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Abstract 

This thesis studies transform-domain model-based algorithms to improve the feed-

back and noise control performance of hearing aids processing wideband speech in 

non-stationary environments. Subband adaptive filter structures are investigated for 

continuous and non-continuous adaptation feedback compensation, and the parti-

cle filter framework is used to develop state-space model-based speech enhancement 

algorithms. 

Subband feedback compensation is shown to offer several advantages. The flexibil-

ity offered by the frequency division allows subband systems to offer faster and more 

stable convergence for wideband signals, and better tracking of changing acoustic 

feedback paths. Robustness is also improved, as divergence caused by path changes 

or input signal correlation is confined to individual frequency bands. 

A Rao-Blackwellized particle filter (RBPF) algorithm is proposed for enhancement 

of speech discrete cosine transform (DCT) coefficients, and is evaluated in comparison 

to the standard fullband RBPF. The DCT subband decomposition is shown to enable 

improved modeling of wideband speech signals, especially in spectral troughs, thereby 

decreasing intra-speech noise in both best-case and real-world conditions. 

A novel particle filter algorithm is also proposed for short-time spectral amplitude 

(STSA) speech enhancement. A dynamic model of spectral amplitude evolution is 

used to allow for speech signal correlation in the frequency domain. Two variants 
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of the basic algorithm are presented: the first incorporates phase information to 

improve the spectral amplitude estimates; the second uses interacting multiple models 

to account for speech presence uncertainty. The monaural algorithm is extended to 

the binaural case with a filter based speech and noise parameter estimator. The 

estimator exploits knowledge of the diffuse noise field coherence to separate the clean 

speech and noise power spectra without external noise or voice-activity estimation. 

In both feedback and noise control, the transform domain allows for processing 

strategies that take into account the diverse frequency-dependent characteristics of the 

wideband signals. Incorporating models of speech, noise and the acoustic environment 

allows the addition of time-domain constraints and a-priori knowledge to address 

signal non-stationarity. The developed algorithms are evaluated using real speech 

and noise signals recorded with a commercial hearing aid. 
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Chapter 1 

Introduction 

1.1 Problem Background 

Individuals with hearing loss possess a decreased ability to detect or perceive sounds. 

The severity of hearing loss ranges considerably: individuals with mild to moderate 

hearing loss may be able to hear speech at close range in a quiet room but have dif-

ficulty following a group conversation, while an individual with more severe hearing 

loss may not be able to perceive any speech at conversational volume [1]. Hearing 

loss is classified as conductive or sensorineural. Conductive hearing loss is the result 

of an impairment in the outer or middle ear, and can frequently be resolved through 

surgical means or simple amplification. Sensorineural hearing loss is a broader cat-

egory, encompassing hearing loss arising from deficiencies in the sensory or neural 

components of the auditory system. Sensorineural hearing loss is most commonly 

caused by damage to or abnormalities in the hair cells within the cochlea result-

ing from genetic conditions or damage incurred through exposure to intense sound, 

disease, biochemical agents, or aging [2], Sensorineural hearing loss is frequency and 

amplitude dependent, so it affects not only the absolute level, but also the quality and 

character of sound. As a result some audible sounds may not be properly understood, 
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degrading speech intelligibility. As the baby-boom generation ages, the proportion of 

the population with sensorineural hearing impairments is growing. Between the years 

2000 and 2004, the hearing impaired population in the United States grew by 9.9% 

to an estimated 31 million people, compared to an 6.8% population increase; by 2025 

the hearing impaired population in the United States is expected to reach 40 million 

people [3]. 

Hearing aids work to improve life for people with hearing loss. In addition to 

amplifying sounds, enabling users to hear sounds that lie beneath their impaired 

threshold of hearing, they also reduce ambient noise levels, reducing the cognitive 

effort required to hear, improving listening comfort and the ability to hear in noisy 

situations. Hearing aid users report that the devices improve their quality of life by 

enhancing their ability to communicate effectively and to participate in groups, as 

well as increasing their sense of personal safety and independence [4], Despite the 

benefits and the large potential user-base, the percentage of the hearing impaired 

population actually adopting hearing aids continues to lie between 20 and 25%. More 

distressing is the fact that over 15% of hearing aid owners do not use their devices 

and only 70% of active users are satisfied with their hearing aid devices [3]. These 

factors indicate that there are situations where the performance of current hearing 

aids is insufficient, and new processing strategies are needed to increase satisfaction 

amongst existing users. 

The most common complaint among hearing aid users is the poor performance 

of the device in noisy situations, especially large groups and in school classrooms 

[4]. While a hearing aid can successfully compensate for hearing loss in quiet, in 

noisy situations the noise is amplified along with the desired signal, negating the 

benefit. Another common complaint relates to acoustic feedback in hearing aids [4], 

Low levels of acoustic feedback manifest as reverberation which affects the spectral 
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energy distribution of the signal, distorting the desired speech. High levels of feedback 

manifest as annoying "whistling" or "howling" sounds that are very disturbing to the 

user. 

The fact that large groups, school classrooms and reverberation due to acoustic 

feedback are the most problematic listening situations is not surprising. A competing 

sound with the same frequency content as a desired signal reduces the sensitivity of 

the ear to another sound through an effect known as masking. As a result, the signal 

energy level required to hear a sound in noise is greater than the level in quiet, and 

the intelligibility of the desired signal is largely governed by the signal-to-noise ratio 

(SNR) [5]. Most commonly encountered noises such as car road noise and noise from 

ventilation systems are narrowband so there exists large spectral regions where the 

speech and noise do not overlap and from which the speech information can be ex-

tracted. Also, the power spectrum of these signals is stationary, facilitating statistical 

recovery of the clean speech. In contrast multi-talker babble and reverberation are 

composed of speech, so they are broadband and occupy the same spectral regions as 

speech. The characteristics of the speech signals processed by hearing aids are also 

non-stationary and frequency dependent, degrading the performance of algorithms 

that assume uniformity in time or frequency domains. 

1.1.1 Wideband speech enhancement 

Most speech processing algorithms are designed for telephony applications where the 

bandwidth is limited to the 300 - 3300 Hz frequency range, while hearing aids oper-

ate at higher sampling frequencies and include wideband speech content. Fig. 1.1, 

presents a spectrogram of a segment of wideband speech along with the short-time 

power spectral densities (PSDs) from segments containing harmonic content and 

a speech onset; the dashed line at 4 kHz represents the high frequency cut-off for 
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traditional narrowband speech. Wideband speech has a greater spectral slope than 

narrowband, and while narrowband speech is dominated by harmonic formants, the 

high-frequency content in wideband speech is spectrally flatter and temporally more 

transient. These properties create problems for fullband processing algorithms. In 

order to capture the characteristics of wideband speech, time-domain speech enhance-

ment algorithms require very high-order autoregressive models that can vary with 

time, but accurately fitting high-order models requires long signal segments, reducing 

the time-resolution. Similarly, feedback compensation is typically performed using an 

adaptive filter to model the feedback path [6], but it is well known that the uneven 

distribution of wideband speech energy leads to slow convergence and poor tracking 

performance of adaptive filters [7]. Acoustic feedback paths can change frequently 

in response to a telephone, hand, or other reflecting object being placed near the 

ear; therefore, feedback cancellation algorithms need to respond quickly and offer 

fast tracking of these changing paths. Enhancement algorithms must be designed to 

accommodate the frequency-dependent nature of the wideband speech signal. 

Processing of wideband speech is also complicated by its non-stationary nature 

in the time domain. The speech signal exhibits fluctuations in energy levels and 

frequency content that depend on the speaker and what is being said. These fluctu-

ations reduce the performance of models that rely on long-term statistics and signal 

stationarity. As a result traditional means of noise reduction have to choose between 

capturing the time-variations of the signal or obtaining a low-variance estimate. This 

presents a trade-off between higher residual noise and artifact levels, or smoothing of 

speech leading to temporal blurring, reduced intelligibility and removal of low-energy 

speech content [8], leaving the problems of perceptual noise level and intelligibility 

improvement at odds. 

The degradations in algorithm performance caused by the time and frequency 



5 

Figure 1.1: Wideband speech spectrogram with short-time PSDs of voiced (left) and 
unvoiced (right) segments. The dashed line is the narrowband high-frequency cutoff. 

fluctuations of wideband speech as a desired signal are compounded when the inter-

fering signal is also composed of wideband speech. The impact of noise masking on 

speech intelligibility is greater for individuals with hearing loss than for those with 

ordinary hearing. The effective level of hearing loss for speech in noise is only weakly 

related to hearing loss for speech in quiet [9]. With a single target in quiet, simple 

amplification can bring the target speech to a level where it can be heard. How-

ever in multi-talker situations a hearing aid amplifying both speech and noise will 

not improve the SNR and therefore intelligibility. Furthermore, while the auditory 

systems of ordinary-hearing listeners employ a number of strategies to focus on and 

understand a single speaker in a multi-talker environment, the performance of these 

strategies is compromised by sensorineural hearing loss. 

The time-varying energy modulation of a competing talker allows the listener to 
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catch high SNR glimpses of the desired speech when the instantaneous energy of 

the competing talker is low. Even though average SNR may be low, the instanta-

neous SNR can be high during competing speech pauses. This results in a "release 

from masking" whereby the absolute signal energy level required for intelligibility is 

lower in the presence of a competing talker compared to steady-state noise with the 

same average energy. The release from masking degrades as the number of talkers 

increases because both the frequency and duration of the gaps used for glimpsing 

decreases. Reverberation, whether it is caused by reflections in the acoustic envi-

ronment or acoustic feedback, also fills in some of the glimpsing gaps, reducing the 

release from masking provided by masker modulation and decreasing intelligibility. 

Hearing impaired listeners benefit less from masker modulations as the high SNR 

intervals used for glimpsing may occur when the target speech is below the impaired 

listeners' hearing threshold. The decreased time and frequency resolution character-

istic of sensorineural hearing loss also has an impact, as temporal smearing eliminates 

the small gaps used for glimpsing, and decreased frequency resolution can lead to a 

decrease in head shadowing benefit and modulation release from masking [10]. The 

result is that hearing impaired listeners have less information to work with in noisy 

situations, adding to the absolute level effects of hearing loss. Consequently the in-

crease in speech reception threshold for a hearing impaired listener compared to a 

normal hearing listener is greater in a fluctuating noise condition than in steady state 

noise or in quiet. 

Since the effects of hearing loss are increased in the presence of fluctuating noise, 

the potential intelligibility benefit of a hearing instrument is higher in fluctuating 

noise than stationary. However, as the satisfaction rates indicate, the benefit realized 

by current devices is low. Several reasons for this performance gap can be identified. 

Traditional frequency domain speech enhancement algorithms work by subtracting an 
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estimate of the of the noise spectrum from the noisy speech [11], or by estimating the 

clean speech spectral amplitude using a statistical model of the speech and noise [12]. 

Time-domain algorithms use an autoregressive model of speech and assume white 

noise [13] or autoregressively modeled noise [14]. These methods require robust es-

timates of the noise statistics and model parameters, requiring long-term averaging 

which creates a lag in estimation for fluctuating noise environments. Common inter-

ference sources such as reverberation and babble noise are variable, with an overall 

background baseline energy level that is dependent on the number of speakers, in-

terspersed with occasional higher energy bursts from nearby talkers. Fluctuations of 

the noise from its expected value can lead to residual noise when the noise is under-

estimated and, more critically, speech distortion when the noise is over-estimated. 

Furthermore, successive over- and under-estimation of the noise spectrum can lead 

to annoying and distracting time-varying tonal artifacts known as musical noise [8]. 

Similarly, an interfering noise signal with a fluctuating power spectrum disturbs the 

adaptive filters used for feedback suppression, requiring robust algorithms to control 

their adaptation. Also, interfering speech correlated with the feedback signal can 

cause the filter to diverge completely, leading to cancellation of the desired speech 

signal or system instability. In order to realize the potential intelligibility benefits 

to hearing impaired listeners, new speech enhancement strategies are needed when 

both the desired and the interfering signals are composed of wideband speech. These 

strategies must take into consideration the non-uniform energy distribution in the 

time and frequency domains that is characteristic of the wideband speech signal. 

1.1.2 Binaural processing 

Spatial sound processing is a strategy used by normal-hearing and hearing impaired 

listeners that has the potential to be enhanced and exploited by systems operating on 
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non-stationary speech and noise signals [9]. Having two ears placed on opposite sides 

of the head provides the listener with two versions of the desired speech signal and 

any competing sounds, thereby providing spatial information that can be exploited 

to distinguish the signal from the noise. The delay between the signal received in 

each ear corresponds to the location of the source around the head, and frequency-

dependent head shadowing provides additional source location information, enabling 

the listener to perform spatial filtering to focus on a source from a given target 

direction. With binaural hearing the release from masking by spatial separation of 

target and interferer can be up to 10 dB, and in multi-talker situations the spatial 

configuration of the sources has more of an impact on intelligibility than number of 

talkers [9]. While some of the frequency dependent spatial cues are lost to hearing 

impaired listeners, the time and level difference information is still present and is 

actively exploited to improve listening in noise. 

In current two-ear hearing aid systems the hearing aids work independently as 

monaural devices in a bilateral configuration. Future hearing aids will include an 

interaural wireless link, enabling the shift from bilateral to true binaural hearing aid 

systems [15]. This shift will require the development of speech enhancement systems 

that take binaural factors into account. While some multi-channel speech enhance-

ment algorithms exist, most are not designed specifically to take advantage of, or 

even preserve, binaural information. Applying existing monaural or multi-channel al-

gorithms in a binaural situation has the potential to impair binaural hearing-in-noise 

strategies. Distortion of time and level difference cues by bilateral hearing aids has 

been shown to reduce the localization ability of hearing impaired users [16], poten-

tially further reducing intelligibility. True binaural systems open up the possibility 

of greater spatial awareness in a noise reduction system. This could lead to higher 

noise reduction, better preservation of speech content and the ability to distinguish 
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between a target and a nearby talker. Binaural algorithms could also be developed to 

mimic or enhance the binaural processing performed by the human auditory system. 

1.2 Thesis Statement and Objectives 

While current hearing aids offer intelligibility improvements in some environments, 

in complex noisy situations, where the potential benefit to users is the greatest, the 

potential is largely unrealized. Feedback control and noise reduction performance 

have been identified as two performance bottlenecks. Hearing aids have recently 

made the shift from analog to digital devices, which has enabled the introduction 

of digital signal processing algorithms for feedback and noise control; however, the 

traditional speech processing algorithms employed are largely designed for telephony 

applications and the assumptions invoked in their development do not reflect the 

reality of current and future hearing aids. This thesis aims to improve the state of 

the art of speech enhancement for hearing aids by developing algorithms that take 

into account the challenges faced in real environments. Specifically, the algorithms 

will address the following issues identified in the previous section: 

Wideband speech and noise: Multi-band compression in hearing aids has in-

creased the frequency content of the signal that can be comfortably presented 

to hearing aid users. While the increased signal content has the potential to 

improve intelligibility, the varied spectral content poses problems for speech 

enhancement and feedback reduction algorithms designed for telephone band-

width. 

Non-stationarity: As with signal frequency variability, time variability also de-

grades the performance of existing speech enhancement algorithms which are 
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commonly designed for stationary noise and long term speech statistics. Fluctu-

ating noises and non-stationary acoustic enclosures also degrade the convergence 

speed and overall performance of feedback compensation algorithms. Poor per-

formance with non-stationary signals is especially problematic in hearing aid 

applications, as the effects of hearing impairment on intelligibility are increased 

when the noise source is fluctuating. 

Time/frequency resolution: Model fitting in speech enhancement algorithms re-

sults in a trade-off between time and frequency resolution. The large models 

required for good frequency performance require large amounts of data to ac-

curately estimate, degrading performance when the signal statistics or acoustic 

environment are non-stationary. 

Residual noise character: Among single channel noise reduction algorithms 

transform-domain statistical estimation algorithms offer good noise reduction 

but un-natural sounding noise; while model-based approaches offer natural 

sounding noise, but noise reduction can be limited. To achieve intelligibility 

improvements, hearing aid noise reduction algorithms must produce a speech 

output with low-level but natural sounding residual noise. 

To address these issues and improve hearing aid performance in the complex en-

vironments experienced in practice, this thesis will combine transform domain and 

model-based speech enhancement techniques to exploit the advantages of both types 

of processing. This approach is depicted in Fig. 1.2. Applying a frequency transform 

will allow the developed algorithms to account for the frequency dependent speech and 

noise characteristics by tailoring the processing strategy based on the characteristics 

of the signal content in each transform bin. Incorporating model-based approaches 

can account for the fluctuations and changing statistics of wideband speech and noise 
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Figure 1.2: Application of model-based speech enhancement algorithms in transform do-
mains. 

signals, enabling the developed algorithms to separate the desired signal from the 

noise, even when the signals overlap in frequency. Applying models in transform 

domains rather than the time domain may also improve model parameter estima-

tion, as the transform domain models can be smaller, requiring fewer parameters to 

be estimated. The parameters of the model in each transform bin can be adjusted 

independently, offering additional degrees of freedom to handle the time/frequency 

resolution trade-off. In some cases the transform domain and dynamic model com-

binations have not been explored because they lead to statistical estimators that are 

intractable in closed-form; in this thesis new algorithm paradigms, such as the parti-

cle filter framework, will be explored to enable the use of new information and more 

sophisticated models of speech and noise to improve performance. 



1.3 Thesis Contributions 
12 

The primary contributions of this thesis are outlined as follows: 

Subband acoustic feedback compensation: Acoustic feedback compensation in 

hearing aids is typically performed on the fullband signal, before the subband 

decomposition used for noise and gain compensation. The use of a subband 

structure is investigated for modeling wideband acoustic feedback paths in con-

tinuous and non-continuous adaptation feedback compensation systems. It is 

demonstrated that, compared to traditional fullband structures, the flexibil-

ity offered by the frequency division allows subband systems to offer faster 

and more stable convergence and better feedback path tracking when presented 

with wideband speech signals and changing acoustic environments. Robustness 

is also improved, as divergence caused by feedback path changes or input signal 

correlation is confined to individual frequency bands. This work is presented in 

Chapter 4 and is published in part in: 

[17] B. Laska, R. Goubran, and M. Bolic, "Improved proportionate subband NLMS 

for acoustic echo cancellation in changing environments," IEEE Sig. Process. 

Letters, vol. 15, pp. 337 - 340, 2008. 

[18] B. Laska, M. Bolic, and R. Goubran, "Subband adaptive filtering for acoustic 

feedback compensation in hearing aids," Canadian Acoustics, vol. 37, pp. 134 -

135, Sept. 2009. 

D C T R B P F speech enhancement: A subband version of the Rao-Blackwellized 

particle filter speech enhancement algorithm is proposed and evaluated. The use 

of a model-based statistically motivated algorithm that takes the noise distri-

bution into account addresses the issue of changing speech and noise statistics; 
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while the subband decomposition enables the algorithm to better enhance wide-

band speech. The limitations of fullband and subband RBPF algorithms are 

investigated and it is shown that the subband decomposition enables improved 

modeling of a wideband speech signal, and that the best-case and real-world 

performance of the proposed subband algorithm are significantly better than 

the equivalent fullband system. A hybrid particle/Wiener filter is also pro-

posed that takes advantage of the fact that wideband speech characteristics are 

non-uniform across frequency. They hybrid system offers significantly reduced 

complexity with a modest reduction in performance. This work is presented in 

Chapter 5 and has been published in part in: 

[19] B. Laska, R. Goubran, and M. Bolic, "Subband autoregressive modelling for 

speech enhancement," Canadian Acoustics, vol. 37, pp. 62 - 63, Sept. 2009. 

(CAA 2009 student presentation award winner). 

[20] B. Laska, M. Bolic, and R. A. Goubran, "Discrete cosine transform particle filter 

speech enhancement." Manuscript accepted for publication in Elsevier Speech 

Communication, April 2010. 

Spectral amplitude particle filter speech enhancement: A novel particle fil-

ter algorithm is proposed for short-time spectral amplitude (STSA) speech 

enhancement. In order to facilitate closed-form solutions, traditional STSA 

enhancement algorithms assume independence of successive speech frames and 

rely on static statistical modeling of the spectral amplitudes. The particle filter 

framework allows the use of dynamic models of spectral amplitude evolution 

which account for speech signal correlation, reducing speech distortion in fluc-

tuating noise environments. A basic algorithm framework is developed, and 

two algorithm variants are presented: the first incorporates phase information 
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to improve the spectral amplitude estimates; the second uses an interacting 

multiple model approach to account for speech presence uncertainty. This work 

is presented in Chapter 6 and has been published in: 

[21] B. Laska, M. Bolic, and R. A. Goubran, "Particle filter enhancement of speech 

spectral amplitudes." To appear in IEEE. Trans. Audio Speech Lang. Process., 

vol. 18, Aug. 2010. 

Binaural speech enhancement: The proposed STSA particle filter algorithm is 

extended to the binaural case using a binaural Wiener filter based signal and 

noise parameter estimator. The estimator assumes a frontal or near-frontal 

target and diffuse noise, it exploits knowledge of the diffuse noise field interaural 

coherence to estimate the left and right channel clean speech and noise power 

spectra. The left and right channel spectral gains from the particle filters are 

combined to produce a system with a binaural output that preserves interaural 

time and level differences. The system does not require external noise estimation 

or voice activity detection and is able to effectively attenuate even fluctuating 

noise sources with a diffuse character. This work is presented in Chapter 7 and 

has been published in part in: 

[22] B. Laska, M. Bolic, and R. A. Goubran, "Coherence-assisted Wiener filter bin-

aural speech enhancement." To appear in Proc. IEEE I2MTC., (Austin, TX, 

USA), May 2010. 



1.4 Organization 

This thesis is organized into eight Chapters. Chapter 2 presents a review of relevant 

speech processing background. The hearing aid noise reduction and feedback cancel-

lation problems are outlined and solution approaches from literature are discussed. 

