of the output of this filter is: 

and thus this is a magnitude suppression filter. Figure 2-2 below shows a plot of the filter magnitude 

response for different SNR values. 

Parametrized Wiener filters 

The so-called panmetrized Wiener filter has been used in published systems ([Ars95]) and is a modi- 

fied version of Eq 2.14 with the introduction of two parameters to control the dope of the filter as well 

as the noise factor: 
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a is ofien terrned the oversubuaction factor. It refers to the fact that the noise power is overestimated 

to achieve a more aggressive filter or to compensate for the fact that the noise spectnim estimation is 

too conservative. Graphically, this is equivaient to pushing the curve to the right- The B factor controis 

the dope of the filter. The higher B, the steeper the dope of the fiher. A power subtraction filter is 

obtained when @ = 0.5 and a = 1. 

Figure 2-2 Various suppression filters 

SNR (dB) 

The advantages of the Wiener-based approach is its intuitive basis, its irnplernentation simplicity and 

its practical effectiveness. Its limitations on the other hand are: 

Noticeable residual noise which consists of narrow-band signals with time-varying frequen- 

cies and amplitudes. This is referred to as musicai noise. This noise is mostly perceived in 

weak bands and weak speech frames. In suong speech bands, the noise is masked by the 

speech energy. 

The dependence on a good noise and SNR estimation, which is a problem in itself. Noise is 

often estimated during speech pauses, which in turn relies on the assumption that the back- 

ground noise environment remains locally stationary to the degree that its spectral magnitude 

expected value just pnor to speech activity equals its expected value during speech activity. 
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Ignoring the effects of noise on the phase of the signal. While it was shown that using the 

actual (clean) version of the phase instead of the phase of the noisy speech does not improve 

the enhancement, very little is understood about the effect of noisy phase on speech. In 

experiments where only the complex phase was mdified, it was found that adding random 

noise above a given threshold will cause roughness in the reconsuucted speech. 2eroing the 

phase will cause speech to sound monotonous, while randomizing the phase will cause 

speech to sound rough. 

2.2.1.2 White observation and Causal filters 
In the special case where the observation is white, i.e., R,  ( m )  = at6, and the observation range is 

a11 the past and present observations: 1 = (-, t )  , then the solution is a causal filter given by (from 

Eq 2.8): 

and the filter coefficients are: 

If in addition, the noise and speech processes are statistically independent, then: 

For m 20. 

2.2.1.3 Some Reported systems 
Magnitude Subtraction 
The suppression schemes in [Bo1791 and [Var851 are classical examples of magnitude sub- 

traction systems where noise is estimated by averaging the signai magnitude specuum dur- 

ing non-speech activity. In [Bo179], the window length is chosen to be at least twice as large 

as the maximum expected pitch period in order to achieve adequate frequency resolution 

(256 points). Key ingredients of this system include: 

- Averaging of the spectrum over a small number of frames is done in order to minimize 

the residual noise. The fact that speech is non-stationary implies that only a limited tirne 

average of no more than three frames is possible. 



2.2 Speech Ouality Enhancement Techniques 19 

-A scheme to controt the amount of subtracted noise is used. The idea is to reduce the ran- 

dom variation of noise residuai between adjacent frames. By comparing the magnitude in 

those weak bands (Le.. low SNR) over the last three frames, a new value for the magni- 

tude spectrum is chosen as the minimum of these three. 

- Additional attenuation is introduced during non-speech activity within a given analysis 

fnme. Whenever speech is absent, an additional amount of 30 dB attenuation is used. To 

determine the absence of speech, the average S N R  is computed and summed over al1 the 

frequency bands. Whenever this ratio is less than -12 dB, the frame is classifieci as having 

no speech activity and attenuated by 30 dB. 

Power Subtraction 
In [Bei79], a power subtraction system with the concept of noise overestimation is intro- 

duced. Oversubtraction is used to compensate for imperfect noise estimation, This systern 

has three interesting points: 

- The variable oversubtraction factor is based on the estimated S N R  in each band. The 

rationale is that strong SNR bands are indicative of a strong speech component and there 

is no need for aggressive subtraction. 

-A spectrai floor is used to ensure the presence of a low broadband noise and its effect is 

to mask any musical noise that may be present. 

-A generalized power specuum subtraction method is introduced: 

Various filter-based approaches 

While the classical techniques tackled the key issues of the subtraction concept, they did not 

address the concept of sub-banding that takes advantage of the masking features of the audi- 

tory system. As the newer publications adopted this idea, spectral subtraction gor imple- 

mented as a linear filtering operation whereby the tilters coefficients are computed for each 

band based on the estimated SNR of this band. 

The difference here is that FFï bins are assigned to bands, and a filter coefficient is com- 

puted for each band and used to weight al1 the FFT bins within. The estimate of the signal 
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energy in the band is computed by averaging the energy across the bins and smoothing in 

time over few frames. The estimate of the noise energy in each band is computed by averag- 

ing the signal energy over these frames that are classified as non-speech. 

In [Ars95], a parametrized Wiener filter with noise oversubtraction is used. Some of the 

classical concepts in [Bei79] are extended to the new fom of subtraction. Worth noting is: 

- The concept of 'spectral floor' is irnplernented by setting a lower bound on the filter (Le., 

preventing the filter gain from going below a -10 dB limit). In addition to producing a 

'Sroadband noise' effect, this prevents coefficient randomness around small values of the 

gain which would resuit in more annoying musicdity of the noise. 

- The concept of variable oversubtraction is extended to the filter expression. The fre- 

quency gains are derived from a pararnetrized Wiener filter with an oversubtraction based 

on SNR: 

H ( w )  = p , w  
I P , . ( w )  + - a P , ( w )  

SNR 

In [Vir95], masking across critica! bands is taken into account. For each band, a masking 

threshold is computed depending on the energies of the neighboring bands. Bands where 

signal energies are below the threshold will be masked and there is no need for aggressive 

spectral subtraction. The key steps go as follows: 

- Perforrn a normal spectral su btraction without any overestimation. deduce an estimate of 

the speech energy in each band. 

- Frorn the estimated signal energy, compute the masking threshold at each band caused by 

neighboring speech bands. If the estimated noise is lower than the masked threshold, then 

there is no n a d  for aggressive overestimation. If however the noise is above the thresh- 

old, it will be audible and thus more aggressive subtraction is required. 

- Use the threshold as the basis of a spectral subtraction operation where the overestima- 

tion factor is adapted for each band and frame. 
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2.2.2 ML and MMSE Spectral Estimation 
W hile Wiener-based approaches did not make assumptions about the distributions of speech and noise. 

the following ones are estimation-oriented techniques based on assumed apriori distributions of the 

signals. The solution proposed is an estimator of the spectral components; it is therefore the distribu- 

tion of this spectral component (DFT coefficient). rather than the time sarnples. that is of importance. 

ML Estimation of the Speech Envelope 
The problem of speech enhancement is fonnulated in WcASO] as a maximum likelihood estimation of 

the speech specval envelope. In this model. the noise is assumed to be a Gaussian random pmfess and 

the speech a deterministic wavefom of unknown amplitude and phase. Thus, each DFT channel value 
je, 

is given by: y, = s, + w,,  where the speech is given by: s, = A,e . Ak representing the speech 

énvelope and Bk its phase. The estimator is based on maximizing the posteriori pmbability of the chan- 

ne1 measurement, p (y,JA,, 8,) or. after averaging out the phase, the average likelihood function. 

p ( y, 1 A,) . This leads to the estimator of Ak: 

where ly (k )  (' is the rneasured envelope energy and A, (k) the estimate of the noise energy. The esti- 

rnator of the speech spectmm envelope sk, given the noisy speech spectmm value yk: 

The estimation is fùrther refined to account for the probability of speech presence in channel k. To 

derive the posterior probability of presence of speech. the speech and noise are assumed to be indepen- 

dent Gaussian random processes; thus the apriovi probability density function of the rneasured noisy 

speech envelope is Rician. By assuming the probability of the noise and speech States equally likely. 

and the a priori signal to noise ratio known. the posteriori probability of speech presence in band k is: 

Here, HI is the hypothesis that speech is present and the apri0t-i signal to noise ratio is 

SNR,,,, = A,'& ( k )  . 
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Since the optimal estirnator of  the clean signal given that this signal is absent from the noisy observa- 

tions equals zero, the resulting estimator is simply the product of the estimator for the clean signal 

given that this signal is present in the noisy observations (Figure 2-3). 

Figure 2-3 Enhancement conditioned on the presence of speech 

MMSE-based Estimation of the Speech Amplitude 

The system proposed in [Eph84] is closeiy related to and builds on the sarne principle as [McASO], 

except that the DFT coefficients of the noisy observations are assurned to have a Gaussian distribution. 

The enhancement problem is formulated as an MMSE estimator of the speech spectral amplitude. 

Given the same definition of speech, noise and noisy channel measurements as before, the MMSE esti- 

mator of the speech amplitude Ak is given by: 

- 
A, = EIAkIYo, YI, - - - }  = E{AkIYk. 

where { Y,, Y,, . . . } is the set of spectral observations over a few frames, which are assumed to be sta- 

iistically independent. Given Gaussian assumptions about the spectral values, the estimator can be 

expressed as a spectral gain G (p, k )  that is applied to each short-term spectral value Y, ( p )  (here p 

denotes the frame index): 

with 

M [XI = e-~"[(l  + r )  

first order respectively. 

Here the two SNR tenns 

( )  + ( )  ; 1, and 1, are the mdif ied Bessel functions of zero and 

are defined as follows: 



2.2 Speech Quality Enhancement Techniques 23 

is the local estimate of the SNR in the current frame p. at frequency k, using the total energy 

1 Y (p, k)  l 2  and the estimate of the noise energy l,,, ( k )  at that frequency. The so-cailed oprion SNR 

represents the information of the unknown spectral magnitude gathered from previous frames and is 

evaluated as: 

where P [ x ]  = x when x > O and O otherwise. As in [McASO], the estimator is conditioned on the 

probability of speech presence at frequency k. Thus the new MMSE gain is: 

where A ( Y,, q,) is the generalized likelihood ratio defined as: 

1 where H, and H: denote the hypothesis for speech presence and absence respectively. 

P r  = ( 1 - q,) / q k  . and q, is the probability of signal absence in the ph spectral band. In [Ma199], a 

method is proposed to estimate q, based on a decision-theoretic approach. and in the worst case, 

q, = 0.5 . Using the Gaussian statistical mode1 for the spectral components, it is found that: 

A detailed study of this approach was reponed in [Cap94]. It is shown that the proposed S M  smooth- 

ing yields an elimination of the musical noise phenomena without bringing distonion to the speech 

signal. 
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Kalman Filters 
The motivation for studying a Kalman filter based noise suppression system is that it can handle col- 

ored noise and has a reasonable numencal complexity. In addition, it is well suited for speech quality 

requirements in that it results in low speech distortion and low noise distonion. The use of Kalman fil- 

ters was proposed in [Pd871 for speech enhancernent where experimental results reveal an advmtage 

over Wiener filtering, for the case where the estimated speech parameters are obtained from the clean 

speech signal (hypothetical case). The method was first proposed for white Gaussian noise, then 

extended [Km891 by incorporating a colored noise model. 

A key issue in Kalman filtering is that the algorithm relies on a set of parameters that are unknown and 

have to be estirnated from a noisy signal. These include the model parameters for the speech and noise. 

It is often assumed that the noise is long-time stationary and consequently its parameters are estirnated 

during speech pauses. Speech is viewed as a short-time stationary process, e-g., 10-40 ms. Thus an 

instantaneous model of the speech has to be obtained from a short segment of noisy rneasurements. 

White Gaussian noise 

The noisy speech is modeled (Pal871, [Koo89]) as the sum of an AR process and a noise process: 

x (n) = s (n) + v (n) (E 232) 

where x(n) denotes the measured signai, s(n) the speech, and v(n) a zero-mem white noise process 
2 

with variance o, . Funhermore: 

where w(n) is a zero-mean white Gaussian process with variance ai. The above 2 equations can be 

written in state-space form (bold letters refer to matrices): 

s (n) = Fs (n  - 1) + gw ( n )  
T 

x ( n )  = h s ( n )  +v(n)  

with 
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O 1 O ... O O 
1 ... O O 

F = 

O O O ... O 1 

From standard Kalman filtering theory, the state vector estimate is: 

S ( n )  = F S ( n - 1 )  + k ( n )  [ x ( n )  - h T ~ î ( n - l ) ] .  

The gain and error covariance equations are: 

where k(n) is a Kalman gain vector, P(nln-1) is an apriori error covariance matrix, P(n) is an erra 
2 

covariance matrix, R = otf is the covariance matrix of the noise sequence and Q = q.1 is the cova- 

riance matrix of the dnving terrn { w ( n ) ) .  With the initial condition, P (O) = [O] ,,, Eq 2.39 is pro- 

cessed first, followed by Eq 2-38. and then Eq 2.37 and Eq 2.40. The speech sample estimate at time 

instant n is then obtained by: 

s ( n )  = hTi ( n )  . 

Colored Gaussian noise 

The noisy speech is modeled ([Koo89]) as the sum of 2 AR processes: 

x ( n )  = s ( n )  + v ( n )  

with s(n) given as in Eq 2.33, and 

The above equation of the noise is rewrinen in canonical form: 
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with 

O 1 O ... O O 
1 ... O O 

F ,  = ... ... ... a-. 1 and g , = h , =  

and q ( n )  is a white Gaussian driving term with zero mean and variance p i .  Eq 2.34 is combined 

with Eq 2.44 to yieid an aggregate state space model: 

which can be simplified, by defining new vectors and matrices, to: 

( n )  = Fs ( n  - 1) + Gw (n) (E 249) 

where 

This is in the f o m  of a Iinear system driven by a white Gaussian vector W ( n )  . It is assumed that 

tv ( 1 2 )  and q ( n )  are uncorrelated: 

The optimal aigorithm for this so-called noise-free estimation has the same forrn as that for the white 

noise case except that R = O and different vectors and matrices are used. A new coordinate transforma- 
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tion is first introduced in order to reduce the dimension of the optimal filter and to guarantee the invert- 

ibility of h ' ~  ( n  (n - 1) h . A uansformation matrin T is defined as: 

where Tz cm be any ( p  + q - m )  x (p + q) matrix that yields nonsingular T. The dimension of x(n) 

is denoted by m. Here T, = [ f p , , - l  O] is chosen so that the new state vector becomes identical with 

part of the original state variables of interest. By using this transformation. 

and 

where 

The optimal Kalman filter estimate becomes: 

S ( n )  = F S ( n - 1 )  + k ( n )  [ x ( n )  - b T ~ 3 ( n - i ) ] .  

The gain and error covariance equations are computed according to: 

Since the state estirnate (Eq 2.60) has to be transformed back 

(E 2-63) 

to the original form, the final estimate 

becomes: 



2.2 Speech Quality Enhancament Techniquus 28 

Parameter estimation 

As rnentioned earlier, the problem of parameter estimation is a crucial part of Kaiman filtering and 

improper estimation results in distorted speech. Virious estimation methods have been proposeci: 

In [Sor97], estimation of the b vector (the AR parameten of the noise) and 0: is performed during 

speech pauses using a voice activity detector. The autocorrelation function of the noise is computed 

using a 32 msec block length, then smoothed using an autoregressive scheme. The Levinson-Durbin 

algorithm is used to infer the parameter set. 

In [Koo89], it is assurned that the b vector and ai are known or are computed using an extra micro- 

phone. The a vector (the AR parameters of speech) and a: are cdculated iteratively. That is, estimates 
2 

â, and O,, , are calculated directly from the noisy observations using the Durbin algorithm and then 

substituted into the appropriate K a l m  filter. A new set of coefficients, â2 and aiZ. are cdculated 

using the filtered output and plugged into the filter. This procedure is iterated until a final set â, and 

a:, . is obtained. 

Experimental results reported in [Soi971 found that this approach leads to good parameter estimation 

during high SNR segments but performs poorly dunng low S N R  frames and causes a distortion at the 

filter output. 

In [Gan97], Higher Order Curnulants are used to estimate the speech parameters, by considenng: 

whenever M 2 2 .  The cumulants are approximated by substituting the unavailable ensemble averages 

with sample averages, thus obtaining a set of Linear equations that rnay be used to compute the AR 

parameters directly from the observed signai. Experimental results found that the method is etiective 

at low SNR conditions (5 dB) when 4'-order cumulants are used. The pararneter estimation was supe- 

rior to using znd-order statistics and it was also found that the use of third order statistics is limited in 

effectiveness. 
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2.2.4 Comb Filtering 
Since the most important audible component of speech is penodic. its harmonic frequencies may be 

identified for the purpose of either preservation or  suppression. One basic method involves comb filter- 

ing. in which a dynamic filter is designed to comb through the spectmm, rnodifying energy at equally 

spaced frequencies to attenuate or enhance them. The frequency response of the filter resembles a 

comb, with large values at a specified Fo and its multiples, and low values between these harmonics. 

2.2.4.1 Comb filters to reinforce Fo 

The operation of the filter can be explained by considering the sampie response over one pitch period 

[Lim78] : 

t 

h ( n )  = z a , - G ( n - ~ , )  (E 265) 

k = -L 

where h(n) is the unit sample response, Wn) is a unit sample function, a k  are the filter coefficients, the 

lenpth of the filter is (2L + 1 )  pitch p e n d s ,  and the pitch p e n d  estimate Nk is computed based on the 

pitch information of the speech frame. The filter coefficients are unchanged and only Nk is updated 

once every pitch period based on the pitch information Tk of the speech waveform k i n g  processed. A 

typical impulse response for the case of L = 2 is illustrated in Figure 2-4. 

Figure 2-4 Impulse response of a comb filter (L=2) 

To the extent that the speech waveform is periodic over the 2L + I pitch periods that the filter is 

applied, the speech samples will add constmctively while the noise samples surn to zero. The operation 

depends on an accunte estimate of the desired signal's period, and its performance is best when this 

signal has stationary traits. Fo estimation is not always easy and speech signals very often change 

from one period to the next, in terms of harmonics and spectral envelope. 
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In the case of a specual change but constant Fo during the comb's window. the filter spreads the 

change out over the duration of the window. Thus a rapid change could be srneared in time. 

A more difficult problem arises when Fo changes during the course of the window, which may lead to 

a reduction in the reinforcement of the pends in y(n). Thus comb filters work best only during sec- 

tions of speech where Fo is not changing rapidly. This problern can be minimize by choosing L=l (Le. 

averaging only 3 periods). However, the degree of signal reinforcement is proportional to L. Spec- 

trally, L is inversely proportional to the bandwidth of the comb harmonics. Larger values of L lead to 

narrow hannonics in the comb filter response. which more effectively suppress energy outside the cor- 

responding harmonics in x(n). 

The coefficient set is often chosen from a Harnming-like window where higher weight is given to the 

middle segment and Iess weight for the side segment. The coefficient set is normalized so that the sum 

of the coefficients is unity. For a normalized Harnrning window set, each ak is given by: 

Comb filtering can only be applied to the voiced segments of the speech, thus requiring a voiced/ 

unvoiced detector, in addition to a pitch estimator- Figure 2-5 shows the system diagram of the cornb 

filter used in [Lim78]. 

Figure 2-5 Block diagram of Lim's comb filtering 
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The results in [Lin1781 indicated that even with perfect estimates of the fundamental frequency, the 

adaptive comb filter does not achieve a significant increase in the intelligibility at any S N  ratio, when 

the degrading source is additive white noise. A substantid decrease of intelligibility was observed 

when the length of the filter was between 7 and 13 pitch periods. At a Iength of 3 petiods, intelligibility 

did not show a noticeable decrease. On the other hand, noticeable increases in S/N ratio were achieved. 

When the fiIter length was 3, 7, and 13 pitch periods, the increases were 3.5 dB. 7 dB and 10 dB 

respectively. Thus, the adaptive comb filter cm be usefui for the objective of noise reduction without 

significant decrease in speech intelligibility. 

2.2.4.1 -1 Variations of the basic method 
Some noteworthy variations are proposed to the basic comb filter in order to deal with smearing spec- 

traI changes and segment discontinuity. 

Adaptive coefficient set 
In [Vee89], the coefficient set is chosen to adapt to the data, as opposed to k ing  constant. The argu- 

ment is that pitch periods may not be similar and thus choosing a constant set does not account for 

such transitions between periods. The proposed set is derived by minimizing a prediction error, namely 

the coefficients ak are chosen such that the samples that are k periods away best predict the current 

sample. The prediction error rnay be written as (considering 3 coefficients): 

Error = [ n o x ( n )  - a - , x ( n - T )  - a , x ( n + T ) ] ' .  (E 2.67) 
n 

The summation is taken over the samples of a pitch period. For simplicity a0 is set to unity. In addition 

to accounting for the changing characteristics between periods, a variable coefficient set can cornpen- 

sate for any pitch estimation errors. thus making the results less dependent on the precision of the pitch 

estimate. This is a valid argument since accurate pitch estimation is difficult in noisy conditions. 

Different weighting for the samples in a given period 
Instead of using the sarne weight for d l  the samples in a given period, the rnethod in [Cox8l] and 

[Ma1821 uses a class of windows that has a variable weight in each pitch period (Figure 2-6). The ratio- 

nale is that when comb filtering is done in a pitch synchronous way, segment discontinuity results 

when the pitch period changes. This class of windows is claimed to minirnize this effect. 
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Figure 2-6 Variable weighting for the samples in each pitch period 

Dynamic Time Warping 

l 

i 
I 

i 
t 

l 

l 

1 
I 

To better utilize the information contained within voiced speech and account for irnperfect perïodicity, 

i 
1 

1 
[ 

the time scale of each individuai pitch p e n d  is warped into the current period k i n g  processed. Thus, 

given an N-length sequence R [ n ]  k i n g  processed and an M-length sequence n m ]  representing one of 

the contiguous past or hiture periods contained within a segment of voiced speech, T[m] is warped into 

R[n]  using an optimal warping function of the fomi m = w ( n ]  such that a total distance measure DT 

is minimized: 

DL,n = min  C I I  ( R  [ n l .  T [ w  In1 1 1 II. 
~ [ n ]  = , 

8-1 

The optimal path is selected as the path which produces the lowest total accumulated error. This 

requires that al1 the possible paths thmugh the gnd (the (mn) plane) be computed, thus requiring a 

l 

I 

a0 

im for the T samples 

: a k ( n . T )  = 1 - 2 n ( T - n ) / ( 2 T )  a k ( n , T )  = n ( T - n ) / ( 2 T  2 ) 

a,(n) different weights 

a1 sarne weight 
for al1 T samples 
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computational load proportional to NM. A suboptimal but more manageable approach is proposed in 

[Gra93] which fin& a simple path through the grid. Instead of looking backward through the grid to 

determine the optimal path on the basis of the total accumulated distance, this suboptimal approach 

finds a simple path by looking forward through the grid in such a way that the accumulated distance at 

the point (n,m) between the two consecutive possible points is a local minimum. Thus the next point is 

chosen on the path on the bais of which point adds the least to the accumuiated distance at the grid 

point (n.m). 

2.2.4.2 Comb filters to cancel interfering harmonies 
In the harmonic canceller system proposed by (Arni911, a comb filter is used to elinainate interfering 

sinusoids of harmonically related frequencies. This could be used, for example, to reduce the noise 

from an interfering speaker, provided this speaker's fundamental ftequency is known. The filter is 

implemented as a speciai case of a frequency domain LMS algorithm. Detenninistic signals of con- 

stant values are applied to the reference inputs (Figure 2-7) instead of observed values, and the mea- 

sured signa1 is applied to the desùed signal input d(t). 

Figure 2-7 The LMS hannonic canceller 
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The concept behind this is the fact that if the Fourier transform bIock length N is chosen to be the fun- 

damentai penod of the undesired signal, then the harmonic signal transform at each frequency bin will 

take the sarne value, regardless of the time reference. The non-harmonic components transforms have 

a cime-varying behavior- To distinguish the two, unit values are applied at the reference inputs. The 

LMS thus operates on cancelling ail harmonic frequency components and leaving out other compo- 

nents to propagate to the error transform with minimum distortion. 

2.2.5 Wavelet-based Denoising 
In recent years, there has been a renewed interest in the design of structured bases for the Iinear expan- 

sion of signais. In particular, the subject of wavelets and time-scale analysis has received increased 

interest as a new method of expanding functions ont0 a set of self-similar orthonormal b a i s  functions. 

This is largely due to the fact that such techniques offer increased flexibility over more traditional 

transforrn methods, combined with the existence of efficient computational structures, in the form of 

multirate filter banks, which allow rapid computations of these coefficients. 

Wavelets provide a tool for non-linear filtering of signals contaminateci by noise. In wai192], it is 

shown that effective noise suppression môy be achieved by transforrning the noisy signal into the 

wavelet domain, and preserving only the local maxima of the transfom. Altematively, a reconstruction 

that uses only the large-magnitude coefficients has k e n  shown to approximate well the uncompted 

signal. in other words, noise suppression is achieved by thresholding the wavelet transform of the con- 

taminated signal. 

To choose the appropriate threshold, [Don951 has taken a rninimax approach to characterizing the sig- 

nal (rather than the disturbance, which is assumed Gaussian). A threshold is derived that is approxi- 

rnately rninirnax in the sense that its sample size dependence is of the same order as that of the tnie 

minirnax. A coefficient Ci is excluded frorn the reconstruction if IC,I S oJ2- where o is the 

standard deviation of the noise, and K is the length of the observation. 

The above schemes have relied on the assurnption of the normality of the noise and are therefore sensi- 

tive to outliers, Le., to noise distributions whose tails are heavier than the Gaussian distribution. A 

scheme is proposed in [Sch97] to circumvent this. Essentially, a minimax Description Length 
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(MMDL) pnnciple is usai as the criterion of choice for thfesholding wavelet coefficients. Further- 

more, the true signai is assumed to have a bounded amplinide, and a thresholding technique from 

above and below is used to result in bounded estimation errors. The scheme is claimed to be Iess sensi- 

tive to heavy-tailed noises- 

2.2.6 Psychoacoustic-based Methods 

Formant-based Spectral Shaping 

The frequency domain postfiltering approach proposed in Wan931 consists of approximating the noisy 

speech spectmm by LPC anaiysis and then modiQing this spectrum (through frequency filtering) so 

that the spectral f o m n r s  are sharpened and the valleys deepened. 

The filter is 'adapted' for every new h e  of speech (128 samples) and is represented by a set of DFT 

coefficients H(k) (Figure 2-8). These coefficients are mukiplied by a modified version of the speech 

transform P(k)  to yield the  transforrn of the enhanced speech. The core operation of the algorithm is to 

scan the LPC spectnim and detect the 3 or 4 main forrnants (and valleys) through peak picking, 

Figure 2-8 Adaptive filtering by spectral modification 
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Exploiting the Characteristics of Human Hearing 
These methods exploit frequency rnasking or other propertïes of the auditory systern to gain an advan- 

tage in locating or attenuating noise bands or in preventing unnecessary attenuation in speech bands. In 

[Vir95], a cross-band masking threshold is used to control the spectral subtraction process. The idea is 

to find the best compromise between noise reduction and speech distortion in a perceptual sense. By 

identifying the bands where natural noise masking occurs, there is no need for an aggressive noise sup- 

pression. A sirnilar idea is proposed in [Tso93] where a rnasking threshold is computed and used to 

identify the audible noise spectrum. A non-linear suppression rule is then applied where suppression is 

controlled by a parameter that is a function of the masking threshold identified. 

The algorithm proposed in [Che911 uses the property of lateral inhibition of the auditory system. It 

convolves the so-called function of spatial lateral inhibition with the power spectnim of the noisy 

speech input to yield an estimate of the clean speech spectrum without apnori knowledge of the noise 

spectrum. 

2.3 The Use of HOS for Speech Analysis 
Wells was among the first to use the bispectrum in speech application. His often quoted work [Wel85] 

used the bispectrurn as a voiced/unvoiced detector. The underlying concept is the fact that unvoiced 

speech has Gaussian characteristics and thus its bispectmm is almost zero (when proper averaging is 

used), whereas voiced speech has a non-zero bispectrum. The results of that study supported the mode1 

thrit unvoiced speech is produced by Gaussian-like excitation. The work outlines some interesting 

stnictural characteristics of the bispectrum for voiced phonemes and suggests that speaker characteris- 

tics may be extracted from it, but the results are experimental with no analyticd foundation. Similady, 

it is reported in [Fa1931 that the normalized skewness and kurtosis of short-term speech segments may 

be used to detect transitional speech events (termed "innovation"). The conclusion thus drawn is based 

on experimental observations using various utterances and window sizes. 