Chapter 3 describes the experimental setup used to conduct the simulations, and 

the performance measures that are used to evaluate the presented algorithms. The 

thesis contributions are described in Chapters 4 - 7 . Chapter 4 proposes a subband 

adaptive filtering structure to address the issues of convergence speed and robustness 

of feedback cancellation systems. Chapter 5 presents a particle filter algorithm for 

enhancement of speech DCT coefficients that reduces complexity and improves per-

formance over the fullband algorithm from which it is derived. Chapter 6 presents 

a dynamic model-based approach to spectral amplitude speech enhancement that 

uses the particle filter framework to account for the non-Gaussian statistics and time 

correlation observed in speech spectral amplitudes. Chapter 7 extends the spectral 

amplitude particle filter to the binaural case, exploiting the spatial coherence of sound 

sources to obtain instantaneous estimates of the required speech and noise param-

eters. Chapter 8 summarizes the conclusions of the previous Chapters and offers 

suggestions for future extensions to the work presented in this thesis. 



Chapter 2 

Background 

2.1 Speech Enhancement for Hearing Aids 

Fig. 2.1 presents a simplified block diagram of a modern digital hearing aid. The 

movement from analog to digital signal processing, combined with the increasing 

speed a decreasing power consumption of processors has enabled rapid improvements 

in hearing aid technology [23]. Rather than providing simple amplification, the de-

vice performs multi-band amplification including dynamic range compression to com-

pensate for the "recruitment phenomenon" associated with sensorineaural hearing 

loss [15]. The recruitment phenomenon results in the perceived loudness curve of a 

hearing impaired listener not being a linear shift of a normal listener. While soft 

sounds may sound attenuated or even fall below the impaired listener's perception 

threshold, loud sounds are perceived at the same volume as a normal hearing lis-

tener. Simple amplification without considering the recruitment phenomenon can 

lead to loud sounds being pushed above the uncomfortable level. The use of digital 

hearing aids also enables sophisticated noise processing algorithms and more robust 

identification and compensation of feedback. Furthemore, signal and environment 

classification and control logic can be to determine appropriate settings and modes of 

16 
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Figure 2.1: Simplified block diagram of hearing aid, after [23]. 

operation; for example a user listening to music would wish to have noise reduction 

disabled to prevent any possible distortion. 

2.2 Feedback Control 

Acoustic feedback occurs in hearing aids when the amplified sound signal played out 

to the user is coupled back to the input microphones. Feedback could be prevented 

by completely blocking the ear canal, but this would lead to the occlusion effect, 

which is when a users own voice sounds hollow and echoed due to amplification of 

low frequency speech components within the blocked ear canal. A vent is included 

in the ear-mold to reduce the occlusion effect and also to prevent moisture buildup. 

Larger vent sizes are desirable as they provide a more natural listening environment 

for the user, however they also increase the level of feedback. 

The feedback problem is illustrated in Fig. 2.2, where G(z) represents the signal 

processing performed by the hearing aid, H(z) is the feedback path s[n] is the input 

signal which is mixed with the feedback signal d[n] and the measurement noise v[n] 

to give the measurement signal y[n] and x[n] is the amplified signal sent to the user. 
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In the absence of measurement noise, feedback creates a closed loop system with the 

transfer function: 

X(z) = Y(z)G{z) + X(z)H(z)G(z) 

X(z) G(z) 

(2 .1 ) 

(2.2) 
Y(z) 1 - H(z)G(z) 

If \H(z)G(z)\ > 1, the system has a positive feedback loop and can become unstable. 

In practice the gain limiting of the hearing aid prevents complete instability but leads 

to oscillations at the unstable frequencies. These oscillations manifest as annoying 

"whistling" or "howling" sounds and are very disturbing to the user. Low levels of 

feedback appear as reverberation and can still cause audible distortion and reduction 

of speech intelligibility, as the reverberation masks the incoming speech. Next to 

performance in noisy situations, feedback performance is the most common complaint 

among hearing aid users, with almost 1/3 of users reporting dissatisfaction [4], 

The simplest method to prevent feedback is to limit the gain of the hearing aid 

so that the closed-loop gain is less than unity and positive feedback is prevented. 

This method is obviously undesirable as limiting the gain limits the utility of the 

device and changing feedback paths can render a previously stable gain unstable. 

One approach that is used in practice is to use adaptive notch filters to attenuate 

the oscillating frequencies when feedback occurs [15]. While effective this approach 

has several drawbacks: first while the notches can be narrow, the filtering invariably 

introduces some signal distortion; second the approach is reactive, the notch filters 

are only applied when oscillation is detected, so there is a still a period of feedback 

while the oscillatory frequencies are determined. 

The most desirable method for feedback control is direct compensation of the 

feedback signal. If the feedback path is known, a replica of the feedback signal can 
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be created and subtracted from the microphone signal, enabling arbitrary gain in the 

hearing aid without signal distortion. The difficulty with this approach is obtaining an 

accurate model of the feedback path. Since the feedback path changes with movement 

of the hearing aid within the ear, and with the presence of reflecting surfaces around 

the ear, such as hands, telephones and hats; static modeling is insufficient so dynamic 

modeling of the feedback path with an adaptive filter is required. 

2.2.1 Adaptive System Identification 

A length-N adaptive filter w[n] attempts to model a linear, length L, finite impulse 

response plant h by filtering the input vector x[n] to create an estimate of the plant 

output, and adjusting the tap weights of w[n] to minimize the error e[n] between the 

that estimate and the measured plant output. In the absence of measurement noise: 

e[n] = d[n] — d[n] 

= (h - w[n])Tx[n] 

(2.3) 

(2.4) 

If L = N it is possible for w[n] = h, resulting in perfect modeling of the plant. In 



practice L is typically larger than N and measurement noise always corrupts the error 

signal. It can be shown [7] that the linear filter which minimizes the mean-square 

error (MSE), between the output and the desired signal, E{|d[n] — d[n]|2} = E{e2[n]}, 

is given by: 

w ̂  = R~^rxd (2.5) 

where Rxx. = E{x[n]xH[n]} is the correlation matrix of the input signal, and rxd = 

E{x[ra]d*[n]} is the cross-correlation between the input and the desired signal. The 

solution in (2.5) is known as the Wiener solution. A number of algorithms have been 

derived to adapt the modeling filter coefficients online so that the tap weight vector 

converges to the Wiener solution, and there is generally a tradeoff between algorithm 

complexity and speed of convergence. In practice the plant h[n] is time varying; 

acoustic paths can change rapidly in response to movements of the reflecting surfaces 

surrounding the speaker and microphone, so the adaptive algorithm must also be able 

to provide fast tracking of plant changes. 

The normalized least-mean square (NLMS) algorithm, belongs to the family of 

stochastic gradient algorithms that minimize the expected value of the instantaneous 

squared error. The NLMS tap weight update equation is given by 

w[n + 1] = w[n] + / V M x V ] + * X W e > ] ( 2"6 ) 

where jj, G [0,2] is a parameter which controls the size of the "step" taken by the 

weight vector at each iteration. The convergence time, stability, and steady state 

error are dependent on the step-size parameter. Larger values of /i lead to faster 

convergence but, due to the noisy nature of the gradient estimate, larger steady-

state error. Also, since the tap weight vector affects the output error, which in turn 
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controls the adaptation, there is feedback in the adaptation process, so the algo-

rithm can become unstable if /x is too large. A small /i effectively lowpass filters the 

fluctuations in the gradient estimate, keeping the algorithm stable and yielding less 

steady-state error, but slower convergence. In the absence of near-end disturbances, 

the NLMS-adapted coefficient vector w[n] converges to the Wiener solution hopl in 

the mean-square sense. The NLMS algorithm is one of the most frequently used 

adaptive filtering algorithm for acoustic echo cancellation due to its robustness, ease 

of implementation, and low complexity. 

The NLMS algorithm does not make any assumptions about the nature of the 

system being modeled, making it a suitable, but not necessarily the most efficient, 

algorithm for all types of system identification problems. By using individual step-

sizes that are chosen adaptively, the shape of the echo path can be exploited without 

a-priori knowledge of the characteristics of the acoustic environment. An example 

of an individual step-size algorithm that adaptively modifies the step-sizes is the 

Improved Proportionate NLMS (IPNLMS) algorithm [24], In IPNLMS the available 

adaptation gain is distributed in proportion to the tap energy. This is achieved 

by using a time-varying N x N step-size matrix with diagonal elements that are 

proportional to the absolute value of the corresponding adaptive filter tap weight. A 

fixed element is added to the step-size matrix to smooth the energy distribution and 

thereby improve the initial convergence when the coefficient estimate is not accurate. 

The tap weight update for IPNLMS is given by: 

w[n + 1] = w[n] + /i H l ffiwL xe*[n] (2.7) xH[n]A[n]x.[n] + S 
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Figure 2.3: Feedback compensation using an adaptive filter, 

where A[n] is a diagonal step-size matrix with elements: 

r i 1 — OL . Iwjnll , „T . 
W = - w - + (1 + ° ) 2 | | , H | | l + e- (2.8) 

and a is a parameter that controls the ratio of fixed to proportionate step-size. For 

a = — 1 the algorithm reduces to standard NLMS, and for a = 1 the tap weight 

allocation is completely proportionate. According to [24], good choices of a are 0 or 

-0.5, and a value of a = —0.5 is used for the simulations in this work. 

2.2.2 Adaptive Feedback Compensation 

A block diagram of an adaptive feedback cancellation system is presented in Fig. 2.3. 

Feedback modeling schemes can apply either continuous or non-continuous adapta-

tion. In non-continuous adaptation schemes the feedback signal is monitored to detect 

oscillations or a changes in the feedback path. Periodically, or when a change is de-

tected the hearing aid processing is halted, a white noise sequence p[n] is injected into 
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x[n] and the feedback path is identified using an adaptive filter [25]. The adaptive fil-

ter contains a linear estimate of the feedback path and can therefore not compensate 

for any non-linear feedback component introduced due to loudspeaker or microphone 

distortion. Despite accounting only for the linear contribution, this system offers good 

performance in quiet, but the system identification ability degrades in the presence 

of a competing signal, such as incoming speech. 

Continuous adaptation schemes do not halt the signal processing to perform the 

adaptation, instead the system adapts using the speech signal presented to the user as 

a probe signal. Unfortunately, standard adaptive filtering algorithms perform poorly 

in continuous adaptation hearing aid feedback situations. Least mean square (LMS) 

filter adaptation is driven by the error signal, therefore frequency regions where the 

error signal is strong will receive the most adaptation energy reducing the power of 

the output signal in those regions. When speech is used as the input to an LMS-

based hearing aid adaptive feedback canceler the microphone and feedback signals 

are correlated and the error signal contains the desired input signal. When the filter 

adapts, using the feedback signal, to reduce the error power, it partially cancels 

and distorts the desired input signal. Rather than modeling the feedback path, the 

adaptive filter acts as a prediction error filter and removes the correlated part of the 

input signal. As shown in eg. [26], under LMS adaptation the filter aims to minimize 

the error signal: 

e[n] = y[n] — w[n]Tx[n] 

= d[n] — w[n]Tx[n] +s[n] 

(2.9) 

(2.10) 

the first term corresponds to the feedback signal and is the part of the error signal 

we wish to drive to zero, however it is corrupted by the incoming desired signal s[n], 
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so the filter will converge towards the biased Wiener solution: 

•XX A XS 

(2.11) 

(2.12) 

The bias term rxs = E{x[n].s[n]} is due to the correlation between the feedback 

signal and the incoming desired speech, which acts as a correlated disturbance signal. 

If the input signal is white, its auto-correlation is approximately zero for nonzero lags. 

Removing the auto-correlation of the input signal also removes the cross-correlation 

between the input and feedback signals, since the feedback signal is a delayed and 

scaled version of the input. In this case rxs = 0 and the adaptive filter can safely 

converge to an unbiased estimate of the feedback path, without distorting the input 

signal. 

Several methods have been proposed to reduce the (linear) correlation between 

the desired input and the feedback signals, including performing non-linear processing 

in the signal path and adding de-correlating noise. The problem with both of these 

approaches is that the non-linear distortion or added noise levels required to de-

correlate the speech and feedback signals results in severe degradation of the desired 

signal [6]. Since speech signal auto-correlation reduces with increasing lag, a simple 

but effective method is to add a delay to the signal processing path. This approach 

has been shown to improve convergence and reduce desired signal cancellation [26]. 

This approach does not achieve complete correlation as the delay must be limited 

to prevent comb filtering effects that occur when the delayed signal is added to the 

direct-path signal bypassing the hearing aid [6]. 
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2.3 Noise Reduction 

In order to remove noise from a speech signal, the speech and noise must be dis-

tinguishable in some way. Various combinations of time, frequency and statistical 

properties of speech and noise signals can be exploited to differentiate the signals. In 

the time domain speech is spontaneous and discontinuous with many pauses of vary-

ing length while many noise sources have a more continuous power envelope. Many 

noises also have different frequency content than speech or the time-frequency varia-

tions of the noise signal are different from speech. Speech and noise signals may also 

exhibit different time-correlation properties, frequently noise is considered random 

and non-predictable. 

The most commonly exploited information is the time-frequency content of the 

signals, motivated by the frequency-domain transformation performed by the cochlea 

in the inner-ear. In speech enhancement applications the frequency division is gen-

erally achieved using fast Fourier transform (FFT) techniques to implement the 

discrete Fourier transform (DFT) . To account for time variations of the signal and to 

allow for real-time processing, the DFT is computed in overlapping windowed frames, 

where the frame length is sufficiently short that the speech can be considered statis-

tically stationary for the frame duration. This short-time Fourier transform (STFT) 

approach gives a time-frequency division of the input signal. The iV-point STFT of 

a signal x at time n windowed with a function w is computed as: 

n 

Xn(k)= - (2.13) 
t=n—N 

Simple speech enhancement approaches work in the STFT domain by attenuating 

frequency bins with low SNRs, leaving bins with high SNRs unmodified. Fig. 2.4 

presents a block diagram of a STFT speech enhancement system. The clean speech 
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v[n] 

Figure 2.4: Block diagram of STFT speech enhancement. 

signal x[n] is mixed with additive measurement noise v[n] to give the measurement 

signal z[n]. The noisy signal is enhanced in the transform domain using an estimate 

of the noise spectrum and the clean signal estimate is reconstructed from the inverse 

transformed frames using overlap-add (OLA) synthesis. STFT-based enhancement 

approaches exploit the fact that additive statistically independent noise in the time-

domain remains additive statistically independent noise in the frequency domain; and 

while speech and noise overlap in time, they may not overlap in all time-frequency 

bins. STFT speech enhancement algorithms are commonly used because they of-

fer consistently high noise attenuation and the availability of the FFT makes them 

computationally cheap to implement. 

2.3.1 Spectral Subtraction 

Spectral subtraction [11] is one of the earliest speech enhancement algorithms; it is 

also one of the simplest, both conceptually and computationally. Spectral subtraction 

attempts to recover the clean signal by subtracting an estimate of the noise signal in 
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the short-time Fourier transform domain: 

z\p\ = x [n] + v[n] 

Z(k) = X(k) + V(k) 

\Z(k)\2 = \X(k) + V(k)\2 

= \X{k)\2 + \V(k)\2 + 2\X{k)\\V(k)\cos{ZX(k) - ZV(k)) 

If the signal and noise are in phase, then c o s ( Z X ( k ) — ZV(k)) = 1 and 

\Z(k)\2 = (\X(k)\ + \V(k)\)2 (2.18) 

\Z(k)\ = \X(k)\ + \V(k)\. (2.19) 

If instead the speech and noise signal are out of phase, then c o s ( Z X ( k ) — ZV(k)) = 0 

and 

\Z(k)\2 = \X(k)f + \V(k)\2. (2.20) 

In the first case, the clean signal magnitude can be recovered by subtracting an esti-

mate of the noisy signal magnitude |V"(A;)|. In the second case the clean signal power 

spectrum can be recovered by subtracting an estimate of the noise power \V(k)\2. 

These two approaches are known as magnitude and power spectral subtraction re-

spectively. Since the subtraction can produce negative spectral components, half-wave 

rectification is used to ensure a valid spectrum. 

Spectral subtraction is appealing because it is both conceptually and computa-

tionally simple, as it requires only a subtraction, and because it can offer high levels 

of noise reduction. However, the performance of spectral subtraction relies heavily 

(2.14) 

(2.15) 

(2.16) 

(2.17) 



upon the accuracy of the noise estimate, \V(k)\. The original implementation in [11] 

used a voice activity detector (VAD) to estimate the noise spectrum during speech 

pauses, invoking the assumption of quasi-stationary, slowly varying noise. Since the 

noise estimate is a smoothed average, there will generally be a mis-match between it 

and the true spectrum. In addition, ignoring the cross terms in (2.17) will introduce 

additional error even if the noise magnitude estimate is exact. This leads to under or 

over-subtraction of the noise resulting in speech distortion or residual noise. 

The main drawback of the spectral subtraction algorithm is the nature of the 

residual noise. In time-frequency regions where the noisy signal spectral amplitude 

is close to the estimated noise amplitude, successive over and under-estimation of 

the true noise spectrum leads to fluctuating, narrowband residual noise components 

in the enhanced speech known as musical noise or musical tones. Musical noise is 

problematic because it occurs in time-frequency regions where speech energy is low, 

so it is not masked, and its un-natural quality makes it disturbing to listeners, so 

that the original noisy speech is often preferable to enhanced speech with musical 

noise [27]. 

In [28] a number of modifications are proposed to reduce the level of musical noise 

introduced by the basic spectral subtraction algorithm. An over-estimate of the noise 

is used to attenuate the spurious spectral peaks that lead to musical noise, and a spec-

tral floor was introduced to mask any residual peaks. A generalized exponent is also 

considered to complement the magnitude and power spectral subtraction algorithms. 

These modifications combined give the generalized spectral subtraction estimate of 

the clean speech FFT coefficient as: 

X(k) = max[(|Z(A;)|7 - a\V(k)\^ejZZW, P\Z(k)\] (2.21) 
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where a is the over-subtraction factor, which is generally SNR dependent, and (3 is 

the spectral floor, which is commonly frequency dependent. Due to the variance of 

the noise magnitude about its mean value, a has to be large to fully prevent the 

musical noise phenomenon; values of 3 to 6 are used in [28], corresponding to over-

subtraction of up to 8 dB for power subtraction. However, this same noise spectral 

variance means that when the instantaneous noise spectrum is below its expected 

value, the desired speech will be severely distorted and low energy speech can be 

removed completely. The over-subtraction factor a can therefore be used to trade-

off between speech distortion, musical noise artifacts and residual noise level; and 

different algorithms have been proposed to control the over-subtraction and spectral 

floor parameters to control this trade-off. Despite these attempts, while spectral 

subtraction can reduce the perceptual impact of noise, the modifications required to 

prevent musical noise result in a processed speech signal which does not improve and 

can actually reduce intelligibility compared to unprocessed speech [27]. 

Spectral subtraction algorithms only enhance the speech magnitude or power spec-

trum, the noisy signal phase spectrum is used to reconstruct the clean signal phase. 

This is often justified by noting that improving the phase estimate has a relatively 

small impact on overall SNR speech quality compared to improving the magnitude 

spectrum estimate [29], and that the perceptual impact of phase distortion is lower 

than magnitude distortion [30]. However, the presence of cross-terms in (2.17) means 

that a perfect estimate of the clean signal spectrum cannot be obtained by subtract-

ing the noise spectrum from the noisy signal spectrum, even if a perfect estimate of 

the noise spectrum is available. 
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2.3.2 Statistical Model Speech Enhancement 

Spectral subtraction can be viewed as a deterministic speech enhancement approach. 

It does not consider statistical fluctuations in the noise magnitude, but rather it as-

sumes that the noise estimate is exact and can be used to directly compensate for 

a measurement bias in the noisy speech. A different approach is taken by statisti-

cal model speech enhancement algorithms, which treat the speech signal and noise 

as random processes and formulate estimators for the clean signal by minimizing a 

statistical distortion measure. 

While spectral subtraction works with the single frame (periodogram) estimate 

of the speech spectrum, statistical model approaches use smoothed estimates of the 

speech and noise spectra, A x(k) = E{|A(A;)|2}, and A v(k) = E{|V(A;)|2}. Using 

expectations rather than direct measurements of the quantities of interest results 

in lower variance estimates of the enhanced signal, helping to reduce musical noise. 

While the signals are not stationary, they are assumed to be short-time stationary, 

and estimation of the required expectations is a trade-off between tracking the time-

varying characteristics and obtaining low-variance estimates. 

Using expectations rather than individual measurements means that rather than 

assuming geometric orthogonality of the clean speech and noise signals in a given 

frame, statistical approaches assume statistical orthogonality - independence - of the 

speech and noise signals: 

E {Z{kf} = E{X(A;) + V(k)2} (2.22) 

(2.23) 

(2.24) E{X(£;)2} + E{y(£;)} 2 
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STFT enhancement algorithms are most commonly expressed in terms of the a-

priori and a-posteriori SNRs defined as: 

«*>- m <2-25> 

- w <2-26> 

While '-/(k) can be computed directly, £,(k) requires knowledge of the clean signal. 

Wiener Filter 

A common choice for a statistical distortion function is the mean-squared error (MSE) 

between the true clean signal (in the time or frequency domain) and its estimated 

value: 

E(k) = E{(X(k) -X{k))2} (2.27) 

Wiener filters provide the a linear estimator of the clean signal complex DFT 

coefficient: 

X(k) = H(k)Z{k) (2.28) 

that minimizes the MSE cost function: 

J(H) = E{(X(fc) - H(k)Z(k))2} (2.29) 

J(H) = E{X2(£;)} - \H{k)\2E{Z2(k)} - H*(k)E{X(k)Z*{k)} - H{k)E{X*(k)Z(k)} 

(2.30) 

= Xx{k) - \H(k)\2(Xx(k) + \v(k)) - (H*(k) + H(k))Xx(k) (2.31) 

taking the derivative with respect to H(k) and setting it to zero gives the Wiener 
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estimator: 

*<*> = W f k o D (2'32> 
Alternatively, in terms of the a-priori SNR: 

H(k) = (2.33) 

If the real and imaginary parts of the speech and noise DFT coefficients are assumed 

to be independent and jointly Gaussian, the MSE optimal linear estimate provided 

by the Wiener filter is the minimum MSE (MMSE) estimator among all linear or 

non-linear estimators. If the statistical constraints are not met, the Wiener filter 

still provides the MSE optimal linear estimate, but there may be better performing 

non-linear estimators. 