In [Rang51 a method based on Gaussianity tests for the bispectrum and the triple correlation is used to 

discriminate voiced and unvoiced segments. The method exploits the Gaussian blindness of HOS but 

not the peculiarities of the HOS of voiced speech to better classify the segments. In Nor923 a pitch 

estimation method based on the periodicity of the diagonal slice of the 3d-order cumulant is descnbed 
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and leads to more reliable estimation than the autocorrelation of the underlying speech. The rnethod 

involves computing the autocorrelation of the cumulant slice and as such requires a large number of 

data points to provide reliable estimation. In addition, the claim of the cumulant slice having simiIar 

periodicity as the underlying speech is not clearly demonstrated. 

The exptoratory work of Fackrell has addressed some of the fundamentais of the HOS of speech sig- 

nais, particularly with regard to detecting and estimating the non-linearity in the speech production 

system. In [Fac94], it is argued that the normalized bispectrum (bicoherence) may be used to detect 

quadrature phase coupting in speech since the bicoherence at a bifrequency (CI ,f2) includes the contri- 

bution of the Fourier value at the sum of these two frequencies. However, the more elaborate work 

reported in [Fac96] found that the use of the bispectrum is not conclusive, even negative, about the 

detection of such phenomena in speech. 

Seetharaman & Jernigan were likely the first to propose speech enhancement using higher order spec- 

tra averaging and speech reconstruction. Theu paper [See88] however did not present any result but 

gave preliminary ideas about magnitude and phase reconstructions. 

Fulchiero & Spanias used the Ieast square approach proposed in [Sun901 in order to reconstmct the 

magnitude of the Fourier transform of a speech signal compted by colored Gaussian noise and thus 

achieve speech enhancement with third-order statistics, based on the idea in [See88]- In their setup 

[Fu193], colored noise is used and the bispectrums over three consecutive segments are averaged to 

approximate the statistical averaging of the bispectmm. The authors reported an SNR improvement of 

about 1 to 2 dB when the input SNR was below 6 dB. The same results were obtained when white 

noise was used instead of colored. Finally, the enhancer was more effective for blocks of voiced 

speech, where the enhancement attained 2.7 dB, than in unvoiced speech, that was typicaily enhanced 

by 1 to 1.5 dB. This system was tried as a starting point in this thesis. but was found very limited in its 

effectiveness, given the high computational cost, and other problems associated with bispectrum phase 

unwrapping [Mat84], [Mar90]. 

In [Sal91], a speech enhancernent based on iterative Wiener filtering is proposed. The AR Spectral esti- 

mation is carrïed out using 3d and 4fi order curnuluits. It was found that using the 3d-order cumulant 

was better than the 4" and that a good compromise may be achieved arnong convergence speed, dis- 

tonion effect and computational complexity. 



C H A P T E R  3 Higher Order Statistics: 

Definition and General 

Deriua tions 

Synopsis 
The first part of this chapter provides a brief background on Higher Order Statistics (HOS), hightight- 

ing the time and frequency dornain definitions. properties, and naming convention and notations used. 

The second part consists of a senes of new derivations and findings that relate second and higher order 

statistics of real signais. 

Def initions and Notation 

Time Domain Definitions 
If .r(n), n = O, f 1, f 2, +3, .. . is a real stationary discrete-time signal and ics moments up to order p 

exist, then [Nik93]: 

m,(s , .  .r2, .... T~-,) = E [ x ( ~ ) x ( ~ + T , )  . . - x ( n  +T,-,) 1 (E 3.1) 

represents the #"-order moment function of the stationary signai. which depends only on the time dif- 

ferences 7,. t,, .... 5,-, . r, = O, f 1 ,  f2, ... for al1 i. Here E[. ]  denotes statisticai expctation and for 

a deterministic signal, it is replaced by a time summation over al1 tirne samples (for energy signais) o r  

tirne averaging (for power signds): 

PD 

,ri,(r,, T? .... T ~ - , )  E { x ( n ) x ( n + ~ , )  ... x ( n + ~ , - , ) }  
n = - o o  

for p = 3 and 4, the cumulant function of a non-Gaussian signal x(n) can also be wntten as: 
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G 
C P ( ~ , ,  T2r - - . Y  Tp-l) = m p ( r l i  T2. - - - 9  Tp-l) - m   TI, r2, - - - 9  Tp-l) (E 3.3) 

G where mp(rI. r2,.., T~-*) is the ph-order moment function of x(n) and m ( f l ,  T2, .-.. T ~ -  l )  is the 

ph-order moment of an equivalent Gaussian process that has the same mean and autocorrelation 

sequence as x(k) .  Clearly if x(n) is Gaussian. then al1 its  cumulants higher than two are zero. The fol- 

Iowing are the relations between the moments and cumulants for p = 1 ,  2, 3, and 4. 

ld-order cumulant (mean value): 

Cl = m, = E { x  (k) } 

znd-order cumulant (covariance sequence): 

C,  ( r )  = m2 (r )  - (m, )  ' = C, (-r) 

3rd-order cumulant: 

3.1.1.1 Zero-mean signals 

I f  the signal x(n) is zero-mean, Le. ml = O, it follows that: 

The 2nd and 3d order cumuionts are identical to the 2nd and 3rd order moments: 

C2 (T) = m2 ( 7 )  C3 f2) = m3 (TI> 

The 4"-order cumulant is expressed in terms of the 2"* and 4" order moments as: 
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Zero-lag cumulant 

By setting al1 the lags to zero in the above cumulant expressions, the following statistics are obtained: 

Variance: y2 = C2 ( 0 )  = E { x 2  (k) } (E 3.10) 

Skewness: C3 (O, O) = E {x3 (k) } (E 3.11) 

2 

Kurtosis: C , ( O . O . O )  = 15{r4(k)}  - 3 ( E { x 2 ( k ) } )  . 

When estirnating higher-order statistics from finite data records, the variance of the estimators is 

reduced by norrnalizing the input data to have a variance of 1, prior to cornputing the estimators. 

Equivalently, the 3rd and 4* order statistics may be normalized by the appropriate powen of the data 

variance, thus the following entities are defined: 

Norrnalized Skewness: y, = C, (0.0) - E [ x 3  (n)] - 
15 

[c1(o)115 [ E { x i ( n ) ) ]  

Normalized Kurtosis: y, = c, (0.0. 0) - E x  n 1 - 3.0. - 
r c2 (0) 1 

3.1.1.2 Cumulant slices 

Since the 3rd and 4Lh order cumulants are multi-dimensional functions, it is customary to use only ZD 

slices of these, by freezing some of the lags in Eq 3.8 and Eq 3.9. 

The horizontal slice of the 3d-order cumulant is defined as: 

For the 4Lh- order cumulant. two different slices are used: 

The first is obtained by setting dl three lags equal (Tl = T;! = 73 = 7): 

The second slice is obtained by setting rl = O and Tz = 73 = r: 
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3.1.1.3 Properties of cumulants 
The following are important properties that any pzh-order curnulants satisfy [Men91]: 

1. Scaled quantifies: The cumulant of scaled quantities equals the product of al1 the scaIe factors 

times the cumulant of the unscaled quantities, Le., if hi, i = 1, 2, . . ., p are constants and 

x,, i = 1, 2, . . ., p are random variables, then: 

2. S y z m e t ~ :  Cumulants are symmetric in their arguments, Le.. 

c m  ( x  x ,  . . x )  = cum (xi,, xi-, . .., xip) (E 3.19) 

where (i  ,,..... i,) is a permutation of (1, ...,p); interchanging the arguments of the cumulant in any 

way does not change its vaiue, e-g.: C, (T,, T2, .t3) = C, (T,, TI, i2) = C4 ( T ~ ,  f 3 ,  7 , )  - 
3. Addifiveness: Cumulants are additive in their arguments, that is the cumulants of sums equal 

sums of cumulants. For exarnple, even if xg and y* are not statistically independent, it is tme 

that: 

curn (-ro +y,, z , ,  ..., r ) = curn (x,, z,, ..., c ) + curn (y,, z, ,  ..., r,) . 
P P (E 3-20] 

4. Addirive constanrs: Cumulants are insensitive to additive constants, that is, for a constant: 

 CU^ ( a  + z , ,  ..., z,) = cum (z , ,  .. ., z,) . (E 3-21 ) 

5. Sums: The cumulant of a sum of statistically independent quantities equals the sum of the curnu- 

lants of the individual quantities, i.e., if the random variables [xi] are independent of the random 

variables [yi] for i = 1.2, ..., p then: 

cum (x l  + y l ,  x2+y2.  .--, xp+yP)  = cum ( x , ,  x ,  ..., xp) + m m  (y , ,  yz, - - - , yp )  . (E 3-22] 

Note that if xi, ...yi were not independent, then fiom (Eq 3.20) there would be 2p terrns on the 

right-hand side. Statistical independence reduces these tems to just 2. 

6. lndependenr subsers: if a subset of the random variables is independent from the rest, then 

cum (x,, x,, ..., x p )  = o .  
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3.1.2 Frequency Domain Definitions 
Higher-Order spectra are rnultidimensional Fourier transforms of higher-order cumulants: 

For a deterministic signai ~ ( n ) ,  the power spectnrrn can be expressed in terrns of the Fourier 

transform of the underlying signal as: S, ( w )  = X* (f) X (f) - 

Bispectrum: p = 3 
The bispecuum is the 2D-Fourier transform of the third cumulant function: 

for Iw,l S K. 1 w,l S K .  and Iw, + w,l 5 n . For a detenninistic. zero-DC signal the bispec- 

trum may be expressed in terrns of the Fourier transform of the underlying signal since: 

setting n + .cl = m and n+ TZ = k and splitting the exponent yields: 

= x ( w , )  X ( w z )  X* ( ) Y *  + w2)  

and since x ( n )  is real. 

The symmetry conditions of S3(wI, w2) follow from those of the third cumulant, narnely: 
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Thus, knowledge of the bispectrum in the triangular region { w, 2 O ,  w2 2 w ,  , w ,  + w2 I IC } is sulfi- 

cient to describe the rest (Figure 3- 1). This region (labeled 1 )  is often termed the principal region of the 

bispectrum. 

Figure 3-1 Symmetry regions of the Bispectrum 
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Third-Order Derivations 

Fourier Transform of Cumulant Slices 
The horizontal cumulant slice is forrned as in Eq 3.15. Thus: 

lnfinite data 

Theorem 1 : For a real detenninisric signal, rhe discrete-rime Fourier tra.fonn of any horiion- 

r d  slice C3, [t] rnay be expressed in tenns of the Fourier transfonn of the underlying signal as: 

- -  -- - 

(It is worth noting that a sirnilar, though not identical, derivation is found in [Men911 for the case of 

the output of a linear system that is driven by a white process. The similarity is in the sense that both 

derivations involve a convolution in the Fourier spectnim domain and a complex exponential term). 

Proof: As a starting point, the case of  b = O is considered. The Fourier transform of this slice is: 

The exponent is split by setting n- .s: = m 

FC, ( w )  = { C x' (n) e""'} { C x (ml  dm'} . 

nie fint  term is the Fourier transfom of &n). The second is the conjugate of the Fourier transfonn of 

x(n) .  Using the convolution property yields: 

where the auto-convolution of the spectrum is: 

Using the same reasoning and the time shifting property, the DTFT of any dice  CJb[%] is the one @en 



3.2.1.2 Finite data length 

Proposition 1. When $nite data record.. are used, the expression for rhe Discrere Fourier rrans- 

form of a cwnulant slice has a similar fonn as the DTFT in the infinire dura case, provided that: 

1. The summation lirnit in the cumulanr expression is consranr and nor a fincrion of the lag. 

2. A su#cient number of lags is computed to cover a? least one signal perïod. 

Proof: 

1. Compu&îion of cumulant slices from mite d4fQ 

Given an N-length fnme of data, the standard estirnator [Nik93] for the 3dorder  cumulant is: 

with SI  = rnax(0,-t,,-TJ andS2 = m i n ( N -  1, N -  1-T,, N-1-T,). 

In [Rui95], it is shown that for harmonic signals, this bias estimator generates additional vibrating 

terrns due to the fact that S1 and S2 are functions of the lags T, and %. When the underlying signal con- 

sists of L damped exponentials, the resulting cumulant has a harmonic content that is different from 

that of the original signal. The problem is shown to be remedied by setting the limits of the sum to be 

constant and considering oniy ID slices of the form: C [T, ar + b ]  , where a and b are constants. In 

this thesis. horizontal slices (a = 0) are considered and computed using overtapped frarnes. Evety iter- 

ation, N new points are read and combined with the last M points of the previous frame (Figure 3-2). 

Figure 3-2 Overlapping scheme between consecutive frames 

B horizontal slices of the 3rd-order cumulant are computed. with each b slice defined as: 

for b = 0, 1, 2, ... 8 I M - 1 , and r = 0, 1, 2, ... M - 1 . The limit of the summation is thus constant 

for any lag T. 



It is assurned that B horizontal slices of the 3d-order cumulant are computed using the modified form 

(Eq 3.28); moreover, both M and N are assurned greater or equal to one period of the signal. Using the 

discrete frequency notation k, consider the DFT of C 3 0 [ ~ ] :  

The ordsr of summation for the indices r and n is reversed, and the range of sumrnation for the inner 

function, x(n  - T), is chmged due to its shifted nature: 

The exponent is split by sening n- r = m: 

Using the convolution property yields: 

The result is thus similar to the case of infinite data length. The first terrn is the discrete convolution of 

the Fourier specuum of x(n) and is defined as: 

Using the sarne reasoning and the time shifting property, the DFT of any slice Cfi['t] becomes: 

FC, (k) = { X  ( k )  ~8 e - j b k ~  ( k )  1 x (-k) . (E 3.30) 

Since x(n) is real, the convolution may dso be thought of as the cross-correlation between X(k)  and its 

cornplex conjugate: 

This cross-correlation is at maximum for k= O (the energy of the signal) and has a generally decreasing 

behavior since the spectnim is more correlated at srnall Frequency lags. 



3.2.2 The Fourier Transtorm of the Horizontal Slice and the Bispectrum 
Theorem 2: Given the bispecrrum of a detenninistic signal x(n), the DFT of the horizontal slice 

C30[~]51, denored as FCdk), may be recovered by summing rhe bispecrrwn points along the diago- 

nal lines r v  = k: 

Proof: On any diagonal line w = k, the bispectrum is given by: 

B ( i , k - i )  = X ( i )  - X ( k - i )  . X ( - k ) .  

The sum over al1 i's in the range [O, ..... K-l] is defined as: 

K -  1 

Sum [k] = ~ ( i ,  k - i )  . 

Using E q  3.32, the sum is: 

Now, the DET of the horizontal slice was found to be (Eq 3.29): 

K -  1 

FC,[k] = { X ( k )  @ X ( k ) ) X ( - k )  = X(-k) z ~ ( i )  - X ( k - i ) .  (E 3.35) 
i = O  

From Eq 3.34 and Eq 3.35: 

When K is  odd, it is more convenient to make the summation over the range [ -K/2 ,  . . ., K / 2 ]  (Fig- 

ure 3-3)- in which case the relation becomes: 
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Figure 3-3 Fourier transfomi of the cumulant slice from the bispectnim 

- - - - - 

3.2.3 Geometric Mean of the Power Spectrum and the Bispectrum 
Theorem 3: Given rhe bispectrwn of a deterministic zero-mean signal x(n). the geornetric mean 

of the magnitude specrrurn may be recovered enrirely from the magnitude bispecrrum and the 

value of the DFTmagnirude at an arbitras. frequency poinr IX(k)l. by considering the product of 

rhe bispecrrurn points along the diagonal line w = k, namely: 

G M  1 = n IB (i,  k - i)  1 ~ I X  (k) l K - k )  
I r = k+ 1 

Proof: The geometric mean of the Fourier magnitude spectmm is defined as: 

The magnitude bispectrum dong any diagonal Iine w= k is given (Figure 3-4) by: 

lB(i, k - i ) ]  = lX(i)l - l x ( & - i l 1  - lX(k)l .  (E 3.39) 

Two products of the bispectrum points aiong this diagonal line are considered. The first one 

(Prod,  [ k ]  ) is confined to the first quadrant (QI) and over the range o f  i in [ 1,2, . . ., k  - I ] : 



or using Eq 3.39 

The second product term (Prod, [ k ]  ) extends over both the first (Ql) and fourth (44) quadrants and 

over the iS in the range [ l ,  2, ..., K ]  , but excluding the point ( i  = k )  since this will result in a 

1 X ( O )  1 term which will cause a zero expression. Thus: 

Prod, [k] = fi l B ( i ,  k - i ) ,  

or using Eq 3.39 
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Figure 3 4  Geometric mean of the power spectnim from the bispectrum 

Producr of points 
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The second term in Eq 3.44 (denoted by Prodbz [k] ) is split into two cornponents as: 

The first product expression (denoted by P I )  can be wntten as in Eq 3.41 : 

k - l  

P, = n l x  (i) 

The second product expression in Eq 3.45 is denoted by P2. Due to the range o f  the indices, the index 

in the second term IX (k - i) 1 is always negative. Using the symrnetry o f  the magnitude spectrum. it 

rnay be replaced by the points with positive indices: IX ( i  - k) 1 . Furthemore, given the range of the 
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indices of the summation, it is possible to show that this expression may be rewntten as the product of 

atl spectrum points in the range [ 1,2, . . ., K ]  for any value of k confined in that range. Thus: 

K 

Pl= n i X ( i ) l  - 1 X ( k - i ) ]  
i = k + l  

= { I X ( K ) I  - I X ( K - k ) I l  { I X ( K -  111 - I X ( K - k -  l ) I }  --• { I X ( k +  111 - I X ( - l ) I }  

This may be verified by considering for example k= 5, and K= IO: 

Substituting Eq 3.46 and Eq 3.47 into Eq 3.45 and then into Eq 3.44, the expression for Prod, [k]  

may be expressed in tems of Prod, [k ]  (Eq 3.41) as: 

from which the expression for the product of the magnitude spectrum is inferred as: 

A- 

n l x ( i ) l  = 1 x ( k ) l K - ' -  
Prod, [ k ]  

< =  1 
Prod, [ k ]  ' 

The geometric mean of the magnitude spectrum (Eq 3.38) is thus: 



- - 
Prod, [k] 

CM = i[ n I B  (i, k - i) 1 JIX (k) l K - k j  - 
i = k + I  

The magnitude of iX(k)l may be evaluated from the bispecmm magnitude as will be explained in Sec- 

tion 3.2.4. 

Example 1: A simple exarnple to consider is for k= 1. By direct substitution the value of IX ( 1 ) 1 c m  

be evaluated from the bispectnirn magnitudes as: 

1 

The geornetric mean is thus found from the bispectrurn points along the diagonal w = 1 : 



3.2.4 Fourier Magnitude Recovery from the Bispectrum 
The bispectrum magnitude is expressed in terms of the signal's Fourier transfonn magnitude as (using 

discrete notation): 

IBJL j ) l  = l X ( ~ ) l l ~ ( A l l X ( ~ + j ) l .  (E 3.48) 

A number of approac hes may be used to recover the Fourier transfonn from the bispectrum cornputa- 

rions of the observed data. A good survey of these is found in [See88] and [SunW]. In the following, 

the classicai methods are summarized and three new approaches are proposed. The advantage of each 

is highlighted and compared to the others. 

3.2.4.1 Existing Methods 

Algorithm 1 : Freezing one variable, and using recursion 
The simplest way to recover the magnitude of iX(w)l is by using bispectrum samples of IB(k;j)l on one 

of the frequency axes. This is done by substituting O for one of the frequencies in Eq 3.48; e-g.: 

where ( X  ( O )  ( = u m .  
The above recursive formula would not be suitable for a zero-DC signal; a more general derivation 

entails fixing one of the frequencies (9 and using it as an increment to find ail other points: 

If for example. i is set to 1, X(l) is first computed from IBO, i)l values: 

and then (Eq 3.50) can be rewritten as 

N for j = 1, ..., - - 1 . 
2 



Figure 3-5 Algorithm 1 for the Fourier magnitude recovery from the bispectnim 

I algorithm 1 uses only 
points on line w, = i 

-- 

This equation essentially uses the points of the bispectrum on the vertical line w,  = i (Figure 3-5). 

While simple, it has two shortcomings: 

It breaks down if any of the iX(j)l is zero (or even if K(I)I is zero). While in practice this is 

seIdom the case (due to roundoff error and leakage effects), this consuaint makes it less 

robust. 

It onIy uses a small portion of the information available in the principal region of the bispec- 

trum, and as such is susceptible to estimation errors. 

Algorithm 2: Using mid-frequency estimates 
A closed forrn estimation of XO) can be done by recursively using bispectrum estimates at mid-fre- 

quency points: 

I W 9 l  = 



Figure 3-6 Algorithm 2 for Fourier magnitude recovery from the bispectnim 
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Essentially, this form uses the points on the diagonal line wl = w2 (Figure 3-6). Thus: 

It only uses a small portion of the information in the principal domain, and is susceptible to 

estimation errors. 

Since it relies on rnid-point estimates, it is onfy valid for half the frequency points, unless 

some form of interpolation is used. 

It breaks down if any of the K(j)l's are zeros. 

Algorithm 3: Least Square approach 
The algorithm described in [Sun901 uses a l e m  square approach and al1 the available information in 

the principal domain of the bispectrum. First, Eq 3.48 is transforrned into a linear equation by using 

logarhhmic representation. Starting with a new notation: B = IoglBl. )i = IoglXl . Eq 3.48 becomes: 

, j = X ( i )  + X ( j )  + # ( i +  j )  . (E 3.9) 

When considering al1 the valid values of the two frequencies in the principal region, Eq 3.54 may be 

wrirten in matrix f o m :  b = A - i ,  where I> is the vector of bispectnim estirnates computed from the 

noisy observations, and i is a vector of the estimates of the magnitude Fourier transform: 



and A is a matrix of the form: A = 

A least square solution [SungO) can then be expressed in mamx form as: 

-t T- 
i =  ( A ~ A )  A b .  (E 3-55) 

The algorithm uses al1 available information and as such rninimizes the variance due to esti- 

mation errors. 

The algorithm does assume that none of the iX(j)l's is zero and thus there are no exceptions 

when taking the logarithrn. 

The algorithm uses the point on the frequency axis and thus does not assume the signal may 

be zero-DC. 

The algorithm entails matrix inversion and it is not clearly shown under what conditions this 

matrix may be singular. 

Figure 3-7 Algorithm 3 for Fourier magnitude recovery from the bispectrum 
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3.2.4.2 Proposed Methods 

Algorithm A: Averaging points on diagonal lines 

This algorithm uses the points on diagonal lhes  in the positive region. On any diagonal Iine w = k, the 

magnitude expression of Eq 3.48 may be written as (Figure 3-8): 

IB(i ,  k - i ) l  = IX( i ) l  - IX(k- i ) I  - ( X ( k ) [ .  (E 3.56) 

Taking the sum over i over the range [1,-.., k - l ]  on both sides of (Eq 3.56) yields: 

frorn which a recursive equation can be derived: 

I 
i =  1 

The initial condition, U(1)l is given by Eq 3.5 1. 

Figure 3-8 Algorithm A for Fourier magnitude recovery from the bispectrum 
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The characteristics of this algorithm: 

', 
\ 
\ 

algorithm A averages ail 
\, points on the diagonal fine w = k 
\ /' 

It does not require the knowledge of K(O)I and is therefore appropriate when the signal has a 

zero DC Le. X(0) = 0. 
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It will not break down if sorne of the K(k)l's are zeros, provided that not ail the points on a 

diagonal are zero, which is practically not possible. 

Algorithm 8: Geometric mean of the points on diagonal lines 
Proposition 2. By considering the product of the bispectnun points along a diagonal line w = k 

in the first quadrant, a recursive relation exists benveen any IX(k+ 1 )l a .  IX(k)l as: 

Proof: The points on the diagonal Iines w =k in the first quadrant are given by: 

IB(i ,k-i)I  = j X ( i ) [  - l x ( & - i ) j  - IX(k)l .  (E 3.60) 

The product of the bispectrum dong this diagonal over i 's in the range [l,.,k-11 is defined as: 

t-1 

Prod [ k ]  = n l l 3 ( i ,  k -  i)I or, using Eq 3-60. 
i =  1 

from which an expression for fX(k)l can be derived as: 

A quicker recursive equation may be derived by considering the product of the bispectrum magnitude 

on two consecutive diagonals, k and k+ 1. For instance the product along k+ 1 : 

Prod [ k +  1 1  = l X ( k +  l ) l k  lX(k-i ) l  
i =  1 

and dividing Prod[k+ 1 ] by Yrod[k] yields: 



Prod [ k +  1] 
Prod [k] 

Therefore, a relation becween K(k+ l)l and CY(k)l may be derived as: 

Figure 3-9 Algorithm B for Fourier magnitude recovery from the bispectrum 
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Algorithm C: relation between any 2 magnitudes in terms of bispectrum products 

Proposition 3. Given the magnitude bispectrum of x(n), then the ratio of any two Fourier magni- 

rude spectrum points. IX(k)l and IX(p)l may be wrinen in t e m  of the product of bispectrum mag- 

nitudes. numely: 

k-P 
with p, k l K / 2 .  

Proof: First, consider the bispectrum points on the vertical line IV,= p (Figure 3- 10). 

Changing the limits of the product set to i = [p+l,...,k-pl, the above expression kcomes:  

Figure 3-1 0 Algonthm C for Fourier magnitude recovery from the bispectrum 

The algorithm uses the producr 
of points on vertica! and diagonal fines 



As an exarnple, p = 3, 

Now, consider the product terms dong the diagonal line w = k: 

The second product expression may be written in t e m  of spectrum magnitudes: 

k - P  

and first product expression ( B I )  may be written as: 6, = IX (k) lk-" * l - ~ I X  (i) 1 - 
r = p  

Combining B1 and B2 yields: 

and the ratio A / B is: 



Therefore: 

3.2.4.3 Discussion 

The rationale for proposing three new schemes for Fourier magnitude recovery is that rhe reported 

algorithms in the literature have certain shortcomings. These includes their inadequacy for zero-DC 

sipnals (aigorithm 3), their use of only a small portion of the available information (algorithms 1 and 

2) or their computational complexity (algorithm 3). The objective of the three proposed algorithms is 

to remedy some of these issues, and find an appropriate compromise between using a kger  percentage 

of the available information while keeping a manageable computational cost. Moreover, the proposed 

aIgorithms do not make use of the bispectmm points dong either frequency axis and as such are suit- 

able for zero-DC signals, which is often the assumed condition when perfoming HOS analysis. 



3.3 Fourth-Order Derivations 

3.3.1 Fourier Transform of Cumulant Slices 
Theorem 4: ln the case of a detenninistic signal, the Fourier trunsfonn oJc the horizontal and 

diagonal slices may be expressed in tenns of the Fourier and power spectra of the underlying 

signal (X(rv) and P(w) respectively). Moreover; the Fourier transfonn of the horizontal slice is 

real (zero phase) for any signal. 

1. Diagonal slice: assuming an energy signal, the diagonal slice is (from Eq 3.16): 

The Fourier transform of the first term is: 

where X ( w )  @ X ( w )  denotes autoconvolution, The transform of the second term is: 
f -  - 

3 - m, (O)  . ( x x [ x  (n)  x ( n  + r) ] e-lwK ] = 3 - r n , ( O )  - P ( w )  ; 

thus the Fourier of the diagonal slice is: 

2. Horizontal slice: assuming an energy signal, the horizontal slice is (from Eq 3.17): 

The Fourier transform of the first tenn is: 
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The Fourier transform of the last t e m  is: 

= ( P ( w )  @ P ( w ) ) .  

Therefore the Fourier transform of the horizontal slice is: 

3.3.2 DC Component of the Horizontal slice 
Theorem 5: The DC component of the horizontal 4" order cumu~nnr slice (e4[~]) mny be 

expressed as  rhe swn of 4 I h  power of the signal spectnun amplitudes. 

Proof: The DC cornponent of e4[r] is the value of ~d'~( j9  at f = 0. It is first observed that: 

It n 

X(f) @ X ( f )  I f = ,  = I X ( X ) X ( - ~ ) &  = JIX(~)I'A = m2(0) = SignnlEnergy. 

-x -X 

Therefore, setting w = O in Eq 3.64 yields. 

Special case: Signal with flat spectrum: 
Corollary 1 : When the signal x(n) hus a@t spectnun, the DL component of the horizontal 

#e-order cumulant slice (&'4[s~) may be wrirten in te- of the signal energy and bandwidth. 
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Proof: Assume that x(n) is bandlimiteci to [-BW:BWJ. The power specnm is flat and bas magni- 

tude a2. The energy o f  the signai is the area under the power spectrurn (Figure 3-1 1). and is given 

by: E = 2a213 W .  From Eq 3.65, the DC cornponent of the horizontai slice is: 

Figure 3-11 Auto-convolution of the powet spectrum: the case of a flat-spectrum signal 

1 l 
1 Freq 

/ \ w Frea 

area = (~A~)(BW)* 
= €2/2 
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3.4 Conclusion 

This chapter provided a background on higher-order statistics and a new set of derivations that relate 

second and higher-order statistics of real signals. The expressions for the Fourier transform of the hor- 

izontal slices of the 3rd-order cumulant as well as the horizontal and diagonai slices of the 4*-order 

cumulant were derived and shown to be expressed in terms of the Founer transfocm of the underlying 

signal. Sirnilarly, it was shown that the Fourier transform of the horizontal siice of the 3rd-order cumu- 

lant may be recovered entirely from the bispectrum points, and that the geometric mean of the power 

specuum can be computed directly from the magnitude bispecmm. 