In [31] it is shown that if the maximum likelihood estimate of the a-priori SNR, 

given as: 
\Z(k)\* - \v(k) 

iM L{k) = ^ (2.34) 

is used in the Wiener filter expression (2.33), then gain function used to estimate the 

clean signal: 

Hn(k) = | Z " ( * f ^ ^ (2-35) 

is the square of the power spectral subtraction gain function. The Wiener gain func-

tion therefore offers more attenuation for a given SNR than power spectral subtraction 

and also risks introducing more speech distortion if the SNR estimate is inaccurate. 

In [32] a speech enhancement algorithm using Wiener filtering in the discrete cosine 

transform (DCT) domain was proposed and evaluated. The Wiener filter expressions 

in the DCT domain are the same as those in the DFT domain. In [32] it is argued that 

the DCT is well suited to speech processing as it provides better de-correlation and 



energy compaction of speech than the DFT, validating the assumption that individual 

bands are independent and can be enhanced separately, while DCT transformed noise 

is approximately white in each band, simplifying its removal. Furthermore, as the 

DCT is a real transform the estimation error incurred by using the phase from the 

noisy signal coefficients will be lower for DCT-domain estimation than DFT-domain. 

The results presented in [32] show the DCT Wiener filter providing comparable SNR 

performance to the non-linear DFT spectral amplitude estimator described in section 

2.3.2. 

MMSE-STSA 

Under the Gaussian assumptions, the Wiener filter is the optimal estimator of the 

complex DFT coefficients. However, since spectral amplitude plays a dominant role 

in determining the perceived quality of the enhanced speech, in [12] an MMSE short-

time spectral amplitude (MMSE-STSA) estimator is derived. A shortened version of 

the derivation will be presented here, as the steps in the derivation and the role and 

effects of the assumed statistical model will be relevant for later discussions. 

To facilitate the derivation, the following assumptions are made in [12]: 

• The speech DFT coefficients are statistically independent. This permits each 

spectral amplitude to be estimated individually. 

• The real and imaginary components of the speech and noise DFT coefficients 

are independent zero-mean Gaussian distributed random variables with time-

varying variances. 

Let An(k) = |Xn(A;)| be a shorthand notation treating the spectral amplitude as 

a random variable, and let a& be a realization of An (k). The MMSE-STSA treats 

STFT enhancement as a Bayesian estimation problem, so the estimate is the mean 
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(expectation) of the posterior probability density function (PDF) p(An(k)\Zn(k)), 

which can be expressed using Bayes rule as: 

( ,36) 

J0 p{Zn{k)\ak)p(ak)dak 

expanding the expectation in terms of the amplitude An(k) and the phase 6X: 

\Xn(k)\=E{An(k)\Zn(k)} (2.37) 

_ /0°°akp(Zn(k)\ak)p(ak)dak 

f0°° p(Zn(k)\ak)p(ak)dak 

f0- C akP(Zn(k)\ak, 9x)p(ak, 9x)d9xdak 

} (2-38) 

(2.39) 
fo°° Jo*P(Z™(k)\ak> Qx)p{ak, 6x)d9xdak 

The terms in the expectation can be determined using the assumed Gaussian statis-

tical model, and the integrals can be solved in closed form using the Gamma func-

tion T(-) and the confluent hypergeometric function $(a, b] c) giving the non-linear 

MMSE-STSA estimate: 

\Xn(k)\ = V ^ r ( 1 . 5 ) $ ( - 0 . 5 , 1 ; -vn(k)) (2.40) 

where 

^ TT§) -=iHrw (2-42) 
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The expression in (2.40) is commonly re-written as a gain function to facilitate com-

parisons with the Wiener, spectral subtraction and other gain functions. In this form: 

where 70(-) and Ii(-) are the zeroth and first order modified Bessel functions of the 

first kind. 

Log-MMSE STSA 

In [33] another STSA estimator is derived that minimizes the MSE between the log-

spectra of the clean and enhanced signals, on the grounds that differences in the log 

spectrum are more perceptually relevant for human listeners. Using the same Gaus-

sian and independence assumptions as the standard MMSE-STSA, the log-MMSE 

STSA estimate can be shown to be: 

The log-MMSE STSA gain function provides more attenuation than the MMSE-STSA 

for the same values of £ and 7, providing more noise attenuation if the SNR estimates 

are accurate. 

SNR Estimation 

The work in [12] also introduced a recursive estimator for a-priori SNR, known as the 

"decision-directed" approach. The maximum likelihood (ML) SNR estimate (2.34) is 

based on the periodogram estimate of Xn(k), and is therefore a high variance estimate, 

Xn(k) = [(1 + vk)Io(y) + )] Yn(k) (2.43) 2 7 ( fc ) 

Xn(k) = exp(E{log An(k)\Yn(k)}) (2.44) 

(2.45) 
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making the enhanced signal susceptible to musical noise. To compensate for this the 

decision-directed approach creates a smoothed SNR estimate by convexly combining 

the ML estimate with an estimate obtained from the enhanced signal in the previous 

frame: 

£„(*) = + ( ! - « ) max [7b(A:) - 1, 0] (2.46) 
A v{k) 

The max function in the second term is a half-wave rectification to ensure £n(k) 

remains positive, as with spectral subtraction a spectral floor could be used instead. 

The weighting factor a determines the relative weight of the two terms, and acts as 

a recursive smoothing parameter. In [12] a value of a = 0.98 is suggested, offering a 

high degree of smoothing. It is important to note that although the MMSE-STSA and 

log-MMSE-STSA estimators were derived assuming independence of successive speech 

frames; the decision-directed estimator uses the enhanced signal from the previous 

frame to estimate the SNR in the current frame, thereby assuming a dependence 

between the two. 

The MMSE and log-MMSE STSA estimators both offer good noise reduction 

performance without suffering from the musical noise phenomenon present in spectral 

subtraction. In [8] it was shown that the suppression of musical noise is the result of 

several factors, with the dominant factor being the smoothed SNR estimate provided 

by the decision-directed estimator. At low SNRs, the decision-directed a-priori SNR 

estimate is a highly smoothed version of the ML estimate. In contrast, at high SNRs 

there is little attenuation, so Xn(k) « Zn(k) and £n-i(k) ~ 7 n ( k ) , so the decision-

directed estimate tracks the ML estimate. The smoothing parameter a in (2.46) 

controls the smoothing at low SNRs. A value close to 1 is desired to provide a smooth 

SNR estimate, however this can also lead to over-attenuation of the desired signal, 
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especially during abrupt changes such as speech onsets. Another factor contributing 

to musical noise reduction is SNR flooring. The original MMSE-STSA restricted 

the range of the a-priori and a-posteriori SNRs to -15 -15 dB; this is equivalent to 

spectral flooring in spectral subtraction, where the floor is a function of the noisy 

signal magnitude. The musical noise suppression capability of the decision-directed 

estimator has been exploited by other algorithms, such as the DCT Wiener filter 

By recursively smoothing the SNR estimate the decision-directed estimator implic-

itly assumes an inter-frame correlation, however the smoothing is done heuristically 

and the choice of a is made through experimentation to optimize trade-off between 

musical noise and smoothing of speech onsets and low energy segments. In [34] an at-

tempt is made to explicitly recognize inter-frame correlation and replace the heuristic 

choice of a with a statistically motivated one. 

In [34] a Gaussian model is used to derive an expression for the conditional variance 

of the spectral power Xx(k), given the set of measurements. The conditional variance 

is assumed to be time-varying and is estimated using propagate and update steps, 

analogous to Kalman filtering. The a-priori SNR estimate is obtained by dividing 

the conditional variance estimate by the noise power estimate. The SNR estimate is 

given by: 

where (3 is a parameter related to the stationarity of the spectral power process: a large 

value of (3 indicates a non-stationary process, and a low inter-frame correlation, while 

in [32], 

,min (2.47) 

(2.48) 
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a small value indicates a stationary process. Results in [34] show that the predict-

update approach can track changes in the SNR faster than the decision-directed 

estimator, but this did not lead to any improvement in SNR or log spectral distortion 

scores. 

Estimators with Non-Gaussian Speech Priors 

The choice of a Gaussian distribution for speech and noise DFT coefficients is gener-

ally made to ease the derivation of a closed form solution, and is supported by the 

central limit theorem, since the DFT coefficient is a weighted sum of random vari-

ables, ie. the time-domain samples [12]. Although the time-domain samples are not 

independent, it is assumed that the span of their correlation is insignificant compared 

to the frame length, so they are only weakly dependent and the central limit theorem 

still holds. The validity of the Gaussian model is challenged in [35] and [36] on the 

basis that the required assumptions regarding speech sample correlation are not met 

in practice. Both works carry out analyses that shows speech DFT coefficients are 

better modeled by heavy-tailed supergaussian distributions such as the gamma and 

Laplace distributions. 

In [35], MMSE-optimal complex DFT estimators are derived assuming the real 

and imaginary parts of the speech and noise coefficients are independent and Laplace 

or gamma distributed. While the Wiener filter provides the MSE-optimal linear 

estimate, the derived estimators are non-linear. The results presented in [35] show 

that the new estimators offer only modest segmental SNR improvements compared 

to the Wiener filter, and the improvements are not consistent across SNR and noise 

conditions. 

Owing to the difficulties in obtaining an MMSE-estimate of the super-Gaussian 

amplitudes, in [36] a maximum a-posteriori (MAP) spectral amplitude estimator is 



39 

derived that models the speech spectral amplitude with a parametric probability 

density function that can approximate the density arising from Laplace or gamma 

distributed real and imaginary parts of the speech DFT coefficients; the noise is 

assumed to follow the standard Gaussian model. The derived estimators are found 

to offer comparable sound quality and a modest SNR improvement compared to the 

MMSE-STSA. 

Despite the fact that the Laplace and gamma distributions are shown to fit the 

speech data much better than the Gaussian distribution, the improvements offered 

by the non-Gaussian estimators is generally modest and inconsistent. One possible 

reason for this is that order to make the derivation tractable, the real and imag-

inary components of the DFT coefficients are assumed to be statistically indepen-

dent. Under the Gaussian assumption this also means that the amplitude and phase 

are independent, however for non-Gaussian distributions the amplitude and phase, 

and real and imaginary parts cannot be simultaneously independent [35]. The use 

of non-Gaussian distributions therefore removes the assumption of amplitude/phase 

independence. In [35] it is acknowledged that Kullback-Liebler discrimination infor-

mation reveals that the amplitude and phase are more independent than the real and 

imaginary parts. 

Another possible reason for the relatively small benefit is that the non-Gaussian 

models may not be a better fit to the actual speech DFT coefficient distribution. 

The support for the non-Gaussian distributions comes from fitting histograms to 

large data sets, however this approach assumes speech signals to be ergodic, which 

is clearly not the case [12]. In fact the observed histograms may not conflict with 

the Gaussian model assumed in [12]. As shown in [37] in practice the speech signal 

variance is assumed known (via the a-priori SNR), so the Gaussian model is actually 
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a conditionally Gaussian model, conditioned on the signal power. Assuming an ex-

ponential distribution for the DFT coefficient variance results in a marginal Laplace 

distribution for the conditionally Gaussian speech DFT coefficients. 

2.3.3 Signal Subspace 

The signal subspace family of algorithms relies on linear algebra techniques, rather 

than statistical estimation, to separate the speech and noise signals. The noisy speech 

vectors define a Euclidian vector space which is decomposed into signal plus noise and 

noise-only subspaces, either through singular value decomposition (SVD) of the noisy 

signal data matrix [38] or eigen-decomposition (ED) of the covariance matrix [39]. By 

nulling the noise-only subspace and constructing a reduced-rank approximation of the 

clean signal from the remaining signal plus noise subspace, some noise attenuation can 

be achieved with no speech distortion. Additional noise attenuation can be achieved 

by compensating the singular or eigen-values corresponding to the signal plus noise 

subspace, allowing this approach to effectively trade-off signal distortion and residual 

noise levels. However, the compensation combined with frame-to-frame noise power 

fluctuations can result in musical noise. While the original algorithms assumed white 

noise, they have since been extended to colored noises. For example [40] proposes 

a generalized version of the algorithm in [39] that projects the signal vector using 

a non-unitary transform that simultaneously diagonalizes the noisy signal and noise 

covariance matrices, pre-whitening the noise signal in the projection process. 

2.3.4 Speech Production Model-based 

STFT-based methods are the most common speech enhancement approach because 

of computational simplicity;the assumption of inter-frame independence allows closed 
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form solutions, contributing to the simplicity. However, a lack of inter-frame con-

straints leads to musical noise, ad-hoc smoothing methods smooth speech onsets and 

can eliminate low energy speech regions. STFT methods are essential non-parametric 

spectrum estimation methods, the harmonic nature of speech means that parametric 

(model-based) methods can be used to obtain lower variance estimates. Furthermore, 

speech production-based parametric modelling is used in high-quality low-rate speech 

coding. 

Kalman Filtering 

In [13] an auto-regressive (AR) model for speech is assumed. The speech signal at 

time assumed to be corrupted by additive measurement noise vn giving the 

measurement signal zn: 

Zn = + Vn (2.49) 

The clean speech signal is assumed to follow a pth order AR model: 

p 

xn = a{i)xn-i + dn (2.50) 
i=i 

= a T x n + dn (2.51) 

where: 

x n = [xn-l • • • %n-p]T (2.52) 

is the signal vector, 

a = [a ( l ) . . . a(p)]T (2.53) 

is the vector of auto-regression coefficients, and dn is the excitation sequence. 

Defining the state-transition and measurement matrices F n and G, (2.50) can be 
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described by the following linear state-space model: 

F = 

G = 

Ip-l Op_ixi 

1 

Op-lxl 

— Fxn_i -(-

zn Gx„ -l- vn 

dn 

Op_lxl 

(2.54) 

(2.55) 

(2.56) 

(2.57) 

where (2.56) and (2.57) are the state-space transition and measurement equations 

respectively. 

If the process and measurement disturbances dn and vn are Gaussian and indepen-

dent of the state, and if the matrices F, G as well as the disturbance variances a'j and 

a2
v are known, the Kalman filter can be used to obtain an MMSE-optimal estimate 

of the clean signal state xn . The Kalman estimate is unbiased and is a minimum 

variance estimate, and the Kalman filter is compact in that it only calculates and 

propagates the mean and covariance matrix of the state vector. Under the Gaussian 

assumption, these are sufficient statistics, ie. they completely describe the density, so 

any statistical question regarding the state can be answered using them. The Kalman 

filter uses a predictor-corrector algorithm to recursively estimate a state vector from 

a series of noisy measurements. An estimate (prediction) of the state at time n is 

made using the measurements up to time n — 1; once the measurement at time n is 
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available, the estimate is corrected to reflect the new information. 

The Kalman filter equations are: 

Propagate the state mean 

Propagate the covariance matrix 

Compute the Kalman gain 

Update the covariance matrix 

Update the state estimate 

The Kalman filter approach to speech enhancement has several advantages. Op-

erating in the time domain and imposing an autoregressive speech production model 

on the speech signal results in natural sounding enhanced speech and residual noise, 

without any musical noise or robotic sounding artifacts. The use of the Kalman filter 

enables the modeling of non-stationary characteristics, unlike the Wiener filter which 

assumes signal stationarity. The main obstacle to using Kalman filtering for speech 

enhancement is obtaining an estimate of the clean speech AR coefficients a and the 

clean speech and measurement noise excitations a \ and o2
v from the noisy speech sig-

nal. In the original Kalman filter speech enhancement work [13] the AR parameters 

and the speech and noise excitations are measured directly from the unmixed signals. 

The work in [14] proposes an iterative parameter estimation method that alternated 

between enhancing the signal and estimating the AR parameters, iteratively converg-

ing to an estimate of the clean signal parameters. This work also uses the colored 

noise model Kalman filter: using an augmented state matrix with an AR noise model 

allows the Kalman filter to model non-white measurement noises, greatly improving 

the performance in real life noise environments. The colored noise approach and its 
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associated parameter estimation method are extended in [41] where the Expectation-

Maximization framework is used to estimate the clean signal parameters. The work 

in [42] jointly performs the signal and parameter estimation using dual Kalman filters. 

The Kalman filter speech enhancement algorithm has also been extended from 

the time domain into transform domains. In subband Kalman filtering [43] [44], inde-

pendent Kalman filters are run on band-pass filtered speech signals, then recombined 

to produce the enhanced fullband signal. The subband decomposition allows a high 

order fullband signal to be modeled using much lower order subband AR models. For 

example the 4 and 8 subband system of [43] uses 0th order (white) models for speech 

and noise, while the fullband implementation of [14] uses AR(10) speech and AR(4) 

noise models. Subband Kalman filtering has been shown to offer much lower complex-

ity and higher levels of noise attenuation than fullband Kalman filtering [43] [44]. The 

orthogonal band decomposition means that the signal does not follow the fullband 

speech production model so there is a risk of un-natural sounding artifacts; however 

the AR model in each subband smooths the subband signal trajectories, reducing 

musical noise [44]. 

2.3.5 Binaural and Multi-channel Speech Enhancement 

Multi-microphone Noise Reduction 

The availability of multiple spatially separated measurements opens up another pos-

sibility of separating speech and noise. Monaural systems rely on time, frequency 

and statistical differences between speech and noise; binaural systems with spatially 

separated microphones can exploit spatial differences as well. If the noise in the mul-

tiple channels is weakly correlated while the speech is correlated, the speech and noise 

estimates can be combined to obtain a single improved estimate. 



In [45] the MMSE and log-MMSE spectral amplitude estimators are generalized 

to the multi-channel case. The estimator requires the transfer functions from the 

source to the microphones, or the inter-channel transfer functions. An adaptive es-

timation scheme for estimation of the inter-channel transfer functions is presented. 

In experiments using a tetrahedral microphone array with 29 cm microphone spac-

ing, the system shows modest improvements in terms of SNR and spectral distortion 

compared to the single channel MMSE-STSA estimator. It is also reported that 

while the results from the single and multi-channel algorithms all contain musical 

noise, the musical noise level decreases as the number of channels is increased from 1 

to 2 to 4; reflecting the lower variance estimate obtained with the multiple sensors. 

In [46] the Gaussian signal and noise model of [12] is extended to the multi-channel 

case. The multi-channel speech signals are assumed to be highly correlated jointly 

Gaussian random variables, while the noise is assumed Gaussian and uncorrelated 

between channels. In practice there will be some inter-channel noise correlation even 

for diffuse noise. An MMSE estimator is derived for frontal targets where the spectral 

amplitudes in all channels are assumed identical and an MAP estimator is derived for 

the direction-independent case, where a closed-form MMSE solution is intractable. 

Experiments using a 4-microphone array with 12 cm inter-microphone spacing show 

the multi-channel estimators offering higher noise reduction and lower speech distor-

tion compared to the standard single channel MMSE-STSA estimator. In cafeteria 

babble noise the uncorrelated noise assumption breaks down, and the noise reduc-

tion improvement is decreased, but the speech quality remains higher than the single 

channel case. In [47] a multi-input single output Kalman filter enhancement scheme 

is proposed. The system uses a standard multi-channel Kalman filter, and makes 

the restrictive assumptions of knowledge of the transfer functions between the source 
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and noise signals to both microphones. All of these approaches are are general multi-

channel and bilateral estimators, they are designed for microphone arrays do not 

exploit a-priori information about binaural listening situations. 

In [48] a binaural speech enhancement system is presented based on multi-channel 

Wiener filtering. The left and right channel signals (possibly multi-channel) are 

stacked to create a multi-channel signal vector. The left and right signals are jointly 

enhanced using a least squares estimate of the multi-channel Wiener filter. The 

stacked noise correlation matrix is estimated during speech silence intervals so the 

noise is assumed to be quasi-stationary. A constraint is added to the least square so-

lution to ensure preservation of the interaural time difference (ITD) cues. In [49] the 

system is extended to include the full interaural transfer function, thereby preserving 

ITD as well as interaural level difference (ILD) cues. Both implementations require 

estimates of the clean speech and noise correlation matrices, which are very difficult 

to obtain in practice. The noise correlation matrix is estimated during speech pauses, 

assuming quasi-stationarity of the noise and the presence of a perfect VAD. This esti-

mate can be used to compensate the noisy speech correlation matrix to estimate the 

clean speech, but this can lead to musical noise and speech distortion in fluctuating 

noise. 

Source-microphone transfer functions change frequently and rapidly with any 

change in the relative positions of the source and the microphones. This is especially 

problematic in a hearing aid application where the microphones are mounted on the 

user, so the paths are impacted by movements of both the source and the receiver. 

The variability of and difficulty in estimating these transfer functions precludes the 

hearing aid use of any enhancement schemes that require them. 
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Spatial Filtering 

The human auditory system exploits the information provided by our binaural hearing 

system to perform spatial filtering, allowing a listener to focus on a target speaker 

while suppressing non-co-located interference sources. Interaural time differences and 

frequency dependent head-shadowing cues are used to provide a release from masking 

of up to 10 dB [9]. For hearing impaired listeners the benefits of these cues are 

diminished due to reduced time and frequency resolution. Multi-channel and binaural 

noise reduction systems create the possibility for a speech enhancement system to 

perform spatial filtering to restore some of the benefit. 