Three new schemes were proposed for recovering the magnitude of the Founer uansforrn of a signal 

from its magnitude bispectrum. Compared to the ones reported in the literature, they provide a better 

compromise between using d l  the available information and finding a computationaily manageable 

solution, in addition to k i n g  more suitable for zero-DC signals. 

Finally, it was shown that the DC component of the horizontal slice of the 4Lh-order cumulant can be 

expressed as the sum of the 4Lh power of the signal spectrum amplitudes, and that in the case of a 

flat-spectrum signai, this DC component can be written in terms of the signal energy and bandwidth. 

Some of the HOS expressions derived in this chapter are used throughout this thesis. As for the rest, 

their value is in providing insight about the relation between second and higher-order statistics and a 

quantitative way in the frequency domain to interpret the HOS of a signal in terms of its Fourier spec- 

trum. 



Higher Order Cumulants o f  

Subbanded Speech 

Synopsis 
This chapter is an exploratory work into the HOC properties of subbanded speech. It is assumed that 

speech is divided in narrow bands, such that each band contains one or  two harrnonics. The expres- 

sions for the diagonal slices of the 3rd and 4Lh order cumulanu are derived assurning a modified sinuso- 

idal rnodel. Special properties of these cumulants in tenns of phase and harmonic contents are 

highlighted and the relation between the znd and 4m order staustics is parùcularly noted. Actual speech 

data is used to verify the derivations and assess the validity of the underlying model. 

Analytical Model for Subbanded Speech 
According to the sinusoidal mode1 of WcA861, a shon speech segment is modeled as a sum of sinuso- 

ids that are coherent (in-phase) during voiced speech and incoherent during unvoiced speech: 

M 

s (n)  = amcos [ ( n  - n o )  w, + W, + e,] . (E 4.1) 

m = l  

where no is the voice onset time, M is the number of sinusoids, w,, is the frequency and a, is the 

amplitude of the rn" sine wave. The fint phase term in Eq 4.1 is due to the onset time no, defined as the 

time when the pitch pulse occurred relative to the beginning of the frame. The second phase compo- 

nent depends on a frequency cutoff w, and a voicing probability, denoted by P, so that the higher the 

voicing probability the more sine waves are declared voiced with zero phase. The third phase compo- 

nent is the system phase 8, at frequency crack m, ofien assumed zero or  a linear function of frequency. 
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If speech were divided in narrow bands such that at most two harmonics faIl in each band, then in light 

of the model, voiced speech is expressed as the sum of two sinusoids with detenninistic phase and 

unvoiced speech as the sum of two sinusoids with randorn (and uncorrelated) phases. Speech wave- 

foms in both upper and lower bands (Figure 4-1) suggest that this model is pIausibIe, at least for 

steady state voiced speech. Thus: 

steady ~oiced speech: (n) = a, cos ( n  Pw,  + +,) + a,cos ( n  Pw,  + qI?) 
with @, = civ, , Q2 = CW, , both deterministic. 

Unvoiced speech: (n)  = al cos ( n P w ,  + 0 , )  + azcos (n Pwz + Q 2 )  j 

with $, , @, E [-K. ~ t ]  , uniformiy distributed, 

where P is the sampling period. To account for transitional segments, transient speech is modeled here 

as an exponentiaily decaying (or growing) sinusoid: 

-an P Transient Voiceà speech: 1s (n) = a - e - cos (nPw,, + 8 )  i 
- 

with @ = cw,, constant. 

Figure 4-1 Waveforrn of 1 0 rnsec of speech in iower and upper bands 

It is wonh noting that the terni 'voiced speech* used here refers to a simple two-hannonic signal in a 

nmow band. This is unlike the conventional usage of this tenn which usually refers to a speech signal 

with a fundamental tkequency and many harmonics. Similarly, the model assumed for transient speech 

is a simplistic model in that it only uses a single sinusoid and assumes an exponential decay. These 

restrictions are made to simplify the mathematics while providing a third simple signal model which is 

different from the steady two-sinusoid models for voiced and unvoiced speech. 
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4.2 Third-Order Cumulant 

4.2.1 Unvoiced Speech 
Theorem 1 : Accordhg ro the sinrrsuidal mode1 assumed, the third-order cumulant of un voiced 

speech is identicaily zero- 

* Proof: 

1. Case of a single sinusoid: 

Using continuous tirne notation for sirnplicity, the signal x(t)  is a random process given by: 

s (f) = acos (wot + 0) , with 8 unifonniy distributed in the intervai [-x. x]. The third cumulant func- 

tion is: C, [T,, G] = E [x ( t)  x ( t  + TI) x ( t  + 3) ] and cm be evaluated as: 

LZ3 j c3 /TI, q = - COS (w0t + X) COS ( w ,  [ t  + Ti] + X) COS (w ,  [ t  + T2] + X )  d ~ .  
2x 

-K 

By making repeated use of the trigonometric identity: 

1 1 cos (a) cos ( 6 )  = -cos (a + 6 )  + -cos (a - b) , the above equation becomes 
2 2 

C, [T,, T?] = $1 COS ( )vol  + X) [CDS ( 2 1 ~ ~ 1 +  WOTI + WOT2 + 2 ~ )  + COS (w0f - ] d~ 

-IL -lC 

K X 

+ j [cos ( w0t + w,r, - w,s, + X) 1 dx + [ cos ( W,,Z-~V~T, + wor, + X) 1 dx 
. -K 

I 
-x J 

and making use of the fact that [cos (C + r) ] dx = O .  the above simply cancels out and: 
-u 

2. Case of two sinusoids 

When unvoiced speech is modeled as two uncomlated sinusoids, then the cumulant of the sum 

is the sum of the two cumulants [Mengl]. The cumulant of the sum is therefore zero. 



4.2 Third-Oder Cumulant 70 

4.2.2 Transient Speech 
Theorem 2: According ro rhe sinusoïdal model assmed. the horizontal slice of the 3d-d-order 

cumrc lant of transient speech is identically zero for any practical values of the rnodel parameters. 

Proof: Using the continuous time notation, and assuming a zero phase for simplicity the signal is 
-<II 

modeled as:x ( t )  = a - e - cos (wor) . 
r 

The horizontal cumulant slice is given by: Cm [r] = i l r2  ( t )  - r ( r  - t) dt and becornes: T 

2 - a ( r - 2 )  
C, TI = L/e-'" T C cos ( wor) 1 e cos [w, ( t  - 't) 1 dt 

1 
= -Tearje-3ai [( f + cos 2wot cos [ wo ( t  - 5 )  1 dt 1 

whenever T is a multiple of the signal period. If, in addition, the signal decays entirely at the end of the 
-C 

interval T, then the integral reduces to 
1 

and is upper bounded in magnitude by - for any 
C + W o  C 

value of the frequency w, . In the rnodel assurned here, the interval Iength is typicaliy 20 to 50 msec. 

For the signal to decay witfiin this interval, the decay constant is of the order: c - 50. At this typical 

value, the upper bound on the integnl is very smal1 (= 0.02 ). The integral thus has negligible values 

for any practical ranges of the model parameters and is therefore assumed zero. Thus the three 

sub-integrals from the above equation are zero and so is the third cumulant slice: C, [r] = 0. 

4.2.3 Steady Voiced Speech 
Theorem 3: According to the sinusoidd model asswned. the 3-order  cumulont of rteady srare 

voiced speech is non-zero ifand only ifone frequency is wice the othec w, = 2 w ,  . 

Proof: The case is better understood when considering the bispectrurn of the signal, which may 

be expressed in terms of the Fourier transform of the underlying signal: 
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The signai consists of the sum of two sinusoids. Consider the case where these two are related and 

using the continuous time notation for simplicity, 

The spectrum X@ then consists of two pairs of delta functions: 

A pIot of the bispectrum (Figure 4-2) in the bifrequency domain shows that each of the factors: X f i ) ,  

X f i ) ,  X(-fi-fl) consists of three pairs of parallel deira lines, corresponding to the three hannonics, with 

X O j )  represented by the vertical lines, Xfi) the horizontais, and X(3 - f2 )  the diagonals. The bispec- 

trurn is non-zero wherever vertical, horizontal and diagonal Iines intersect in each of the four quad- 

rants. It is easy to see that if the two frequencies are not related, then there will be no intersection and 

the bispectnim will be zero. 

Figure 4-2 The bispectrum of two related harmonics with w2 = 2 w, 
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The expression of the 3rd-order cumulant (in the non-zero case) may be derived from the inverse 2D 

Fourier transform of the bispectrum. Because of the syrnrnevy between the quadrants. each delra pair 

from the 1 and 3d or frorn the znd and 4m quadrants would yield a cosine tem. Thus: 

and the skewness is: C3 [O, O] - 3 2 - p z 2  . 

4.3 Fourth-Order Cumulant 

4.3.1 Transient Speech 
Theorem 4: in the case where rransienr speech is modeled as an exponentially decaying sinu- 

soid, the diagonal slice of rhe fourth-order cwnuiant muy be expressed in r e m  of the signal 

energy, rhe damping factor and the signal fiequency: 

*t Proof: The signal is given by (using the continuous time notation): x ( t )  = ae cos ( w o t )  . The 

phase t e m  is discarded here for simplicity and its presence does not affect the final results. For a 

deterministic signal, C4[.c] is given by (from Section 3.1.1.2): 

T T T 

[TI = [;J~~ (0  x ( r  + 7) dl]  -3 [ + j x 2  ( 2 1  dtl [kjx ( t )  x ( r  + TI dr 1 . 
The second moment is evahated first as: 

7- r 
2 4 1  -a(;+ t) i j r ( r ) x ( t + ~ ) d t  T = cos (wor)  COS ( w o  [ t  + T] ) dr 

O O 
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T 

As in Theorem 2. it is assumed that eCrcos (wor) di = O for practical d u e s  of the mode1 parameters I 
O T 

cT 
e - 1  and whenever T is a multiple o f  the signal pehd. Funhermore, leCrdi = - , . so after reananging 

C 

terms, the second moment becomes: O 

T 2 4 7  a e cos (wo't) 
~ ~ x ( r ) x ( r + ~ ) d f  T = 4 a T  ( 1 - e-2aT) . 

The average energy of the signai in segment [O, T] is found by serring the lag to zero: 

The 4b-order moment function is evaluated as: 

4 -aKT 
a e 1 
+edar[( ;  T cos w,r + - cos 3 wor cos iv, ( t + r )  dr 

4  
O 1 1 

3 0 ' e ~ '  4 a T  1 - e  
8T 

cosw0tdt = - 
8T cos woZ 

4 a  
O 

a -  
it  is to note that the factor: F = - ( 1 - eaaT) may be written in ternis o f  the signal energy, since: 

16aT 
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= a T  2sinh (2aT)  aT4sinh (an cosh (UT) = aTcoth . = -  
[2sinh(a7)12 [ s i n h ( a ~ ) ] ~  

Therefore: 

and using Eq 4.10, the 4Lh-order moment Function may be wrinen in temis of the signal energy as: 

T 
1 -Ir3 ( t )  x ( t  + 7) dr = [aTcoth (an ] e4'cos w,s [Es] ' . 
T " 

O 

The 4"-order cumulant function is then derived by substituting Eq 4.8, Eq 4.9 and Eq 4.11 into Eq 4.7: 

The second term in the above equation may be written in terms of signal energy (Eq 4.9) as: 

Thus the 4Lh-order cumulant slice can be expressed in terms of the signai energy. the damping factor 

and the signal frequency as given in Eq 4.6. Furthermore: 

The kurtosis is: /< [O] = ( l a ~ c o t h  (aT) - 3) [Es] 'j 
I 2 

I The normalized kurtosis is: CI [O] / [Es] ' = i a ~ c o t h  (aT) - 31 
2 1 

The value of the term aTcorh(aT) as a function of aT is shown in Figure 4-3. It is to note here the 

limiting values of this tenn: aTcoth (aT) = ' 1 
; for smail crT 

[aT ; for la rgem 

Figure 4-3 The value of aTcoth(a'r) as a function of (an 
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4.3.2 Steady State Voiced Speech 
Theorem 5: in the case of a single sinusoid with detenninistic phase. the dingonul slice of the 41h 

cumulant may be expressed in r e m s  of signal energy and frequency : 

Ic [TI = -1 -5 COS ( W ~ T )  [ E S ]  '1 (E 4-14) 

Proof: The signal is given by:x ( n )  = a cos ( n P w ,  + @) , with 4 detenninistic and unknown. 

For a zero-mean deterministic signai. the diagonal slice of the 4"-order cumulant is defined 

(from Section 3.1.1.2) as: 

and irs Fourier transform (Section 3.3- 1): 

The value of FC,' (w)  for the case of a single sinusoid is illustrated in Figure 4-4. The values at the 

different lags are shown in Table 4- 1 below. 

Table 4-1 FCQ4(w) for a single sinusoid with a deterministic phase 

The cumuiant slice is found by inverse transforming FC; ( w )  : 

4 -3a [r] = - [COS (w,T) j . 8 



4.3 Fourth-Order Cumulant 76 

Figure 4 4  FC4a(w) for the case of one sinusoid with deterrninistic phase 

j 

; Freq (w) 

-wo Wo 

Since the signal energy is Es = ( a 2 / 2 )  . then the *"-order cumulant may be written in ternis of signal 

energy and frequency (Eq 4.14). Furthemore: 

r 
-3a4 The kurtosis is: /q [O J = - 

1 8 
= -1.5 [Es]  ' 

1 1 

The norrnaiized kurtosis is: [ O ]  / [ E s ]  = -1.51 
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Theorem 6: In the case where voîced speech is rnodeled as the sum of rwo sinusoids with deter- 

rninistic bur unknown phares. the diagonal slice of the 4*-order cumulont may be wrinen in 

r e m  of the speech amplitudes dfiequencies:  

C 

and hm zero phase regardless of the phase of the uruierlying segment. Moreover; the kurrosis is 

upper and lower bounded by scale factors of the signal energy: 

Proof: The signal is rnodeled as (using the continuous time notation): 

x ( t )  = alcos ( w I t  + Q I )  +a,cos ( w 2 t  + 9-) . 
To simpIify notation, the following variables are defined: 

X , = b c ? , l + $ ,  , X , ' = w , ( t t t )  +$,, X 2 = w 2 t + @ 2  , X+w2(r+t )  + O I '  

The expression for the cumulant slice is given by (from Section 3.1.1 -2): 

T T T 

[TI  = If l x 3  x ( t  + TI dl]-3 [ $ l x 2  ( i )  dt] If JX ( r )  1 ( r  + r) dt 1 . 
The second moment is first evaluated as: 

fatcos (X , )  cos ( x , ' )  dr + [alcos ( X , )  cos ( X 2 7  dl + 

Jn,a,cos ( X I )  cos (X i )  dr + la,a,cos ( X , ' )  COS ( X 2 )  dt 

Using the vigonometric identity for cos (a) cos ( b )  and noting chat any integral of the 
T 

form cos ( A  wt + 9) dt is identically zero for integer values of A whenever T is a multiple of I 
O 

the signal period, the second moment becomes: 

and the signa1 energy is: 
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To evaluate the 4"-order moment. the following are noted: 

T T T 

l x 3  ( t )  x ( r  + t) df = I n :    cos^,]   cos^,'] dt + lo inz    cos^,] ' [ c o s ~ i ]  dl 
O O O 

T T 

+ a: [COSXJ [ c o s ~ i l d t  +lais,   cos^,]^   cos^,'] dr I 
O O 

T T 

+ 13a:a2 [cosX, 1 [COSXJ [ cosXI1] dr + J3aja: [cosx,]  ' [cosX2] [cosXi] dz 
O O 

T T 

+13a:a: [  cos^,] [COSX, 1 [COSX~']  dr + 13a:a, [cosX,] ' [cos X,] [cos X i ]  dr . 
O O 

Assuming that T is a multiple of signal period, and using the appropriate vigonomevic identities, the 

following are noted: 
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The 4h-order moment function becornes: 

r 
3ai 3a; 3ofaf 3a;a; 

' / X 3  ( 1 )  x ( f  + 7) dt = -COS ( w ~ T )  + -COS ( w ~ T )  + - 
T 8 8 4 4 cos (w,T) (E 4.23) 

COS ( w , T )  + - 

substituting Eq 4.21, Eq 4.22 and Eq 4.23 into Eq 4.20 yields the expression for the cumulant slice 

given in Eq 4.18. Furthemore: 

i The kurtosis is: [O] = 
8 

-- 

The normalized kurtosis ir: [O] / [Es] = ! 
To detennine the bounds on the kurtosis, the two extreme cases o n  the amplitudes are considered: 

2 4 Case 1 : a ,  = a ,  . The signal energy is: Es = a, . The kurtosis becomes: 6; [O] - -30, / 4  . 
2 or in tems of signal energy: [O] = -0.75 [ E s ]  - 

4 
Case 2: a ,  * a-. The signal energy is: Es = a : / 2 .  The kunosis becornes: [O] = -30,  /8 . 
or in tems of signal energy: 6: [O] = -1.5 [Es] ' . 

Therefore, for any values of the two amplitudes, the kurtosis is bounded by the signal energy as given 

in Eq 4.19. 

4.3.3 Unvoiced Speech 
Theorem 7:  in the case where unvoiced speech is modeled as the  sirm of hvo sinusoids with ran- 

dom phases x ( n )  = a l c o s ( n P w l + ~ , ) + a z c o s ( n P w 2 + ~ ~ ) ~ ~ i ~ h  @,E [ - z , ~ ]  and 

Q2 E [-li, X ]  . rhe diagonal slice of the 4Ih-order cumulanr rnay be writren in r e m s  of the signal 

amplitudes and fkequencies: 
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1. Single sinusoid with random phase 

The signal is modeled as (using the continuous time notation): x ( r )  = acos (wr + 8) . The diagonal 

slice is given (from Section 3.1.1 -2) by: 

C"I[T] = ~ [ r ~ ( r ) x ( t + t ) ]  - 3 -  E [ X ' ( ~ ) ]  - E [ x ( t ) x ( r + ~ ) ]  

The 2nd-order moment function is first evaluated as: 

- a  
E [ x  ( t )  x ( t  + T) ] = -COS [woz] . 2 

The average energy of the process is 

2 2 E,=E[ (x ( t ) )  ] = a / 2 .  

The 4th-order moment function is evaluated as: 

E [ x 3  ( r )  .r ( r  + r) ] = a ' ~  [ {cos (wor + 8 )  } {cos (w, (r + T) + 6) } ] 

and substituting Eq 4.28, Eq 4.29 and Eq 4.30 in Eq 4.27, the diagonal slice becomes: 

4 -3a c., [TI = - 
8 

cos (w,T) . 
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2. Case of two sinusoids 

Since the two sinusoids are statistically independent, then the cumulant of the sum is the surn of the 

cumulants. Using the resuIts for the case of one sinusoid (Eq 4-31), the resulting cumulant is the one 

given in Eq 4.26. Furthemore: 

The 

The 

It is to note that the expression for the 4&-order cumulant is the same as in the case of steady state 

voiced speech, that is whether the phases ate deterministic o r  random does not change the cumulant. 

The derivations are also in agreement with the more g e n e d  expressions for harmonic signals found in 

[Swa9 11. As before, the kurtosis has lower and upper bounds that are a fbnction of the speech energy: 

-1 -5 [ E s ]  ' 5 Kurtosis 5 -0.75 [ E s ]  ' . (E 1-34) 

4.3.4 Effect of noise on the normalized kurtosis 
in  the case of steady voiced and unvoiced speech, it is shown that an upper and lower bound on the 

kurtosis can be specified in terms of the speech energy. When normaiized by the square of the second 

moment ( [ E s ]  ' ), the nomalized kurtosis is independent of signal energy and is bounded by: 

-1.5 I y, 1-0.75. (E 4.35) 

When the signal consists of both speech and noise, then x (n) = s ( n )  + g ( n )  . If s(n) and g(n) are 

statistically independent, then the energy of x(n) is the sum of speech and noise energies: 

E ,  = E, + E, . Second-order statistics are thus directly affected and in an additive way by the pres- 

ence of noise. Higher-order statistics on the other hand are immune to Gaussian noise, which has zero 

HOS. Since cumulants are cumulative [Men91], it follows that the bounds on the kurtosis still hold in 

terms of speech energy. However, when norrnalizing the kurtosis by the total signal energy E, the 

effect of the noise term in the denominator does not cancei out with the speech energy t e m  Es in the 

numerator in Eq 4.25 and Eq 4.34. It is easy to see that the bounds on the normalized kurtosis (Eq 

4.35) can now be extended to include an SNR term as follows: 
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SNR SNR 
-1.5[SNR+ 1 ] 2 ~ y 4 < - 0 . 1 5 [  S N R +  1 ] ' 

Therefore depending on the SNR, the normalized kurtosis could be larger than -0.75, but it is dways 

negative and cannot be smaller than - 1 -5. 

4.4 Summary of the Derivations 
The above derivations were based on modeling a short-tenn segment of speech according to a sinusoi- 

dai model, where it was assumed that a narrow subbanding is used such that at most two harmonies fa11 

in each band. Steady voiced speech is modeled as a sum of two sinusoids of detenninistic but unknown 

phase. Unvoiced speech is modeled as the sum of two incoherent sinusoids of random and uniformly 

distnbuted phases. Transient speech is modeled as an exponentially decaying sinusoid. From the ana- 

lytical derivations, the following are noted: 

The 3d-order cumulant of subbanded speech is identicaily zero, for unvoiced and transient 

segments. For steady state voiced segments, this cumulant is non-zero only in one condition, 

that is when the two fiequencies are harmonicaily related. This is only likely to happen in the 

fint two bands of speech, but the rare occurrence of this condition suggests that 3d-order 

statistics are in general not useful in the subband domain. 

The 4"-order cumulant function of subbanded speech is non-zero, and rnay be expressed in 

terrns of the parameters of the underlying speech. 

In the case of transient speech, the 4m-order cumulant slice rnay be expressed in terrns of the 

signal energy, frequency and damping factor: 

The diagonal slice: CI [r]  = 3 aTcoth (an - 1 e*'cos ( w , ~ )  [Es]  ' . 1 
The kunosis: [O] = ( i a ~ c o t h  (an - 3) [E,] ' . 

3 
The normalized kunosis: < [O] / [Es)  ' = -aTcoth (aT) - 3 . 

2 

Therefore, it is conceivable to estimate the signal energy and damping factor from the cumu- 

lant values at the first few lags. Moreover, due to the value of the factor: aTcoth (UT) , the 

nonnalized kurtosis may assume any positive or negative values, including zero. For this 
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reason, it is not easy to distinguish transient speech from Gaussian noise based on the nor- 

malized kurtosis. 

In the case of steady state voiced speech, the cumulant slice may be expressed in terms of the 

4" power of the signai harmonic amplitudes and frequencies. This cumulant has the same 

harmonic nature a s  the underlying speech and has zero phase regardless of the phase of the 

underlying signal. The kurtosis is wnnen in terms of the 4& powers of the signai amplitudes 

and by considering the two lirniting cases on these amplitudes, an upper and lower bound for 

the kurtosis in terms of signal energy rnay be deduced: 

4 -3a, 3ai 
Diagonal stice: [z] = - 

8 
cos ( w ,  Z) - -cos ( W ~ T )  . 

8 

Kunosis: 

4 
-3 (a: + a,) 

The nonnalized kurtosis: CI [O] / [Es] * = 
4 ( a i + a 3  

- 1.5 [ E s ]  S Ku rtosis L -0.75 [Es] ' . 
Consequently, the kurtosis of voiced speech is always negative and the normalized kurtosis 

is contained in the interval 1-1 -5, -0.751. When noise is present, the normaiized kurtosis may 

assume any negative value in the interval [-1.5,OJ. 

The 4"-order cumulant slice of unvoiced speech has the s m e  expression and behaviour as 

steady state voiced speech. It is an interesting fact to note that regardless of whether the 

phases are detenninistic or random. the expression for the cumulant still holds: 

Diagonal stice: 

The kurtosis: 
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4.5 Simulation Results Using Speech Signals 
Clean speech recorded and sampled at 8 kHz is used to verify the above derivations. The speech is sub- 

banded using 50 cosine rnodulated filters. in each band, the nonnalized skewness and normdized kur- 

tosis are computed as well as the diagonal slice of the 4h-order cumulant. Analysis is done in frames 

of 120 points with 33% overlap. Computations are canied out for segments of voiced speech, 

unvoiced speech and Gaussian noise. 

4.5.1 Voiced Speech 

4.5.1.1 Skewness and kurtosis 

A section of voiced speech is shown in Figure 4-5. The nonnalized kurtosis in three consecutive bands 

in the lower spectrum is computed for a nurnber of consecutive frames. The results are shown in Fig- 

ure 4-6. It is clear that the values are within the range expected for voiced speech (Le, between -0.75 

and - 1.5) for the majority of the time. Clearly some smail or even positive values may occur due to the 

presence of transitional segments or pauses. 

Figure 4-5 Segments of voiced speech 

The norrnalized kurtosis in the upper bands (Figure 4-7) assumes both positive and negative values. 

The fact that the negative ones are in the vicinity of -1 .O reinforces the validity of the sinusoidai model. 

The fact that the kunosis also takes on large positive vdue in some segments indicates the transient 

nature of the speech in the upper spectrum. The skewness of voiced speech (shown in Figure 4-8) is 

near zero. as expected. 
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Figure 4-6 Normalized kurtosis in three consecutive lower bands 

y* in band 3-  2.. 
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Figure 4-7 Normalized kurtosis in an upper band 
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Figure 4-8 Normalized skewness in a Iower band 

t 

y3 in band 3 -, 

I I 
O 20 40 60 80 100  Frameno. 

The histograms for the normaiized skewness and kurtosis for a speech file of about 1000 frames were 

collected. These are shown in Figure 4-9 below. The skewness is clearly zero, as expected; the normal- 

ized kurtosis has a distribution around -0.8, which is within the range that is expected given that a typ- 

ka17 seconds of speech would contain a mixture of voiced, unvoiced and non-speech frames. 

Figure 4-9 Histograms of y3 and y4 across al1 bands 

-0.8 -0.3 O 0.4 0.8 -1.6 2 -0.8 -0.4 O 0.4 0.8 1.2 j 
Value of y3 

. . . - . -. 
Value of y* 
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4.5.1.2 Diagonal cumulant slice 

The diagonal slice of the 4h-order cumulant (C4=[~J) is computed for r in the range [O. 801 for a num- 

ber of consecutive frames in a lower band and an upper band of voiced speech- 

A sequence of voiced speech in band ! (120 Hz center) is shown in Figure 4-10. It is evident here that 

the signal may be represented as a single sinusoid. The diagonal slice is computed for lags O to 80- The 

start of each slice is indicated by dotted lines, and it is clear the slice has 0" ( 180" ) phase as expected 

with the value at zero lag (the kurtosis) having the largest magnitude. 

Figure 4-10 Voiced speech in band 1 along with the computed diagonal slice 

T h e  index (samples) Lag index (samples) , 

A sequence in band 25 is shown in Figure 4-1 1 along with the diagonal cumulant slice of three seg- 

ments. According to the derivations, the cumulant slice is the sum of two sinewaves and has zero 

phase. It is clear from the plot of the slice chat it cm be reasonably modeled as predicted by the analyt- 

ical derivations. 
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Figure 4-1 1 Voiced speech in band 25 along with the cornputed diagonal slice 

5 framts in band 25 

* 

Unvoiced Speech 
Two sustained fricatives, namely /hl and If/ were recorded for a few seconds and used for bener analy- 

sis of the HOS of unvoiced speech. The speech waveform for /h/ is shown in Figure 4-12 and its nor- 

malized skewness and kurtosis in an upper band of the spectrum are shown in Figure 4-13. It is not 

clsar what is the behavior of the two statistics when looking at the values for consecutive frames. but it 

is certain that the value for the kurtosis does not converge to -1  -5 as predicted by the derivations based 

on the sinusoidal model. To get a better understanding, the values of the two entities across all the 

bands of the upper spectrum were computed and two histograms generated. These are shown in Figure 

4- 14. The same malysis was done using Gaussian noise instead of sustained unvoiced speech. The his- 

tograms are shown in Figure 4-1 5 .  By cornparing the two sets of histograms, it is concluded that sus- 

tained unvoiced speech in the subband domain is likely Gaussian and cannot be rnodeled as a 

harmonic process as suggested by the sinusoidal model. 

However, since unvoiced segments are usually short and occur at speech boundaries, their HOS is gen- 

errtlly non-zero. This fact is in agreement with the reponed findings in [Fa193]. 
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Figure 4-12 The unvoiced phoneme Ril 

Figure 4-13 Normalized skewness and kurtosis of unvoiced speech (/hl) in an upper band 

73 Unvoiccd - y4 Unvoiced -1 

Frame no. Frame no. 
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Figure 4-14 Histograms of y3 and y4 across the upper bands of unvoiced speech 

l y3 Unvoiced yq Unvoiced- 
I 

Value of yj Value of fi  

Figure 4-15 Histograms of y3 and y4 across the upper bands of Gaussian noise 

1 Y3 Gaussian 

Value of yj Value of y4 j 
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4.6 Conclusion 
The McAulay sinusoidal model wcA86]  is fairly accurate for modeling steady voiced speech seg- 

ments but the HOS analysis of unvoiced speech using speech data showed that this signai has a Gauss- 

ian nature and cannot be considered a harmonic process as the model suggests. When a narrow 

subbanding scherne is used, steady voiced speech may be modeled as the sum of two sinusoids ici each 

band. The model however is not appropriate for transitional segments, which may be more appropn- 

ately represented by an exponentially decaying sinusoid. 

The 3Corder cumulant of subbanded speech is identically zero. except in rare situations. which sug- 

gests that this cumulant is generdly not useful in the subband domain. 

The 4Lh-order cumulant of voiced speech is non-zero and may be expressed in tenns of speech param- 

eters. In the transient case, it is expressed in tenns of signal energy and frequency. In the steady state 

case, it is expressed in terms of signal harmonic frequencies and amplitudes. Therefore, it is conceiv- 

able to estirnate these parameten using the value of the 4'order cumulant at a few lags. 

The normalized kurtosis of transient speech may assume any positive or  negative values and as such is 

not a sufficient meuic for distinguishing speech from noise. The normalized kurtosis of steady voiced 

is contained in the interval [-1-5, -0.751. When noise is present the normalization may cause smaller 

amplitude, but the metric is always negative and cannot be smaller than - 1 S. 

The properties thus derived anaiytically and verified by simulation prove to be quite interesting: The 

4"-order statistic of speech allows detecting the presence of speech h m o n i c s  and provides an upper 

and lower bound on the speech energy. These, in tum, provide bounds on the noise present in that 

band. These findings will be exploited in the next chapter in the context of speech enhancement. 



Application o f  Higher 

Order Cumulants to  

Speech Enhancement 

Synopsis 
A new method for speech enhancement based on optimal filtering, subbands, and Higher-Order Cumu- 

lants is proposed in this chapter. The key idea is to use the HOC to estimate the parameters required for 

the enhancement filters. namely the 2nd-order statistics of the speech and noise. It is shown that the 

kurtosis and the diagonal slice of the 4&-order cumulant may be used to estimate such parameters as 

the SNR, speech autocorrelation and the probability of speech presence when speech is divided into 

narrow bands as explained in Chapter 4. The resulting algorithm is tested in typical mobile noise con- 

ditions and proves effective under such types as street, office and fan noises. Performance comparisons 

with the TIA noise reduction algorithm [IS 1271 are reported for the noise types used. 

5.1 Motivation and Rationale 
Speech enhmcement by spectral decomposing and filtering [Cap941 [Eph84][Yan93][Sal94 ] remains a 

common and effective approach for enhmcing speech degraded by acoustic additive noise when only 

the noisy speech is available. This general class is based on optimal filters and encompasses such 

n~ethods as Wiener filtering, spectral subtraction, and maximum likelihood (ML) estimations. A com- 

mon set of requirements in this class includes: 

An appropriate suppression rule that is based on some cnteria of optimality. 

An estimation of the speech and noise power spectral densities, o r  equivalently their respec- 

tive autocorrelation. 
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A quantification of the probability of speech presence in a given band, to further attenuate 

non-speech bands. 

A method for reducing residual noise by appropriately smoothing the estimated quantities 

and/or exploiting the psychoacoustic properties of human hearing. 

The choice of suppression rules is govemed by many factors, such as computational efficiency, opti- 

mality criteria, and the exploiting of the human heating properties. In the reported literanire, the range 

includes heuristic rules (e.g. [Hoe97]) as well as fortnally derived ones. The ML estimation 

approaches in @fcASO] and fEph841 attempt to better exploit the statistical properties of the DFT of 

noisy speech. These approaches assume a statistical mode1 of the Fourier coeffici~nts of speech and 

derive optimal estimators of the magnitude spectrum based on that moàel. 

Another important contribution is the smoothing approach proposed in [Eph84] whereby the variation 

in SNR between successive frarnes is reduced significantly by averaging the locally computed SNR 

(SNRPOsI) with the SNR estimated in the previous frarne after the filtering operation (SN&,). The 

method results in a significant reduction in the noise artifacts, particularly in low-SNR frames, as was 

shown in [Cap94]. 

While much of the published work has focused on appropriate suppression d e s ,  little has k e n  done 

in the other aspects, not the least k ing  the estimation of the 2&-order statistics of the speech and 

noise, such as the SNR, which remains a crucial aspect for effective enhancement, or the quantification 

of the uncenainty of speech presence which is shown to improve the suppression of noise residuals 

[Sca96] under a number of suppression d e s .  

The idea of using HOC for estimating these parameters hinges on king able to separate speech and 

noise based on these statistics and express the HOC of speech in terms of the desired parameters. It 

was shown in Chapter 4 that when a subbanding scheme was used and some analyticd mode1 for 

speech assumed, a number of speech parameters may be derived from the 4h-order cumulant. For 

exarnple, it was shown that this cumulant rnay be expressed in tenns of speech amplitudes for the case 

of steady voiced speech and in terms of the speech energy in the case of transient speech. It was also 

shown that the kurtosis of subbanded speech is different from chat of Gaussian noise and may be used 

as discriminator. 
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These basic ideas are combined in the context of a speech enhancement algorithm that is based on 

using optimal filters in each subband to estimate the clean speech. The parameters of these filters are 

derived from the 4h-order cumulant and smoothed appropriately to yield effective enhancement. 

5.2 Speech Enhancement by Optimal Filtering 

5.2.1 Optimum Linear Systems 
In the general linear estimation problem, a discrete-time, zero-mean process X, is observed over a cer- 

tain time interval I = { n  - a, . . ., n + 6 )  and (a+b+ 1) observations { X ,  -,, . . ., X,, . . ., Xn + b )  are 

used to cornpute an estimate in of sorne other process Sn. This estimate is required to be linear, thus: 

The figure of ment of the estimator is the mean-square error E [e i ]  = E [ (Sn - i n )  2 ]  . The problem 

is thus to seek the optimum filter ha which rninirnizes the MSE. 

The derivations of the optimal filter that meets this objective is based on the orthogonality condition: 

By making the error orthogonal to al1 observations X, it can be shown [Le0891 that the filter coeffi- 

cients may be computed by solving the (a+b+ 1) linear equations: 

where (p+ 1)  is the filter order. Rx [TJ is the autocorrelation of the observation X(n) and Rs, [T] is 

the cross correlation of the observed and desired processes X(n) and S(n) respectively. 

5.2.2 Filtering Speech Plus Noise 
The problem of extracting a signai from noise entails estimating a desired process S(n) from the @+ 1) 

most recent noisy observations: 

Xa = Sot + Na ( X E  I = { n  - p, ..., n ) .  

If Sa and N ,  are independent random processes. then: 
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5.2.3 Filtering Subbanded Speech 

5.2.3.1 General solution for a pt%rder fiiter 

i 
i P 

iRs[rl = ~ h g { ~ , [ r - ~ 1  - R , [ T - ~ ] }  
1 p = o  

It is assumed that speech is divided into narrow subbands as explainet 

T E  {O, 1, . . . p }  . 

j in Chapter 

This set of @+ 1) linear equations in @+ 1) unknoms hg may be solved by matrix inversion. 

4. Let the autocorre- 

lation of speech be denoted by Rs [r] . Since the bands are narrow, it is assumed that noise has a flat 

spectral characteristic in each band, so its autocorrelation is: 

RN [TI = EN6 [T] . (E 5.5) 

Assuming tfiat speech and noise are statistically independent, then the system of equations given by Eq 

5.4 may be written in the following matrix form: 

Both sides are divided by the speech energy Es (= Rs[O]). In addition, let r = E N / E s  denote the 

noise-to-signal ratio and R a  [TI = Rs ET] /Rs [O] , the normalized speech autocorrelation at lag 7. Eq 

5.6 becomes: 

The solution to the above rnauix equation: [A]  [ H l  = [RI is sirnply [ H l  = [A] -' [RI . 
Since matrix A is symmetric, it is orthogonally diagonalizable: 

[AI  = [QI [DI [QI' 
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where: 

[Dl  = a g ( , , ,  k )  and ( k l , h ,  ..., kp+  ,) aretheeigenvaluesofA.The 

inverse of D is simply: [Dl -' = diag ( 1 /XI, l/h, .. ., i / k p +  , 

[ Q I  = ( u ~ , u ~  . - -*up+l  ) is the matrix whose colurnns are the orthonormal eigenvectors - - 
of A. Since Q is orthogonal then [QI -' = [Q] ' . 

The solution to the above matrix system (Eq 5.7) becomes: 

Thus, to constmct the optimum filters, one needs to estimate the noise-to-signal ratio (or its inverse, 

the Sm), and the value of the normalized autocorrelation at p lags. In the following section, these 

entities are shown to be the by-product of the 4h-order cumulant. 

5.2.3.2 Special cases 

2-tap filter 

For the case where p = 1, Eq 5.7 becomes: 

The solution is found by direct matrix inverse: 

Single-tap filter 

Eq 5.4 simplifies to a single equation with one unknown: Es 

ho = Es - - SNR 
E s + E ,  SiVR+l 

= ho { E s  + EN) . The filter gain is thus: 

(E 5.11) 
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5.3 Estimating Filter Parameters From Fourth Statistics 

5.3.1 Speech model and higher correlations 
The narrow subbanding scheme discussed in Chapter 4 is used here. The speech representation and the 

corresponding expressions for the autocorrelation and the diagonal slice of the 4h-order cumulant are 

given by (from Section 4.3): 

1. Transient Speech: 
- a n P  

Speech mode]: s ( n )  = a - e - cos ( n P w ,  + @) with 4 = cwo. and c constant. 

Correlations: 

-a? 
Autocorrelation: Rs Er] = Es - e cos ( wor) . (E 5.12) 

Speech energy: Es = ( a2 /4a f )  ( I - e-'"') . (E 5.13) 

Diagonal slice 4Lh cumulant: CS [s]  = 3 (an - 1 eq'cos (wos) [Es] ' . (E 5.14) 1 
3 

Kurtosis: qs [O] = ( Z a ~ c o t h  (aT) - 3) [Es] ' . (E 5.1 5) 

2. Steady Voiced Speech: 

Speech model: s ( n )  = a,cos ( n P w ,  + @,) + a,cos (nPw,  - + $,) - 

with 4, = c w ,  . $2 = cw,, both deterministic and unknown. 

Correlations: 

a., 
The autocorrelation: Rs [ r ]  = 5 c o s  (w,r) + -cos (w,r) . 

2 2 

-3 4 4 
Diagonal slice of 4" cumulant: C 4 s  [T] = - [a, cos (w , r )  + ozcos (w2r) ] . 

8 (E 5.18) 

4 4 
Kurtosis: Cs [O] = -3 [ a ,  +az]  1 8 .  (E 5.19) 
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Autocorrelation of Speech 
Proposition 1 .  The nonnalized au~ocorreiation of speech ut small values of the lag rnay be 

derived from the diagonal slice of the 4&-order cumulant no-lized by  rhe kunosis: 

i i 

l ~ a  [rl = 
Gs [TI 

i C$ [O] 1 
Proof: For the case of transient speech. the autocorrelation and the 4" order cumulant are given 

by Eq 5.12 and Eq 5.14 respectiveIy. The normalized autocorrelation is: 

and the 4"-order cumulant normalized by the kurtosis is: 

Clearly the two expressions are equal. For the case of steady voiced speech, the autocorrelation is 

given by Eq 5.16. First, it is to note here that since the bands are narrow, the two frequencies are very 

close and one can be expressed as a small increment (Aw ) of the other. Thus: 

- - 
= 1  Rs [ r ]  = T C O S  [ w , r ]  + TCOS [ ( w ,  + A w ) ? ]  - - 

- - 
1 "2 = -cos [ru,?] +-  {COS [wl?]  COS [ A w f ]  -sin [ w , ~ ]  sin [AwT] )  ; 

2 2 

since AWT is small for small values of the Iag T, then: sin [ A w s ]  = A w t  and cos [Aws]  - 1 . The 

autocorrelation becomes: Rs [ r j  

The normalized autocorrelation is found by dividing Rs [r] by the speech energy: 

1 = cor [ w , r l - [  ,) (AW sin [W,?I  

1 +a , /a I  

A sirnilar approach is used for the 4&-order cumulant slice, which can be written as: 

-3 4 4 3 4  
= - (a, + a2)  COS [ w ~ T ]  + - (AwT) sin [ w , r ]  . CS [TI 8 8 

Normalization by the kurtosis yields: 
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= cos [ w , c ]  + [ + a;,ar) 1 (A-.) sin [VI - 
qs [O1 

Cornparhg Eq 5.21 and Eq 5.22 shows that the first term is the same. The second term differs only in 

the power of the ratio of the amplitudes. A plot of the ratio of the amplitudes in the two equations (Fig- 

ure 5-1) shows they differ by a maximum of 0.1. and only for a smail range of the amplitudes. It is to 

note here that the second term is in general very small due to the (Aw-t) factor. For a typical case of 

80 Hz bands and a sampling frequency of 8 kHz, this factor in expressed in terrns of integer values of 
rn lags as: Aw.r = 2x - 100 - - = 0.063 . m .  Given therefore the multiplication with (AM) , it is 

8000 
clear that the second term in both equations is identical for any practicai purposes, therefore for steady 

voiced speech: 

Figure 5-1 The ratios 1/(6+1) and l/(P+l) for the possible range of r 

5.3.3 Probability of Speech Presence 

5.3.3.1 Rationale 

The uncertainty of speech presence in a given band is often used in conjunction with the suppression 

mle adopted. The rationaie k i n g  that by further attenuating bands unlikely to contain any speech, the 

noise residuals become Iess audible. This method was proposeci in [McA80], [Eph84] and Mai993 and 
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is shown to be effective with various suppression rules in [Sca96]. The derivations in [McA80] and 

[Eph84] assumed a Gaussian mode1 for the Fourier coefficients of noisy speech. Though this assump- 

tion is intuitively sound, various statistical analysis have led to different conclusions as mentioned in 

[Eph84] and so the probability based on this mode1 is to be taken only in approximation. 

The denvations proposed here only assume that speech in any subband has a different distribution 

from that of Gaussian noise. By not making explicit assumption about the distribution of subbanded 

speech, the results are not dependent on the validity of any assumed distribution. 

5.3.3.2 Probability based on HOS 

Since the kurtosis of Gaussian noise is different from that of subbanded speech, it is sensible to use this 

statistic as discriminator of noise-only bands. Given the variance of the HOS estimators, the decision 

can onIy be made with a confidence level that would account for the variance of the kunosis estimator 

w hen computing it from a finite length record. If one has a knowledge of the mean and variance of the 

kurtosis estimator in the case of noise only and speech plus noise, then a likelihood ratio can be used to 

decide between the two hypotheses. Given however that the variance of the kurtosis estimator for the 

case of speech plus noise is not possible to quantiQ, an approximation is used here, whereby the prob- 

ability of speech presence is the complement of the probability of noise only k i n g  present: 

Prob [SpeechPresence] = I - Prob [NoiseOnly] . 

Proposition 2. The probabiliry of a noise-only band is detennined by the estimate of the kurtosis, 

scaled by irs variance expressed in t e m  of rhe noise energy. Denoting this scaled value by 'b', 

rhen a reasonable quantification of rhis probability is: 

IProb [ NoiseOnly] = erfc (lbl) j 
Proof: Given a Gaussian process g(n), the estimaton of the znd, grd and 4" order moments are: 

for k = 3, 3 and 4. In Appendix A, it is shown that these estimators are unbiased, and for the case of a 

white Gaussian process. their rnean and variance may be expressed in ternis of the data variance, u, . 

In addition, the estimator for the kurtosis may be computed from the moments. To ensure an unbiased 

estimate, the modified estimator proposed in Eq A.4 is used: 
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As shown in Appendix A, this estimator is unbiased, with zero mean and known variance given in Eq 

A.27. The distribution of this estimator is not obvious, since it consists of the difference of two vari- 

ables, one Gaussian and one chi-square. However, an approximation is used here and the estimator is 

assumed normally distributed. A unit-variance version of this variable is defined as: 

- - 
KU, = , 

KU 

Therefore, given a realization of the estimated kurtosis and the corresponding scaled value, denoted by 

'b ' ,  one can find the probability that the frame is Gaussian as: 

Pro6 [ NoiseOnly] = Pro6 [ lKk , l>  b]  . (E 5-27) 

Graphically, this is equivalent to computing the area under the tail of the Gaussian curves of KLI.. 
Clearly when b =O, the area is unity. The area under the tail of the curve can be evaluated using the 

m 

e$c(x) function. For example, when b > O, Pro6 [Noise] = - e dr . Therefore, 

Pro6 [NoiseOnly] = erfc (Ibo - 

In the nbove discussion, it is assumed that the uue variance of the noise (u, ) is known apriori. In real- 

ity, this is not the case and one has only a (hopefully good) estimate of the noise energy (Ê,) that is 

done using the approach explained in the next section. This estimator is not equal to the tme variance, 

but relatively speaking it is fairly good compared to the kurtosis estimator, which is only estimated 

from a short data frarne. 

5.3.4 Speech and Noise Energy and SNR Estimation 
In the traditional approach to speech enhancement by spectral decomposition, the local SNR is com- 

puted by estimating the noise spectrum during periods of non-speech frarnes and combining that with 

the noisy speech power spectnrm to infer the SNR. In practicai situations however, this is seldom suf- 

ficient as noise changes during speech frames as  well. The resulting poor SNR estimation limits the 

effectiveness of the suppression filters, regardless of what rule is used, often resulting in annoying 

noise artifacts. 

A number of approaches have attempted to remedy the problem of SNR estimation without speech 

detection. In [HirgS], an iterative estimation is used whereby the spectral amplitude at each frequency 
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is compared to the current noise estimate at that frequency; the noise is estimated whenever the ampli- 

tude is below a given threshold. The approach works well most of the time but k i n g  based on d a t i v e  

energy levels cannot distinguish between rising noise energy and the presence of speech. In War93j. a 

spectral analysis is performed and the noise estirnated by rneasuring the spectrai floor in individual 

bands of the power specmrn. This scheme requires a relatively long segment of speech and a good fre- 

quency resolution to overcome the errors introduced by the DFï windowing effects; consequently, 

only the long tenn noise spectmm can be estimated. 

The idea in using HOS for S N R  estimation hinges on k i n g  able to separate signal and noise energies 

based on these statistics. Given the fact that the 4h cumulant of noisy speech is simply that of the clean 

speech, and given that the HOS of Gaussian noise are zero, then the energies are estimated as follows: 

In bands where only noise is present, the noise energy is estimated using the total energy in 

that band. These bands are detected using the procedure in Section 5.3.3 above. 

In bands where steady voiced speech is present, an upper bound on the speech energy is 

derived from the kurtosis, from which a lower bound on the noise is deduced. These bands 

are detected using the value of the normatized kurtosis. 

In bands where transient speech is present, the energy of speech is derived from the first few 

Iags of the 4"-order cumulant. The noise energy is deduced from the total energy and the 

estimated speech energy. These bands are detected by exclusion. 

Once the energy of the speech and noise are estimated in a given band k, the S N '  is computed as: 

where Por [x]  = x when r > O and O otherwise. ÊN is the estimate of the noise energy, Ê, the esti- 

mate of the speech energy and E x  the total band energy. These three ideas are detailed below. 

Noise Energy from noise-only bands 
The probability that a band contains only noise c m  be quantified using the value of the kurtosis and the 

variance of the kurtosis estirnator as explained in Proposition 2. In these bands, the estimate of the 

noise energy is updated using the total signal energy. In addition to the probability of noise. the nor- 

rnalized skewness and kurtosis are used to discriminate noise-only bands. thus: 
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Ê N ( j )  = ( 1 - p ) Ê N ( j - l )  + P E x .  

where j denotes the iteration index and is an integration constant that is a function of the probability 

of noise of this band. 

Speech and noise energies from steady state speech bands 
Proposition 3. In rhe case where steady voiced speech is presenr in a band then a lo wer bound 

on the noise energy in this band may be computed from the kurtosis and the rotal band energy: 

Moreover; the detecrion of rhis band can be done using the nonnalized kurtosis. 

Proof: When a band contains steady voiced speech, the kurtosis is upper and lower bounded by a 

scale factor of the signai energy (from Section 4.3.2): 

-1.5 [ E S ]  ' 5 Kurtosis b -0.75 [ E s ]  '. (E 5.30) 

The normalized kurtosis is then contained in the range [-1 S. -0.751. When noise is present, the nonnal- 

ization may yield a smaller amplitude for the normaiized kurtosis as explained in Section 4.3.4. How- 

ever the normalized kurtosis is always negative and cannot be smaller than -1 -5. 

Since cumulants are cumulative and since the kurtosis of Gaussian noise is zero, then when the signal 

consists of both speech and noise, the total energy is the sum of the two energies, whereas the kunosis 

of noisy speech is simply that of clean speech: 

c 4 ~  = c 4 ~ '  (E 5.32) 

From Eq 5.30, one can compute an upper bound on the speech energy from the kurtosis: 

Es r F2.g' and from it a lower bound on the noire is dcduced using Eq 5.31 Thur the noise 

energy is updated as follows: 

If (y, < O and y, 2-1.5 and Prob [noiseJ < T,,,,,) 
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where j denotes the iteration index and fj an integration constant with: < O. t . 

Speech and noise energies from transient speech bands 
Proposition 4. in  the case where transient speech is present in a given band, the speech energy 

rnay be esrimated by considering the jrst ihree lngs of the diagonal slice of the 4"-order cwnu- 

Lanf. 

Proof: The diagonal slice is (Eq 5.14): 

<,[TI = 3 -aTcoth (an - 1 e4'cos (w , r )  [ E S ] ' .  [: 
Let RI and R2 denote the following ratios: 

1 

The value of a is found from these since: 

-?a -2a Ln ( 2 ~ f  - R2) R + R ; = ~  { c o s ( 2 w , ) - 2 [ c o s ( ~ ~ ) ] ~ }  = - e  and a = 
-2 

Once a is determined, the speech energy in this frame is estimated from the kurtosis of noisy speech 

(using Eq 5.15): 

The noise energy is estimated from the total energy and the speech energy and the two are smoothed: 

where j denotes the iteration index and a and P are integration constants; simulation shows that values 

of a = 0.5 and fl< 0.05 gives best results. To determine the best values, a cornparison between the 

rictual and the estimated SNR is examined (Section 5.7.2.1) in controlled conditions and the values of 

the two constants varied until the estimated SNR is closest to the actual SNR. 
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5.4 Inter-frame Smoothing of Parameters 

5.4.1 SNR Smoothing 
The S N '  smoothing scherne proposed in Bph84] is used whereby the variation in SNR between suc- 

cessive frarnes is reduced significantly by averaging the lucally computed SNR (SNRpoSr) with the 

SNR estirnated in the previous frame afier the filtering operation (Sm,): 

SNRpri0,  fk) = ( 1 -Y)  SNR,,,, (k) + YSNR,,, (k) . (E 5.36) 

where SNRPDSc(kJ refen to the local SNR €rom this iteration. using the estimated speech and noise 

energies o r  dternatively using the total energy and the estirnated noise energy: 

where the indices k and j are used to denote the band index (k) and the iteration index 01. 

SNR,Ak) is computed in the previous iteration afrer the filtering operation (Figure 5-2), i.e., using the 

energy of the filtered speech instead of the energy of the noisy speech. 

The estimated speech energy may be computed as the energy at the filter output: 

1 N - '  
É;' = [sr ( n )  ] ' and thus: SNR,, ( k )  = Cr w 

n = O  EN ( k ,  i) ' 
Altematively. E;" may be computed directly from the autocomeiation of noisy speech (Rnoiry[7]) and 

the value of the filter coefficients, as shown in the next section. 

Figure 5-2 
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5.4.2 Autocorrelation Smoothing 
Using the same principle as in the case of the SNR, the normaiized autocorrelation function Ra[t] is 

srnoothed using the value computed Iocally (from the P - o d e r  cumulant) and the value cornputed in 

the previous iteration afier optimal filtering: 

RaPrior [t, k ]  = ( 1 - y) R ~ ' O ~ *  [T, k ]  + y ~a"' [s ,  k] . 
where k refers to the band index and 7 is the tirne lag. Frorn Eq 5.20: 

/?aP0" [Z] = - 
c x  [II 

where c, [r] refers to the diagonal slice of the 4& oder cumulant of the noisy speech. 

In the previous iteration. Raesr [TI is computed using the output of the optimal filters (Figure 5-2): 

Alternatively, ~ a " '  [ r ]  may be computed directly from the autocorrelation of noisy speech, denoted 

by RE",, [7] in Figure 5-2 and the coefficients of the optimum filter h a .  Since s'(n) is the output of 

the linear filter h(n), the autocomelation of sJ(n)  may be written in terms of the autocorrelation of s(n) 

and the filter coefficients: 

where H is the filter length. As a direct consequence. the estimated speech energy qst (Eq 5.38) may 

be computed directly from Eq 5.42 as: et = RS [ O ]  . 

5.4.3 Low Pass Filtering of Optimum Filter Coeflicients 
In order to avoid rapid time variation of the optimal filter coefficients, each coefficient is srnoothed 

using a 2-tap low-pass filter: 
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where ha (1)  is the coefficient computed in this iteration 03 and h,  ( j  - 1 ) is the one computed in the 

previous iteration ( j - I ) .  Simulation showed that a 2-tap iowpass filter is sufficient to smooth any signif- 

icant time variations. 

5.5 Other Considerations 

5.5.1 Frequency Masking Psychoacoustics 
In computing SNRp0Jk) and SNR,kk). the masking effect of the auditory system is taken into account 

by convolving both speech and noise energies with the critical band filter at each frequency. 

Simultaneous masking is the phenomena whereby a tone or noise masks a neighboring one that is 

within a critical distance from it in frequency. The peripheral auditory system is modeled as a bank of 

overlapping bandpass filters whose bandwidth is related to the critical bandwidth within which mask- 

ing occurs. The bandwidth of these filters, referred to as the equivalent rectangular bandwidth (ERB), 

is an increasing function of frequency and has been determined in a number of experiments moo8 11. 

The function may be approximated in polynomial forrn by: 

ERB ( F )  1,: = 6.23F + 93.39F + 28.52 (E 5.44) 

where F is the center frequency in kHz. in Woo831, an exponentially decreasing function is proposed 

to mode1 the shape of the auditory filters: 

W ( g )  = ( 1  + p g ) e - P g  (E 5.45) 

where g is the deviation in frequency from the filter center frequency divided by the center frequency 
4f and p is a parameter that is expressed in terms of the ERB: p = - where f is the center frequency, 

ERB 
expressed in Hz. Figure 5-3 illusuates two such filters (here discrete frequency spacing is used (bands) 

with each band representing 80 Hz). 



5.5 Other Considerations 108 

Figure 5-3 Auditory filter shapes centered at bands 15 and 40 
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The effect of the auditory tilters is accounted as folIows: Once the total energy is computed and the 

noise energy estirnated, then at each frequency a set of new entities is computed, referred to as the per- 

ceptual total and noise energy measures. These are computed by convolving the critical filter at this 

frequency (B with the totai energy and noise energies respectively (the iteration index j is dropped): 

~ / ( f ) = w ( f ) @ E J n  a d  E n P ( f )  = W ( g ) @ & ( f ) -  (E 5.46) 

Using the discrete notation k adopted here for frequency, this becornes: 

K- 1 K -  1 
jk - ml E: (t> = ~ ( W ) & ( r n )  k + 0.5 and ~ : ( k )  = w(=)Ê,, ( m )  . 

The Iocal SNR in band k is then computed as: 

SNR,,,, ( k )  Pos [z::: - - 11- 
A similar procedure is used at the end of the current iteration to compute SNResAk). 
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5.5.2 Subbanding Filters 
A filter bank consisting of M cosine-modulated filter pairs is used for analysis and synthesis. The 

expression for the analysis and synthesis filters is the one proposed in [Koi92]: 

where M is the number of filters (bands), L is the length of the filter and P(1) is the prototype filter. For 

the case where L= 2M, the expression of P(f) is simple and given by: 

5.5.3 Upper and Lower Bounds on Filter gains 
Recall the expression for the filter coefficients (Section 5.2.3.2): 

In the above expression, two cases are worth noting: 

Very High Sm: In this case, r + O and the coefficients simplify to: ho = 1 , h l  = 0 .  