In current hearing aids directional microphone arrays are used to perform this 

spatial filtering [23]. The directivity pattern of the array is chosen to orient forwards, 

enabling suppression of noise sources lateral to and behind the listener. This approach 

has the benefit of offering no distortion of sources in the target direction and has been 

shown to improve intelligibility [50]. Standard directional filtering is bilateral, with 

one array per ear, and requires synchronization between the ears to ensure the arrays 

are focused on the same direction. It also makes no distinction between desired targets 

and noise sources, attenuating any non-frontal sounds; this can be undesirable and 

even dangerous in, for example, a city street environment where a user would want 

to hear lateral sounds such as car horns. 

Another approach to spatial filtering is to exploit known spatial characteristics of 

the noise field. Unlike diffuse noise, directional targets such as speech have a constant 

phase delay between the channels, so the magnitude-squared coherence (MSC) will 

approach unity across all frequencies, even if the target is non-frontal. A high MSC 

therefore indicates a directional target, like speech, which should be passed without 

attenuation; while a low coherence indicates no directional target, or a low SNR, so 

the signal at that frequency should be attenuated. This approach was first described 
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in [51] for reduction of room reverberation effects, and is also is the approach taken 

in [52], where functions of the coherence function are used as gain factors to filter the 

noisy speech. In [53] the approach was extended to coherent noise by estimating the 

noise cross-correlation during silence periods. The coherence function is attractive 

from signal processing perspective as it can be measured directly without knowledge 

of the desired signal, unlike the a-priori SNR. In practice reverberation reduces the 

coherence of clean speech, and realistic noises are not incoherent and on-line estima-

tion of the noise cross-correlation shares the same difficulties as noise power spectrum 

estimation. 

In [54] a diffuse noise field microphone array Wiener post-filter is derived. By 

invoking the known diffuse noise field coherence an expression for the clean speech 

PSD is obtained and used in a Wiener filter expression. This post-filter is shown 

to offer a significant improvement in noise reduction performance compared to a 

comparable post-filter assuming incoherent noise. 

A different approach was taken in [55]. Analyzing the theoretical autocorrelations 

of the left and right channel signals using the HRTFs, it is noted that for coherent 

speech the signal in one channel is well predicted by the other channel, so the inter-

channel prediction error is the result of incoherent noise. By manipulating the inter-

channel prediction error an estimate of the diffuse noise field power spectrum can be 

obtained, and incorporating a modified free-field diffuse noise coherence function can 

compensate for the noise correlation at low frequencies. 

In [56] a strategy selective binaural speech enhancement system is proposed and 

evaluated. The system switches between algorithms based on an estimate of the dif-

fuseness of the environment. When mostly diffuse noise is detected coherence-based 

processing is applied. The magnitude of the coherence function is used directly as 
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a filter, without compensating for low frequency noise correlation, and adaptive es-

timation of the ILD is used to compensate for non-frontal targets. For directional 

noise from an interfering target, Wiener-type filtering is performed to attenuate the 

interference. Computation of the Wiener gains requires the interaural level differences 

for both the target and interference sources; these gains are estimated when only one 

of the sources is active and correlation processing is used to estimate which source 

is active. This type of noise reduction would break down in the case of multiple or 

moving interference sources. To improve the performance in the presence of multiple 

interferers, directional filtering is applied based on an assumed range of desired target 

locations. In experimental tests in cafeteria situations, where only the diffuse noise 

component was active, hearing impaired listeners subjectively preferred the strategy 

selective enhanced signal over the noisy signal, but no significant intelligibility im-

provement was found. In contrast, when a directional interference was present, users 

indicated preference for the noisy speech as often as the processed signal. 

2.4 Particle Filtering 

Particle filters use Monte Carlo simulation techniques to perform recursive Bayesian 

estimation of the state of a system described by a general state space model: 

x n = fn(xn_i, dn) (2.58a) 

zn = gn(xn , vn). (2.58b) 

where x n is the state, zn is the measurement and (2.58a) and (2.58b) are referred to 

as the transition and measurement equations. The system and measurement noise 

dn and v n are assumed to be independent of xn , however they need not be Gaussian 
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distributed. In general we are interested in the filtered posterior distribution of the 

state vector p(xn |zi : n); this can be represented/approximated by a set of samples 

(particles) { x i ' ' } ^ in the state space, and their associated normalized probability 

weights { W ^ l x as: 

Np 

p(x„|z1 : n) « £ w « 5 ( x n - x « ) . (2.59) 
i=1 

This pointwise representation of the posterior can then be used to obtain the MMSE 

posterior estimate of the clean signal: 

i=1 

(2-60) 

2.4.1 Sequential Importance Sampling and Resampling 

If we were able to draw samples from the true filtered distribution xi'' ~ p(xn |zi : n), 

we could use those samples along with equal weights Wn^ = 1 /N p in (2.59) to rep-

resent the distribution. Unfortunately this distribution is usually not available to 

be sampled from, instead the particles are drawn from an importance distribution, 

g(xn|x0:„_i, Zi:n) and the weights are computed as [57]: 

W® = (2.61) 
qy^n i^-n-i)^™; 

The only requirement of the sampling distribution is that the support of the true 

density must be a subset of the importance density support. However, the closer the 

shape of the importance density is to the true density, the more efficient the sampling; 

if the importance distribution is much broader than the true distribution many low-

weight particles will be generated that contribute little to the overall density. 



In order to prevent particle degeneracy, a re-sampling step is included to discard 

low-weight particles and propagate particles with high weights. Resampling algo-

rithms generate a new set of samples by sampling with replacement from the original 

set, so that the distribution of the new samples is proportional to the normalized 

importance weights of the original samples. The resampled particles are assumed to 

be an Np sample draw from the posterior discrete density represented by the original 

(non-resampled) set of particles, so the importance weights of the re-sampled particles 

are all equal. If re-sampling is carried out at every iteration, the term W ^ ^ in (2.61) 

is a common factor and need not be included. 

A common, though not optimal, choice for the importance distribution is the 

transitional prior: g(xn|xo^_x, z„) = p(xn |xn_i) [57]. This choice is generally made 

for simplicity as the particle update step reduces to generating a sample from the 

process noise distribution and propagating the particle and the generated noise sam-

ple through the state update equation. Assuming resampling is carried out at each 

iteration, the weight update simplifies to: 

W ® = p ( y„ |x« ) . (2.62) 

An recursive estimation algorithm, using sequential importance sampling of the tran-

sitional prior density and resampling at each interval was introduced in [58] under 

the name "bootstrap filter", and was applied with great success to a non-linear target 

tracking scenario. The bootstrap filter has since been recognized as a special case of 

the particle filter framework, and is generally referred to as the Sampling Importance 

Resampling (SIR) particle filter. 

The transitional density used by the SIR particle filter does not make use of 

the measurement zn in generating new particles making the algorithm vulnerable 
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to particle depletion when the likelihood is peaked and outliers are present. One 

approach to improving the sampling efficiency is to use an auxiliary SIR particle 

filter [59]. Auxiliary particle filters use the predictive likelihood to re-sample particles 

before the propagation step, resulting in more particles in high likelihood regions of 

the state space. Taking the measurement into account in the sampling step produces 

an adapted particle filter [59], which generally improves sampling efficiency. 

2.4.2 Rao-Blackwellization 

When the dimension of the state space is high, many particles are required to 

adequately model the state distribution and achieve good performance. Rao-

Blackwellization is a technique that exploits the structure of the state-space model 

to reduce the dimension of the sampling space, improving sampling efficiency and 

achieving a lower variance estimate for a given number of particles [60]. Consider the 

case where the state vector can be partitioned into two sub-states: 

The chain rule of probability allows the joint posterior to be decomposed as: 

If p(x„|0„, z 1:n) can be computed analytically (eg. with a Kalman filter), then Monte 

Carlo inference need only be carried out to estimate p{9n|zi;n), which is of a lower 

dimension than p(xn|zi;ra), resulting in a lower variance estimate of the combined 

state vector x n using fewer particles. 

(2.63) 

)p(9n |Zi (2.64) 
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2.4.3 Particle filter speech enhancement 

Provided with an appropriate generalized state-space model, particle filter algorithms 

can naturally account for dynamic behavior and non-Gaussian statistics of speech 

and noise; consequently a variety of particle filter approaches have been proposed for 

various speech processing applications. 

A class of particle filter algorithms has been developed to compensate for back-

ground noise corrupting log spectral speech features in automatic speech recognition 

(ASR) systems. In [61] a Gaussian random walk is used to model the noise process 

and the results demonstrate that using the dynamic model, rather than assuming 

stationary noise, results in significant performance gains on recognition tasks. In [62] 

a first order AR model is used in place of the random walk. The AR model uses a 

full AR matrix which includes off-diagonal terms to capture correlation across both 

time and frequency. In [63] higher order AR noise models are considered, but models 

greater than AR(1) are not found to yield additional gains. In [64] the approach is fur-

ther improved through the use of dynamic AR models; and an algorithm is presented 

to jointly compensate for noise and room reverberation, increasing performance over 

systems that treat the distortions independently. 

Particle filter approaches have also been applied to the recovery of the clean speech 

waveform for human listeners. In [65] and [60] a time-varying auto-regressive (TVAR) 

model is assumed for the audio signal in the time domain and Rao-Blackwellized 

particle filter (RBPF) enhancement is applied. The model-based approach results in 

enhanced speech that is free from musical noise, with residual noise that retains the 

character of the original distortion [66]. 



Chapter 3 

System Setup and Evaluation 

3.1 Speech and Noise Data 

The speech and noise recordings were conducted by Siemens AG. Sentences from the 

TIMIT [67] database were played out over a CD player loudspeaker and binuaral 

recordings were captured from real hearing aids mounted on an acoustic research 

mannequin head. Fig. 3.1 depicts the left hearing aid connected to the data collection 

apparatus, the four stereo plugs on the front of the apparatus corresponding to the 

three binaural signals collected from the microphones and one binaural signal fed to 

the hearing aid loudspeakers. The recordings were sampled at 48 kHz, and contain six 

channels corresponding to the three microphones on each of the left and right hearing 

aids. The experiments that use single channel data use the recording from the first 

microphone on the left side; the binuaral experiments use the first right channel as 

well. All the speech files used in this work have been downsampled to the 16 kHz 

sampling rate of the original TIMIT files. The noise recordings contain real noise 

recorded in acoustic environments using the same apparatus as the speech recordings. 

The noises ranged from stationary white noise; to non-stationary pedestrian and 

traffic noise recorded in a street; to highly non-stationary, speech-shaped babble noise 
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Figure 3.1: Multi-channel hearing aid recording setup. 

recorded in a university cafeteria. The speech and noise recordings were chosen to 

represent a broad range of common environments encountered by hearing aid users. 

The simulations are conducted in MATLAB, with the algorithms implemented using 

the MATLAB programming language; the parameters used in the reference algorithms 

are those given in the original sources unless otherwise stated. 

3.2 Objective Evaluation Measures 

The algorithms in this thesis are evaluated and compared to reference algorithms 

using objective performance measures. For the speech enhancement algorithms, the 

objective measures are selected to evaluate how the algorithms manage the trade-off 

between absolute noise reduction and speech intelligibility. For the feedback reduc-

tion algorithms, the measures are selected to evaluate how closely the adaptive filters 

model the true feedback path and, more importantly, how well they cancel the feed-

back signal without distorting the desired speech. In all cases informal listening tests 

are also used to ensure that the enhanced speech is natural sounding and free from 

glitches or disturbing artifacts. This is especially important for noise suppression 

algorithms, as musical noise artifacts are very disruptive to the listener, but do not 
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factor in to the objective tests. 

3.2.1 Intelligibility Estimation 

The coherence speech intelligibility index (CSII) [68] is used to evaluate speech in-

telligibility. The CSII is able to estimate intelligibility in the presence of non-linear 

distortion such as that imposed by a speech enhancement algorithm, and can therefore 

be used to evaluate the tradeoff between speech distortion and residual noise. 

The speech intelligibility index (SII) [69] is an ANSI standard method to evaluate 

the intelligibility of speech in additive noise by estimating the amount of speech 

information that reaches a listener. The SNR is calculated in 1/3 octave spaced 

frequency bands, scaled to adjust for auditory threshold and masking effects, then 

weighted and summed to produce a numerical value between 0 and 1. An SII score 

of 1 indicates that all speech cues are available for the listener, while a score of 0 

indicates that none are available. The CSII modifies the SII to account for non-linear 

speech distortion, specifically center and peak clipping. While the SII computes the 

SNR over the entire speech sample, the CSII divides the speech signal into overlapping 

Hamming-windowed-segments of 16-ms, to better account fluctuating noise conditions 

[70]. Rather than using the SNR, it estimates the signal to distortion ratio (SDR) 

using the MSC. For M frames of the clean signal spectrum X(k) and the distorted 

signal spectrum Y(k), the MSC is computed as: 

The MSC estimated speech power spectrum is P(k) = \w(k)\2 Syy(k) and the noise/dis-

tortion spectrum is N(k) = (1 — |?y(A;)|2) Syy(k) where Syy(k) is the is the estimated 
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PSD of the degraded signal. The SDR is then computed and weighted in the same 

way as the SNR in the SII computation. The frames are divided into low- mid- and 

high-level segments, and the weighted CSII values for the three types of frames are 

summed to yield a more accurate prediction of intelligibility scores. 

3.2.2 Speech Quality Estimation 

The ITU-T standard P.862.2 Wideband Perceptual Evaluation of Speech Quality 

(WPESQ) [71] is an objective measure designed to correlate with the subjective Mean 

Opinion Score (MOS). It analyzes the degradations imposed by a telecommunications 

network, such as distortion, noise and delay, and uses a perceptual model to estimate 

their what the impact would be on speech quality. The original PESQ was designed 

for operation in a telecommunications network, so the signals are first filtered to 

telephone bandwidth, 300 - 3400 Hz, WPESQ extends the model used in PESQ to 

include wideband frequencies, and operates at 16 kHz sampling rate. PESQ has been 

shown to offer good correlation with subjective evaluations of enhanced speech [72], 

The log-likelihood ratio (LLR) measures the distance between the AR spectra of 

two signals as [27]: 

where ax is the AR vector and Rxx is the toeplitz signal autocorrelation matrix. An 

AR(10) model is used to compute the LLR on 30 ms Hanning-windowed with 25% 

overlap. A smaller distance indicates a closer fit between the linear predictive coding 

(LPC) spectra, and therefore less distortion. The distance for each frame is limited to 

the range [0, 2], then the overall distance is computed by taking the average distance 

over the lowest 95% of the frames to reduce the impact of outliers. A distance of 

2 indicates severe distortion and a distance of 0 indicates no distortion. Compared 

(3.2) 
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to the widely used segmental SNR, the LLR has been shown [72] to correlate much 

better with subjective overall speech quality and distortion. Since it measures the 

similarity of the AR spectra, the LLR is used to evaluate the parameter estimation 

performance of AR model-based algorithms. 

3.2.3 Adaptive Filter Algorithm Evaluation 

The two objective measures traditionally used to compared adaptive filter structures 

are output mean squared error (MSE) and system distance or misalignment. As the 

name implies, the MSE is the average squared difference between the output of the 

adaptive filter and the true output of the plant, and is generally expressed in dB: 

In practice the expectation is computed by smoothing the computed difference. 

System distance is the norm of the difference between the adaptive filter tap weight 

vector and the true plant impulse response. System distance provides an estimate 

of how deeply the system has converged by measuring the norm of the difference 

between the adaptive filter tap weight vector and the time-invariant Wiener solution. 

For a fullband filter, the system distance is given by: 

MSE = 201og10(E{|d(n) - d(n)|2}) dB (3.3) 

(3.4) 

Where h is the Wiener solution and h[n] is the adaptive filter tap weight vector at 

time n. A subband adaptive filter does not converge exactly to the Wiener solution, 

rather a set of fully-converged subband filters, adapted by the error in each subband, 
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satisfies the condition [73]: 

M-1 M—l 

Y^ hm(zD)Um(z) = Hm(z)h(z). 
m=0 m=0 

where Hm(z) is the analysis filter for the rnth subband. The equivalent subband 

system distance can therefore calculated as: 

M-1 

h = ] T h * H m (3.5) 
m=0 
M—l 

ti[n] = Y / H m * h m ( n / D ) (3.6) 
m = 0 

A5B[n] = 101og10
 d B (3-7) 

In general system distance and MSE move in tandem: a small system distance in-

dicates a small MSE and both metrics provide effective means for comparing the 

adaptation speed and tracking ability of different adaptive filtering algorithms. How-

ever, objective comparison of different adaptive filtering structures is complicated by 

fundamental differences in how the structures operate. System distance comparisons 

of fullband and subband adaptive filter structures are further complicated when an 

oversampled subband structure is used. Oversampled subband signals are narrow-

band, so each subband filter will quickly adapt to the high energy passband but 

experience very slow asymptotic convergence at the band-edges where there is little 

excitation [74], In this case the MSE will rapidly decay close to a steady-state value 

but the asymptotic system distance convergence rate will be much slower. In addition, 

it is claimed in [75] that oversampled subband systems may treat the stopband re-

gions of the subband signals as "don't care" regions, offering extra degrees of freedom 

to achieve a lower MSE but further degrading the system distance performance. 



Chapter 4 

Subband Acoustic Feedback 

Compensation 

Hearing aid feedback suppression is typically performed on the fullband signal, before 

the subband decomposition block [15]. In this chapter we investigate the consequences 

of moving the feedback suppression block after the subband decomposition. Fig. 4.1 

presents a block diagram of an adaptive subband feedback canceler. The signals 

are split into subbands where adaptive filtering is performed then the error signal is 

reconstructed using the synthesis filterbank. 

Subband adaptive filtering has been used in acoustic echo cancellation to overcome 

problems of slow convergence for colored inputs and high complexity for large adaptive 

filters [76]. These issues are more compelling with wideband speech inputs due to the 

increased complexity at higher sampling rates, and the slow convergence caused by 

non-uniform frequency characteristics of wideband echo paths and speech. However, 

while acoustic echo paths can require thousands of taps to accurately model, acoustic 

hearing aid feedback paths are much shorter, raising the question of whether subbands 

structures are a viable option for feedback compensation. Also of interest is whether 

subband adaptive structures offer any other benefits besides complexity reduction or, 
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alternatively, if they introduce any new challenges. 

In non-continuous adaptation (NCA) feedback compensation systems where, a 

probe signal p[n] generated within the hearing aid is used to train the adaptive filter. 

In this type of controlled environment a white noise signal can be used to ensure that 

all modes of a fullband adaptive filter are excited, providing uniform convergence 

across all frequencies. Since the adaptation requires interruption of the regular hearing 

aid signal processing and the injection of a distracting probe signal, non-continuous 

adaptation systems require algorithms that can converge quickly the true feedback 

path, minimizing the interruption. In the ideal case, this adaptation would occur 

in quiet, when there is no incoming signal to disturb the adaptation, in practice the 

system must be robust to disturbing noise. In addition, the feedback path can change 

with time, so a good feedback compensation system requires an algorithm that not 

only offers fast initial convergence but good tracking capabilities as well. 

In contrast to the NCA system, where the incoming signal is treated as disturbing 

noise, in a continuous adaptation (CA) feedback compensation system p[n] = 0 and 

the incoming signal must be used to adapt the feedback compensation filter. While 

the white noise probe signal of the NCA system offers controlled adaptation, the 

incoming signal used by the CA system is not controlled and is usually composed 

of speech; wideband speech energy varies across time and frequency leading to non-

uniform convergence. Like NCA systems, CA systems must offer fast convergence 

and stable tracking of a changing feedback path; however unlike NCA systems, CA 

systems must also work to prevent the cancellation of incoming signal that results 

from its correlation with the feedback signal, as discussed in Chapter 2. 
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Figure 4.1: Subband adaptive feedback compensation structure with local error adapta-
tion. 

4.1 Complexity Analysis 

The complexity reduction gained with subband adaptive filtering structures comes 

from the fact that the processing is carried out at a reduced rate, and each of the 

subband filters is much shorter than the fullband counterpart. For long adaptive 

filters these complexity savings outweigh the additional overhead required to divide 

the signals into subbands. In [76] it is shown that for a 16 band system with 256 

tap polyphase analysis filterbank the overhead introduced by the two analysis and 

one synthesis filterbank operations is offset when the adaptive filter length reaches 

approximately 100 taps. In hearing aid feedback compensation the feedback paths are 

short, requiring dozens of taps rather than the thousands required for acoustic echo 

paths, so the ability to overcome the overhead and realize significant computational 

savings are questionable. However, as discussed in 2.1 subband processing is already 

used for noise reduction and multi-band amplification as a result subband analysis is 

already performed on the microphone signals and fullband synthesis on the enhanced 

signal, reducing the overhead of subband adaptive filtering to subband analysis of the 
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signal played out to the user. Furthermore, in [77] it is stated that with narrowband 

speech the audio quality of a critically sampled 4-band system was as good as fullband, 

but at lower complexity, although complexity figures are not given. 

A common structure for filterbanks is the uniform modulated filterbank which 

splits the input into a set of subband signals each covering an equal fraction of the 

frequency spectrum. The Discrete Fourier Transform (DFT) kernel W ^ m n , where 

Wm = eJ<-27rm/M\ produces a bank of complex filters centered at ujm = 2-nm/M, such 

that the m = 0 channel centered is at u> = 0. The Generalized DFT (GDFT) extends 

DFT-modulated filterbanks to allow different band spacing, including placing the bin 

centers at wm = 2irm/M + ir/M. This is known as odd-channel stacking and it 

allows the real frequency range u> = [0, it] to be covered with a bank of M/2 evenly 

spaced filters, rather than the M/2 + 1 required by the even-stacked DFT. Both 

DFT and GDFT modulated filterbanks can be efficiently implemented by making use 

of the FFT. The analysis and synthesis filters used in this chapter are near perfect 

reconstruction GDFT modulated filters designed using the approach in [78]. The 

prototype filter has real valued coefficients and exhibits linear phase. In this work an 

Lp = 64 tap prototype filter with 45 dB stopband attenuation is used for an M = 16 

band filterbank with a decimation factor of D = 8. The filters are linear phase, giving 

a total analysis-synthesis delay of 64 samples, which corresponds to 4 ms at 16 kHz 

sampling rate. In practice a higher stopband attenuation may be desired, requiring 

longer analysis and synthesis filters, in this case low-delay filterbank designs, such as 

those presented in [79], may be desirable. 