Low SNR: In this case. ï + - and the coefficients simplib to: ho = h l  = 0 . 

In practice, a lower bound is used for the filter coefficients to prevent too much audible variations in 

the noise levels. In order to identiw the two conditions, the value of the SNR as well as the probability 

of noise-only frarnes are used as follows: 

If ( SNR,,,,j,> TsNRi and Prob [noise]  < TNoisc) 

ho = 1 , h ,  = MinGain 

If ( (SNR,, ,,,, < TSNRZ and Prob [noise]  > T,,,,z ) Or (Prob [noise]  > T )) 

ho = h l  = MinGain 
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5.6 Overview of the Algorithm 

A block diagram of the algorithm is s h o w  in Figure 5 4 .  Speech recorded and sampled at 8 kHz is 

used. Analysis is carrieci out on a f ra rne-by-he  basis with 70 new points read every iteration- ln 

each band k, a frame overlap of 308 is used. thus the 70 new points are combined with the last 30 of 

the previous iteration to form a frame of N = 100 points. A filter bank consisting of M=5O cosine-rnod- 

uIated filters is used to divide the signai into 50 bands of 80 Hz width each. The analysis filters are 

given by Eq 5.49. 

in each band k, the foIlowing computations are perfonned every iteraûon: 

The DC component is removed and the 2" and 4& moment functions and the 3d moment are 

computed; the diagonal slice of the 4*-order cumulant is inferred from these for three lags: 

where N' = Ar - max (7) . Note that M, [k] [T) is also the autocorrelation of the noisy 

speech: R,,,,, [ k ]  [r] = M, [k] [r] . that is later used for computing ~ a ~ "  [r] , as 

explained in Section 5.4.2. To reduce the bias of the estimator (as explained in Section 

A.2.2), each of the moment functions is smoothed using a first-order autoregressive averag- 

ing to yield q- [kJ [T] and [k] [r] . The diagonal slice is then computed as: 

The probability of noise is computed using the kurtosis and the estimated noise energy Ê, as 

explained in Section 5.3.3. This probability is then used when upper and lower bounding the 

filter gain as explained in Section 5.5.3. 

The noise and speech energies are estimated using the procedure in Section 5.3.4. 

Frequency masking is accounted for in the SNR computations as described in Section 5.5.1. 

The S N R  is smoothed (Section 5.4.1) to yield SNR,,,, (k) from which r i s  deduced. 
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The autocorrelation is computed and srnoothed (Section 5.3.2 and Section 5.4.2). 

A 2-tap optimal filter is used (Eq 5.10). The filter coefficients are computed using the esti- 

mated parameten as explained in Section 5.5.3. The coefficients are smoothed as explained 

in Section 5.4.3. 

The 70 samples are filtered using the newiy computed optimum filter. 

A synthesis bank (Eq 5.50) reconsvucts the signal and yields the enhanced speech. 

Figure 5-4 Block diagram of the speech enhancement aigorit hm 
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5.7 Experimental Results 

5.7.1 Data used 

Speech 

CIean recorded Harvard sentences spoken by male and fernale speakers are used. For each set, two 

sentences spoken by the same speaker are used. The following sets are used: 

Female 1: A king ruled the state in the early days. The ship was tom aparî on the sharp reef. 

Female 2: M d  the cout before you go out. The wrist was badly strained and hung fimb. 

Male 1 : He picked up the dice for a second roll. These coins wilf be needed to pay his debts. 

Male 2: The m g  pulled the freight car along. Twist the valve and release hot steam. 

Noise 

Noise is recorded and sampled at 8 kHz and mixed linearly with clean speech at SNR levels between 

I O  and 13 dB. The following noise types are used: 

Gaussian noise: Syntheticalty generated Gaussian noise of a roughly flat spectrum. 

Street noise: recorded noise frorn a Street corner. 

Office noise: includes machines noise and conversations. 

Fan noise: recorded in a lab, and contains a dominant periodic component. 

5.7.2 Performance evaluation 
Evaluating the performance of speech enhancement algonthms is a difficult task, given the lack of 

standardized rnetrics for objective evaluation. Ln most cases, subjective listening is used and the fol- 

lowing cnteria are used in deciding on the overall effectiveness of the aigorithrn: 

1. The degree of noise reduction. 

2. The degree of distortion -if any- to the enhanced speech. 

3. The degree of distortion -if any- to the remaining noise. 

To provide a fnme of reference, the results are compared to the TIA noise reduction algorithm 

[IS 1271. This algorithm is based on spectral subuaction, using heuristic mles for gain cornputations 

and using SNR and stationarïty measures for noise estimation. 



5.7.2.1 SNR estimation 
Since the SNR in each band is a crucial factor in the computation of the optimum filter coefficients, the 

estimation is examined under a number of  noise types and compared to the m e  SNR. Figure 5-5 

shows the estimated (SNRPOsI) vs. the actual S N R  for a number of consecutive frames and for two 

bands in the case of Gaussian noise. 

Figure 5-5 Estirnated vs. actual SNR for gaussian noise 
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Figure 5-6 shows similar results for the case of street noise and Figure 5-7 for office noise. 

Figure 5-6 Estimateci vs. actual SNR for street noise 
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Figure 5-7 Estimated vs. actual SNR for office noise 
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It is observed in general that the SNR estimation is more accurate in the lower bands of the spectnim. 

likely due to the fact that the sinusoidal mode1 assumed is mostly valid and complete in the lower spec- 

trum. Another point worth noting is that the estimated SNR is mostly inaccurate in the low SNR 

regions (Le., < 5 dB). 



5.7.2.2 SNR smoothing 

The effect of the S N R  srnoothing is examined to ensure that the estimated S N R  (shown above) is fur- 

ther improved by the smoothing used. The case of street noise is shown in Figure 5-8 below. It is clear 

that the smoothed SNR (SNRPn'Or) is closer to the actual SNR than the SNR,,, particulariy in the 

lower SNR regions. These regions are important since musical noise is more perceptible there than in 

the strong SNR bands, where it is masked by speech. The fact that the smoothed SNR is closer to the 

actual SNR and is more stable implies that the effect of noise musicality is greatly reduced. 

Figure 5-8 Actual, estimated and smoothed SNR for the case of street noise 



5.7.2.3 Speech waveforms and spectrogram 
Figure 5-9 shows the clean. noisy and processed waveforms for the case of Gaussian noise at 10 dB. 

Figure 5-9 Clean, noisy and processed speech waveforms (Gaussian noise. 10 dB) 



The spectrograms for a short segment of this waveform are shown in Figure 5- 10. The HOS-processed 

speech spectrogram is shown dong with the one generated by the IS-127 algorithm. 

Figure 5-1 0 Spectrograms for a section in the above waveform 



Similar plots for the waveforms F~gure 5-1 1 )  and spectrograms (Figure 5-12) are shown for the case 

of Street noise at 13 dB. 

Figure 5-11 Clean, noisy and processed speech waveforms (Street noise 13 dB) 



Figure 5-1 2 Spectrograrns for a section in the above wavefom (street noise) 



Finally the case of fan noise at 12 dB is shown in Figure 5- 13 and Figure 5- 14. 

Figure 5-13 Clean, noisy and processed speech wavefonns (Fan noise 1 2 dB) 



Figure 5-14 Spectrograms for a section in the above wavefonn (fan noise 12 dB) 



Discussion 
At the range of the noise Ievels considered in these experirnents, [IO, 14 dB], it is found that the degree 

of noise reduction is overall higher for the HOS-based algorithm than for the TIA's 1s-127. This is par- 

ticularly uue for the Gaussian-like noises such as street and fan noise- This fact can be seen in the 

spectrograms (e-g., Figure 5-12) where the non-speech regions are 'whiter' in the HOS processed case, 

demonstrating more noise removai. The effectiveness however diminishes in the case of non-Gaussian 

noise, such as office noise where dominant conversations and impulsive machine noise are not 

detected as noise given their non-zero HOS. in generd, it is found thai the noise effectiveness cornes at 

the cost of a slightly more audible noise artifacts in the case of the HOS algorithm. This is due to two 

phenomena: the first k i n g  that the noise estimation is not as accurate in the upper bands as it is in the 

lower ones, thus resulting in more noise left over in these regions of the spectmm, which in tum results 

in changing the structure (and thus the petceptuai character) of the noise in the resulting processed 

speech. The second factor is the high variance of the HOS estimator that results in SM fluctuation 

dunng periods of non-speech. Even though the smoothing schemes are effective in reducing this fluc- 

tuation, there are nevertheless variations that cause more noise musicality than the TIA algorithm, 

though it is not very pronounced. Finally, the HOS algorithm is better at preserving the harmonic 

structure of the speech and results in noticeably less speech distortion in al1 noise types. This phenom- 

ena can be seen by exarnining the spectrograms (e.g., Figure 5-14) where the hannonics are more visi- 

bIe in the HOS processed case and that in spite of the fact that more noise is removed than in the 

IS- 127 case. This fact is an important one and clearly demonstrates that 4h-order statistics are effec- 

tive in isolating speech bands containing speech harmonics and preventing overattenuation of these 

bands or their use as noise bands for noise estimation. 

In iow S A W  conditions (cl0 dB), the advantages of the HOS approach start to diminish: Errors telated 

to noise estimation become more pronounced and result in more audible artifacts. In spite of the fact 

that safety guards are put in place to prevent speech distortions, the estimation errors become too large 

and generate more noticeable speech loss and higher musicality. It is to note however that the SNR lev- 

els chosen here (around 12 dB) cover the majority of the cases in a typical mobile telephony context, 

and it is rare to be in situations where the SNR is less than 10 dB. Tt is therefore concluded that the 

HOS algorithm has merit in that it is effective in the majority of practical situations. 



5.8 Conclusion 124 
- 

Conclusion 
- -  - - 

This chapter presented an algorithm for enhancing speech cormpted by Gaussian noise, using optimai 

filtering in the tirne domain, subbands and higher order cumulants. The idea is to use the 4Lh order sta- 

tistics to estimate the required parameters for the enhancement filters, such as the SNR, autocorrelation 

of speech and the probability of speech presence. 

The rationale for using a subband approach is twofold: 

1. Speech c m  be easily modeled analyticdly and the expressions for the HOC that were devel- 

oped in Chapter 4 are useful in this context, since they are expressed in terms of vital speech 

parameters, such as energy and autocorrelation. 

2. Noise may be assumed flat since the bands are quite narrow. This in tum simplifies the formula- 

tion of the optimal filter problern in a way that the problem can then be expressed in terms of 

matrix algebra involving symmevic and easily invertible maaices. The fact that the noise is 

uncorrelated also ailows quantiQing the bias and variance of the HOS estimators 

(Appendix A). 

The resulting algorithm is shown to be effective on typical noises encountered in mobile telephony 

such as street, office and fan noise. This finding is not surprising, as these noise types contain a signif- 

icant Gaussian component, k i n g  generated by a large number of independent sources that make up 

this noise ( e g ,  street noise is the aggregate of pedestrian, traffic, wind and other such sources). The 

algorithm does not however etiminate the non-Gaussian components in these noises. such as dominant 

conversations, as these processes are impulsive and do not have zero HOS. 

The computational cornplexity of the algorithm is mostly due to the analysis / synthesis stages which 

require a relatively large number of filters (40 -> 60). Efficient implernentations of these filters will 

significantly reduce the operations required. 

The performance is cornpared to the TXA IS-127 standard for noise reduction. The results show that the 

HOS algorithm is better at preserving the harmonic structure of the speech and results in less speech 

distonion. It also results in overall more reduction of the noise, but that comes at the cost of more noise 

artifacts, particularly at very low SNR where the variance of the HOS estimators starts to cause large 

errors in the estimation of the noise and the identification of harmonic bands. 



C H A P T E R  6 Higher Order Cumulants 

o f  LPC-filtered Speech 

Synopsis 
- - -- 

This chapter takes a similar exploratory approach as Chapter 4 into the HOC properties of speech, with 

a focus on the LPC residuai. It is assumed that an LPC anaiysis is performed and that the LPC residuai 

has a flat-envelop spectrum where ideaily al1 the short-term correlation is removed. The expression for 

the horizontal slices of the 3* and 4" order cumulants are derived assuming the McAulay sinusoidal 

model. The peculiarities of these cumulants in terrns of phase, periodicity and h m o n i c  contents are 

highlighted. The expressions for the skewness and kurtosis of speech are noted and their use as metrics 

for detection of voiced speech is discussed. As in Chapter 4, actual speech data is used to assess the 

validity of the derivations and the underlying sinusoidal model in the LPC residual domain. as far as 

the HOC are concemed. 

Rationale and Related Work 
It is reported in [Fa1931 that the normaiized skewness and kurtosis of short-tem speech segments rnay 

be used to detect transitionai speech events (termed "innovations"). The conclusion thus drawn is 

based on the observation that these two statistics take on non-zero values at the boundaries of speech 

segments where non-stationarity occurs. though no analyticai ground is given to support or refute the 

results. In [We185], the bispectrum of voiced segments is observed to have characteristics that distin- 

guish it from unvoiced and Gaussim segments. It is thus conciuded that the bispectrum may be used as 

a voicing indicator, without however providing the analytical backing for this claim. 
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The work presented in this chapter extends in both scope and formaiism relative to the work reponed 

in the literature. The approach adopted is to first establish a reasonable model for speech and use it to 

analytically infer the HOC properties of speech.The approach of using the LPC residual is motivated 

by the facr that the (flat) signal in that domain is easier to model analytically thus rnaking the HOC der- 

ivations more tractable. The approach is also motivated by experimental results that revealed that the 

use of the residual provides more distinct characteristics than the original speech signal. 

A Model for the LPC Residual 
The model for speech in fMcA86] is assumed hem, whereby a short speech segment is modelled by a 

sum of sinusoids chat are coherent (in-phase) during voiced speech and incoherent during unvoiced 

speech: 

.u 
s ( n )  = ~ a , c o s [ ( n - n , ) w m + ~ , + ~ , ~ .  (E 6.1) 

m = l  

where no is the voice onset time, M is the number of  sinusoids, w, is the ftequency and a, the arnpli- 

tude of the rnh sine wave. The fint phase term in Eq 6.1 is due to the onset time n a  defined as the time 

when the pitch pulse occurred relative to the beginning of the frarne. The second phase component 

depends on a frequency cutoff w, and a voicing probability, denoted by P, so that the higher the voic- 

ing probability the more sine waves are declared voiced with zero phase. The third phase component is 

the system phase 8, dong  frequency track rn, often assumed zero or a linear function of frequency. 

The LPC residuaI signai is the result of filtering the speech signal by the LPC prediction filter (Figure 

6- 1 ). Assuming a proper LPC anaiysis is performed, the residual signal has a flat-envelop spectmm, 

since al1 short-tem correlation is removed. In the light of the sinusoidal model, 

The residual of voiced speech may be modeled as a deterministic signal, consisting of M 

sinusoids with eqml amplitudes. The frequencies of these sinusoids may or rnay not be har- 

monically reIated, depending on whether speech is steady or non-stationary. 

The residual of unvoiced speech may be modeled as a harmonic process, consisting of M 

sinusoids with randorn (and uniformly distributed) phases. In the more genetal case, 

unvoiced speech rnay be modeled as a non-Gaussian white process 

Gaussian noise at the input becomes white Gaussian in the residual. This feature is particu- 

lady interesting in the computation of the variance of the HOS estimators. 
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Figure 6-1 LPC residual: the result of filtering speech by a short-term prediction filter 

6.2.1 Effect of the LPC order 
It is worth noting here that the statement about modelling speech in the residual as a sum of 

equal-amplitude harmonies is true, provided that the number of sinusoids contained in the original sig- 

nal is greater than half the order of the LPC analysis. Otherwise, the residual signal would be zero, as 

the prediction filter would exactly match ai1 the poles therein (for simplicity, the windowing effects on 

the accuracy of the LPC analysis are not accounted for). Simulations showed that for an LPC order of 

8 to 12, this phenornena does not occur often, though it may occasionally happen that some voiced 

segments result in near-zero residual. For this reason, a lem-order LPC anaiysis is used in the experi- 

mental part of this work. This choice is also rnotivated by the use of this order of analysis in most 

speech coders. 

6.2.2 Effect of noise on the LPC residual 
The assumption about the flat spectral feature of the speech and noise in the residual holds when the 

original signal consists of either one. If both speech and noise are present, and an autoçorrela- 

tion-based method is used for LPC analysis, then the residual signal will have a flat spectrum but only 

in an aggregate sense. The spectral characteristics of the speech component will be highly affected by 

the SNR and the spectral content of the noise. For the flat nature of speech to hold, a robust method for 

LPC analysis is required to yield a filter that will only match the speech spectmm. In [Pal9lj, an 

approach based on 3d-order cumulants is used and results in a robust LPC filter that is shown effective 

in noisy conditions. In the test of this work, it is assumed that such methods are used and that the flat 

characteristics of the speech residual hoId in al1 conditions. The effect of a non-flat residual on the ana- 

Iytical derivations will be discussed in the appropriate section. 
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6.3 Third-Order Cumulant 

6.3.1 Stationary Voiced Speech 
Voiced speech is modeled as a sum of coherent sine waves whose frequencies are harmonically related 

to the fundamental. Furthemore, a linear system phase is assumed; as a result, the phases of the sine 

waves in (Eq 6.1) are entirely deterrnined from the onset time no and a constant due to the system 

phase. 

Theorem 1 : According to rhe sinusoidal model. the horizontal siice C3[.r] of rhe 3&-order cwnu- 

lant of the LPC residual of a steady voiced segment thar is bandhited to f  ,/4 has M hamon-  

ics and the same periodiciv as the residual itself: The amplitude of each hunnonic may be 

written in r e m  of the signal energy (variance) and the nwnber of hannonics M .  Moreover; C3[7] 

h s  zero phase and reaches maxima at multiples of the pitch lag, nnmely: 

- 

ivhere c = z~~ / 8 and Es is the signal energy: Es ;f rn, ( O )  = M ( a 2 / ? )  . 
1 

Proof: Consider the horizontal slice C, [r] - - C x 2  (n) x (n - T) of the 3d-order cumulant - N 
of a detenninistic signal. The Fourier transforrn ofnthis slice can be shown (Section 3.2.1) to be: 

FC, (w) = ( X  ( w )  @ X(w) ) X ( -w)  . (E 6.3) 

Since the signal x(n) consists of M harmonies, its spectrum consists of M impulses on each of the pos- 

itive and negative frequencies; moreover, the flat spectrum of the LPC residuai implies qua i  magni- 

tude impulses. Therefore. X ( w )  = ( a / 2 )  eaW for w = k(w, ,  2w,, ..., MW,) , and k is a constant 

chat depends on the onset time and the system delay. The convolution of the spectrum is non-zero only 

at the multiples of the fundamental frequency wg. In addition, it is assumed that the signal is bandlim- 

ited to l r /2  or f s / 4  and as a result, there are only 2M positive and 2M negative lags that lead to 

non-zero values of the autoconvolution X ( w )  @ X ( w )  . The bandlimited assumption is required to 

limit the convolution terms to 2M, otherwise more non-zero terms will result on each side. due the mir- 

ror image of the spectnim. Figure 6-2 illustrates the value of the convolution for lag w = wo. 

Due to the multiplication by X(-bu) in Eq 6.3, only the first M lags on both the negative and positive fre- 

quency sides are non-zero. In addition, the phase of X ( w )  63 X ( w )  cancels out with the phase of 

X(-W) at any lag and the resulting spectrum FCdw) has zero phase. Table 6-1 shows the values of 
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FCo(w) for all positive values of the lag W. Moreover, the value of FCo(w) may be expressed in terms 

of signal energy since a 

Figure 6-2 Computing the value of FCo(w) for w = wo 

i: M - 1 p d u c r  r e m  M - 1 producs terms 
L 

Multiply a d  Sum = 

j *: denotes convolution 

Due to spectral symmetry, the results are the sarne for negative lags; consequently the inverse trans- 

form of FCdw) leads to the sum of M cosine tems given by Eq 6.2, from which it is evident that C3[7] 

has maximum at T =O, P, 2P. .. (where P is the pitch period Le. 27Vwo). 
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Table 6-1 Value of FCo(w) at al1 positive lags 

I w o  I [(M-I)+(M - 1)] a L / 4  
Phase: drhvO 1 P L e :  e 3 w  

2 wo 

3w0 

Moreover, the amplitude of the normalized cumulant slice, C'3[.t], is only a function of M, Le., the 

effect of signal energy has k e n  eliminated. This result is interesting since it draws on a sirnilar effect 

when dealing with a random process: the nomalized 3&-order statistics is equivalent to having an 

input data process with a variance of one. Finally, the zero-phase characteristic of the third cumulant is 

in agreement with the g e n e d  property denved in (Nik871 that the bispectrum (and thus the third-order 

cumulant) is insensitive to time shifts. 

a l 2  
Phare: e#ho 

[(M-2)+(M- l)]aL13 
phase: dZM 

*.--. 

(M-l)wo 

M wo 

Corollary 2: The skewness of the LPC residual of sready voiced speech may be wrirten as a fine- 

rion of the energy of the residual and the number of hannonics M. The n o m l i z e d  skewness is 

only function o f M  and is greater rhan zero for any practical values of M (which isjùnction of the 

pir ch). 

J 

(2M - 3) a318 

1 1 

Proof: The skewness is found by setting T = O in Eq 6.2: 

. . . . . . . . . . . . . . 
[ l  +(M- l)] a 2 / 4  
Phare: eif4v-l)kw0 

[O + (M - l)] a 2 / 4  
Phase: eiMw 

(2M - 4) a3/8 [(M -3) + (M - 1)] a2 1 4 
~ h a ~ e :  ei3- 

a l 2  
~izase: e-i3M 

a l 2  
p b e :  e - i f M - I ) h o  

a l 2  
phase: ejMhvO 

- - 

.a..-.. 

M a3/8 

(M - 1) a318 
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The skewness is: C3 [O] = 3 c ( E s )  

1 c 3  101 (M-1) The normdized skewness is: y, - = 3c 
l c2 

6.3.2 Non-Stationary Voiced Speech 
In the case of a non-steady voiced segment, not al1 harmonics are related and as result, the value of 

C3[r] may be zero for sorne of the hannonics. Clearly, if the frame is completely non-statioraary, then 

no three frequencies are related and the 3d-order cumulant is zero for al1 lags. In practice however, we 

expect that even for non-stationary voiced segments, a subset of the harmonics are related to the funda- 

mental and thus C3[.t] is rarely zero for voiced speech. 

6.3.3 Unvoiced Speech 

6.3.3.1 Assuming a non-Gaussian white process 

Since the LPC signal is assumed to have a flat envelop, the bispectrum is 2D-Rat across al1 bifrequen- 

cies: 

B ( w I , w 2 )  = E [ X ( W ~ ) X ( W ~ ) X ( - W ~ - W ~ ) I  = Y -  

The third-order cumulant, k i n g  the inverse Fourier transform of the bispectmm, thus consists of a 2D 

delta function of amplitude y: 

6.3.3.2 Assuming a harmonic process 

The LPC residual is modeled as a sum of sinusoids with random phases. In Section 3.2.3, it was shown 

that the 3rd-order cumulant of a single such sinusoid is zero. Since al1 sinusoids are statistically inde- 

pendent, then the cumulant of t h e  sum is the surn of the cumulants (Men911 and the 3" cumulant of the 

LPC residual of unvoiced speech is identicafly zero: 
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6.4 Fourth-Order Cumulant 

6.4.1 Unvoiced Speech 

6.4.1 -1 Assuming a non-Gaussian white procesr 
Both the power specuum and the trispectrum of the LPC residual of unvoiced speech are flat-envelop: 

The trispectrum is: T,  ( w ,, wz, w,)  = y and the power spectmm: P ,  ( w )  = a . As a result, the fourth 

moment of the residuai is a delta function: 

m4 (7,- t2, f3) = y6('5,, T~~ T ~ )  

and the second moment (Le., the autocorrelation) is another delta function: 

m, ( t )  = a 6 ( ~ )  . (E 6.9) 

Using Eq 3.16, die diagonal slice of the 4*-order cumulant of the residual may then be wrinen as: 

Diagonal Slice: [r] = [y  - 3a2] 6 (r) / 

6.4.1.2 Assuming a harmonic process 

The LPC residual of unvoiced speech is modeled as a sum of non-hamonically related sinusoids with 

uniforrnly distributed random phases. In Section 4.3.3, it was shown that for the case of a single sinu- 

soid with random phase, the diagonal slice of the 4h order cumulant is given by: 

['Tl = - 1 . 5 ~ 0 ~  (w,?) [ E , ] ' .  

For the case of M independent sinusoids, the cumulant of the sum is the sum of cumulants. As a result, 

the above equation can be extended for unvoiced speech by simply summing the cumulants of the indi- 

vidual sinewaves. The flat LPC spectrum implies ail amplitudes are equal. Thus: 

The diagond süce: /c4 [ r ]  = -1.5 [ E s ]  ' cos [w,s J / 
I r n =  I 

2 The kurtosis: !c, [O] = -1 -5 M [ Es] 1 
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6.4.2 Voiced Speech 
The LPC residual of voiced speech is a deterministic signal, that is modeled as either: 

1. A sum of coherent sinusoids with frequencies that are multiple of the fundamental. 

2. A sum of non-harmonically related sinusoids with unknown (but deterministic) phases and fre- 

quencies. 

3. A general signal, not necessarily harmonic, with a fiat spectnim. 

6.4.2.1 Cornmon property 

nieorem 2: If voiced speech is modeled as a detenninistic harmonic signal. then the DC compo- 

nenr of rhe horizontof dice of the 41h-onier cumulant (e4[r ] )  of the LPC raidual of voiced 

speech (both steady and non-stationary) rnay be wrirren in r e m  of the signal energy and the 

number of harmonies. 

Proof: In Section 3.3.2, it is shown that the DC value of the horizontal slice of the 4h-order 

cumulant slice of a deterministic signal may be written in ternis of the integral of the 4<h powen 

of the magnitude spectrum: 

Here, the specuum X m  consists of delta functions at frequencies f, and amplitudes a,& therefore: 

1 4 
~ ? r  (O) = -O 2 a, 

is the amplitude of the Mrh sinusoid. In the LPC residual. dl these are equal. thus: 

Theorem 3: /f voiced speech is modeled as a general detenninistic signal, then the DC cornpo- 

nent of the horizontal slice of the  order der cumuianr (&[TI) of the LPC residual of voiced 

speech {both steady and non-stationary) may be written in tenns of the signal energy and band- 

rvidth. 

Proof: This follows directly from Corollary I in Section 3.3.2, given chat the LPC residual hm a 

fiat-envelop spectrum of magnitude a, and is bandlimited to [-BW:BW]. The power spectrum is 

Rat-envelop and has magnitude d. The DC component of the horizontal slice is: 
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6.4.2.2 Steady voiced speech 

Theorem 4: According to the sinusoidal niodel. the **-order cumulanr slice @Jr] of the LPC 

residual signal of steady voiced speech that is  bandlimited to  fs/4 is made of 2M-l  harmonics 

and has the same periodicity as the underlying signal. The value at each harmonic may be writ- 

ren in r e m  of the energy of the signal ami the nurnber of hamonics. Moreove>; C 6 4 [ ~ ]  hns zero 

phase and rnuxima ar multiples of the pitch lag. 

Proof: For a deterministic signal. [r] is: 

and its Fourier transform is (fiom Section 3.3.1): 

f & ( i v )  = Ix(w) @ x ( w ) 1 2 -  [m,(0)126(w)-Z{P(W) @ P ( w ) } .  (E 6.1 8 )  

Since the signal x(n)  consists of M hamonics, its spectrum is made of M delta functions on  each of the 

positive and negative frequencies; moreover, the flat spectxum of the LPC residual implies equal mag- 

nitude impulses. Therefore, X ( w )  = (a /2)  ejkW for = f (wO, ZIV,,, -.., MwO) , and k is a constant 

that depends on  the onset time and the system delay. As in Theorem 1, it is assumed that the signal is 

bandlimited to 7t/2 or f ,/4 and as a resuit, there are only 2M positive and 2M negative lags that lead 

to non-zero values of the autoconvolution X ( w )  @ X ( w )  as well as the autoconvolution 

P ( w )  @ P (w)  , Therefore, F C d w )  has 2hf non-zero values on each side of the spectrum, and only a t  

multiples of wg as seen in Figure 6-3. 

Clearly, the phase of F&'~(w) is zero for al1 frequencies w since each term in Eq 6.18 has zero phase. 