For an M-band complex GDFT-modulated polyphase filterbank with a decima-

tion factor of D and a length-LP prototype filter, the number of real multiplications 



required per fullband input sample is [80]: 

64 

CF = ^r (4M log2 M + 6M + LP) (4.1) 

For a real input, M/2 complex subband signals need to be processed. Standard 

NLMS requires 2N real multiplications to produce one fullband output sample. 

Assuming 4 real multiplies per complex multiply, subband NLMS with N/D taps per 

band requires 8N/D multiplies to produce a sample in each band at the decimated 

sampling rate. The total number of real multiplies required to update the adaptive 

filters for each fullband sample is 4 ^ r , and the total number of multiplies, including 

the added filtering step is: 

For a fullband feedback path length of Â  = 64, an M = 16 band subband adaptive 

system with a decimation factor of D = 8 and an LP = 64 tap prototype filter 

requires approximately 116 multiplies per sample, compared to 128 for the fullband 

implementation. However if, the decimation factor is increased to D = 12 and the 

prototype filter length is increased to LP = 128 to keep the stopband attenuation at 45 

dB, the number of multiplies for the subband configuration reduces to 69. With this 

computation it can be argued that if the filterbanks are implemented efficiently, the 

subband system can be at least as computationally efficient as the fullband, however 

the computational savings of a subband structure are not as compelling for the hearing 

aid feedback case as for echo cancellation. 

1 NM 
CSB = TT (4Mlog2 M + 6M + LP)+ 4 — 

D 
(4.2) 
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Figure 4.2: Impulse (left) and magnitude (right) response plots of two generated feedback 
paths. 

4.1.1 Steady-State Performance Limitations 

In order to compare fullband and subband structures, two acoustic feedback paths 

were generated with characteristics typical of real feedback paths: 64 active samples 

with an exponential decay in the time domain and a bandpass frequency domain 

characteristic between 1 - 4 kHz [6]. The impulse and magnitude frequency response 

plots of the two feedback paths are shown in Fig. 4.2. 

The modeling performance of all adaptive filters is limited by background noise, 

undermodeling of the plant impulse response and non-linear distortion from sources 

such as the loudspeaker and microphone. In the case of subband adaptive filters there 

are additional limits posed by aliasing distortion and the need to model non-causal 

subband impulse responses that results from low-level aliasing noise [75]. According 

to [73] undermodeling of the plant and aliasing distortion caused by non-ideal analysis 

filterbanks are the greatest sources of excess MSE, and the MSE performance of 

the system is dominated by the larger of the two until the MSE is small enough 

that they both contribute. As discussed in [75], the need to model non-causal taps 

arises when a fullband echo path is approximated by a set of subband filters. Each 
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of the subband magnitude responses is a frequency windowed (bandpass filtered), 

and frequency expanded (decimated) version of the fullband magnitude response. 

In the time domain this frequency windowing corresponds to convolution with a 

modulated two-sided sinc(x) function, which results in non-causal subband impulse 

responses. The modified impulse response vector h in 3.5 is the causal representation 

of the fullband reconstruction of these non-causal subband impulse responses. Not 

modeling the non-causal taps can be seen as undermodeling the front of the impulse 

response rather than the tail, and the effect on excess MSE and system distance is 

the same. Some of the non-causal taps can be accounted for by delaying the desired 

signal relative to the reference signal, effectively increasing the flat delay of the plant. 

In systems where a flat delay already exists, the non-causal taps can be modeled 

adequately without added delay, so the overall effect on MSE may be minimal. 

The different relationship between MSE and misalignment for fullband and sub-

band systems can be seen in Fig. 4.3, which plots the average MSE over 20 trials 

for NCA adaptive feedback cancelers with white noise excitation and 50 dB and 25 

dB measurement SNR. The subband and fullband filter lengths were set to enable 

modeling of the entire impulse response, and the step-size for both configurations 

was set to fi = 0.01. The convergence differences between the two structures are 

evident at 50 dB SNR. While the fullband system experiences uniform convergence 

down to the noise floor, the subband system MSE has a rapid initial decay to around 

-30 dB, followed by a slower asymptotic convergence. The final MSE achieved by 

the subband structure is also limited, as the SNR effects mix with filterbank aliasing 

and non-causal tap limitations. The SNR due to in-band aliasing for the filterbank is 

44 dB. In the more realistic 25 dB SNR case the subband system achieves the same 

rapid initial convergence, and both systems achieve the same steady-state MSE. Fig. 

4.4 plots the system distance for the same two configurations. Despite the similar 
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Figure 4.3: MSE plots for subband (solid) and fullband (dashed) non-continuous adapta-
tion feedback cancelers with 50 dB (left) and 25 dB (right) SNR. 

MSE performance in the 25 dB SNR case, the system distance differences between the 

two structures are significant, with the fullband system converging over 10 dB deeper 

than the subband. Furthermore, while the 50 dB SNR subband MSE is significantly 

lower than the 25 dB SNR case, the system distance curves reach the approximately 

the same level of -25 dB. These examples illustrate that under-excited, unconverged 

regions of each subband impulse response may contribute little to the fullband out-

put MSE, but result in a significant excess equivalent fullband system distance. As 

a result system distance and MSE are not as correlated in the subband case as the 

fullband. For this reason MSE will be used more commonly than system distance to 

evaluate the performance of the feedback cancellation systems. 

In summary, for a noise and distortion-free subband feedback canceler, undermod-

eling of both ends of the impulse response and aliasing distortion combine to limit the 

achievable MSE so that a fully-modeled fullband structure will always outperform an 

equivalent subband structure in the ideal case. In practice however background noise 

and signal distortion may restrict the MSE before these limitations become apparent. 
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Figure 4.4: System distance plots for subband (solid) and fullband (dashed) non-
continuous adaptation feedback cancelers with 50 dB (left) and 25 dB (right) SNR. 

4.2 Simulation Results 

A series of comparisons was carried out to investigate the performance of fullband 

and subband continuous and non-continuous feedback compensation structures under 

a variety of real-world conditions. A delay of 128 samples was added to the fullband 

hearing aid transfer functions to account for the 128 sample delay of the analysis 

and synthesis filtering of the subband structures. This delay decorrelates the input 

and reference signals for the CA systems, and does not have an impact on the NCA 

systems. 

4.2.1 Changing Feedback Path Impulse Responses 

Many comparisons of adaptive filtering algorithms focus on the speed of initial con-

vergence, while less attention is given to tracking ability. Feedback paths can change 

with movements of the hearing aid caused by ear or jaw movements, or with changes in 

the arrangement of reflecting surfaces, such as hands or telephone receivers, near the 

outer ear [15]. Depending on the nature of the path change, some of the components 



of the impulse response may remain the same despite the disruption. One source of 

feedback is mechanical coupling between the speaker and microphones caused by vi-

brations within the hearing aid. The location of the samples in the impulse response 

corresponding to these reflections will remain fixed regardless of external reflecting 

surfaces. Similarly, for a given hearing aid, the distance between the speaker and the 

microphones is fixed, consequently the delay associated with the direct path and the 

early reflections off of the inner ear will remain relatively constant. Since many of 

the reflecting surfaces in the ear and around the head are fixed, the general shape 

and decay rate of the impulse response tends to remains the same. Proportionate 

adaptation algorithms may be able to exploit this time-domain similarity to achieve 

faster tracking of changing impulse responses. 

Just as feedback path changes leave some samples of the impulse response un-

changed, the effect on the feedback path magnitude response can be limited to certain 

frequency regions. As seen in [15] different feedback paths have similar shapes in the 

frequency domain and frequency domains. Feedback paths typically have a bandpass 

characteristic, with the 1 - 4 kHz regions experiencing the least attenuation [6]. A 

moving hand in the feedback path or a telephone receiver being placed in front of 

the ear may affect higher frequencies more than lower, because high frequencies are 

absorbed more easily and because the wavelength of the lower frequencies may be 

larger than the hand or obstructing object. For this type of feedback path change a 

subband adaptive filter might offer better tracking. While a fullband filter would have 

to adapt all tap weights in response to the disruption, a subband adaptive filter would 

only be required to adjust the weights of the filters in the affected bands. Even if the 

effects of the feedback path change are uniform across frequency, subband adaptive 

filters may have a tracking advantage as each of the subband adaptive filters is shorter 

than the fullband filter, so they should be faster to respond to and reconverge for all 
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types of path change. 

To examine the impact of a changing feedback path on the feedback cancella-

tion performance of adaptive filters under controlled conditions, fullband and sub-

band versions of the NLMS and IPNLMS algorithms were compared using T samples 

of computer generated white Gaussian noise excitation with a simulated changing 

acoustic environment and 25 dB measurement SNR. After T /4 samples of initial con-

vergence an abrupt feedback path change was simulated by changing the impulse 

response coefficients, then from T/2 to 3T/4 samples a more realistic gradual change 

was simulated by linearly interpolating back to the first response, as in [81]. 

Non-Continuous adaptation 

For the non-continuous adaptation structure the step-size for all algorithms was fixed 

at JI = 0.01 in order to be able to observe the convergence rates, and T = 1.5 x 105 

samples were used for the simulation. The MSE performance, averaged over 20 trials, 

is shown in Fig. 4.5. The subband algorithms show the expected period of very rapid 

initial convergence, followed by a slower asymptotic convergence. However, during 

and after the feedback path changes, the subband algorithms offer lower worst-case 

MSE and faster reconvergence from the disturbance. It is interesting to note that 

while fullband IPNLMS offers faster initial convergence than subband NLMS, the re-

convergence and tracking capabilities of subband NLMS are superior. The differences 

between the fullband and subband algorithms are most evident during the gradual 

path change: the worst case MSE of both subband algorithms is approximately 5 dB 

lower than the fullband algorithms. While fullband IPNLMS offers a significant initial 

convergence and tracking benefit, subband IPNLMS only offers a slight performance 

improvement over standard NLMS. 

By exploiting the time and frequency domain characteristics of the feedback paths, 
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Figure 4.5: MSE performance of subband and fullband NLMS and IPNLMS non-
continuous adaptation systems in synthetic changing environment. 

the subband IPNLMS is able to offer the lowest consistent MSE in changing acoustic 

environments. However, unlike the fullband case the gain over standard subband 

NLMS is minimal and much of the tracking performance can be obtained with the 

lower complexity standard algorithm. 

Continuous adaptation 

With the NCA structure the processed microphone signal is replaced with the probe 

signal, so the feedback path is cut-off during adaptation; while in the CA structure 

the feedback path remains open, as the processed microphone signal is the signal used 

for adaptation. The initial adaptation and reconvergence periods of CA systems are 

therefore marked by periods of divergence while the growing feedback signal remains 

uncanceled. Also, while the MSE for the non-continuous case is upper bounded by 

the power of the probe signal, the MSE for the continuous adaptation structure is 
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Figure 4.6: MSE performance of subband and fullband NLMS and IPNLMS continuous 
adaptation systems in synthetic changing environment with AWGN excitation. 

unbounded. In order to prevent system instability during convergence, a larger step-

size of N = 0.125 was used for the simulations, requiring fewer samples, T = 1.5 x 104, 

to observe the response to changing paths. 

Since the excitation signals are white and uncorrelated, the input signal cancela-

tion that results from correlation is not present, and the results from the CA structures 

are similar to the NCA structures. Fig. 4.6 presents the MSE convergence curve for 

AWGN excitation, while Fig. 4.7 presents the spectrograms of the error signals. The 

MSE convergence curves demonstrate that the subband and fullband versions of both 

algorithms all diverge when the feedback path changes, although subband versions 

reconverge faster from the abrupt change and exhibit less divergence during the grad-

ual change. Observing the spectrograms, we see that while the subband structure 

only diverges in isolated bands, corresponding to the highest peaks in the feedback 

path magnitude response, the fullband structure diverges across all frequencies. 
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Figure 4.7: Spectrogram of error signal for fullband (top) and subband (bottom) con-
tinuous adaptation feedback compensation systems for changing feedback path with 
AWGN excitation. 

4.2.2 Input Speech Signal 

Non-continuous adaptation 

Some NCA feedback cancellation systems generate and transmit the probe signal 

periodically during periods of talker silence, when there is no measurement noise 

signal to disturb the convergence [82], The disadvantage to this approach is that 

the hearing aid processing is continually interrupted, even when the feedback path 

estimate is accurate, and instability can still occur if the feedback path changes 

significantly between updates. Another other option is to active the probe signal 

when divergence is detected, as in [25]. The challenge with this approach is that 

oscillation will not occur unless active speech is present, so the feedback canceler 

must adapt during what is known in echo cancellation literature as the "doubletalk" 

state. 
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Adaptation in doubletalk is problematic because the incoming speech signal acts 

as a high level disturbance causing the system to mis-converge. This problem is ex-

acerbated in a NCA system where it is desirable to use a large step-size to minimize 

the interruption to the processing and offer fast re-convergence, as large step-sizes 

increase the rate of divergence. Mis-convergence in the presence of a high-level dis-

turbance signal can be reduced by modifying the NLMS step-size normalization so 

that it is scaled by the sum of the signal and residual error powers [82]. For an N-tap 

filter the weight update step becomes: 

While this approach slows initial convergence when the residual error is large, it also 

ensures that adaptation is slowed when the disturbing signal is large. The "error" 

signal at the output of the adaptive filter is composed to two parts: the uncanceled 

feedback signal and the measurement noise signal: 

When the disturbing signal is large e2[n] is large, and the normalization in (4.3) is 

increased, resulting in slower adaptation. 

Fig. 4.8 plots the MSE curves for fullband and subband NLMS and IPNLMS 

in the presence of a disturbing speech signal at 0 dB and white measurement noise 

at 25 dB SNR. Since the disturbing speech signal is actually a desired signal, Fig. 

4.8 only plots ei[n], the MSE due to the uncanceled feedback signal, while the filter 

w[n] = w[n - 1] + e[w]x[n]. (4.3) 

ei [n] = d[n] — wH[n]x[n] 

e2[n] = v[n] + s[n] 

e[n] = ei [n] + e2[n] 

(4.4) 

(4.5) 

(4.6) 
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Figure 4.8: MSE convergence in the presence of disturbing speech. 

adaptation was performed using e[n], the full error signal. Despite the modified 

NLMS update in (4.3) and the small fx = 0.01 step-size mild divergence can be seen 

during strong disturbing speech. Since the measurement noise v[n] is not included in 

the MSE computation for Fig. 4.8, the steady-state performance limitations of the 

subband configuration manifest, resulting in a lower minimum MSE for the subband 

configuration. While the steady-state performance is lower, the initial convergence for 

the subband configurations is faster than both fullband configurations. The difference 

is especially evident with standard NLMS, which requires almost 1 second longer 

(16 x 103 more samples) than the other algorithms to achieve -20 dB MSE. 

The changing acoustic environment experiment presented in Fig. 4.5 was repeated 

with the 0 dB disturbing speech signal, and the resulting MSE curves are presented in 

Fig. 4.9. When the only disturbing signal is white measurement noise, as in Fig. 4.5 

the fullband IPNLMS offers faster initial convergence than subband NLMS and is just 

as fast as subband IPNLMS. However, when a disturbing speech signal is added, the 
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Figure 4.9: MSE convergence with disturbing speech in a changing acoustic environment. 

initial convergence of both subband algorithms is faster than the subband IPNLMS. 

This may be due to the variable spectral content of the speech signal, which results in 

some of the subband filters having high SNR glimpses even when the fullband SNR 

is low, enabling those bands to converge more rapidly. 

In addition to faster convergence, the subband configuration also offers more flex-

ibility in dealing with disturbing speech. Since filter divergence occurs when the 

disturbing signal power is high, and the power of the speech signal decays with fre-

quency, it is possible to use a smaller step-size in the low SNR bands with high 

incoming speech power, and a larger step-size in the higher SNR bands. Fig. 4.10 

demonstrates the potential of this strategy. MSE curves are presented for the full-

band algorithms with step-sizes of // = 0.005 and fj, = 0.025, and for the subband 

algorithms with logarithmically increasing step-sizes in the range [0.005,0.025]. The 

fullband algorithms with the large step-size converge rapidly, but also exhibit MSE 

fluctuations of up to 15 dB as the interfering speech signal drives the divergence; 
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Figure 4.10: MSE convergence with disturbing speech, fullband step-sizes of fi = 0.005 
and 0.025, subband step-sizes logarithmically increasing with frequency between 0.005 
and 0.025. 

the fullband algorithms with small step-size exhibit greatly reduced MSE fluctua-

tions, but the rate of convergence is much slower. The subband algorithms with the 

logarithmically-spaced step-sizes offer a compromise: their initial convergence rate 

approaches that of the large step-size fullband algorithms, but the divergence during 

strong speech segments is minimal. A slight divergence can be seen around sam-

ple 10 x 104, which is an area where the speech signal contains an onset with high 

frequency content, driving divergence in the high frequency bands with the larger 

step-sizes. However, in contrast to the fullband case, this divergence is localized to 

the bands where the disturbing signal is strong. 

Continuous adaptation 

While the results from section 4.2.1 demonstrate that the subband system can offer 

less divergence during a feedback path change when the input signal is uncorrelated 



78 

white noise, this situation is not likely to be encountered in practice as the primary 

input signal for a hearing aid is speech. Also, while the input speech signal disturbs 

the adaptation of NCA systems, in CA systems it forms the signal that must be used 

to adapt the feedback compensation filter. This use of the speech signal poses several 

challenges for a CA feedback compensation systems: its spectral coloration leads to 

slower and less-uniform convergence than a white input, and the auto-correlation of 

the speech signal leads to a cross-correlation between the desired and reference signals 

provided to the adaptive filter, causing system divergence. Adding a decorrelating 

delay to the hearing aid signal path can reduce the correlation for some speech in-

puts however voiced segments contain pitch-excited harmonic content with long-term 

correlation relationships. Since these harmonic signals are narrowband, the decorrela-

tion of the subband transform, combined with the the ability to tailor the adaptation 

speed on a per-subband basis mean that a subband feedback compensation structure 

may offer benefits in a CA system with speech inputs. 

In contrast to the NCA results and the white noise CA results, and despite the dif-

ficulties in comparing fullband and subband system distance outlined in section 4.1.1, 

system distance is used in place of MSE convergence to evaluate performance. The 

focus of the comparison will not be the steady-state system distance, but rather the 

changes in system distance. Rapid changes indicate divergence caused by adapting to 

the input signal rather than the feedback path. For hearing aid systems preservation 

of the incoming speech signal is critically important, and while a low MSE can be 

achieved while canceling the input speech signal, this type of divergence would be 

reflected in the system distance changes. 

Figures 4.12 and 4.13 present the system distance convergence for fullband and 

subband CA feedback compensation systems using NLMS and IPNLMS adaptive 



filters with speech inputs and white measurement noise at 25 dB SNR. As ex-

pected, in both cases the subband systems offer faster initial convergence, but higher 

steady-state system distance. The difference in convergence rates between NLMS 

and IPNLMS is notable for n = 0.01, but minimal for n = 0.125, especially in the 

subband configuration. For ji = 0.125, all systems display rapid increases in system 

distance, indicating divergence as the filters adapt to cancel the input signal due to 

the cross-correlation between the input and the reference signal. The divergence pe-

riods correspond to the strongly voiced segments in the input that can be seen in the 

spectrogram of Fig. 4.11. The system distance fluctuations of the subband configu-

rations are lower, as the divergence is limited to the bands where harmonic content 

is the strongest. With /jl = 0.01, the convergence in all cases is much slower but is 

more uniform and the systems do not exhibit divergence during the voiced speech 

segments; the only exception is the fast-tracking fullband IPNLMS, which exhibits 

mild divergence. As these trials indicate, the choice of step-size is a trade-off between 

large step-sizes which provide fast convergence, making the system robust to feedback 

oscillations, and small step-sizes that lead to slower convergence and less distortion of 

the input speech. Figure 4.14 demonstrates that the subband configurations can help 

mitigate this trade-off. The convergence curves for subband systems with step-sizes 

of /j, = 0.125 and /i = 0.01 are repeated, along with the results from a configuration 

that tailors the step-sizes in each band to the signal content. A step-size of ji = 0.01 

was used in the two lowest frequency bands to ensure stable uniform convergence in 

the regions containing strong harmonic content, while a step-size of fi = 0.125 was 

used in the three highest bands, as they contain mostly noise-like content with less 

correlation and can employ larger step-sizes for faster convergence. The remaining 

three middle bands contain a mix of lower power harmonic and noise-like content, and 

used a trade-off step-size of /i = 0.05. The resulting convergence is much faster than 
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Figure 4.11: Spectrogram of speech segment used for feedback canceler trials. 

the system using fj, — 0.01, but does not exhibit the divergence and signal distortion 

displayed with /j, = 0.125. 

Figures 4.15 and 4.16 present the results of the changing acoustic environment 

simulations using speech instead of WGN input. The differences between the subband 

and fullband structures are even more pronounced in this case, attributed to the 

subband adaptive filter's superior convergence for colored inputs such as speech. The 

spectrograms indicate that, as with the NCA case, the divergence of the subband 

system is localized to the frequency bands where the feedback path attenuation is the 

lowest, while the fullband system diverges across all frequencies. 
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Figure 4.12: System distance convergence for fullband and subband continuous adaptation 
feedback cancelers with speech inputs, adaptation step-size fi = 0.125. 
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Figure 4.13: System distance convergence for fullband and subband continuous adaptation 
feedback cancelers with speech inputs, adaptation step-size /i = 0.01. 
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Figure 4.14: Subband system convergence for speech inputs per-band step-size assignment. 
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Figure 4.15: System distance performance of subband and fullband NLMS and IPNLMS 
continuous adaptation systems in synthetic changing environment with speech exci-
tation. 
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Figure 4.16: Spectrogram of error signal for fullband (top) and subband (bottom) con-
tinuous adaptation feedback compensation systems for changing feedback path with 
speech excitation. 