Table 6-2 shows the various values of F@'~(Iv) for  al1 positive lags W. Due to spectral symmetry, the 

values are the same for negative lags. The signai energy is: m, (O) = Es = M (a2/2) and 

[ m 2  (0) 1 ' = 6 = M~ (a4/4)  , it follows that the magnitudes at the various h m o n i c s  (column 3) 

may be rxpressed in terms of  E:. A s  seen from Table 6-2, the= are 2M-l non-zero values. However, 

depending on the value of M. some other harmonics may be zero as well. 
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Table 6-2 Value of F C ~ ~ ( W )  for al1 positive lags 

W~ 

3wO 
[(2M 4) (2M - 6)) a4/ 16 

.*--.*-..-*.-* I 

1 

[(2M-2)(2M-4)]a4/L6 

[(ZM -3) (2M - 5)1 a4/ 16 

I 1 

(M-l)wo ] [L+(M-l)] 'a4/16 

M W~ 

(M+l)wo 

(M+î)w, 

(M+3)wo 

[(M-l)+(M-1)]2a4/16 

[(M -2) +(h4 - l)]' a4/ 16 
r 

......**..*.** 

O 1 [ l  + (M - 1)] a4/ 16 1 [M(M - 2)] a41 16 

3 ~ 0  

..... 

[O + (M - I)]' a4/ 16 

~ ~ a ~ / l 6  

(M- 1 )' a4/ 16 

(M-2)' a4/16 

O 

O 

O 

[(M-I)+(M-1)]a4/16 

[(M -2) + (M - 1)] a4/ 16 

[(M-3)+(M-1)]'a4/16 

.**..-**.-.... 

--..*-...- -*..*..*...... 

O 

O 

O 

O 

O 

O 

[O + (M - 1)] ad/ 16 

M a4/16 

(M-1) a4/16 

(M-2) a4/1 6 

[(M -3) + (M - l)] a4/ 16 
' 

------.--- 

[(M - l)(M-3)] a4/ 16 

M(M-2) a4/ 1 6 

(M- 1 )(M-3) a4/1 6 

(M-2)(M-Q) a4/ 1 6 
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Figure 6-3 IX(W)*X(W)I~ and P(w)*P(w) for w = 2wo 

[X(w)*X(w)ll , = z& 
Mitlriply and Sum = [(M-2) + (M- 1 )] a' /4 dd 

A 
I 

Autoconvolution of P(w) 

I i Freq 
2w0 

*: denotes convolution 
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Corol lary 3: The kurtosis of the LPC residual of steaày voiced speech may be expressed in r e m  

of speech energy and the number of hamonics. The normalized kurtosis i s  a function of rhe num- 

ber of harmonies only and is greater than zero for any practical value of the pif ch, namely: 

7 The kurtwis: k, ( 0 )  = 
[;M - 4 + -1 1 1 6M 

(E 6.19) 

Proof: The value of the 4Lh moment may be determined in the frequency domain. by summing 
1 2 

t he  coefficients of the Fourier transfonn of -Cx2 (n) x ( n  + T) since: 
N 

1 
- Z x 2 ( n ) X ( n  +t) C) I X ( w )  8 X ( W ) I '  Transforrn pair. N 

1 Therefore, the value at t = O  is: -CI* ( n )  = 1 IX ( w )  @ X ( w )  12dw. 
N 

n 
-It 

The value of the Fourier coefficients ( X  ( w )  @ X ( w )  l 2  is given in the fint column of Table 6-2. Due 

to spectral symmetry, the value of the surn over ail frequency lags is simply twice the value over the 

positive lags plus the value at lag O. Furthermore, the sum over the positive lags may be divided in 2 

groups: Grortp I includes lags wg through (M -I)wo and Group 2 includes lags Mwo through 2Mwo. 

Therefore: 

The integral over the lags of Group 2 is (from Table 6-2): 

and the integd over the lags of Group 1 is: 

4 

= c[M(M+1)(2M+' )  + M ( M - 2 )  ( M c  1 )  + M ( M - ~ ) ~ ]  
16 6 
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4 

I x ( w )  @x(W)12dW = o["(M+ ( 2 M + 1 )  + M ( M - * )  ( 2 M -  1) 
Group l 

16 6 

Combining Groups 1 and 2 yieIds: 

4 

/ I X ( w )  @ x ( w ) 1 2 d w  = G [ ~ ( ~ + ~ )  ( 2 M + 1 )  + M ( M - 2 )  ( 2 M - 1 )  
Group I -. Croup2 

3 1 
1 I X ( W )  @ ~ ( w ) l ' d w  = 

16 
(E 6.21) 

Group 1 + GroupZ 

Multiplying Eq 6.21 by the sale factor of 2, and adding the value a t  Iag zero yields the final result for  

the 4' moment: 

1 Noring that the value of the second moment (signal energy) is: Es - -ZrL (n )  = M a 2 / 2 .  Eq 6.22 
N 

2 may be written in terms of Es as: 

The kurtosis is deterrnined by first setting 7 = O in Eq 6.1 7: 

1 c4 '01 = = " z x 4 ( n )  -3 [i?-r2 ( r z ) ] ' .  
n 

and using Eq 6.22 for the value o f  the 4h moment. the Kunosis becomes: 

Kurtosis = C, [O] = C[ ;M-~+-  
6 M  

and the nomalized Kunosis i s  simply: 

I 
7 

6M- 
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6.5 Summary of the Derivations 

6.5.1 Third-Order Cumulant 
Steady voiced speech 

The horizontal slice C3[.r] of the third-order cumulant of the LPC residuai of a steady voiced 

segment has M harmonics and the sarne periodicity as the residual itself. The amplitude of 

each harmonic may be written in terms of the signai energy (variance) and the number of 

harmonics M. Moreover, C3[7] has zero phase and reaches maximum at multiples of the 

pirch lag, namely: 

C3 [O1 
and the normalized skewness is: y, = - = 3c ( M -  1 )  

Ey Jii;i - 

Non-stationary voiced: 
If no three hannoniç frequencies are harmonically related. then the 3rd-order cumulant is 

zero. In reality it is expected to be non-zero, partially due to non-linearity and partiaily to 

some randomly related frequencies. 

Unvoiced Speech: 
If unvoiced speech is modeled as a harmonic process. then i t s  3"-order cumulant is zero. If 

it is modeled as a non-Gaussian white process, then its cumulant is a 2D-delta function: 

6.5.2 Fourth-Order Cumulant 
Voiced Speech (steady and nonstationary) 
If voiced speech is modeled as a harmonic signal, then the DC component of the horizontal 

slice of the P-order  cumulant (C?&]) of the LPC residual can be written in terms of the 

energy and number of harmonics: 
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If voiced speech is modeled as a general detenninistic signal, then the DC component of the 

horizontal slice of the 4* cumulant (d'Jr]) of the LPC residuai may be written in ternis of 

the signal energy and bandwidth: 

Steady voiced 
-The 4th cumulant slice @'dd of the LPC residual is made of (2M-1) harmonics and has 

the same periodicity as the underlying signal. The value at each harmonic may be wntten 

in terms of the energy of the signai and the number of hannonics. Moreover, e4[z ]  h u  

zero phase and maximums at multiples of the pitch lags. 

-The normalized kurtosis may also be expressed in terms of the number of harmonics M, 

and is also greater than zero for any practicai value of M. namely: 

Unvoiced Speech (assuming a non-Gaussian white process) 

Diagonal Slice: ç, [ t ]  = [y  - 3 a'] 6 (7) . 
2 The kurtosis: C, [O] = y - 3a . 

Unvoiced Speech (assuming a harmonic process): 
M 

The diagonal slice: CI [TI = -1 -5 [Es ]  ' COS [ irt,rl - 
m = l  

2 The kurtosis: C, [O] = - 1.5 M [Es] . 
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6.6 Effectof Noise 

6.6.1 Effect of Noise on y3 and y, 
When the signal consists of both speech and noise, then x ( n )  = s ( n )  + g (n) . If s(n) and g(n} are 

statistically independent, then the energy of x(n) is the sum of speech and noise energies: 

Ex = Es + E, . Second-order statistics are thus directly affected and in an additive way by the pres- 

ence of noise. Higher-order statistics on the other hand are immune to Gaussian noise, which has zero 

HOS. Since cumulants are cumulative WenOl]. it follows that the 3" and 4& order cumulants of x(n)  

are simply those of s(n). As a result, the above derivations for C3[O] and C4[O] still hold in the presence 

of Gaussian noise. However, when normalizing these two quantities by the signal energy E, the effect 

of the noise terrn in the denominator does not cancel out with the speech energy tenn Es in the numer- 

ator in Eq 6.4 and Eq 6.19. It is easy to see that the expressions for the norrnalized skewness (Eq 6.5) 

and kunosis (Eq 6.20) of noisy speech can now be extended to include an SNR tenn as follows: 

- -- 

SNR 3'2 M -  i y 3  = " ( S N R I  I )  [+] 1 

Therefore, the effectiveness of these two metrics to detect voicing decreases with the SNR. Due to the 

power of 2, the norrnalized kurtosis is more adversely affected by the presence of noise than the skew- 

ness. 

If the noise is non-Gaussian but has a syrnrnetricd distribution. then only its 3rd-order statistics are 

zero and the above reasoning holds for the normalized skewness but not the kurtosis. Consider the 

hypothetical case of Laplacian noise. Using the cumu~ative property of the HOS and the fact that the 
2 

kurtosis of a Laplacian process may be written in ternis of its energyl as: C,, [O] = 3 (E rg2 ( n )  ] ) . 
then the normalized kurtosis of noisy speech becomes: 

1 .By evaluating the znd and lh moments of the Laplacian pdf. 
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SNR 1 ( ) ' [ ~ M - ~ + & ] + ~ - ( S N R + I ) ' -  Y4 = SNR + 1 

The effect is similar to the case of Gaussian noise, in that the effectiveness of the kurtosis degrades 

with the S N R .  However, the problem of distinguishing speech fiom noise based on this rneuic needs to 

be refomulated since the normalized kurtosis of the noise is no longer zero, but 3 in this case. 

6.6.2 Effect of a non-flat LPC residual 
It was mentioned in Section 6.2.2 that noise may adversely affect the LPC analysis, which will result 

in a residual that is flat in an aggregate sense, though the speech cornponent itself is not flat. Even in 

the case where noise is not present, one would not expect the LPC residual to be perfectly flat since the 

LPC analysis itself is seldom perfect. It is therefore necessary to assess the implication of a non-flat 

residual on the properties of the HOS of speech derived so far. 

i n  the above derivations of the 3* and 4~ order cumulants. the flat envelop characteristic of the signal 

caused the values of the autoconvolution of the spectrum to be expressed in ternis of the signal energy. 

This in turn implied that the amplitude at each harmonic of the cumulants rnay be expressed in terms 

of the speech energy and number of harmonies, which led to closed-form equations for the skewness 

and kurtosis. If the flat spectrum assumption is no longer true, then clearly the autoconvolution can no 

longer be expressed in terms of the signal energy but will be a combination of the amplitudes at the 

various signal hannonics. It is easy to see however that the overall behavior of these cumulants will 

not be significantly changed, specifically: 

The zero-phase characteristic of the cumulant slices still holds and as a result the skewness 

and kunosis still represent the maximum values of these functions. 

The harmonic nature of the cumulant slices remains unchanged, though the harmonic magni- 

tudes may be different. 
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The skewness and kurtosis are still positive but rnay not be expressed in terms of the speech 

energy. Instead, their value is a non-closed-forrn function of the speech amplitudes at the 

various harrnonics. As a result, the normalization by the energy (in the expressions of y3 and 

y4) will no longer cancel out the effect of energy in the numerator and the normalized metrics 

are no longer independent of signal amplitude as is the case in Eq 6.5 and Eq 6.20. 

6.7 Results Using Speech Signals 
The derivations presented above are verified using recorded clean speech. A 10lh-order LPC analysis is 

perfomed on speech sampled at 8 kHz. The nomalized 3" and 4" order cumulants hinctions of the 

LPC residual are computed using frames of 20 msec (160 samples) with a 25% overlap. The residual is 

low-passed using a 60-tap FIR filter with a cutoff at 1.8 kHz. in order to avoid the problem of addi- 

tional harrnonics reported in [Rui95], the cumulant slices are computed as: 

where K is the maximum lag and N is the number of points in the fracne. The idea is to keep the Iimit of 

the summation constant for al1 lags T. 

6.7.1 Voiced Speech 
The waveforrn for the utterance "help the woman" spoken by a maie speaker is shown in Figure 6-4. 

Mild Gaussian noise was added (at 30 dB SNR) to avoid zero level signals. The normalized skewness 

and kurtosis of the LPC residual are shown in Figure 6-5 for a number of frames. 
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Figure 6-5 Nomalized skewness and kurtosis of the LPC residual 

: II: . :  

Frame number 
Voiced 

Frame nurnber 

Figure 6-6 Histograms of norrnalized kurtosis of residual (speech vs. Gaussian noise) 

Freq 
of 3 0  1 li Speech 
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The 2nd. 3rd and 4" order cumulant slices are evaluated for a range of possible pitch lags. The slices of 

3rd and 4" order cumulants were normalized by the signal variance as was mentioned earlier. Figure 

6-7 compares the nonnalized CZ[.r] (the autocomlation) with the normalized C3['] and Cq[7] dices for 

the case of two consecutive voiced frames (20 and 21 in Figure 6-4). As may be seen from Figure 6-7, 

al1 three functions have a maximum at the pitch lag in addition to having zero phase (mu at lag O). 

Figure 6-7 Nomialized C2[t], C&], and C4[t] for frames 20 and 21 

lag t (samples) / 

6.7.2 Effect of Noise on y3 and y4 
The skewness and kunosis are computed at an SNR of 10 dB under Street, Gaussian and office noise 

conditions. The results are shown in Figure 6-8 and cornpared to the case of clean speech. At this SNR 

level, one would not expect significant degradation of the normalized metrics (Eq 6.24 and Eq 6-25}. 

Indeed, for the case of Gaussian noise. these appear quite robust. Some degradation is observed for the 

other noise types, but the overdl behavior is not significantly altered under any of the types shown, 
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Figure 6-8 Normalized skewness and kurtosis at 10 dB SNR Levels 
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6.7.3 Unvoiced Speech 
To better analyze the HOS of unvoiced speech, two sustained fricatives, narnely If1 and /h/ were 

recorded for a few seconds and their LPC residual used for computing the skewness and kurtosis. The 

waveforms for the two phonemes are shown in Figure 6-9. The nomalized skewness and kurtosis for 1 

f/ is shown in Figure 6- 10. To better interpret the results, histograms for the two entities are computed 

and shown in Figure 6-1 1 for If/ and in Figure 6-12 for /h/. When the HOS quantities of unvoiced 

speech are compared to those of Gaussian noise, shown in Figure 6-13 and Figure 6-14, it seems that 

the LPC residual of unvoiced speech is likely Gaussian since its HOS are zero. However since in real- 

ity unvoiced speech occurs in small segments and often at transitional boundaries, it is expected chat its 

HOS are non-zero. This phenomena is confirrned by simulation (for exarnple frarnes 18 and 19 in Fig- 
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ure 6-4) and is in agreement with the experimental findings in Fa1931 about the non-zero normalized 

HOS of transitional speech segments. 

Figure 6-9 The unvoiced phonemes /f/ and /h/ 

T h e  index (samples) Time index (samples) 

Figure 6-10 Norrnalized skewness and kurtosis of the LPC residual of /f/ 

Frame number Frame number 
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Figure 6-11 Histograms of the normalized skewness and kurtosis of /f/ 

- 1.2 -0.8 -0.4 O 0.4 0.8 vaiue of f i  

Figure 6-12 Histograms of the norrnalized skewness and kurtosis of /hl 

-1 .3  -0.8 -0.4 O 0.4 0.8 value of 
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Figure ô-1 3 Nonnalized skewness and kurtosis of the LPC residual of Gaussian noise 

Figure 6-14 Histograms of the normalized skewness and kurtosis of Gaussian noise 
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Conclusion 
The LPC residual of steady voiced speech is far fmm k i n g  Gaussian as shown anaiyticaily by the 

HOC derivations and verified by simulation. The zero-phase characteristic of the HOC slices of voiced 

speech allows one to use these slices in a similar manner as the autocorrelation function for pitch esti- 

mation. This zero-phase feanire however degrades as speech becomes non-stationary. with the 

3*-order cumulant k ing more sensitive to this condition than the 4"-order one. and quickly going to a 

near-zero value for non-stationary segments. 

The horizontal slice of the 4&-order cumulant holds its zero-or-18O0 phase characteristics for non-sta- 

t i o n q  speech, since it consists of three tenns, each having inherently zero phase as evident from its 

Fourier uansform. For this reason, this slice keeps a significant magnitude during non-stationary 

speech, but its periodicity no longer reflects that of the original speech due to different spacing of the 

harmonies in the auto-convolution of the spectrum. Thus, its use for pitch estimation becomes unreli- 

able. Moreover, the fact that the phase can shift to 180° implies a negative value of the kurtosis during 

non-stationarity, though simulation showed that this rarely happens. 

The derivations are based on the sinusoidal modeling of the original speech and the LPC residual, and 

the fact that the LPC residual of steady voiced speech consists of hamonically reiated sinusoids of 

nearly-equal amplitudes. This assumption is contingent on the number of sinusoids in the original 

speech signal being higher than the order of the LPC analysis, othewise the LPC residual takes 

near-zero values. This phenornena is sometirnes encountered for certain sustained vowels (which c m  

be modeied by a low order sinusoidal model), thus causing erroneous values of the HOS. 

The skewness and kurtosis of steady voiced speech are clearly greater than zero and rnay be used as 

discnminators for voicing. The nonnalized entities are independent of signal amplitudes, but their 

effectiveness degrades in noisy conditions and in non-station- speech conditions. 

The LPC residual of unvoiced speech (such as  fricatives) has zero HOS and as such it was conchded 

that unvoiced speech is Gaussian-like rather than a hamonic-Like as suggested by McAulay's sinusoi- 

da1 model. 



Application o f  Higher 

Order Cumulants to 

Uoice flctiuity Detection 

Synopsis 
- - - --- -- 

The HOC properties of LPC-filtered speech derived in the previous chapter are exploited here in the 

goal of finding a robust algorithm for voice activity detection in the presence of noise. A necessary 

condition for voicing is derived based on the relation between the skewness and kurtosis of voiced 

speech. The variance of the HOS estimators is used to yield a Lkelihood measure for noise frames. The 

performance of the algorithm is compared to the ITU-T G.729B VAD [Ben971 in various noise condi- 

tions. The probability of correct and false classifications is computed for both dgorithms relative to 

hand-labeled speech for various SNR and noise types. 

Motivation and Related Work 
Voice activity detection (VAD) is an integral part of a variety of speech communication systerns, such 

as speech coding, speech recognition, hands-free telephony, audio conferencing and echo cancellation. 

In the GSM-based wireless system, for instance, a VAD module Fre89] is used for discontinuous 

transmission to Save battery power. Similarly, a VAD device is used in any variable bit rate codec 

[PN-32931 to control the average bit rate and the overall coding quality of the speech. In wireless sys- 

tems based on Code Division Multiple Access, this scheme is important for enhancing the systern 

capacity by minirnizing the interference. 

In the early VAD algorithms, short-term energy, zero-crossing rate and the LPC coefficients were 

among the comrnon features used for speech detection [Rab77]. Cepstral features [Hai93], formant 
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shape [Hoy94], and a least-square periodicity rneasure [Tuc92] are some of the more recent meuics 

used in VAD designs. In the proposed G.729B VAD @en97]. a set of metrics including Iine spectral 

frequencies (LSF), low-band energy, zero-crossing rate and full-band energy is used along with heuris- 

tically determined regions and boundaries to make a VAD decision for each 10 m e c  frame. 

While previous work in the area of speech analysis, such as voicing detection or pitch estimation, 

attempted to exploit some of the observed features of the HOS of speech signals, little was done to pro- 

vide a formal framework for using these cumulants: In we185], a voiced/unvoiced detector using the 

bispecuum was developed and based on the observation that unvoiced phonemes are produced by a 

Gaussian-like excitation and thus result in a small bispectrum whereas the same is not tme for voiced 

phonemes. In [Rang51 a method based on Gaussianity tests for the bispectnrm and the triple correla- 

tion was used to discriminate voiced and unvoiced segments. The method exploits the Gaussian blind- 

ness of HOS but not the peculiarities of the HOS of voiced speech to better classify the segments. In 

[Fa193], the normalized skewness and kurtosis of short-tenn speech segments was used to detect tran- 

sitional speech events (tenned innovation), based on the observation that these two statistics take on 

non-zero values at the boundaries of speech segments, but no analyticai ground was given to support 

the results. In [Mor92] a pitch estimation method based on the periodicity of the diagonal shce of the 

3d-order cumulant was descnbed and yielded more diable  pitch estimates than the autocorrelation, 

but the ciaim of the 3'L'-order cumulant slice having similar periodicity as the underlying speech was 

not clearly demonstrated. 

The key idea in using higher-order statistics for a robust voicing detection hinges on being able to sep- 

arate signal and noise based on these statistics. The findings in the previous chapter clearly demon- 

strate that these statistics are indeed different from those of Gaussian noise when the LPC residual of 

the speech signal is considered. 
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7.2 Voice Activity Detection using HOS 

7.2.1 Rationale 
It was shown in Chapter 6 that the skewness and kurtosis of the LPC residual of voiced speech can be 

expressed in terms of the number of harmonies M and signal energy and are greater than zero for any 

practical value of M (which is a function of pitch). The normalized statistics may be expressed in terms 

of M only (Eq 6.5, Eq 6.20). This is clearly distinct from the case of Gaussian noise, where both of 

these entities are zero. It seems sensible then to make use of these two statistics as one way of detect- 

ing voicing. T h e  advantage of using the normalized ones is that they are independent of the signal 

energy and therefore absolute thresholds may be used- However, when using normalized statistics, one 

has to account for the effect of noise (Eq 6.24, Eq 6.25). Altematively, one may consider the variance 

of the estimators of the skewness and kurtosis and normalize the computed entities to yield unit-vari- 

ance estimators. Another point worth exploiting is the relation behveen the skewness and kurtosis for 

voiced speech and the use of this relation as a necessary condition for classifying a fiame as voiced. 

These two ideas are further detailed below and are the basis of the proposed VAD algorithm. 

7.2.2 Soft Detection of Noise Frames 
The skewness and kurtosis of Gaussian noise are zero only in a statistical average sense. Since in prac- 

tice finite length frames are used, the decision chat a given frame is noise can only be made in a proba- 

bilistic sense with a confidence level that takes into account the variance and distribution of the 

estimators of the skewness and kurtosis. Given a Gaussian process g(n). the estimators of the 2nd and 

qth moments are: 

1 N - '  
M,, = [g (n) ] estirnator for E [ { x  (n) } '1 . 

n = O  

for k = 2 and 4. In Appendix A, it is shown that these estimators are unbiased, and for the case of white 

Gaussian noise. their mean and variance may be expressed in tems of the process variance, u, : 

3 4 1 Su, 96u, 
Var [M,,] = - N and Var [ M,,] = - . IV 
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As a result. the estimator of the skewness ŝ K = M,, is unbiased, with zero rnean and known vari- 

ance. Since this estimator is the sum of a large number of independent identically disttibuted (iid) ran- 

dom variables, then by the Central Iimit theorem &eo89], the following random variable: 

is Gaussian with zero mean and unit variance. Therefore, given the estimate of the skewness of a given 

frame and the corresponding scaled value denoted by 'a', one can find the probability that the frame is 

Gaussian noise as: 

Pro6 [Noise] = Prob [ I s ~ (  2 a ]  . (E 7.4) 

Graphically, this is equivalent to cornputing the m a  under the tail of the Gaussian curve of sÎC.. 
Clearly when a = O the area is unity. The area under the tail of the curve can be evaluated using the 

OD 

egc(x) function. For example, when a > O, Prob [Noise] = e dx . 
a 

Thus, Prob [Noise] = erfc ( ]a l )  . 

Similady. the estimator for the kurtosis is fint computed from the 2nd and 4" moments. To ensure an 

unbiased estimate, the modified estimator proposed in Eq A.4 is used: 

This estimator is unbiased, with zero mean and known variance given in Eq A.27. The distribution of 

this estimator is not straightfonvard, since it consists of the difference of two variables, one Gaussian 

and one Chi-square- However, an approximation is used here and the estimator is assumed normally 

distributedl. A unit-variance version of this zero-mean variable is defined as: 

Therefore, given the value of the estimate of the kurtosis of a given frame and the corresponding 

scaled value, denoted by 'b*,  the probability that the frame is noise as: Prob [Noise] = erfc ((61) . 

1 .This assumption is verified to be reasonable by simulation (e.g., Figure 6-6). 
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The discussion so far pointed out that given the estimate of the skewness and kurtosis, one c m  deter- 

mine the probabiIity of the frame k ing  Gaussian noise using the normaiized values of these estimates 

and the e$c hnctions. Moreover, it is assurned that the m e  variance of the noise (u, ) is known apri- 

ori. in reality, this is not the case but one has only a (hopehlly good) estimate of the noise energy, 

which is estimated during frarnes declared non-speech. This estimate is not equal to the crue variance, 

but is relatively good compared to the estimates of the skewness and kurtosis, which are only deduced 

from a short data frame. 

7.2.3 Necessary Condition for Voicing 
The skewness and kunosis of voiced speech are expressed in terms of energy and number of harmon- 

ics and may be used for detecting voiced frames. In order to eliminate the effect of energy, one may 

consider the nomalized metrics (y3 and y*), but in the presence of noise, these mecrics become less 

effective for detecting voiced frames (Eq 6.24, Eq 6.25). Alternatively, the ratio of the appropriate 

power of the skewness to that of the hurtosis may be considered as one way of eliminating the effect of 

signal energy in Eq 6.4 and Eq 6-19, while avoiding the effect of noise. Consider the ratio: 

1 

skewness' - SKR = - 9 ( ~ -  I ) ~  
1 J 

kurtosis g~ 

which is independent of signal energy and is only a function of M. Examining the SKR reveals that for 

the practical range of M ( M  1 4  ), the ratio is confined to the range [ O . .  - 1  ] , and thus this is a neces- 

s a r y  condition for classifying a frarne as a voiced frame. When only Gaussian noise is present, the ratio 

is undeterrnined since both operands are zero. In reality, this zero condition is never the case due to the 

variance of the estimators. However, the ratio may take on any vdues, including the range for voiced 

speech (Le., [O.. - 1  ] ); for this reason, this is a necessary but not sufficient condition for detecting 

voiced frames. 

7.2.4 HOS-based VAD Algorithm 
Since sustained unvoiced speech has been show to have Gaussian-like charactenstics, it cannot be 

distinguished from Gaussian noise using HOS. However, as discussed in Chapter 6, this is seldom the 

case in reality where unvoiced speech occurs at speech transitionai boundaries which have non-zero 

HOS. Therefore the VAD detection proposed here rnay be based on HOS and can be fomulated as a 

finite 2-state machine. The algorithm proposed combines the use of the skewness, kurtosis, their nor- 
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malized versions y, and y, . the SNR, and the SKR, for detecting speech frames and making a voicing 

decision. 

Data format 

Speech sampled at 8 ki-iz is used. A IO-order L X  analysis is perfomed once every 20 msec, thus gen- 

erating a 20 msec residuai. Voice activity detection is done every I O  msec using the residual and a 20% 

overlap (Le., 80 new points are combined with 20 from the past iteration). 

HOS Computations 

Every 10 msec iteration. the estimaton for the znd. 3" and 4h moments are computed using the N = 

100 points and Eq A.1. An autoregressive scheme is used to smooth the estimates of the moments. 

From these, the unbiased estimate of the kurtosis (Eq A.4) is deduced. The estimate of the skewness is 

simply the 3rd moment (Eq A.2). The two metrics are then nonnalized by the signal energy to yield: 

Noise and SNR Estimation 

The noise power is estimated using frames declared non-speech (i.e., when in the noise state). More- 

over, it is assurned that the first three frames are non-speech and are used to initialize the noise power 

estimate. Whenever a frame is declared non-speech, its energy is used to update the noise energy. An 

averaging scheme is used to smooth the estimate with an integration constant that is a fùnction of the 

noise likelihood of that Frame. 

i> , (k )  = (1  - $ ) G , ( k -  1) +PM,, (E 7.9) 

where k is the iteration index. M,, is the frarne energy, 6, is the estimate of the noise energy, and 

p = O. 1 - Prob [Noise] . At every iteration, the current estimate of the noise energy is used to com- 

pote the SNR of that frarne: 

where Pos [ x ]  = x for x > O and O otherwise. Since the residual is low-pass filtered at 2 kHz. the 

above SNR is for the Iower spectrum only. Using a sirnilar reasoning a 'total SNR' metric is computed 

using the non-filtered residuai and the energy of the full band. 
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Probabiiity of noiseonly frame 
Once the skewness and kurtosis are computed, the variances of these estimates are computed using the 

noise energy u, , according to Eq 7.3 and Eq 7.6. to yield the zero-mean. unit variance estimates ska 
and ~ î / o a  respectively. From these two scaled values. the probability of the frarne king noise is: 

P r o b  [ N o i s e ]  = [ e r f c  ( a )  + erfc ( 6 )  ] /2 

where a and b are the computed values of ~k and KÛ". respectively. 