4.3 Summary 

In this chapter subband adaptive filtering structures were investigated for potential 

application in hearing aid acoustic feedback compensation. In contrast to the tradi-

tional subband adaptive filtering application, acoustic echo cancellation, where the 

impulse response being modeled is very long and subband structures are used to re-

duce the computational burden, hearing aid acoustic feedback paths are short, so 

the computational advantage is significantly reduced. Furthermore, under low mea-

surement noise conditions the steady-state performance of subband adaptive filters 

is lower than the equivalent fullband system due to the effects of aliasing and im-

perfect filterbanks. However, other advantages of the subband configuration were 

revealed through simulation of fullband and subband continuous and non-continuous 

feedback compensation systems. It was demonstrated that, by only adapting the 



filters in affected frequency bands, subband structures can offer faster reconvergence 

and tracking of changing acoustic feedback paths. In addition, the flexibility offered 

by treating different frequency regions separately allows subband systems to offer 

faster and more stable convergence when presented with wideband speech signals. 

System robustness was also improved, as divergence of the adaptive filter coefficients 

caused by feedback path changes or input signal correlation was confined to individ-

ual frequency bands. Under all conditions the fullband IPNLMS offered a significant 

initial convergence and tracking advantage compared to standard fullband NLMS. 

In the subband case IPNLMS maintained an advantage, although the benefit was 

significantly reduced, likely due to the very short subband adaptive filters. 



Chapter 5 

Particle Filter Enhancement of Speech 

Discrete Cosine Transform Coefficients 

As discussed in Chapter 2 traditional speech enhancement methods such as spectral 

subtraction [11] and Bayesian spectral amplitude estimators, such as the minimum-

mean-square error short-time spectral amplitude (MMSE-STSA) estimator, [12], use 

measurements of the transform coefficients of the noisy signal to obtain an estimate 

of the clean speech transform coefficients. While the transform is typically achieved 

with the short-time Fourier transform (STFT), other transforms can be used such as 

the discrete cosine transform (DCT) [32]. A main shortcoming of these approaches 

is that they do not take into account any correlation present in the speech signal: 

each frame is estimated independently of the others leading to musical noise when 

the noise spectrum is successively over- and under-estimated. 

State-space model-based speech enhancement methods such as Kalman filter 

speech enhancement [13], model the clean signal waveform as an autoregressive (AR) 

process with Gaussian excitation, permitting the use of the Kalman filter equations to 

obtain the linear minimum mean-square error (MMSE) estimate of the clean speech 

waveform. The parametric model used by this approach provides a low variance 
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spectrum estimate [44], resulting in natural sounding residual noise that is free from 

musical noise. The main challenge in Kalman filter speech enhancement is estimating 

the clean signal parameters from the noisy measurement. One promising estimation 

method involves the use of sequential Monte-Carlo methods, particle filtering. Instead 

of estimating the speech parameters directly from the noisy signal, Rao-Blackwellized 

Particle Filter (RBPF) speech enhancement algorithms [65] [60] assume a dynamic 

model for the parameter evolution and the enhanced speech signal is taken as the 

ensemble average of the output of several realizations of the parameter process. 

In this chapter we propose using the RBPF algorithm to enhance the speech DCT 

coefficients rather than the time domain speech waveform. By applying dynamic 

models to the frequency transform coefficients the proposed system attempts to offer 

frequency-dependent processing of wideband speech while preserving the naturalness 

of the output speech and residual noise. An empirical upper bound for the perfor-

mance of the DCT and fullband domain particle filters is determined using a Kalman 

filter provided with the speech and noise parameters measured from the original sig-

nals. A series of experiments is then carried out to evaluate the performance of 

fullband and DCT-domain particle filters under realistic conditions when the true 

parameters are not supplied. The DCT-RBPF is compared, using perceptually moti-

vated objective measures and informal listening tests, against a set of reference algo-

rithms including the fullband particle filter. A hybrid DCT-domain RBPF/Wiener 

filter is also proposed, wherein a simple Wiener filter is substituted for the RBPF in 

the perceptually less relevant bins. The DCT-RBPF is found to offer improved noise 

suppression and a significant complexity reduction compared to the fullband RBPF. 

While the hybrid structure offers further computational savings, there is a reduction 

in the resulting enhanced speech quality. 
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5.1 Rao-Blackwellized Particle Filter Speech En-

hancement 

As introduced in Chapter 2, in the RBPF speech enhancement algorithms of [65] [60] 

the speech signal at time 77., IS assumed to be corrupted by additive measurement 

noise vn giving the measurement signal zn: 

zn = xn + vn (5.1) 

The clean speech signal is assumed to follow a pth order time-varying autoregressive 

(TVAR) model: 

p 

xn = ^ ^ cin{i)xn—i + dn (5.2) 
i=1 

= a^x n + dn (5.3) 

where: 

^n [̂ -n—1 • • • -̂ n—p] 

is the signal vector, 

a n = [a„(l) . . .o„(p)]T (5.5) 

is the vector of auto-regression coefficients at time n, and dn is the excitation sequence. 

Note that this differs from the standard autoregressive model assumed by the standard 

Kalman filter algorithm of [13] where the AR parameters are assumed fixed over the 

measurement interval and are only updated periodically. 

Defining the state-transition and measurement matrices F n and G, (5.2) can be 
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described by the following linear state-space model: 

F = n — 

G = 

Ip-l Op_ixi 

1 

O p - l x l 

Xn F n X n _ i 

GRXN -(- VN 

dn 

O p - l x l 

(5.6) 

(5.7) 

(5.8) 

(5.9) 

where (5.8) and (5.9) are the state-space transition and measurement equations re-

spectively. 

If all of the TVAR parameters are known, and dn ~ A/*(0, crj) and vn ~ A/"(0, a2) 

are uncorrelated zero-mean white Gaussian noise processes, then an MMSE opti-

mal estimate of Xn can be obtained using a Kalman filter. In the RBPF speech 

enhancement algorithm of [65], the TVAR parameters themselves are assumed to 

evolve stochastically. A constrained Gaussian random walk model is used for the AR 

coefficient vector, where the roots of the selected vector are forced to lie inside the 

unit circle (a sufficient but not necessary condition for stability of the TVAR model): 

p ^ a n - i ) oc 
A/"(a„|an_i, A^I) If stable 

0 Otherwise, 
(5.10) 
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where J\f(x\/j,, a2) denotes a Gaussian PDF with mean /i and (co-)variance a2 eval-

uated at x. The speech and noise variances are assumed to evolve according to a 

random walk in the log-domain, to ensure that the variances remain positive: 

p ( l o g « ) | l o g ^ J ) = A/-(log(^J, ft) (5.11) 

P ( l o g « ) | l o g « _ 1 ) ) = A T ( l o g « ) , ft) (5.12) 

The hyper-parameters (A^, 5%, 82) determine the variances of the random walks taken 

by the TVAR parameters. 

Defining the vector of TVAR parameters: 

en = [a2
dn, a2JT (5.13) 

we have an augmented state-vector x n = 0jt]T. The transition equations de-

scribing the evolution of this augmented state vector are stochastic and not linear, 

however, conditioned on 9n, xn evolves according to a linear Gaussian state space 

model as described by (5.8) and (5.9), and the MMSE optimal estimate of x n can be 

obtained using the Kalman filter equations. The augmented state vector can therefore 

be partitioned and Rao-Blackwellization can be applied. 

An RBPF is therefore two interacting algorithms: at each time step the SIR par-

ticle filter generates N candidate TVAR parameter vectors These param-

eters are supplied to a bank of Kalman filters, which perform the signal enhancement 

and update the error covariance matrix which is used to compute the conditional 

likelihood of the measurement signal given the parameter set. The candidate TVAR 

vectors and their corresponding Kalman mean and covariance are then re-sampled 

for propagation to the next iteration. The RBPF approach circumvents the problems 



associated with estimating the clean speech model from the noisy signal by simulat-

ing and evaluating the ensemble of model parameters. In addition, with the RBPF 

approach the parameters are not estimated on a frame-by-frame basis and can instead 

be allowed to vary continuously. This may allow the RBPF approach to better model 

the time-variations of the human vocal-tract filter. 

The RBPF speech enhancement algorithm is summarized in Algorithm 1. System-

atic re-sampling is carried out at each sampling interval to prevent particle degeneracy. 

5.2 DCT-domain RBPF 

RBPF speech enhancement has been shown to offer effective low-distortion noise 

reduction with natural sounding residual noise [66], however it is very computationally 

intensive as a Kalman filter iteration must be performed for each candidate TVAR 

vector at each time-step. Furthermore, while the inter-speech noise attenuation is 

very strong, fullband RBPF enhanced speech contains relatively high intra-speech 

residual noise. In this section we show that the intra-speech noise can be attributed 

to insufficient attenuation in spectral troughs that arises when modeling a wideband 

speech signal with a moderate order all-pole model. To address the complexity and 

noise issues we proposed applying the RBPF algorithm to the speech DCT coefficients, 

rather than directly to the speech waveform. Modeling the evolution of the DCT 

coefficients using low-order AR models produces a very high-order equivalent fullband 

model at significantly reduced computational cost. Subband Kalman filtering has 

been shown to offer much lower complexity and higher levels of noise attenuation 

than fullband Kalman filtering without introducing un-natural artifacts [43,44]. As 

RBPF speech enhancement can be seen as an extension of Kalman filtering, the 

benefits of subband processing are expected to extend in the particle filter case. This 
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Algorithm 1 Rao-Blackwellized Particle Filtering [65]. 
for n > 0 do 

for i — 1,..., N do 
Draw candidate TVAR parameters 6 $ ~ p(6n\9n-i)-
Obtain from 6 $ . 
Use the TVAR parameters to update the Kalman statistics: 

x(0 _ F « x « 
n|n—1 — r n 

p(0 _ l?(i)p(0 T?T,(i) . 2.Mt 
n\n—\ n n—l\n—l n ^ °dn

 L 

T(0 - GP ( < ) GT + RR2'(i)I 

K = Pra|n-lGTT~1 '^') 

X (i> = x « + K L - G x ( i
l

) J n\n n \ n\n—l' 

>W — n _ P ^ = (I - K G ) P ^ 

Compute the un-normalized importance weights: 

W^=M{zn | G x « 1 ) T W ) 

7: end for 
8: Normalize the importance weights. 

N wW n E i = i W 

9: Compute Bayesian posterior estimate. 

N 

xn <- > WJ^xJ? 

1 = 1 

10: Resample: 
11: end for 
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is supported by the observations in [83] that indicate RBPF speech enhancement 

applied in a non-uniform filterbank configuration can achieve lower segmental SNR 

scores than an unspecified fullband configuration. 

5.2.1 Subband AR Modeling 

The RBPF algorithm models speech as a TVAR process, with the TVAR parameters 

estimated using a particle filter. As the model order increases, the size of the state-

space modeled by the particles increases, requiring more particles to achieve good 

performance [84]. In order to manage complexity and performance, a low-order model 

is therefore desirable. However, very high order pole-only models are required to 

model the pitch structure of speech [44], Furthermore, while low-order AR modeling 

of speech produces a good fit in spectral peaks, it can over-estimate the signal power 

in spectral troughs. In the context of Kalman filtering speech enhancement, this over-

estimation leads to intra-speech residual noise as the noise between spectral peaks is 

not sufficiently attenuated. If the residual noise is sufficiently far from a formant 

peak, it will not be masked by the formant and will be perceptually noticeable. This 

problem is especially prominent for wideband speech where the spectral dynamic 

range within a frame is higher, and there can be high and low frequency energy in 

the same frame. 

An alternative to using a single high-order AR process is to perform the enhance-

ment in a transform domain, using one low-order model per transform bin. It has been 

shown [85], that with an ideal filterbank subband linear prediction can achieve lower 

prediction error variance than fullband order-p linear prediction; this was demon-

strated to hold when each band uses a prediction order p, and even when the sum of 

the prediction orders across all bands is p. 

To compare the performance of low-order fullband and subband linear pole-only 
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Figure 5.1: Spectra obtained from AR modeling of an AR(20) process with a fullband 
AR(4) model, a fullband AR(16) model and a 16 subband configuration with an 
AR(1) model in each band. 

modeling of complex processes, an AR(20) process was generated by passing white 

noise through a filter measured from a segment of voiced speech, and an ARMA 

process was generated by filtering white noise through a system with zeros at ±0.257r 

and poles at ±0.l7r and ±0.87t. Fullband AR(4) and AR(16) models were fitted to the 

signals, and an AR(1) model was fitted to each band of a 16-band cosine modulated 

filterbank. The spectral estimates are shown in Fig. 5.1 for the AR(20) process and 

Fig. 5.2 for the ARMA process. The results from the AR(4) estimates demonstrate 

that when low-order fullband AR modeling is used to estimate a higher order process, 

the smooth fitting of a curve between the poles causes the signal energy between the 

poles to be significantly over-estimated. While the AR(16) model is better than the 

AR(4) model at attenuating the spectral troughs, the subband estimate still provides 

the closest fit. 
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Figure 5.2: Spectra obtained from AR modeling of an ARMA process with a fullband 
AR(4) model, a fullband AR(16) model and a 16 subband configuration with an 
AR(1) model in each band. 

5.2.2 Algorithm Description 

We propose to use the DCT for the subband decomposition, as it is a real frequency-

transform that can be efficiently implemented using an FFT-like algorithm. For an 

M-point signal xn, the standard forward and inverse DCT equations are: 

O ( ^ 
Xn{m) = —^r-M 

M—l 

xn COS 

n = 0 

mir 
L2M (2n + l) 

m=0 
E t \irt \ m7r fn i \ 

c{m)X{m) cos + 

m = 0 , 1 , . . . , M — 1 (5.14) 

n = 0 , 1 , . . . M — 1 (5.15) 

where 

c(m) = 
1/V2 m = 0 

m = 1,2, . . . , M - 1 
(5.16) 
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Figure 5.3: Block diagram of DCT domain particle filtering speech enhancement. 

The DCT is well suited to speech processing as it has been shown to provide 

good decorrelation and energy compaction of speech, while DCT transformed noise 

is approximately white [32]. Fig. 5.3 presents a block diagram of the proposed 

DCT-based particle filtering system. The speech signal is divided into overlapping 

frames, windowed, then transformed to the DCT domain. An RBPF using a low-

order TVAR speech and a white noise model is used to model each DCT coefficient. 

Since the white noise power can differ in each DCT bin, the proposed system can be 

used to enhance signals corrupted by colored as well as white noise. The enhanced 

signal is transformed back to the time domain using the inverse DCT (IDCT), then 

reconstructed by overlapping and adding successive frames (OLA). 

Algorithm 2 summarizes the DCT-RBPF algorithm using an M-bin DCT with a 

frame overlap of M/2. The notation 0ixm/2 indicates a row vector of M/2 zeros. 

Reduced Complexi ty Hybrid Particle-Wiener Filter 

In addition to the performance and complexity advantages, the DCT configuration 

enables different processing approaches to be applied to different coefficients. The 

number of particles, the order of the speech and noise AR models, the structure of 

the speech and noise models and even the algorithm employed can all be made to 

be frequency dependent. To demonstrate the potential of this type of processing, we 

propose combining the DCT-RBPF with the DCT Wiener filter of [32]; the RBPF is 
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Algorithm 2 DCT-RBPF. 
1: for n = IM/2, le Z do 
2: Frame noisy signal and multiply with windowing function w: 

= \z-ni zn—li • • • i Zn-M+1] 

Zn = w T z n 

3: Compute forward DCT of z„ to obtain Zn, using (5.14). 
4: for m = 1 , . . . , M do 
5: Perform RBPF computations in Algorithm 1 using Zn(m) as input to 

obtain estimate of clean DCT coefficient Yn(m). 
6: end for 
7: Compute inverse DCT using (5.15) to obtain estimate of clean signal frame 

Vn-
8: Overlap and add to obtain clean signal estimate: 

Xn+M/2 = [x-n-M/2 OlxAf/2] + Yn 

9: end for 

used to model the perceptually important DCT coefficients, while the simpler Wiener 

filter is used to compensate the remainder.. 

The Wiener filter estimate of the kth DCT coefficient at time n, Xn(k) is given as: 

Xn(k) = Hn(k)Yn(k) (5.17) 

Uk) 
1 +Uk) 

where: 

Yn(k). (5.18) 

( ) _ E{|XW(AQ|»} 
E{\Vn(k)\*}- (5'19) 

is the a-priori SNR. As this value cannot be evaluated directly without knowledge 

of the clean signal, it is commonly estimated using the decision-directed approach 
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Figure 5.4: Block diagram of hybrid DCT-domain particle and Wiener filter. PF denotes 
a particle filter, WF denotes a Wiener filter. 

of [12]: 
\Yn(k)\ 2 

- 1 , 0 (5.20) 
M K W I 2 } 

where a is a smoothing parameter 0 < a < 1, and the max function ensures the SNR 

remains non-negative. 

Figure 5.4 presents a block diagram of of the proposed configuration. For wide-

band (16 kHz sampling rate) speech input the lower half of the DCT coefficients 

correspond to telephone bandwidth speech and are the most perceptually important. 

These coefficients are processed using the higher performing but computationally in-

tensive particle filter (denoted PF), while the higher frequency bins are processed 

with a Wiener filter according to (5.18). The RBPF and Wiener filter algorithms are 

compatible as both employ external noise estimation algorithms to obtain an estimate 

of the noise power in each DCT bin. While some versions of the RBPF can estimate 

the noise on-line, this is not recommended for stability reasons, as will be discussed 

in section 5.3.2. 



5.2.3 Complexity 

As with standard Kalman filtering, the complexity reduction benefits of transform 

domain processing are numerous in the particle filtering case. While the DCT con-

figuration requires multiple particle filters, each filter is operating at a reduced rate 

(time-decimated) and each DCT coefficient series is modeled using a low-order AR 

process. 

For an AR speech model and a white noise model, a standard RBPF requires: par-

ticle generation; Kalman filter iteration; and weight computation steps. The weight 

computation is 0 ( 1), and is the same regardless of the AR vector size. In contrast, 

the particle generation and Kalman filter update steps are dependent on the AR 

model order p. The particle generation requires generating a random walk distur-

bance for each element of the AR vector, this step is conservatively estimated to be 

0(p). However since stable AR vectors are generated by sampling until a stable draw 

is achieved, and the stability of the entire AR vector is affected by every coefficient, 

the number of vectors that are rejected as unstable will increase as the AR model or-

der grows. The Kalman filter speech enhancement complexity is 0{p) if fast Kalman 

filter techniques are applied [13]. The overall complexity of an iV-particle fullband 

RBPF is approximately 0(pN) computations per unit time. 

An M-bin DCT-domain RBPF with 50% overlap between frames requires M 

RBPFs operating at the decimated rate of M/2 times the fullband rate. Additional 

computations are required for the forward and inverse transforms. For a qth order 

AR speech model and a white noise model for each DCT coefficient, the complexity 

of an N-particle M-bin DCT-RBPF is approximately j^(0{qN) + 0(Mlog{M))) = 

0{2qN) + 0{Mlog(M))) computations per unit time. For the hybrid configuration 

the complexity of the Wiener filter operation is 0( 1), and the computational savings 

are dependent on the number of DCT coefficients processed using each algorithm. 
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Fig. 5.5 compares the execution time required to enhance 2 seconds of speech 

sampled at 16 kHz for a fullband RBPF using an AR(10) model to a DCT-RBPF using 

an AR(2) model in each DCT bin. An M = 128 bin DCT was used with a 50% overlap. 

Both structures used the same MATLAB C-Mex file to perform the particle filtering, 

and the timing for the DCT-RBPF includes the DCT overhead. For the hybrid 

configuration the upper half of the DCT coefficients were processed with the Wiener 

filter. Even if the same number of particles are used for fullband and DCT structures, 

the DCT overhead is quickly overcome by the complexity reduction achieved by using 

smaller AR models. Furthermore, the smaller model order means that fewer particles 

can be used in each DCT bin than the fullband, as lower dimension state spaces require 

fewer particles [84], The execution time of the hybrid configuration is approximately 

half that of the DCT-RBPF owing to the computational simplicity of the Wiener 

filter. It should also be noted that the complexity of both the fullband and DCT-

RBPF structures could be further reduced by using the modified RBPF [86], which 

only requires computing one Kalman gain for all particles. 

5.3 Evaluation 

Two sets of experiments are used to evaluate the performance of the proposed DCT-

RBPF. In the first set of trials the best-case performance of the DCT-RBPF is com-

pared to that of the standard fullband RBPF by providing both algorithms with 

TVAR parameters measured directly from the unmixed speech and noise signals. 

In second set of trials the RBPF algorithms operating without the true TVAR pa-

rameters are compared to reference algorithms from the various speech enhancement 

families. 
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Number of Particles 

Figure 5.5: Execution time comparison for fullband (FB) and DCT-RBPFs processing 
two seconds of speech sampled at 16 kHz. 

5.3.1 Simulation Parameters 

The following parameters are used for the speech enhancement algorithms in the 

comparison: 

1. Fullband RBPF [65] using an AR(10) speech model and white Gaussian noise 

model. The AR vector and speech and noise variances evolve according to a 

Gaussian random walk. The augmented state vector colored noise RBPF was 

also considered but did not offer a significant advantage over the white noise 

model in the tested conditions. 

2. DCT domain Wiener filter (DCT-WF) [32], modified to use decision-directed 

SNR estimation [12] with a = 0.98. A 128-point Yon Hann window and a 50% 

overlap were used to frame the speech signal. 

3. MMSE-LSA [33] using decision-directed SNR estimation with a = 0.98 and a 
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512-point Von Hann window with 50% overlap for framing.. 

4. Signal subspace approach [40]1 using sine-taper covariance estimation and 32 

ms Hamming windowed frames. 

5. Proposed DCT-RBPF using an AR(2) speech model, and a white Gaussian 

noise model in each frequency bin. DCT parameters the same as the reference 

Wiener filter. 

6. Proposed hybrid DCT-RBPF/DCT-Wiener filter. Particle filter with the same 

parameters as the DCT-RBPF operating in the lower 64 bins and a Wiener 

filter with the same parameters as (2) operating in the upper 64 bins. 

The particle filters used 100 particles per AR vector element, giving 1000 particles 

for the fullband and 200 particles per filter for the DCT configuration. 

The structures were evaluated under the following set of speech and noise test 

scenarios. 

1. Dry speech with synthetic additive white Gaussian noise (AWGN) . 

2. Dry speech with street noise. The street noise is mostly from passing traffic and 

was recorded at an intersection with the listener facing away from the street. 

3. Speech recorded in a cafeteria, with babble recorded during a meal at the same 

university cafeteria. The speech-shaped power distribution and time-varying 

nature of babble noise make it a challenging noise to reduce. 

The speech recording was sampled at 16 kHz and contained four sentences by 

different speakers from the TIMIT database, two spoken by males and two by fe-

males, with a total duration of 14 seconds. The noise conditions and environments 
1 Implementation modified from [27]. 
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Time (s) 

Figure 5.6: Waveform (top) and spectrogram (bottom) of segment of clean speech. 

were chosen to provide a broad range of realistic test situations. Each speech and 

noise file was simulated at overall SNRs of 5, 10, 15 and 20 dB, giving a total of 16 

test conditions. For the particle filter algorithms, each combination of algorithm and 

speech-file was run 20 times, and the performance results were averaged. For consis-

tency all of the algorithms use an ideal voice-activity detector (VAD) to update the 

noise estimate during speech pauses, although on-line estimation approaches could 

also be employed. Time and time-frequency domain plots of the clean signal and the 

noisy signals at 10 dB SNR are presented in Figs. 5.6 - 5.9. 

5.3.2 DCT/Fullband Comparison 

Empirical Performance Bounds 

RBPF speech enhancement is tightly linked to Kalman filter enhancement, the output 

of an RBPF is the weighted sum of the outputs of a bank of Kalman filters. The 

performance of RBPFs is therefore upper-bounded by a Kalman filter using the true 
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Figure 5.7: Waveform (top) and spectrogram (bottom) of segment of speech corrupted by 
AWGN at 10 dB SNR. 
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Figure 5.8: Waveform (top) and spectrogram (bottom) of segment of speech corrupted by 
street noise at 10 dB SNR. 
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Figure 5.9: Waveform (top) and spectrogram (bottom) of segment of speech corrupted by 
cafeteria babble at 10 dB SNR. 

parameters. The empirical upper-bounds for the fullband and DCT RBPFs were 

investigated by supplying a Kalman filter algorithm with measured AR parameters 

and noise variances at every sample iteration. A window size of 8 samples was used 

to estimate the AR parameters of each DCT component, while 64 samples were used 

in the fullband case. The analysis window length was chosen by experimentation and 

represents a trade-off between capturing the time-varying characteristics, especially of 

the excitation signal, and ensuring the signal was stationary over the analysis frame. 

This trade-off prevents us from obtaining the true ideal parameters, but they serve to 

provide a reasonable upper-bound on the performance of the particle filter algorithms. 

The noise variance at time n was the true squared noise signal in either the time or 

DCT domains. Then, to estimate the upper-bound on fullband and DCT-RBPF 

parameter estimation, the true noise excitation was supplied while the speech TVAR 

parameters were estimated by the particle filters. 

The upper-bound results from all noise conditions are presented in tables 5.1 -
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5.3. In all cases the performance of the DCT-domain algorithms is superior to that of 

the fullband structures, achieving higher levels of noise reduction without imposing 

additional distortion. This is even true in the AWGN case, where the fullband noise 

model assumptions are met. Fig. 5.10 and Fig. 5.11 compare waveforms and spectro-

grams of fullband and DCT domain ideal Kalman filtering of the 10 dB SNR AWGN 

corrupted speech segments. Relatively high levels of intra-speech residual noise are 

clearly visible in the spectrogram of the fullband enhanced signal, while in the DCT 

enhanced signal the residual noise is confined to smaller time-frequency blocks. Along 

with the high levels of noise reduction, the DCT Kalman filter is still able to preserve 

most of the low-energy speech components. Also note that for both the fullband and 

DCT cases there is little degradation from the ideal Kalman filter to the measured 

noise RBPF, indicating that the particle filters are effective at tracking the speech 

TVAR parameters. As would be expected the deviation from the measured parameter 

results is greatest in low-SNR conditions. 



Table 5.1: Performance results for AWGN, measured noise parameters. 

WPESQ Scores 

Algorithm 5 dB 10 dB 15 dB 20 dB 

Noisy 1.06 1.14 1.35 1.78 

Ideal FB 1.36 1.56 1.86 2.26 

True Noise FB 1.17 1.35 1.67 2.13 

Ideal DCT 2.49 2.84 3.22 3.61 

True Noise DCT 2.11 2.50 2.92 3.34 

CSII Scores 

Noisy 0.44 0.72 0.88 0.95 

Ideal FB 0.76 0.88 0.95 0.97 

True Noise FB 0.79 0.90 0.95 0.98 

Ideal DCT 0.82 0.92 0.96 0.98 

True Noise DCT 0.76 0.88 0.95 0.98 

LLR Distance 

Noisy 1.69 1.59 1.43 1.20 

Ideal FB 1.04 0.95 0.83 0.68 

True Noise FB 1.42 1.28 1.10 0.89 

Ideal DCT 0.42 0.36 0.30 0.26 

True Noise DCT 0.60 0.46 0.35 0.26 



Table 5.2: Performance results for street noise, measured noise parameters. 

WPESQ Scores 

Algorithm 5 dB 10 dB 15 dB 20 dB 

Noisy 1.18 1.45 1.96 2.51 

Ideal FB 1.45 1.74 2.12 2.57 

True Noise FB 1.24 1.55 2.05 2.62 

Ideal DCT 2.54 2.90 3.23 3.61 

True Noise DCT 2.29 2.61 2.95 3.33 

CSII Scores 

Noisy 0.60 0.84 0.94 0.97 

Ideal FB 0.68 0.85 0.94 0.97 

True Noise FB 0.65 0.85 0.95 0.98 

Ideal DCT 0.90 0.96 0.98 0.98 

True Noise DCT 0.86 0.94 0.97 0.98 

LLR Distance 

Noisy 0.98 0.75 0.55 0.40 

Ideal FB 0.74 0.58 0.44 0.32 

True Noise FB 0.90 0.66 0.46 0.29 

Ideal DCT 0.27 0.19 0.12 0.08 

True Noise DCT 0.37 0.25 0.17 0.11 
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Table 5.3: Performance results for cafeteria babble noise, measured noise parameters. 

WPESQ Scores 

Algorithm 5 dB 10 dB 15 dB 20 dB 

Noisy 1.20 1.57 2.19 2.99 

Ideal FB 1.44 1.85 2.46 3.21 

True Noise FB 1.30 1.69 2.32 3.09 

Ideal DCT 2.67 3.12 3.58 3.96 

True Noise DCT 2.28 2.78 3.34 3.87 

CSII Scores 

Noisy 0.38 0.67 0.87 0.96 

Ideal FB 0.61 0.79 0.91 0.97 

True Noise FB 0.56 0.77 0.91 0.97 

Ideal DCT 0.80 0.91 0.97 0.98 

True Noise DCT 0.73 0.87 0.95 0.98 

LLR Distance 

Noisy 0.49 0.33 0.20 0.11 

Ideal FB 0.41 0.28 0.18 0.10 

True Noise FB 0.56 0.38 0.23 0.13 

Ideal DCT 0.11 0.08 0.05 0.03 

True Noise DCT 0.11 0.08 0.05 0.03 
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5.3.3 Comparative Study 

In order to evaluate performance in realistic situations, the particle filters were not 

supplied with the true speech and noise parameters for the comparative study. The 

particle filter framework enables the noise to be estimated within the algorithm along 

with the speech parameters, or externally using traditional noise estimation tech-

niques. Three noise estimation approaches were considered. In the first configuration 

the noise power was updated by recursive averaging during during silence intervals. 

The silence intervals were manually labeled to simulate a perfect VAD. In the second 

configuration the particle filters were provided with an initial estimate of the mea-

surement noise power, then the log noise power was allowed to evolve according to 

a random walk, as in [60]. This approach can be used to estimate both stationary 

and time-varying noise powers, with the variance of the random walk modeling the 

variability of the noise power. Note that even if the noise is assumed stationary, a 

non-zero variance should be used for the random walk to preserve particle diversity. 

In this case the variance of the log noise power was a fixed hyper-parameter set to 

SV = 1 x 10~4. The third configuration was a combination of the first two: the noise 

power was updated from the measurement during silence intervals, and was tracked 

by the particle filter during the speech utterances. 

In the DCT-domain there was little distinguishing the three configurations while 

there was more of a difference in the fullband case. For the babble noise input, the 

structure using particle filter noise estimation out-performed the external noise es-

timation configurations, indicating that the random walk noise model is a good fit 

for the babble talk, being able to capture the noise power fluctuations. In contrast 

when the measurement noise was constant AWGN the external noise estimation gave 

better results than using the particle filter method with a random walk noise model. 

Reducing the variance of the noise power random walk improved the performance for 
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Figure 5.10: Waveform (top) and spectrogram (bottom) of 10 dB SNR AWGN corrupted 
speech enhanced by fullband ideal Kalman filter, showing intra-speech residual noise. 
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Figure 5.11: Waveform (top) and spectrogram (bottom) of 10 dB SNR AWGN corrupted 
speech enhanced by DCT-domain ideal Kalman filter. 
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AWGN at the expense of the babble noise case. This implies that the performance of 

the RBPF algorithms could be further improved with better noise estimation tech-

niques or a better model of noise evolution. 

Despite its strong performance for the changing noise conditions, it was observed 

that the particle-filter-only noise estimation with a random walk on the noise power 

should not be used unsupervised in on-line speech enhancement, as mis-matches be-

tween the assumed model and the actual noise power evolution can lead to complete 

removal of the speech signal. If the speech excitation and noise power elements of the 

particle filter are drawn without any external guidance, particles from the random 

walk model can be generated with a small speech excitation power and a noise power 

equal to the power of the noisy speech signal. These particles provide a good model fit 

and will receive high importance weights. As a result the speech and noise signal will 

be treated as noise-only, and the entire noisy speech signal will be canceled. These 

particles will be resampled and propagated, and if the variance of the noise power 

random walk is comparable to the variance of the speech and noise power, the particle 

filter can continue to track and cancel the noisy speech signal. The problem is most 

acute when a small number of particles is used, although the same phenomenon can 

also occur with more particles are used but the SNR is low and the noise is more 

stationary than is assumed by the model. This phenomenon was observed in simula-

tions with the fullband RBPF with 150 particles and a random walk model for the 

noise power evolution attempting to remove stationary AWGN measurement noise. 

Reducing the variance of the noise power random walk reduced the amount of speech 

cancellation, but it also reduced the performance in changing noise conditions. In 

order to avoid this phenomenon some form of external noise estimation should be 

employed, at least periodically, to keep the particle filter on track. For this reason 

the combined particle filter and external noise estimation approach is used for the 
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particle filter results in the comparative study. 

The results of the comparative study are presented in tables 5.4 - 5.6. Observing 

the results we find that the difference between the best-case and actual performance 

tends to be greater at low SNRs and for the cafeteria babble. The DCT-domain 

particle filter experiences a larger degradation in moving from true to estimated noise 

parameters. Despite this fact it still far outperforms the much more complex full-

band RBPF, for all three performance measures. In general the performance of the 

hybrid DCT Wiener/RBPF configuration is somewhere between the two "parent" 

algorithms, and the residual noise remained natural sounding for the hybrid con-

figuration. The strong bin decorrelation properties of the DCT enables the bins to 

be processed independently without causing distortion, so the mixture of the two 

different algorithms does not result in any additional artifacts. 

Of the reference algorithms the MMSE-LSA and signal subspace approach were 

the highest performing. In general the MMSE-LSA has higher WPESQ scores than 

the signal subspace approach, but lower CSII scores. This is consistent with the sub-

jective tests in [27] that showed MMSE-LSA has better sound "quality", while signal 

subspace offers less signal distortion and higher intelligibility. The DCT-RBPF on the 

other hand balances the trade-off between these two objectives, matching the quality 

of MMSE-LSA and the intelligibility scores of signal subspace, offering a modest but 

consistent improvement in objective scores over all conditions. It is notable that the 

DCT-RBPF has the lowest LLR distances of all algorithms, and the fullband RBPF 

has the second lowest distances for most noise conditions, demonstrating the abil-

ity of the RBPF algorithm to model the time-varying speech parameters. It should 

also be noted that the objective performance differences among the algorithms were 

consistent when the male and female sentences were evaluated separately or grouped 

together. 
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The objective results are also supported by informal listening tests. At low SNR 

conditions the fullband RBPF has relatively high levels of intra-speech residual noise 

while the DCT-RBPF does not. This is in agreement with the empirical upper-bound 

results which showed that intra-speech residual noise is present for fullband Kalman 

filter-based algorithms even under ideal conditions. The residual noise for the fullband 

RBPF maintains the character of the original noise signal, with its power modulated 

by the envelope of the speech signal. For the DCT-RBPF this modulation occurs with 

the envelope of each DCT coefficient, so the time-frequency character of the residual 

noise is modified. However, unlike the signal subspace approach, the DCT-RBPF 

enhanced speech does not exhibit musical noise artifacts. The MMSE-LSA offers the 

most natural sounding residual noise, but it also imposes the most speech smoothing. 

5.4 Summary 

In this chapter a speech enhancement algorithm using RBPF modeling of speech DCT 

coefficients was proposed and evaluated. Processing the speech signal at a decimated 

frame rate, and employing low-order TVAR models with white measurement noise 

significantly reduces the complexity of the proposed DCT-RBPF algorithm compared 

to the standard fullband RBPF. In experiments using measured speech parameters, 

the DCT-RBPF was shown to be more capable of modeling the wideband speech 

spectrum, offering superior best-case noise reduction. Performing the enhancement 

in a transform domain also enables frequency-dependent processing strategies. To 

demonstrate this approach a hybrid DCT-domain structure was proposed that uses 

the RBPF in the perceptually important lower bins, and a simple Wiener filter in the 

upper bins, providing a performance/complexity trade-off. An interesting extension to 

this work would be to incorporate additional psychoacoustic information. As in [87], 



T a b l e 5.4: Performance results for cafeteria babble noise 

WPESQ Scores 

Algorithm 5 dB 10 dB 15 dB 20 dB 

Noisy 1.06 1.14 1.35 1.78 

MMSE-LSA 1.55 1.95 2.34 2.70 

Subspace 1.56 1.92 2.47 3.10 

FB-RBPF 1.09 1.20 1.46 1.92 

DCT-WF 1.43 1.60 1.86 2.26 

DCT-RBPF 1.63 1.99 2.47 2.97 

Hybrid DCT 1.65 1.97 2.29 2.60 

CSII Scores 

Noisy 0.44 0.72 0.88 0.95 

MMSE-LSA 0.59 0.76 0.87 0.93 

Subspace 0.68 0.85 0.94 0.97 

FB-RBPF 0.47 0.75 0.90 0.96 

DCT-WF 0.39 0.60 0.77 0.89 

DCT-RBPF 0.63 0.83 0.93 0.97 

Hybrid DCT 0.56 0.77 0.88 0.93 

LLR Distance 

Noisy 1.69 1.59 1.43 1.20 

MMSE-LSA 1.48 1.31 1.16 1.05 

Subspace 1.62 1.44 1.26 1.07 

FB-RBPF 1.64 1.51 1.34 1.10 

DCT-WF 1.48 1.35 1.23 1.09 

DCT-RBPF 1.25 1.07 0.89 0.72 

Hybrid DCT 1.32 1.18 1.06 0.92 



Table 5.5: Performance results for cafeteria babble noise 

WPESQ Scores 

Algorithm 5 dB 10 dB 15 dB 20 dB 

Noisy 1.18 1.45 1.96 2.51 

MMSE-LSA 1.95 2.29 2.63 2.90 

Subspace 1.50 1.87 2.35 2.85 

FB-RBPF 1.22 1.51 1.95 2.50 

DCT-WF 1.53 1.75 2.05 2.38 

DCT-RBPF 1.77 2.16 2.62 3.09 

Hybrid DCT 1.69 2.01 2.38 2.67 

CSII Scores 

Noisy 0.60 0.84 0.94 0.97 

MMSE-LSA 0.73 0.85 0.93 0.96 

Subspace 0.78 0.91 0.97 0.98 

FB-RBPF 0.60 0.82 0.94 0.97 

DCT-WF 0.56 0.73 0.86 0.93 

DCT-RBPF 0.75 0.90 0.96 0.98 

Hybrid DCT 0.61 0.79 0.90 0.94 

LLR Distance 

Noisy 0.98 0.75 0.55 0.40 

MMSE-LSA 0.98 0.93 0.90 0.88 

Subspace 1.25 1.13 0.74 0.61 

FB-RBPF 1.06 0.84 0.64 0.47 

DCT WF 1.17 1.04 0.94 0.85 

DCT-RBPF 0.78 0.68 0.63 0.61 

Hybrid DCT 1.02 0.94 0.88 0.85 



Table 5.6: Performance results for cafeteria babble noise 

WPESQ Scores 

Algorithm 5 dB 10 dB 15 dB 20 dB 

Noisy 1.20 1.57 2.19 2.99 

MMSE-LSA 1.61 2.09 2.60 3.04 

Subspace 1.19 1.50 2.02 2.69 

FB-RBPF 1.44 1.85 2.46 3.21 

DCT-WF 1.37 1.83 2.49 3.17 

DCT-RBPF 1.42 1.98 2.65 3.29 

Hybrid DCT 1.35 1.78 2.26 2.71 

CSII Scores 

Noisy 0.38 0.67 0.87 0.96 

MMSE-LSA 0.51 0.71 0.85 0.93 

Subspace 0.50 0.74 0.89 0.96 

FB-RBPF 0.34 0.55 0.69 0.78 

DCT-WF 0.32 0.50 0.68 0.84 

DCT-RBPF 0.51 0.75 0.91 0.97 

Hybrid DCT 0.41 0.65 0.83 0.93 

LLR Distance 

Noisy 0.49 0.33 0.20 0.11 

MMSE-LSA 0.56 0.51 0.50 0.50 

Subspace 1.31 0.88 0.60 0.45 

FB-RBPF 0.50 0.37 0.28 0.21 

DCT-WF 1.00 0.79 0.60 0.48 

DCT-RBPF 0.41 0.29 0.27 0.28 

Hybrid DCT 0.76 0.62 0.52 0.46 
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operating in the transform domain would facilitate the computation and application 

of a perceptual post-filter that takes into account noise masking thresholds. 

In a comparative study using real recorded wideband speech and noise signals, 

the DCT-RBPF achieved higher scores on objective evaluations designed to estimate 

speech quality and intelligibility. Notably, despite its reduced complexity, the DCT-

RBPF provides a significant improvement over the fullband RBPF, displaying lower 

residual noise levels without increased speech distortion. 



Chapter 6 

Particle Filter Enhancement of Speech 

Spectral Amplitudes 

The DCT-RPBF algorithm presented in Chapter 5 achieves transform model-based 

speech enhancement by adding a frequency division to a model-based speech en-

hancement algorithm. This frequency division is shown to increase model flexibility 

and improve the enhancement performance for wideband speech. In this chapter, 

the transform model-based enhancement is achived by adding a dynamic model into 

spectral amplitude speech enhancement to reduce the need for heuristic smoothing 

that can distort speech onsets and remove transient speech components. 

As discussed in Chapter 2, statistically motivated short time spectral amplitude 

(STSA) speech enhancement approaches treat the recovery of the clean speech spec-

tral amplitudes as a Bayesian estimation problem. As phase is relatively unimportant 

to perceived speech quality [29], it is common to restore the spectral amplitude and 

use the noisy phase to reconstruct the enhanced signal. Spectral amplitude speech 

enhancement offers high levels of noise reduction and the frequency-dependent frame-

based processing makes it desirable for wideband speech processing. Closed form 

minimum mean-square error (MMSE) Bayesian spectral amplitude estimators have 
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been derived under different assumptions for speech and noise including the standard 

Gaussian prior [12] [33], as well as super-Gaussian priors [88] [36]. All of these existing 

spectral amplitude speech enhancement algorithms assume the spectral amplitudes in 

successive frames are statistically independent. As discussed in [34] this inter-frame 

independence assumption breaks down when short and/or overlapping frames are used 

for the spectral analysis, and it also conflicts with the decision-directed method [12] 

which is typically used to estimate the a-priori SNR. The smoothing parameter a 

in the decision-directed estimator is selected heuristically to balance the tradeoff 

between under-smoothing, which leads to SNR fluctuations and musical noise, and 

over-smoothing which can remove low-amplitude transient speech components and 

distort speech onsets [8]. 

The non-linear recursive averaging used by the decision-directed approach implic-

itly assumes a dependence between successive frames while the algorithm derivation 

assumes they are independent conditioned on the spectral power. This contradic-

tion is discussed in [34], where an attempt is made to rectify the contradiction by 

deriving estimators for the a-posteriori SNR that take time-correlation into account. 

The presented results show that, when used in conjunction with standard spectral 

amplitude enhancement algorithms, the performance of the causal estimator is equiv-

alent to that of the decision-directed estimator. The success of the decision-directed 

estimator demonstrates that in order to reduce distortion of speech cues, speech en-

hancement algorithms should account for the high correlation of spectral amplitudes 

in consecutive frames. 