SKR ratio 

The ratio is computed directly from the non-normalized estimates of the skewness and kurtosis: 

SKR = [sic] 

[ K U J  I5 * 

SpeectûNoise State machine 
The VAD algorithm is implemented as a 2-state machine (Figure 7-1). The following operations are 

carried out in each state: 

Speech State 

-The SKR ratio (Eq 7.12) is used to determine if the current speech frarne is voiced. 

-The noise likelihood (Eq 7.11) along with the values of y, and y, (Eq 7.8) are used to 

determine whether the frame is Gaussian. After a hangover period (2 to 3 frames), transi- 

tion to the Noise state occurs: 

Noise State 
-The noise energy is updated according to the Prob[Noise] (Eq 7.9). 

-The S KR ratio, the Gaussian likelihood and the SNR (Eq 7.10) values are used to deter- 

mine whether the frarne is speech. The occurrence of any of the following three condi- 

tions triggers a transition: 

Prob [Noise] < TGaUs for two consecutive frarnes 

SKR in voicing range and S N R  Tsm, (an indication of voiced frame) 

Tota lSN R > TsMz (strong speech frarne) 



Figure 7-1 HOS-based VAD state machine 
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7.3 Experimental Results 
To evaluate the effectiveness of the HOS-based VAD, the probability of correct and false detection was 

calculated for a nuinber of noisy speech scenarios. To obtain these two metrics, a reference decision 

was made for clean speech material of 25 seconds containing utterances spoken by male and femaie 

speakers and the following Harvard sentences: 

-Note closely the size of the gas tank. Wipe the grease off his dirty face. 

-Pluck the bright rose with leaves. Two plus seven is less than ten. 

-He picked up the dice for a second role. These coins will be needed to pay his debts. 

-Both brothers wore the same size. In some form or another. we need fun. 

Each segment of 10 msec was manuaily labeled and the following metrics are used: 

PcSpeech: Probability of correctly detecting speech frames. Computed as the ratio of correct 

speech detections to the total number of hand-labeled speech frames. 

PcNois,: Probability of correctly detecting noise frames. Computed as the ratio of correct 

noise detections to the total number of hand-labeled noise frames. 

PR Probability of false detection. Computed as the ratio of incorrectly classified speech or 

noise frames to the total number of frames. 



Noisy speech is produced by digitally rnixing noise files with the clean speech file at various SNR lev- 

els, For each noise type and SNR, the Pc's and Pf s of the proposed VAD are compared to those corn- 

puted for the G.729B VAD [Ben97]. The results from ail these scenarios are summarized in Table 7-1. 

The noise types used here are al1 recorded noises, with the exception of the Gaussian noise which is 

synthetically generated. Three S N R  levels are used, namely 20 dB, 10 dB and 5 dB. The SNR value is 

cornputed based on the ratio of the total energy of speech to that of the noise over the entire utterance. 

In addition to computing the above metrics, marker files are generated from ninning each algorithm on 

the given speech in order to visually inspect the performance, 

Table 7-1 Pc's and Pf's for the HOS-based and G.7296 VAD 

1 Gaussian 1 20 dB ( 

wl Office 

pc I Pc I ~ W )  Noise (%) Speech(%) 
Pc 

Noise (%) 1 Speech(%) pc 

At high SNR, both algorithms perform roughly the same in Gaussian and fan noise conditions, with a 

probability of false detection around 10%. While this figure may seem high. it is partly due to the sub- 

jective factor in hand-labeling the ambiguous speech segments, such as the small amplitude ones. 

However, incorrect decisions about these are not very drastic in the context of variable rate coding, for 

example. Figure 7-2 illustrates the decision for both VAD7s in mild Gaussian noise (20 dB). The clean 

waveform is shown dong the HOS and G.729B VAD markers. In office noise where dominant conver- 

sations occur, the HOS-based detector falsely classifies noise segments as speech. This is due to the 



fact that the noise in this case is speech-like and has a non-zero HOS. Clearly, the G.729B VAD gives 

better performance in terms of false classification at al1 SNR levels in this case. Figure 7-4 illustrates 

the case for this noise at 10 dB SNR and it is clear the HOS-based VAD is biased towards speech deci- 

sions. For the case of sueet noise at 20 dB Sm, a somehow similar though less pronounced behaviour 

is observed where the HOS performance is biased towards speech. While it is arguable that street noise 

is close to king Gaussian, king the sum of many independent sources, it aiso contains periods of 

bursty non-stationary noise caused by the sound of pedestrians or accelerating vehicles. The reason for 

the HOS-based decisions king biased towards speech in non-Gaussian and low noise conditions may 

be explained by considering the state machine transitions (Figure 7-1): A non-Gaussian noise wil1 

result in a low noise likelihood measure which will delay or inhibit transition from the speech to the 

noise states, resulting in more speech classifications. The consequences of this behaviour however are 

not as severe as if the problem occurred on the other transition, since then it will result in falsely clas- 

sifying speech as noise, which has more detrimental consequences. 

In low SNR conditions, the HOS-based VAD perforrns overall better in Gaussian, street and fan noise. 

The case of street noise at 10 dB SNR is shown in Figure 7-3. The difference in classification is partic- 

ularly notzd in the Iast non-speech segment where the G.729B has a rather erratic behaviour and 

results in wrong oscillations between the states. The case of fan noise is illustrated in Figure 7-5- In 

this scenario, the HOS-based system performs overall better at 10 dB and 5 dB SNRs (Table 7-1). 

From the figure, it also results in smoother transitions between the two states. 

A final point worth noting is that the degrddation in performance between high and low SNR's for 

street and fan noises is not as severe in the HOS-based VAD as it is in the G.729B one. This can be 

seen in Table 7-1 by comparing performance between the 20 dB and 10 dB cases. This suggests that 

while the metrics used in the ITU-T VAD are effective in isolating speech, they are not robust to noise 

and quickly degrade in low SNR conditions. 



Figure 7-2 HOS-based and G.729B VAD in Gaussian noise conditions (20 dB) 



Figure 7-3 HOS-based and G.729B VAD in street noise conditions (10 dB) 



Figure 7-4 HOS-based and G.729B VAD in offce noise conditions (10 dB) 
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Figure 7-5 HOS-bas& and G.7298 VAD in fan noise conditions (10 dB) 
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Conclusion 
A new algorithm for voice activity detection was described in this chapter. This proposed VAD scheme 

rnakes use of the HOC properties of speech derived in Chapter 6, particularly the fact that the skew- 

ness and kurtosis of voiced speech are non-zero and may be expressed in terms of signal energy and 

number of hannonics. The relation between the two metrics is used as a necessary condition for voic- 

hg. Moreover, the variance of the HOS estimators is used to quanti@ the noise likelihood of a given 

fnme. The algorithm combines these concepts with low-band and full-band S N R  measures to classify 

inmes into one of the two States and detennine whether speech frames are voiced. 

Compared to the G.729B VAD, the proposed algorithm is based on a more analytical frarnework, is 

conceptually simpier and uses a smaller parameter set, therefore making it easier to tune. Performance 

results show that the proposed algorithm has overall comparable performance to the G.729B: Its prob- 

ability of false classification is lower in low SNR and Gaussian-like noise, but higher in speech-like 

noises. The fact that a simple HOS VAD based on a minimum parameter set can match the perfor- 

mance of the current standard suggests that HOS metrics have promising potential in yielding VAD 

akorithms that would sumass the current state of the art. 



C H A P T E R  8 lmplementation Issues o f  

Higher Order Statistics 

Synopsis 
Some of the crucial issues in implementing HOS-based methods include accuracy and computational 

complexity. The first is due to the bias and variance when estimating HOS frorn finite data records. The 

second is due to the fact that the higher-order cumulant functions inherently involve more computa- 

tions than their second-order counterpart. A nurnber of denvations quantiQing the bias and variance of 

the HOS estimators of a sinusoidal signal in white Gaussian noise are given in Appendix A. This chap- 

ter explores the computational aspects of HOS implementations: 

The first part addresses complexity and proposes an algorithm for efficiently computing the 

3d-order cumulant function with a reduced number of multiplications. The algorithm 

exploits the redundancy in the time samples to infer a factored expression with fewer multi- 

plications. 

The second part deals with executing a DSP algorithm on a parallel architecture. A generai 

scheduling and allocation mode1 is ptoposed for mapping a set of operations on a config- 

orable multi-unit architecture. The aigorithm is based on branch-and-bound concepts with 

the use of a non-detenninistic heunstic that accounts for the opportunity cost of resources 

and the scheduling urgency of the operations. 
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8.1 Efficient Computation of the Third Order Cumulant 

8.1.1 Motivation 
The third-order cumulant function (Eq 3.6) for a finite length sequence is cornputed as: 

Computing the above for an N-point windowed sequence requires on the order of K - M - N multipli- 

cations md additions (the division by N is discarded for the rest of this discussion), where N is the 

sequence length and K and M are the ranges for the two lags, respectively. The number of multiplica- 

tions may be reduced by exploiting certain properties of C3 [k, ml . The following are observed: 

Most sarnples appear two or three times as multiplicands and can be factored accordingly. 

The product tems may be grouped into symmetxy regions that repeat and can be factored. 

The approach presented here extends a similar one that is used to compute the autoco~elation function 

with a reduced number of multiplications [Rab78]. The case of the third cumulant is however more 

involved given the presence of two lags. 

8.1.2 The algorithm 
Without loss of generality, it is assumed that k < m, and a new index is defined: d = rn - k to denote 

the difference between the two lags. Factoring the cumulant into an efficient forrn depends on the rela- 

tion between the two lags, namely between the smaller lag (k) and the difference between the lags (d). 

Two cases are thus considered: 

Case 1: k < d 
The product terms required for computing C, [2,8] are shown in Figure 8-1 (here k = 2, m = 8, d = 6).  

First, note that the terms rnay be divided into symrneuy regions, each consisting of m+d (in this case, 

14) prduct tenns. Thus the terms in each of these regions is first re-written in a factored way and the 

process replicated to the other regions. 

In this example. it is observed that s [ 8 ]  and s[9 ]  occur in three terrns and may be factored as: 



8.1 Efficient Computation of the Third Cumubnt 169 

The above expression thus eliminates lines 1. 2. 7. 8. 9. IO (the lines with a check). The remaining 

samples, namely s[10]. s[ll]. s[12], s[l3], no longer occur in three product tenns since some of these 

occurrences have already been factored in with s[8] and s[9]. However they occur twice and may be 

factored as: 

In general, for the case where k < d, each symmetry region may be expresseci as: A + B . whem A cap- 

tures the products that are factored three times: 

and B the remaining products that are factored two times: 

Figure 8-1 Product terms for computing C3[2,8j 

1 grnmetr). 

region of 
size m + d 
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In order to add al1 the symrnetry regions, a periodic time index p is added and incremented by (m+d) 

every period until ail N samples have been used. This assumes that the total number of samples is a 

multiple of (m+d); if this is not the case, the remaining product t e m s  are computed in their original 

form. Thus, the total number of time samples used, N, is written as: N = P(m+d) + K where P is an 

integer, and denotes the number of symmetry regions, and r is the number of residual product t e m s  

rhat cannot be factored. The cumulant is then written as a sum of three expressions: 

C,  [k, ml = A + B + R with: 

where R inctudes the remaining unfactored product terrns. whose number is Iess than the size of a sym- 

metry region (m+d). The index p starts frorn 0, and is incremented by (m+d) each time. for a total of P 

times: p = O, . . ., ( m  + d )  , 2 ( m  + d )  , . . ., ( P  - 1 ) ( m  + d) . The number of operations required for 

this case are given in Table 8-1 below: 

Table 8-1 Number of operations 
- 
for 

Case 2: d < k 
The expression developed for this case is similar to those of case 1, except for: 

The limits of the A & B summations. 

case 

The size of the symmetry region. 

The first component of the B summation. 
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The product terms required for computing C, [6, 91 are shown in Figure 8-2 below (here. k = 6. m = 

9. d = 3). As before. symrnetry regions are identified. and the product terms may be divided in symme- 

try regions. in this case. of s i x  (t + m). Thus. the total number of time samples used. N. is written as: 

N = P(m+k) + + Using the sarne reasoning as in case 1. the 3d-order cumulant is written as a sum of 

three expressions: 

C,  [ k , m ]  = A + B +  R with: 

Figure 8-2 Product terms for computing C3[6,9] 
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Here the index p starts from 0, and is incremented by (m+k) each time, for a total o f  P times. Thus 

p = 0, ..., ( m + k ) , 2 ( m + k ) ,  ..., ( P -  1 )  ( m + k )  . 

The nurnber o f  operations required for this case are given in Table 8-2 below: 

Table û-2 
- - 

Number of operations for case 2 

8.1.3 Comparative Results 
Both cases resuIt in a reduced number of multiplications (the number o f  additions is unchanged). The 

percentage savings in either case depend on how close the number o f  product terms is to an integer 

number of symrnetry regions. 

Table &3 Comparative results 
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Table 8-3 illustrates sorne exarnples for various lags (thus cases 1 and 2) and various N values (thus 

various number of terrns for the residual R). In applications where dl valid combinations of (k, m)  are 

considered (e-g., [RangSI), the total number of multiplications is reduced by 20 to 25%. Considering 

that the toral number of operations is on the order of 106 per analysis frarne, this clearly results in sig- 

nificant swings. Finally, note that the exceptional case where both lags are zero cannot be factored and 

thus C ,  [O, O] is evduated using the regular fom. 
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Mapping DSP Algorithms ont0 Configuiable Architectures 
The rapid advancement in VLSI and microprocessor technology has made single-chip parallel archi- 

tectures economicdly available. Fixed and reconfigurable arrays containing a number of arithmetic 

and combinational modules have k e n  proposed [Asc96] [Ctie95][Mas9 1 ] FIo1861. The use of these 

arrays is becorning an attractive alternative to fixed ASICs for implementing iterative DSP algorithms. 

When mapping an algorithm ont0 such an array, one needs to optimally schedule and allocate the 

available hardware resources to the various operations in order to fully exploit the available parallel- 

ism and minirnize the execution time of an iteration. This resource scheduling/allocation problern con- 

sists of determining when and on which unit to schedule a given task, whik respecting precedence 

relations and resource constraints. 

The general scheduling/allocation problem entails sequencing the operations of a controudata flow 

graph (Figure 8-3) into a correct order and using the available hardware resources that can perfonn 

these operations. Scheduling and allocation are interdependent tasks and should be performed sirnulta- 

neously in order to achieve an optimal solution. This optimization problem may be resource-con- 

strained or time-constrained. 

Figure 8-3 A control / data flow graph 

n Source node 

The former minirnizes the number of control steps when the number of hardware resources is fixed and 

the latter minimize the number of resources when the number of control steps is fixed. The first prob- 

lem is typically the case in mapping an algorithm on a distributed architecture, whereas the second is 
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more typical of a synthesis situation, where more hardware units may be synthesized as needed, 

Scheduiing assigns each operator node to a control step chat represents the conuolter state in which 

this operator will execute. Figure 8-3 shows a typical schedule where the control step boundaries are 

shown as horizontal lines. Scheduling fixes the otder in which operators are implemented in a way that 

meets al1 dependencies specified by the edges of the graph. Hardware allocation assigns function units 

to execute the operations and storage units to store intermediate and final results. Allocation takes into 

account the number of available resources, the communication costs between units and buffers, and the 

possibility of resource substitution. 

To solve the scheduling problem, both heuristic and exact scheduling algorithms have been used. In 

the early approaches, simple schemes such as ASAP or ALAP were suggested to minimize the sched- 

ule length while ignoring the hardware costs and timing constraints- Other approaches attempt to min- 

imize hardware costs in the resulting allocation. These include greedy heuristics such as list scheduling 

[Go0891 and force-directed scheduling [Pau89], iterative transformational approaches such as simu- 

Iated annealing, and exact approaches such as integer linear programming (ILP) [Lee89]. The iLP is 

attractive in providing an optimal soIution but is an NP-hard problem in its basic f o m  [Hwagl]. The 

typical execution time of an L P  scheduler are exponential, though special characteristics of the sched- 

uling problem can be exploited to reduce the mntime. 

The work presented here deals with the scheduling and allocation of a set of operations to a parallel 

architecture that contains a fixed number of hardware resources. The objective is to minimize the total 

execution time using the various available resources at each control step. The communication cost is 

not accounted for, in that it is assumed that the functional units rnay be connected in any way. Tfie 

approach is a branch-and-bound search procedure that uses a non-deterministic heuristic at each time 

step to match the free resources to the operations that are ready for scheduling. The idea is partially 

inspired from a proposed approach to allocation in the context of operations management [Dre91]. The 

following set of requirernents is captured in the model: 

There are sevenl types of hardware resources and several instances of each type. 

A given operation may be executed on more than one hardware unit type. 

There is an order precedence reIation between the various operations. 

There is a lirnited number of hardware resources. 

There is an upper Iimit on the execution time of the entire flow graph. 
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The time to perform a given operation is lcnown and depends on the hardware unit type used 

to execute it. 

8.2.1 Problem Formulation 
Multiple resource-constraint scheduling and allocation may be formulated as follows: 

Subject to: 

fi- f i 2 d j  (i. j)  conrained in H 

w here: 

f i  : Finish time of activity i (n king the 1 s t  activity). 

H : Set of pairs of activities indicating a precedence relation. 

di : Processing time of activity i. 

r;k : Arnount of resource type k required by activity i. 

St : Set of activities in progress in time interval [ r  - 1, . . ., r ]  . 

bk : Total number of units of resource type k. 

The precedence consuaint (Eq 8.3) indicates that an activity j can only be started if al1 predecessor 

activities are completed. Once started, activities run to completion (non-preemptive condition). The 

resource constraints (Eq 8.4) indicate that for each time p e n d  ruid for each resource type k, the 

resource amounts required by the activities in progress cannot exceed the resource availability. The 

total schedule duration is rninimized by minimizing the finish time of the ending activity (n).  

8.2.2 The Branch-and-bound Search Process 
In a branch-and-bound search process [Sti78][Dem92], the nodes in the search tree correspond to par- 

tial schedules in which finish times have k e n  temporarily assigned to a subset of the activities. These 

partial schedules (PS,) are feasible and satisfy both precedence and resource constraints. They are 

built up starting at tirne O and proceed systematicdly throughout the search by adding at each decision 

point subsets of activities until a complete feasible schedule is obtained. The assignment is temporary 

since it rnay be changed later to resolve a resource conflict. 
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At each decision point m, the procedure identifies al1 activities that c m  be put in progress according to 

various rules. If it is impossible to schedule al1 eligible activities at time m, a resource conflict occurs. 

Such a conflict will produce a new branching in the solution Cree. The branches describe ways to 

resolve the conff ict by making decisions about w hic h combinations of activities are to be delayed. The 

delaying set D(p)  consists of al1 activities -either in progress or eligible- whose delay would resolve 

the current resource conflict at level p of the search tree. To resolve the resource conflict, various 

delaying strategies are considered at each level to determine which set of activities that may be 

delayed in favor of others [Dem92],[Sti78]. 

8.2.3 A Non-deterministic Allocation Heuristic 
The allocation scheme described here follows the same general frarnework as the branch-and-bound 

approach. Instead of deiaying strategies, a heuristic is used at each decision point to determine the 

matching of a candidate operation with an available resource. The key idea of this heuristic is as fol- 

lows: At any point in time m, given the set of available resources (AR) and the set of candidate opera- 

tions (SC) that meet precedence constraints, the criteria for matching operation j with resource k is a 

probabilistic decision based on quantifying the opportunity cost of k and the scheduling urgency of j: 

The opportunity cost of the matching pair u, k) is the consequence on the overall schedule 

delay if k were not available. This depends on the availability of other resource types -if any- 

that can be used to execute operation j; 

The scheduling urgency of operation j depends on the position of J on the critical path, the 

number of irnmediate successors of j .  and their position on the critical path. 

The following sets are defined: 

SO = {operation j currently unscheduled}. 

SI = ( operation j currently scheduled ) . 

AR: the set of hardware resources currently available. 

SC = { j E SOI ESj S t ,  V, E S 1 } . This is the set of unscheduled resources whose prede- 

cessors have been scheduled; 1.;. is the set of predecesson of operation j. 



8 2  Mapping DSP Algorithms ont0 Confïgumble Architectures 1 78 

The following variables are used: 

NAk: Number of hardware units of resource type k currently available. 

ADk: Earliest availability date of any unit of resource type k 

dik: Time required to perform operation j with unit of type k, and 

6jk  = min {d,l (k = I ,  ..., K) } . 

ES,: The earliest possible start time of operation j. 

LF,: The latest possible finish time of operation j. 

r,k: Number of units of type k required to perform operation j.  

bk: Total number of hardware units of type k. 

J: Total nurnber of operations. 

K: Total number of hardware unit types. 

t: Specific pend r = 0, 1, . . ., T . 

T: Imposed time limit to finish al1 operations. 

8.2.3.1 Computing the matching criteria 
At each decision instant, given the set of candidates operations SC and the set of available resources 

AR, a set of 'probability weights* is computed: 

yjk = [ min(d,,) - d j k ]  -CF, , fora11 ~ E S C  a n d k ~  A R .  - 
q~ A R ,  q # k  

The bracketed term -denoted by p,k- is the delaying consequence on the schedule that is incurred if 

resource k were not available and operation j were to be scheduled on another resource type (q). Con- 

sider for example a multiplication that can be scheduled on either a multiplier (Ma) or a look-up 

table (LUT). The delaying costs for the LUT and the multiplier are respectively (assurning that the 

execution tirne for a multiplier is 1 clock and that of a LUT access is 3 clocks): 

mpjLW=min(l)-3=-2 and pjMuL=min(3)-l=2 

Now, consider two operations i and j. where j can be scheduled on the multiplier only and i can be 

scheduled on either: 
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As expected, the delaying cost of j on the multiplier is the highest since it cannot be executed on any 

other resource type. An allocation decision based on the delaying cost should favor the allocation of 

the multiplier to operation j. The second terin in (Eq 8.42) is the criticai path weight of operation j, cp,. 

The weight of an operation depends on its relative position on the criticai path. the number of immedi- 

ate successors and their relative positions: 

r is the total length of the critical path. 

z, is the length of the critical path up to operation j. 

S, is the set of successors of j. 

a is a tuning coefficient < 1. 

The set pjk is first nomalized by finding a lower bound: 

pmin= min (pjk I for al1 j E SC and k E AR ) 

and a new 'probability weight' is h e n  computed: 

Y j k  = (pjk -CL,;,) - c p j -  (E 8.7) 

This probabilistic matching measure resolves the two cases of multiple matching possibilities: 

A given operation may be scheduled on more than one of the available resource types (a mul- 

tiplication may be scheduled on a multiplier o r  a look-up table). 

In tight resource times. a given resource h a  to be allocated to one operation over another. 

8.2.4 The Scheduling Algorithm 
A critical path analysis is fint performed to determine the earliest possible starting time (ES,) and the 

latest possible finish time (LFj) of each operation j. More specifically. starting with task 1, ESj is com- 

puted by a recursive relation: 

ES, = O .  

ES, = m m  {(ES,, + 6h) I h belongs to the set of immediate predecessors of task j}. 
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Similarly. to find Lf i  start with the tirne limit T by which al1 tasks must be completed and perform a 

critical path analysis using the execution times dm of al1 immediate successors m of task j and working 

backward in time. Starting with the last operation (denoted by the index J) in the flow graph, the recur- 

sion is used: 

LF, = T. 

LF, = min ((LF,+d,) 1 m belongs to the set of inunediate successors of task j J .  

The interval [ES,, LF,] thus represents a bound on the maximum time interval within which open- 

tion j can be scheduled without violating the precedence and time limit constraints- 

At every iteration, al1 operations whose earliest starting time (ES) is less than the current time and 

whose predecessors are already scheduled are placed in a "candidates" set (SC). Al1 resource types 

whose availability date is less than the current tirne are placed in an "available resource" set AR (Fig- 

ure 84) .  

An attempt is made to match a candidate operation with an available resource. If n o  such match is pos- 

sible, the clock is advanced until a new operation or a new resource type becomes available (which 

ever cornes first) and a match is reattempted. When at least one match is possible, the matching criteria 

are computed for al1 potential pairs 0, k) using (Eq 8.44). The allocation decision is then determined by 

choosing randomly a pair (i. j] based on the weight y,,. The chosen operation is moved from the 

unscheduled set (SU) to the scheduled set (S I ) .  The critical path analysis is performed again for al1 suc- 

cessors of j, and the availability date of the chosen resource k is re-evaiuated. 

When no more resources are availabIe, the clock is advanced until at ieast one instance of any resource 

type k is free. When the candidates set SC gets empty, the clock is advanced until at least one unsched- 

uled operation could get scheduled according to ES and precedence consuaints. In a sense, the algo- 

rithm follows the general framework of branch and bound methods discussed earlier. It simultaneously 

decides about operation sequencing (which operation precedes others) and resource assignment. The 

algorithm builds precedence and resource feasible partial schedules; "partial" in the sense that not al1 

operations have currently been scheduled. Scheduling a new operation is equivalent to augmenting the 

partial feasible solution. 
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Figure 8-4 Flow of control of the allocation algorithm 

A STAR^ initialize ail sets ] 

+ Build SC 4 
Build AR 

' step 3 

1 
I 

j 
i 
I 

dock until 

1 
I 

I step 6 
I 
f 

i step 4 v 
l new resource or a 
l 

, step 5 
I 

Yes 
4 
t 

t 

No feasible 
ate available dates solution 

I 
1 
1 No --- Yes 

+Ai1 DONE 1 + 



8.2 Mapping DSP Algorithms ont0 Configumble Architectures 1 82 

8.2.5 Results and Discussion 

8.2.5.1 Data used 

To illustrate the allocation model, the following mauix operation is used: BA-'x. where A and B are 

size-2 mauices and X is 2-point vector. Thus, 

with D = alla2z - a12a2~. The flow graph of the operations is shown in Figure 8-5 below. Due to its 

syrnmetry, only the left half of the graph is consideted. The various critical path positions are also 

shown md numbered. 

The time Iimit for the entire graph was set to 14 clock cycles. There were 14 operations, and 4 types of 

hardware resources were provided (Table 8-4 ). 

Table û-4 Hardware resources available 

Nb u n b  Exocution Tim 

2 clock cycles 
I 

1 clock cycle 

2 clock cycles kl 3 dock cycles 

RO 

RI 

R2 

R3 

MUL 

Adder 

Divider 

LUT 
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Figure û-5 Flow graph for the matrix operation BA"X 

8.2.5.2 Scheduling results 

The critical path analysis was perforrned on the graph to determine the earliest starting and latest fin- 

ishing times of each operation (prefix R denotes a resource and prefix J an operation). The scheduling/ 

allocation algorithm was run using the above data. The results are shown in Figure 8-6. The algorithm 

took 20 iterations to find the complete schedule. To find a relative cornparison, the problem was formu- 

lated using a basic iLP fomulation. Precedence relations, resource constrainu and concurrency of 

operations was modeIed and required 50 equations. The resulting schedule had the same total execu- 

tion time (Figure 8-7) as the branch-and-bound approach; however it required 19,ûûû pivoting itera- 

tions to generate the optimum solution. In this simple example, the two algorithms generate similar 
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schedules and clearly in a more complex problem, the b m c h  and bound approach cannot generate the 

optimum solution that an iLP model produces. However, the cornplexity of the ILP probIem becomes 

quickly prohibitive, particularly if resource substitution is to be factored in- For this reason, the pro- 

posed approach is attractive for the kind of DSP algorithrns required for the applications presented in 

this work. 

Figure 8-6 

Opention 

Js 

Scheduling results using the branch-and-bound model 

l 
I 2 3 4 5 6 7 8 9 1 0  11 1 2 1 3  Tirne (clock cycles) 
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Figure 8-7 Scheduling results using lnteger Linear Programming 
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Conclusion 
- -  - -- 

This chapter addressed some of the computational issues in HOS-based applications. A new algorithm 

was proposed for efficiently computing the 3rd-order cumulant function. The concept extends sirnilar 

approaches used for the autocorrelation function in that it exploits the redundancy in the product terms 

to infer a factored expression with fewer multiplications. 

In the second part of this chapter, a new scheduling and allocation scheme was proposed for the gen- 

eraI problem of mapping a set of parallel operations on a configwable multi-unit architecture. The con- 

cept of resource substitution was introduced and the aigorithm is based on branch-and-bound concepts 

with a non-deterministic heuristic that accounts for the opportunity cost of the resources and the sched- 

uling urgency of the operations. The propose. scheme is a trade-off between finding an optimal solu- 

tion, such as ILP methods, and keeping the complexity of the problem manageable and easy to 

formulate for large flow graphs. A typical matrix operation is used to compare the resulting schedule 

with that of the ILP and to illustrate the effectiveness of the heuristic. Some of the improvements to 

consider include using additional metrics to improve the decision cntenon and accounting for the 

communication costs between units. 



Conclusion and 

Future Uork 

9.1 Conclusion 
The objective of this thesis was to exploit the HOC properties of speech in the aim of finding new 

algorithrns for speech enhancement and for robust voice activity detection. To achieve this objective, it 

was necessary to take an exploratory detour into the peculiarities of the HOC of speech and some of 

the general properties of HOS and their relation with their second order counterparts. Unlike the 

reported work on the use of HOC for speech, the approach taken here is more formal, whereby the 

HOC properties of speech are first established analytically, then verified using simulations with actual 

sipnals, and finaily used for estimating specific speech parameters for the two applications considered. 

To establish the analytical frarnework, two speech domains were considered, namely a narrow subband 

representation and the LPC residual signal. These domains were chosen because they allow a mathe- 

matically tractable model and because they have inherent peculiarities that yield usefil characteristics 

of the HOC. 

In both representations, the anaiytical expression of short-term speech was based on the sinusoidal 

mode1 proposed in [McA86] and appropriately modified to suit the domain considered. The argument 

for using a linear detenninistic model is twofold: it is realistically accurate for shon term voiced seg- 

ments, which are more perceptually important, and it offers a mathematically manageable base for 

deriving the expressions of the higher-order cumulants in tems of vital speech attributes. 
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HOC of subbanded speech 

It was found that the 3d-order cumulant of subbanded speech is identically zero, except in rare situa- 

tions, which suggests that this cumulant is not very useful in this context. The  order der cumulant of 

voiced speech on the other hand is non-zero and may be expressed in tenns of speech parameters, such 

as harmonic amplitudes, fiequencies, darnping factor, and sometimes energy. Therefore, it is conceiv- 

able to estimate these parameters using the value of the 4&-order cumulant at few lags. 

The propenies thus derived analytically and verified by simulation prove to be quite interesting: The 

4&-order statistics of speech allow detecting the presence of speech harmonies and provide an upper 

ruid Iower bound on the speech energy, which in tum provide bounds on the noise energy present in a 

given band. These findings are the b a i s  for the approach used in the context of speech enhancement, 

where the 2nd-order statistics of the speech signai are estimated from the 4m-order cumulant of the 

noisy speech. 

The simulations carried out in Chapter 4 refuted the c l a h  that unvoiced speech can be modeled as a 

harrnonic process, and suggested that it is more likely Gaussian given its zero skewness and kurtosis. 

The simulations also verified that the sinusoidal mode1 assumed is in general valid for voiced speech. 

though not appropriate for transitionai segments, which may be better represented by an exponentially 

decaying sinusoid. 

Speech Enhancernent 
An optimal filter approach and subband representation are used as the b a i s  for speech enhancement. 

The key idea is to use the 4"-order statistics of the noisy speech to estimate the required parameten for 

the enhancement filters, namely the SNR, the autocorrelation of speech and the probability of speech 

presence. Enhancement is canied out in the time domain, using the p most recent sarnples in each 

band. By making a white assumption about the noise, the problem is formulated using symmetnc 

matrix algebra, resulting in an easily solvable matrix system. Finding the filter coefficients requires the 

speech and noise energies as well as the autocorrelation of speech. The probability of speech presence 

in each band is combined with the filtering to further anenuate non-speech bands. This probability is 

quantified by the kunosis of each frame and the estimated noise energy. Using the computed variance 

of this estimator, it is possible to compute this probability using the eqc function. 

To properly srnooth the variance of the HOS estimators and the parameters derived from hem, an 

inter-frame smoothing was adopted. For the SNR, the scheme proposed in [Eph84] is used and a sirni- 
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lar one formulated for the speech autocorrelation. Finally, frequency masking is factored in by model- 

ling the auditory filter shapes and combining the noise and speech energy in each auditory filter prior 

to computing the SNR. 

Informal subjective listening and examination of the spectrograms showed that the resulting algorithm 

is effective on typical noises encountered in mobile telephony such as Street, office and fan noise- This 

finding is not surpnsing, as these noise types contain a significant Gaussian component, k ing gener- 

ated by a large number of independent sources. The aigorithm does not however eliminate the 

non-Grtussian components in these noises, such as dominant conversations, as these processes are 

impulsive and do not have zero HOS. 

The performance is compared to the TXA standard [IS 1271 for noise reduction. The results show that 

the HOS algonthm is better at preserving the harmonic structure of the speech and results in less 

speech distortion. This result is an important one and clearly demonstrates that 4&-order statistics are 

effective in isolating bands containing speech harmonics and preventing overattenuation of these 

bands or their use as noise bands for noise estimation. The algorithm also results in more overall 

reduction of the noise, but that comes at the cost of more noise artifacts, particularly at very low S N R  

where the variance of the HOS estimators start to cause large errors in the estimation of the noise and 

the identification of harmonic bands. 

HOC of the LPC Residual 

The LPC residual of steady voiced speech is far from being Gaussian as shown analyticalty by the 

HOC derivations and verified by simulation. Moreover. the horizontal slices of the 3" and 4" order 

cumulants have a zero-phase characteristic for steady voiced speech, and when normalized have a 

magnitude that is independent of the signal energy. These features suggest that these cumulant slices 

can be used in a similar way as the autocorrelation function for such applications as pitch estimation 

and voicing detection- 

The skewness and kurtosis of steady voiced speech may be expressed in terms of the number of har- 

monics (Le., related to the pitch) and speech energy. When normalized, they are independent of speech 

energy and as such may be used as a voicing detector. The normalization however resuIts in the degra- 

dation of the detection capability in low SNR conditions, as the new metrics can now be expressed in 

terms of the number of harmonics and SNR. In addition, these two metrics degrade in effectiveness as 
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voiced speech becomes non-stationq. On the other hand, the DC component of the horizontal cumu- 

Iant slice of voiced speech is non-zero in both steady and non-stationary conditions. 

The simulations carried out in Chapter 6 verified the validity of the derivations and the underlying 

mode1 for steady voiced segments. The simulations on sustained unvoiced speech revealed that it can- 

not be modeled as a hannonic process as suggested by the sinusoidal mode1, but has a Gaussian-like 

nature. As a result, detection and quantification of this type of speech cannot be done with HOS. 

Voice Activity Detection 
The proposed VAD algorithm combines HOS mesures with SNR to classify speech and noise frames 

and determine whether a speech frame is voiced. The variance of the estimators of the 3* and 4" order 

statistics is used to yieId a likelihood measure for noise frames, and a voicing condition for speech 

frames is derived based on the relation between the skewness and kurtosis of voiced speech. The algo- 

rithm is designed as a finite 2-state machine. Its performance is quantified in various noise conditions 

using the probability of correct and false ctassification and compared to those of the G.729B VAD 

[Ben97]. 

The performance in noise of the two algorithms showed the HOS-based VAD has overall comparable 

performance to the G.729B. Its probability of false classification is lower in low S N R  and Gauss- 

ian-like noise, but higher in speech-like noises and high SNR. It is however based on more analytical 

ground, is conceptually simpler and uses a smaller parameter set, therefore it is easier to tune. It is aiso 

appropriate to use in conjunction with speech coders where such parameters as the LSF's, required by 

the G.729B, are not available. 

HOS Generalities 

When dealing with sinusoidal or periodic signais, such as speech, 2D slices of the higher curnulants 

are often used and, in the case of a deterministic signal, their Fourier transforrn may be expressed in 

terms of the Fourier transform of the underlying signal, as was shown in Chûpter 3. In the 3-order  

case, the Fourier transform of the horizontal slice may be computed from the bispectrum points. Since 

this bispectmm is expressed in tenns of the Fourier transforrn of the underlying signal, this transforrn 

may be recovered from the bispectrum points. New schemes were proposed for Fourier magnitude 

recovery from the bispectrum. These schemes are a good compromise between using al1 the available 

information and finding a computational~y manageable rnethod, that will not break down if some of 

these points are zero. 
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Another insight in Chapter 3 is the use of the horizontal slice of the 4*-order cumulant and the signifi- 

cance of the DC component of that slice. In the case of a flat spectmm signal, this DC component may 

be written in terms of the signal energy and the bandwidth. 

While there is no direct way to estimate the signal power spectrum from its higher cumu!ants, it was 

shown that the geometric mean of the power spectrum rnay be estimated by c o n s i d e ~ g  the product of 

bispectrum magnitudes dong a diagonal line in the bifrequency plane- 

Implementation Aspects of HOS 

Implementation issues related to using HOS inctude the effect of finite length segments and the corn- 

plexity of computing cumulants. For instance, it is shown that the estimators of the higher moments 

are unbiased for any random process, but when computing the higher moments of a sinusoid, a bias 

term is produced whenever the length of the segment is not an integer number of signal periods. More- 

over, in the case of a random process, the estimator of the 4"-order statistic is biased due to the squar- 

ing of the second moment term. In the case of a white Gaussian process, this bias rnay be quantified 

and removed. In the case of a detenninistic sinusoid. the bias term may be reduced by averaging the 

moments over a few overlapping frarnes pnor to computing the cumulants. 

The variance of the higher moments depends on the pdf and the correlation of the underlying process. 

In the case of white Gaussian noise, the variances rnay be expressed in tems of the variance of the 

underlying process. Similarly, the variance of the skewness and kurtosis rnay be expressed in terms of 

the process variance. These important results are used in the context of enhancement and voicing 

detection for determining the probability of a frarne consisting only of noise. 

Implementing higher curnuiant functions inherently involve more computations. In the case of the 

3rd-order cumulant, the redundancy in the product terms rnay be exploited to result i n  an efficient for- 

mulation with a reduced number of multiplications. The idea of the proposed algorithm is to exploit 

the fact that samples appear two or three times as multiplicands and can be factored accordingly. The 

other observation is that the product terrns rnay be grouped into symmetry regions that repeat and can 

also be factored. Depending on the two lags, the savings in multip~ications are about 20 to 25% and in 

typical real time applications, this results in significant savings of computing power. 

The last part in Chapter 8 addressed the problem of mapping a DSP algorithm ont0 a configurable 

architecture. The relevance of this pr~blem to the context of an HOS-based application is that algo- 

rithms based on HOS are highly parallelizable and good candidates for this kind of architectures in 
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real-time applications, such as mobile telephony. The proposed allocation model builds on the concept 

of branch and bound methods whereby at various points of the scheduling process, matching decisions 

have to be done. A non-deterministic matching critenon was proposed to  resolve the problem where a 

given operation may be executed on more than one resource and the case where a resource has to be 

assigned to one operation over another. 

Overalf ... 
This thesis has provided fresh insights into the use of  HOC for speech analysis. The expIomtory part 

reveaied important relations and denvations of the HOC of subbanded and LPC filtered speech. These 

findings may be used in a variety of applications. Two of these were addressed in detail and it was 

demonstrated that in spite of the practical limitations of using HOC and the approximate nature of the 

speech model assumed, effective applications are possible. By making use of only HOC measures, the 

performance of the proposed algorithms is shown to be comparable. and even better in some respects, 

to the current standards. As this is the first iteration of this type of work, it clearly demonstrates the 

promising potential of HOC in yielding algorithrns that woufd surpass the current state of the art. The 

work however does not clairn these cumulants to be superior in and of themselves to znd-order 

approaches, but rather that they provide additional information about the signal that is immune to the 

presence of noise, which make them particularly effective in applications designed for low SNR condi- 

tions. Clearly, successful algorithms are those that can combine the two approaches and harness the 

advanmges of both. 
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9.2 Proposed Future Work 

There is room to further investigate and refine the ideas presented in this thesis. The following is a list 

of some of the improvements to consider 

In the subband representation, the expression of the higher cumulants rnay be extended to the 

case of larger bands containing t h e  or four harmonics. This case is more challenging than 

the two sinusoid case since it is more difficult to find a general expression for the higher 

cumulants that is independent of the number of harmonics in the band and independent of the 

relation between the harmonics. 

The variance of the HOS estimators was quantified in terms of the variance of the underlying 

process in the case of a white Gaussian process. It rnay be possible to extend the denvations 

to the case where the process is a mixture of speech and noise. The case will have to be con- 

sidered in the different speech domains that are used. 

The modelling of speech adopted here rnay need to be expanded. A probabilistic approach 

rnay have to be investigated to find possible distributions of speech samples in the subband 

and LPC residual domains considered. 

In the LPC residual, an improved model that captures non-stationwy speech needs to be 

investigated and the denvations for the higher-order cumulants need to be extended accord- 

ingly. The case is more complex when the speech model contains time-varying or random 

amplitude and frequency components, since the expression for the cumulants requires the 

know ledge of the higher-order correlation of this random ampi itude process. 

In the VAD application. it is worth investigating the use of other metrics and whether corn- 

bining them with HOS rneasures c m  lead to more accurate classification. 

Other applications of the theoretical findings rnay be investigated. For example the problem 

of pitch estimation using the slices of the 3" and 4" order cumulants and whether some of 

the tradi tional approaches (War721, [Wis76], [Sec83]) that use the autocorrelation functions 

rnay be extended to the higher cumulants. 

The algonthm for efficiently computing the 3d-order cumulant function can be extended to 

the 4"-order cumulant. The case is more challenging as the expression for that cumulant 

involves more lags as well as bah  the z " ~  and 4h order moment functions. 



Bias and Uariance o f  

the HOS Estimators 

When computing the higher-order statistics of mixed signal and noise, only finite data records are 

available; as a result, both probabilistic errors and deterministic errors are present. The former are due 

to the bias and variance of the estimator of a random process. The later are due to the size of the data 

frame relative to the period of the signal, in the case of a harmonic signal. 

A.l Definitions 

Given a zero-mean. discrete randorn or rnixed process, x(n). the estimaton of the znd, 3rd and 41h 

moments are defined as: 

1 N - l  M, = - [x ( n )  ] ' estimator for E [ {r (n) } '1 , 
N (E 

n = O  

for k = 2. 3 and 4. Let the true skewness and kurtosis of x(n) be denoted by SK and KU respectively. 

The estirnators for the skewness and kurtosis are respectively: 

In the case where x(n) consists of both signal and Gaussian noise, the true variance of the Gaussian 

noise is denoted by u, and the m e  variance of the signal is denoted by V, . 
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A.2 Bias of the HOS Estimators of a Sinusoid in Noise 

A.2.1 Case 1 : noise only {x(n) = g(n)) 
Proposition 1. The estimazor for the skewness (Eq A.2) is unbiased whereas that of the kurrosis 

(Eq A.3) is only asymptotically unbiased. For the case of a white Gaussian process. this esrimator 

rnav be unbiased for any segment size N by intrvducing an ar~ificial bias in the first r e m ;  thus a 

new unbiased estimaror is proposed for the kurtosis: 

Proof: Assuming chat g(n) is a white Gaussian process with zero mean. then ail its odd-power 

moments are zero. The 2"' and 4Lh moments are denoted by u, and 6, respectively. Moreover, 

the higher moments of g(n) may be expressed in terms of the variance by evduating the moment 

integral. E l g M ]  - m 1 -g2/2u 
dg for m = 4, 6, and 8; namely : 

~ [ ( g ( n ) } ~ l  = 1 0 5 ( q 4 .  

The true skewness and kurtosis of g(n) are then: SK = O and KU = 0. 

The estimators for the higher moments are al1 unbiased since for any process g(n): 

2 
Therefore: E [M,,] = u,, E [M,,] = O ,  E[M,,] = 3 (v,) . (E A-9) 

The estimator of the skewness is unbiased; but the sarne is not tme for the estimator of the kurtosis: 

E [ K ~ / ]  = 3 M g 2  = EIM,, ]  - 3 E I  (M,,)'I . (E AIO) 

First it is to note that: 
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In the above double surn. there are N ternis where i = j and ($-N) ternis where i t j Thus. 

substituting Eq A. 11 into Eq A. 10, 

and using Eq A.8 and Eq AS, 

The estimator for the kurtosis of Gaussian noise is only 'asyrnptotically unbiased' and for a small 

number of points, the bias terrns is significiint. One way to unbias the estirnator is to introduce a factor 

that is a function of N and that will cause a bias in the first term of Eq A.10 which will cancel the bias 

of the second term, thus a new estirnator for the kurtosis is defined as: 

and this estimator is unbiased for any N since: 

A.2.2 Case 2: sinusoidal signal only {x(n) = s(n)) 
Proposition 2. When s(n) consists of a detenninistic sinusaid. the estimators for the skewness 

and kurtosis are biased whenever the segmenr size N is not an integer number of signal periodr. 

The bias r e m  in these esrimators may be sign$cantly reduced if the estimators for the 2 5  jnl 

and 4Ih moments are computed for a few overiapping segments and overaged prior to using them 

for computing the skewness and kurtosis. 
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Proof: Let s(n) be a single sinusoid of deterrninistic amplitude, frequency and phase: 

s ( n )  = acos (nTw + O )  (E A.13) 

where T is the sampling period. In Section 4.3.2, it was found that the tme skewness and kurtosis of 

this signal are: 

2 
SK = O and KU = -1.511, (E A.14) 

where us is the average signai energy. Ln the derivations of Chapter 4 it was assumed that the analysis 

frame is made of an integer number of signal periods. When the segment size is ahitrary, a bias term is 

introduced in the HOS estimators. This c m  be seen by considering the expression for the higher 

moments of s(n), defined as: 

Mm, 
1 N - '  = -z (a -cos  [ n ~ w + 0 ] ) "  = E b m ( n )  1 for m = 2 ,3  and 4. 

n = O  

The above is evaiuated by first noting the identities: 

A'- l j l k T w N  

C e  ; ( 7 k n T w + e )  1 - e - - e ;e - - sin (TkwN) e j [ v t ~ ( ~ -  1) +BI  

n = O  1 - ê'2kTw 
sin (Tkw)  

.. - 

cos ( Z k n T > v + 8 )  = 2sin (TkwN) 
cos [wkT ( N  - 1 )  + BI 

n = O  
sin ( Tkw) 

for real values of k. Thus the second moment is: 

M ,  = <[2sin (TwN)  cos ( T U I N -  1 1  + B )  
2 Nsin ( T w )  

+ 11 . 

The third moment is: 

1 
M,, = NC (o. cos [ n T w + e ]  ) 

Zsin(1.5TwN)cos(1.5Tw[N-l]+30)+6sin(TwN)cos(Tw~N-1]+~) (EA.16) 

Nsin ( 1 -5 Tw) N sin ( T w )  1 
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Finally, the fourth moment is: 

~ L C  {cos [4(wnT+B)]  +4cos(wnT+8) +6} 
16N 

7sin(ZTwN)cos(2Tw[N-11 +40) +8sin(TwN)cos(Tw[N-I]  +20) +6 (EA1.l) 

16 Nsin (2Tw) Nsui ( Tw) 1 
In the above expressions (Eq A-15, Eq A. 16 and Eq A. 17), the uigonometric ternis vanish whenever N 

is a multiple of the signal period (Le. N = 2 k m w ) .  Due to the sinc(x) hnction the bias factor is 

bounded by ( l /N) .  If the effect of these terrns is removed, then the expressions for the higher moments 

simplifies to the ones found in Chapter 4: Mzr = a2/2,  M3s = O ,  and M,, = 3a4/8. 

If the above estimators are computed for a number of overiapping segments K and then averaged, it is 

equivalent to averaging out the effect of the phase term 8, since each segment will generate a different 

phase. It is easy to see that if the bias term in the above estimators is integrated over the phase range 

[-K, K] (assuming a uniformiy distributed phase), then the entire bias tenn vanishes since: 

It is to note here that the above staternent is w e  only when an infinite number of segments is used. In 

reality, using a few segments will reduce the bias significantly. Another point to note is that if the m d -  

ified kurtosis estirnator that was proposed in the previous section (Eq A.4) is used, then the kurtosis of 

a sinusoid will still be a function 

segment size is now in place: 

of the signal energy (as in Eq A-14) but an extra term involving the 

This does not cause a problem, as Iong as this terni is accounted for when, for example, the kurtosis is 

used to estimate the signai energy. 



A.2 Bias of the HOS Estimators of a Sinuroid in Ndse 1 99 

A.2.3 Case 3: sinusoid and Gaussian noise {x(n) = s(n) + g(n)) 
Proposition 3. When x(n) consists of a detenninistic sinusoid in Gaussian noise, then the estima- 

tors for rhe skervness and kurtosis will contain unwanted bias r e m ,  due ro both the deterministic 

signal period as well as to the noise energy. if the estimators for the moments are averaged over 

overlapping segments as exphined in rhe section above, and ifthe modijied estimator for the kur- 

tosis is used (Eq A.4), then the estimators for the skewness and kurtosis will not have unwanred 

bias terrns and the kurtosis rhus computed can be expressed in t e m  of rhe signal energy and the 

segment size. as given by Eq A.18. 

Proof: Let x(n) consist of both a detenninistic sinusoid and white Gaussian noise: 

x ( n )  = s ( n )  + g ( n )  . In addition, it is assumed that botfi signa1 and noise are zero-mean and 

that they are statistically independent. The tnie higher moments of x(n) are given by: 

E [ x 2 ( n ) ]  = E ( s 2 ( n )  + g 2 ( n )  + 2 s ( n ) g ( n ) ]  

E [ x 3  ( n )  ] = E [s3 ( n )  + g3 ( n )  + 3s' ( n )  g ( n )  + 3s ( n )  g2 ( n )  ] 

= E [ s ~ ( ~ ) I  + E [ S ~ W I  

E [x4 ( n )  ] = E [sa ( n )  + ga ( n )  + 6s' ( n )  g2 ( n )  + 4s' ( n )  g (4 + 4s ( n )  g3 ( a )  ] 

= ~ [ g ( n ) ]  + ~ [ g ' ( n ) ]  + 6 ~ [ s ' ( n ) ]  E [ ~ ' ( ~ ) I  

Thus the true skewness and kurtosis are given by: 

2 2 
= E [ s a ( n ) ] - 3  ( ~ [ s ~ ( n ) ] )  = - l S ( ~ [ s ' ( n ) ] )  

KU = -1.511;. (E A=) 

Since the estimators for the higher moments are unbiased, it follows that the estimator for the skew- 

ness is unbiased: E [SKI  = E [x3 ( n )  ] = O = SK. 



A.2 Bias of the HOS Estirnators of a Sinusoid in Noise 200 

If the modified estimator for the kunosis is used. and if the estirnators for the moments are averaged 

over overlapping segment first prior to computing the kurtosis, then this estimator wiIl be free of bias 

terms due to noise energy and will be expressed in terms of speech energy only. as desired: 

First, the expected value of the squared second moment is: 

N-IN-1 N-IN-I 

[ - ! - ~ s 2 ( i ) ) ' + ~ ~  N X & ( i ) g 2 ( j ) ]  +Az ~ ~ b ( i ) s ( j ) g ( i ~ g ( j ) ~  
i = O  N i = o j = o  N i = o , = o  1 

The first tenn is simply the square of the signal energy U: ; the second term was evaluated in (Eq A. I l )  

the third term is only non-zero when i=j and can be written in ternis of speech and noise energies: 

and the last term is simply the product of speech and noise energies: 
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Thus the expected value of the squared second moment becomes: 

4u 'uf 7 i 

E [ (Ad2,) '1 = u: + uR2( 1 + $) + + + 2uR-u; 

and by substiruting Eq A.25 into Eq A.24, the expected value of the estimator of the kurt osi 

2 2 

E [ kbU] = ( i + $ ) E  [r* ( n )  ] - 3 [ui + u i (  i + $1 + 4y + Zug2u:] 

and using Eq A 2  1, 

A.3 Variance of the HOS Estimators of a White Gaussian Process 
The estimators for the higher moments (Eq A. 1) of any random process including Gaussian processes 

are unbiased, as was mentioned in the previous section. Their variance however depends on the pdf 

and correlation of the process. 

Proposition 4.  For the case of a white Gaussian process g(n) with tetu mean, the variance of the 

M2, and Me estimarors may be expressed in terms of the process variance u, as: 

Proof: The higher moments of g(n) rnay be expressed in terms of the variance of the process as 

shown in Eq AS, Eq A.6 and Eq A.7. In addition, al1 odd-power moments are zero, thus: 

and 

z 1 = E[+X&' ( i )  g' ( j )  ] - u, = T x x ~  [g2 (il g2 ( j )  1 - uR2.  
N i ,  N i ,  

96uX4! 
.Var [ M,,] = -;. 

N !  

In the above double sum, there are N ternis where i = jand (N~-N) ternis where i t j Thus, 
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1 
2 

2 2 - 2 u ,  and using EqA.5. Var [M, , ]  = 7 { 3 N u ,  + ( N ' -  N)u, ' }  -v, - -. 
N N 

2. Variance of My 

For a Gaussian process, the actual skewness is zero, thus: 

Thrre are N terms where i = j and (hT2-fV) ternis where i + j , thus, 

1 
3 15u, 

and using Eq A.6. V a r  [M, , ]  = - { 1 5 ~ u , '  + (N' - N )  O )  = - 
N' N - 

3. Variance of Mqg 

2 
Var [M, , ]  = E [  ( M , , - S , ) ' ]  = E [ M ~ , ]  -6, 

where 6, is the m e  4" moment and is given (using Eq AS) by: 6, = E [g4 ( j )  ] = 3uj. 

In the above double sum. there are N terms where i = j and (N~-N)  ternis where i + j .  thus: 

1 
Var[M,,I= - { N ~ [ g ' ( i ) ]  + ( N * - N ) E [ ~ ' ( ~ ) ]  ~ [ ~ ~ ( j ) ] }  -ôg2 

N2 

and using Eq A.7 and Eq A S  

Proposition 5. For the case of a whire Gauisian pmcess g(n) with zero mean. the variance of the 

esrimator of the kunosis (Eq A.4) may be expressed in t e m  of the process variance u, as: 
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Proof: The unbiased eitiktor of the kunosis is (E<I A.4): = ( 1 + $)Afdg - 3 ( A l z g )  ' 
Therefore its variance is: 

4 
96u, 

The first tenn was computed in Proposition 3 as: Var [M, , ]  = - 
N - 

The second term in Eq A 2 8  is computed as follows: 

In the above sums, there are: 

[ N  - (N' - ZN + 1 )  ] terms where i = j only 

[N-(N'-2~+1)] t e rmswhere  i = k  only 

[ N -  ( I V L - - N +  l ) ]  terms where i = m  on ly 

[ N e  (N* - ZN + 1 )  ] terms where j = k only 

( I V 2  - 2 N  + 1 )  J terms where j = m only 

(N'  - 2IV + 1 )  j terms where k = m only 

N -  ( I V - I ) ]  terrns where i = j = k only 

N -  ( I V - l ) ]  terms where i = j = m only 

N - ( I V -  1 ) ]  terms wherrr i = k = m only 

IN- ( N - I ) ]  terms where j = k = m only 

N terms where i = j = k = m 

[ N ' - ~ N ' + ~ N ' - ~ N ]  terrns where i + j # k + m  

1 6 ( ~ ) -  I Z N ~ + ~ N ) E [ ~ ~ ]  ( E [ ~ ~ I ) ' +  ( ~ N ~ - ~ N ) E [ ~ ' I E [ ~ * I  Therefore E [ (M,,) ' 1  = - 
fV4 1 L  NE[^'] + ( $ - 6 ~ ~ + 8 ~ ' - 3 ~ )  ( ~ [ g ' ] ) ~  1 * 

and using E q  AS, Eq A.6 and Eq A.7 for the higher moments: 
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The second term in Eq A.30 is given (fiom Eq A.11) by: 

Substituting Eq A.32 and Eq A.31 into Eq A.30 yields: 

The 1 s t  term in Eq 8.42 is given by: 

where the t int  term may be evaluated as follows: 
N-IN-IN-I 

E [ M,, ( ~ 2 ~ )  '1 - 
j = O k = O  N i = , j . o r = o  

In the above sum, there are: 

[N - ( N  - 1 )  ] terms where ( i  = j f k )  
[ f f -  ( N - l ) ]  rerms where (i=k#j) 

[ N - ( N - l ) ]  termswhere ( j = k # i )  
N rerms where ( i  = j = k )  

[ N ~  - 3 ~ '  + Z N ]  rerms where ( i  # j # k) 

Therefore. E [ M,, (M2,) 21 = 

Substituting Eq A.35, Eq A.9 and Eq A. 1 1  into Eq A.34 yieids: 

Finally substituting Eq A.36, Eq A.33 and Eq A.29 into Eq A.28 yields: 
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