While inter-frame dependence is not typically exploited in STSA estimation, dy-

namic model based algorithms have been applied to enhancement of the complex 

DFT coefficients. In [89] the real and imaginary parts of the clean signal DFT coeffi-

cients are assumed independent and are modeled as Gaussian-excited auto-regressive 
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(AR) processes. The AR parameters are estimated from the past enhanced signal, 

and Kalman filtering is applied to recover the clean signal coefficients. In [90], rather 

than separately estimating the real and imaginary parts, the clean signal DFT co-

efficients are modeled as a complex AR process and are recovered using a two-step 

propagate-update recursion. In the update step, the prediction error is estimated by 

denoising the difference between the measurement and the propagated DFT coeffi-

cients. Three update rules are considered, corresponding to different assumed predic-

tion error distributions, the rules derived from the super-Gaussian estimators in [88] 

and [36] are found to offer better performance than the standard Gaussian Kalman 

filter equations. As in [89] the AR parameters are estimated from the past enhanced 

signal. The presented results show that incorporating the dynamic model improves 

performance compared to traditional statistical estimators. Unfortunately removing 

the inter-frame independence assumption leads to spectral amplitude estimators that 

cannot be solved in closed form. 

To address this issue we introduce a particle filter approach for short-time spectral 

amplitude speech enhancement. The particle filter framework enables modelling the 

time dependence of the spectral amplitudes; rather than estimating the parameters of 

the instantaneous distribution of the spectral amplitudes, we parameterize a model of 

the evolution of the spectral amplitudes. The distribution of the speech spectral am-

plitudes evolves online, allowing us to account for the inter-frame correlation and the 

non-Gaussian speech statistics observed in [88] and [36]. Two variants of the standard 

algorithm are also presented: one that uses an interacting multiple model approach 

to account for transitions between active speech and silence intervals, and one that 

allows for phase differences between the clean speech and noise complex Fourier trans-

form coefficients. All of the particle sampling distributions are constrained to take 

the measurement into account, improving sampling efficiency. 
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6.1 Spectral Amplitude Particle Filtering 

In this section we develop the importance sampling and weighting steps required to 

implement a particle filter algorithm for the restoration of speech short-time spectral 

amplitudes. The basic algorithm acts as a framework, and imposes several limiting 

assumptions which are eased in the subsequent algorithm variations presented in 

Section 6.2; the impact of these assumptions on algorithm performance is examined 

in Section 6.3. The proposed approach shares some similarities with the existing 

particle filter solutions discussed in Chapter 2, but differs by operating directly in 

the spectral amplitude domain, modeling the evolution of the clean speech DFT 

magnitude series. 

Conceptually the proposed algorithm can described as follows: candidate spectral 

amplitudes are generated using a dynamic model of spectral amplitude evolution 

with online estimation of the model parameters; the likelihood of each candidate is 

computed using the background noise density, and those likelihood weights are then 

used to compute the MMSE estimate of the clean signal amplitude as a weighted sum 

of the candidate amplitudes; and resampling is performed to select the most likely 

candidates to be propagated to the next frame. Figure 6.1 presents a block diagram 

comparison of standard spectral amplitude estimation, where the parameters of the 

static spectral amplitude distribution are estimated directly from the noisy signal, and 

the proposed particle filter approach, where the parameters of the spectral amplitude 

dynamic process are estimated. 
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Figure 6.1: Block diagram comparison of traditional spectral amplitude estimation (left) 
and particle filter based spectral estimation (right). 

6.1.1 Measurement Model 

Let xn{k) be a shorthand notation to denote the magnitude of the kth coefficient of a 

length-AT DFT of the clean signal x[n], windowed with a function w[£]. 

xn(k) 4 \Xn(k)\ = Y w[t]x[n-t]e 22&Lk 

t=n—N 

(6.1) 

The DFT magnitudes in each frequency bin are assumed to be mutually independent, 

therefore each bin is processed independently and the frequency index is dropped in 

the following. This assumption is made for computational convenience, and only holds 

as the frame length approaches infinity [12], therefore the dynamic models employed 

may not exploit all of the correlation information present in the signal. Using the 

noisy signal phase to reconstruct the enhanced signal assumes the speech and noise 

signal DFT coefficients are in phase so their magnitudes are additive, giving the 
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measurement equation: 

'n (6.2) 

This basic linear measurement model is restrictive, however the simplified description 

facilitates the development of the importance sampling and weighting steps used in 

the algorithms that follow. As will be discussed in Section 6.2.1, assuming the signal 

and noise to be in phase reduces the achievable enhancement performance especially 

in low SNR environments. 

Assuming the real and imaginary parts of the background noise DFT coefficients 

are independent zero-mean Gaussian random variables with variance cr2, the back-

ground noise spectral magnitude vn will be Rayleigh distributed with parameter <jv. 

The Rayleigh distribution has been shown to accurately model the spectral ampli-

tudes of a variety of real noise sources [36]. 

6.1.2 Speech Dynamic Model 

Rather than assuming independence of successive frames, we instead model the evo-

lution of the active speech spectral amplitude series as a first-order TVAR model: 

where an is the (possibly time-varying) AR coefficient and dn is the process excitation.. 

This model gives the prior of xn expressed in terms of po(d), the density of dn: 

'n (6.3) 

p(xn\xn-i) = pD(Xn ~ OnXn-i) (6.4) 

The TVAR model is simple and can effectively account for the high correlation be-

tween successive frames. In this work we consider fixed and time-varying AR(1), as 
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well as random walk models for the spectral amplitude series. The random walk can 

be seen as a special case of a fixed AR(1) model where the AR parameter is unity, 

in this case the excitation, dn, reduces to the difference between successive spectral 

amplitudes. The impact of the model choice will be explored in 6.3. 

Any distribution can be used for the excitation sequence without substantially 

changing the algorithm, however in this work a Laplace distribution is assumed. The 

extreme value behavior of the speech signal present in both the time and frequency 

domains is well-modeled by the Laplace distribution, and as a result it has been used 

to model the samples of the speech waveform [91], the real and imaginary parts of 

the speech DFT coefficients [88] [36], and the complex DFT prediction error [90]. 

Its use here to model the spectral amplitude excitation is also supported by the 

following empirical measurements of the normalized differential error. Using N = 

512 sample Hamming windowed frames with 50% overlap, the difference between 

successive spectral amplitudes was computed for 2 minutes of continuous speech from 

four different speakers, and was normalized by the smoothed spectral amplitude to 

account for signal non-stationarity and differences in signal power between frequency 

bins: 

(6.5) 

Fig. 6.2 plots the empirical histogram along with the maximum likelihood fit Gaussian 

and Laplace PDFs of normalized spectral amplitude difference errors; it is clear that 

the sharp modal peak and heavy tails of the Laplace density provide a better fit to 

the data than the Gaussian distribution. 

Xr, 
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Figure 6.2: Normalized spectral amplitude differential series empirical histogram and 
maximum likelihood fit Gaussian (dash-dot) and Laplace (dash) densities. 

Importance Sampling 

Combining (6.3) and (6.2) provides a state-space description of the evolution of 

the spectral amplitudes, permitting sequential estimation of the posterior density 

p(xn\zi:n) within an SIR particle filter framework. 

Using C(x; fi, b) to represent a Laplace density with mean n and shape parameter 

b evaluated at x, the conditional density of the clean speech spectral amplitudes under 

the TVAR model is given by: 

pD(xn - anXn-i) = C,{xn\ anXn-1, bdn). (6.6) 

Candidate spectral amplitudes can be produced by generating samples Sn from 

the process noise distribution and propagating them along with the particle from the 

previous sampling interval through the transition equation (6.3). However, if 

this approach is used, the un-restricted domain of dn could result in candidate spectral 

amplitudes that are negative or greater than the noisy signal spectral amplitude zn, 
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leading to an invalid enhanced signal spectrum or noise amplification. In spectral 

subtraction algorithms and in the decision-directed SNR estimator the estimated 

spectral magnitude or power is lower-bounded or half-wave rectified to ensure it is 

non-negative. Particle filters offer several integrated approaches to deal with such 

constraints. 

The simplest approach is to assign a zero importance weight to the invalid draws 

so that they will have no bearing on the computation of the final estimated signal 

amplitude. As discussed in [92], this approach can lead to many zero-valued particles, 

which reduces sample diversity and wastes computational effort. In [92] a rejection-

sampling like fast acceptance test is derived to ensure that only valid particles are 

generated. Alternatively, an auxiliary particle filter [59] could be used to propagate 

particles with a high predictive likelihood, but invalid draws could still result. Since 

the range of valid spectral amplitudes is known at the time of sampling, we propose 

to adapt the density used to draw the process noise samples to take the constraints 

into account. By limiting the support of the distribution used for sampling dh\ the 

generated particles can be confined to the valid range: 0 < .x^ < zn. The density of 

this constrained excitation signal can be written as: 

Po(d<?) oc 
C(dli]; 0, bdn), -OnxJ i j < dn} < zn - a^x^ 

(6.7) 
0, otherwise 

Laplace distributed excitation samples can be generated by transforming a 

uniform random variable u ^ using the inverse of the cumulative density function 
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FD(d) = 0.5[1 + sgn(d)(l - e~Wb)} (6.8) 

F^(d) = - 6 sgn(d - 0.5) log(l - 2\d - 0.5|). (6.9) 

Constraining the excitation samples to the range (—a„xn_i, zn — anxn_i) corresponds 

to limiting the uniform random draw to the range (FD(—anxn-1), FD(zn — anxn-1)), 

resulting in the following transformation to generate the samples: 

u® ~ U(FD(-anx^), FD(zn - OnX^J) (6.10) 

<4° = V ° ) 

= -bsgn(u{i) - 0.5) log(l - 2|u{i) - 0.5|) (6.11) 

Importance Weighting 

Employing the SIR particle filter framework the importance density is the prior, and 

the importance weight reduces to the likelihood: 

W$>=p(zn\x®) (6 .12) 

For Rayleigh distributed noise using the linear measurement model of (6.2) the like-

lihood is given by: 

P(zn\xn) = pV{Zn - Xn) (6.13) 

(6.14) 
0 xn Zn 
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Using the particle filter framework gives the proposed algorithm distribution flexibil-

ity. If the background noise statistics are known to be non-Rayleigh, different noise 

distributions can be accommodated by replacing (6.14) with a different probability 

density function. 

Estimation of Signal and Noise Parameters 

Particle generation requires the TVAR parameter an and the excitation Laplace pa-

rameter bdn, while particle weighting requires the noise Rayleigh parameter aVn. Since 

the algorithm operates in the spectral amplitude domain, the parameters of the noise 

distribution used in the weight evaluation step can be estimated during speech pauses, 

or continuously on-line using existing techniques such as the minimum statistics ap-

proach in [93]. 

If the TVAR coefficients are known, the excitation variance can be estimated 

online using the past enhanced signal. However, the directly-measured prediction 

error contains noise: 

E{e2} = E { ( z n - dnXn-i)2} 

= E{(xn - anxn-i)2} + E{w2}. 

(6.15) 

(6.16) 

(6.17) 

For Rayleigh distributed noise with parameter <r, 

E H } = (6.18) 
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the excitation power estimate can therefore be compensated as: 

E{d2
n} « E{e2} - 2a\ .2 

VN 
(6.19) 

Using recursive smoothing to estimate the differential error variance, e2, gives the 

following steps to update the excitation power: 

This parameter estimation approach provides a larger variance, and therefore a 

broader proposal density, when the differential error is high - corresponding to pe-

riods where the spectral magnitude is changing rapidly. In contrast, when the error 

is low, such as during voiced phonemes or speech pauses, a more narrow proposal is 

used for particle selection, improving sampling efficiency and reducing musical noise. 

Several approaches have been proposed for the estimation of the TVAR coefficients 

an. In [89] and [90] the parameters of the DFT coefficient AR process are estimated 

directly from the past enhanced signal. Among the particle filter algorithms, in [63] 

fixed AR models are considered for the noise process and in [64] fixed and dynamic 

models are investigated. In the fixed models, the AR coefficients are estimated offline, 

while in the dynamic model they are computed online using the particle estimates. 

In [65] and [60] the TVAR parameters and the log excitation power are assumed 

to follow random walks and are grouped along with the clean speech vector into an 

augmented state vector for particle filter estimation. 

e2 = (3e2 + (1 — P)\e. 

^dn ^ ~ li 

•n 
2 

(6.20) 

(6.21) 

(6.22) 

(6.23) 
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Using the approach of [65] and [60] to estimate the parameters within the particle 

filter, we can expand the prior of the augmented state vector [ 

p(xn, an|x„_i, an-i) = p(xn\xn-i, ara_i, an)p(a ) (6-24) 

Making the following two assumptions: first, the clean speech spectral amplitudes, xn, 

are conditionally independent of the past TVAR coefficients, a„_i, given the current 

coefficients, a„; second, the current TVAR coefficients, dji 5 cire 

conditionally indepen-

dent of the past clean speech amplitude, given the past TVAR coefficients, ara_i, 

this simplifies to: 
p(xn, an|zn_i, an_i) = p(xn\xn-i, an)p{an\an-i) (6.25) 

Using the SIR framework we can generate particles to jointly estimate the clean 

spectral amplitudes and the TVAR process coefficients by first simulating the TVAR 

coefficient transition ~ p(an\a^_1), and using that TVAR vector to propagate the 

spectral amplitudes ~ p(xn\x(^_1, <$). In [65] a constrained Gaussian random 
walk is assumed for the TVAR coefficients: 

{Af{a n j an-1 j &an) If stable 
(6.26) 

0 otherwise 

where a a n is the variance of the random walk, a hyper-parameter which is chosen in 

advance, and N(x\ /i, a2) denotes a Gaussian distribution with mean ji and variance 

a2 evaluated at x. 

This type of estimation within the particle filter framework offers flexibility and 
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circumvents the difficulty of measuring the parameters from the noise-corrupted sig-

nal, however it also requires a meta-model for the parameter evolution which increases 

complexity and adds extra Monte-Carlo variation. Furthermore, the use of augmented 

state vectors does not come without cost, as increasing the state dimension requires 

more particles to cover the state-space [84], In addition, since the prediction error in 

(6.20) depends on the TVAR parameters, an excitation parameter must be computed 

for each particle. In Section 6.3 we compare the performance of particle filter on-line 

estimation with fixed off-line coefficient estimation. 

Combining the importance sampling and particle weighting steps with the param-

eter estimation steps, an SIR particle filtering algorithm for estimating the spectral 

amplitude xn is presented in Algorithm 3. If a static AR process is assumed the 

TVAR coefficient update step is omitted. 

Algorithm 3 STSA-PF 
1: for n > 1 do 
2: for i = 1 , . . . , AT do 
3: (Optionally) draw new TVAR coefficients according to (6.26). 
4: Update excitation parameter using (6.20)-(6.22). 
5: Draw constrained process noise samples using (6.11). 
6: Propagate particles using process noise samples in (6.3). 
7: end for 
8: Evaluate the importance weights, up to a constant using (6.12). 
9: Normalize the entire set of importance weights. 

10: Compute Bayesian posterior estimate. 
11: Resample. 
12: end for 
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6.2.1 Phase Estimation 

The assumption of (6.2), that the clean signal and noise DFT coefficients are in 

phase, is restrictive and not realistic in practice. Furthermore, while the phase is not 

important to the listening quality of enhanced speech, the clean spectral magnitude 

cannot be recovered exactly without phase information, even if the noise magnitude 

is known exactly [27]. In this section we develop a variant of the STSA-PF algorithm 

that incorporates phase information to improve the clean signal magnitude estimate. 

Particle filter estimation of the phase requires a state-space model of the phase 

process. Dynamic modeling is not expected to be beneficial as phase is not predictable 

between successive frames [90], instead we consider static phase models. It is common 

to assume that the clean speech DFT phase is uniformly distributed on [—7r,7r]; for 

example, in [36] this is shown to provide a good fit to experimental data. A simple 

approach to phase estimation would be to directly generate clean signal phase samples 

from this density, however the uniform distribution is an uninformative prior and 

does not make use of any of the phase information contained in the measurement. 

For example, at very high SNRs the clean and noisy DFT vectors will be almost co-

linear, and the noisy measurement signal phase will approach that of the clean signal; 

likewise, at very low SNRs the measurement signal phase will be mostly determined 

by the noise signal [27]. Rather than directly generating candidate phases, we propose 

to incorporate phase information by modeling the phase difference between the clean 

signal and noise DFT coefficients; this difference is not SNR dependent, as the signal 

and noise phases are assumed independent. 



133 

Figure 6.3: Geometric representation clean speech, noise and measurement DFT vectors 

Importance Sampling 

Let A n = ZXn — ZVn be the difference between the clean speech and noise DFT 

phases. The value of A n determines how the clean speech and noise DFT vectors add 

in the complex plane which affects the magnitude of their vector sum. If A n lies in 

the left half plane (ie. cos(An) < 0) then the noise will add destructively to the signal 

vector, giving a measurement signal with a smaller magnitude than the clean signal. 

If cos(A„) > 0, then the noise will add constructively. Fig. 6.3 presents a geometric 

representation of the clean speech, noise and noisy speech DFT coefficients in the 

complex plane for the constructive and destructive noise cases. The magnitudes of 

the speech noise and measurement DFT vectors are denoted xn, vn and zn; while the 

relative angles between the speech and noise, speech and measurement and noise and 

measurement vectors are denoted A n , l3n and jn respectively. 
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Assuming ZXn,Z.Vn to be independent and identically distributed U[—n, 7r] ran-

dom variables, then A n will have a symmetric triangle distribution on [—27t,27t], 

which taken modulo-2ir (as the phase is 2tt shift invariant) also becomes a U[—it,7t] 

random variable. Consecutive phase differences are uncorrelated, and the phase dif-

ference can also be assumed to be independent of the clean signal spectral amplitude, 

therefore we can sample the phase component of the particles as: 

A « ~ p ( A n ) = W [ - 7 r , 7 r ] (6.27) 

Having generated the phase difference according to (6.27), it can be used along 

with the measurement zn to determine the boundaries for the clean speech candidate 

spectral amplitude. In the additive noise case, the allowable range of spectral am-

plitudes remains [0,zn], as in the simplified linear model of (6.2), however, for the 

destructive noise case the measurement zn is the lower bound on the range. The up-

per bound can be found by applying the law of sines to the destructive noise triangle 

in Fig. 6.3(b), noting that sin(7r — A n ) = sin(An). When A n lies in the upper left 

quadrant, 7r/2 < A n < 7r, we have: 

sin(7r ~ A n ) = sin(7w) 

sin(7„) (R onx =>xn= . . zn (6.29) sm(An) 

< - r ^ - r . (6.30) 
- sm(An) v ; 

A similar analysis can be carried out for the lower left quadrant, in general the range 

of allowable spectral amplitudes for the destructive noise case is [zn,zn/ sin(|A„|)]. 

Generating particles by independently drawing the phase difference component 

A n \ and using the appropriate boundaries to generate the state component Xn as 
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q(xn, Ajj.!, zn) oc p(An)p(xn |xJ l
,l1, An) (6.31) 

Importance Weighting 

To derive the weight update equation, we expand the prior term using the following 

assumptions: first that successive phase differences are independent of one another, 

which is supported by the results in [90] showing little correlation between successive 

speech phases; and second, that the phase is independent of the spectral amplitudes, 

which is supported by the observation from [36] that the empirical speech DFT coef-

ficient distribution is rotationally invariant. Applying these assumptions: 

p(xn, An |xn_i, An_i) = p(An\xn-i, An_i, xn)p(xn\xn-i, An_i, An) (6.32) 

Using the proposal of (6.31), the prior and the proposal cancel and the weight com-

putation reduces to the SIR form: 

To evaluate this likelihood we require an expression for the measurement zn in terms 

of the state xn and the phase difference An. Applying the law of cosines to the 

triangles of Fig. 6.3 we get the non-linear measurement equation: 

p(An)p(x (6.33) 

(6.34) 

Zn = y/vl + xl-j- 2vnxn cos(An) (6.35) 
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where we have used the fact that cos(7r — An) = — cos(An). Solving for vn to evaluate 

the likelihood term gives the likelihood computation in terms of the noise density 

pv(v): 

p(zn|x«, A « ) = pv cos(A«) + V
/ ( x « ) 2 [ c o s 2 ( A « ) - l ] + ^ . (6.36) 

The enhanced amplitude can be combined with the noisy measurement phase to 

synthesize the output. Alternatively, the particle estimates of xn and A n can also 

used to determine f3n, the phase difference between the clean speech and measurement 

signal DFT vectors, which can then be used to compensate the phase as well as the 

spectral amplitude in producing the enhanced output. This approach was not found 

to improve performance compared to using the uncompensated noisy phase. 

6.2.2 Interacting Multiple Model 

The basic STSA-PF algorithm of section 6.1 assumes speech is always present, how-

ever statistical estimation algorithms report increased noise attenuation when speech 

presence uncertainty is taken into account [12]. Here the dynamics of spectral am-

plitudes with speech present and absent periods are modeled by a hierarchical state 

space model, where the system dynamics vary depending on the active regime or 

mode of operation. We consider speech active and silence states, and define dif-

ferent models to describe the evolution of spectral amplitudes within and between 

the states. By accounting for the state transitions we seek to achieve less distortion 

at perceptually important speech onsets and more noise reduction at speech/silence 

boundaries. Multiple dynamic models of speech evolution are also considered in the 

cepstral feature enhancement algorithm presented in [94]. A switching linear dynamic 

model is applied, wherein the model parameters are dependent on a hidden variable 
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Figure 6.4: State transitions for the active speech/silence model particle filter. No dynamic 
models are used to model the transitions terminating in the silence state. 

TVAR 
p(x„\x 

representing the index of the parameters in a fixed set. In contrast to the approach we 

outline here, Gaussian distributions are assumed for the cepstral features, permitting 

a generalized pseudo-Bayesian estimation approach, and the sets of model parameters 

are determined offline using training data and do not represent defined speech events. 

We define two modes of operation for the spectral amplitude series, mn = 1 cor-

responding to speech active and mn = 0 to silence. Fig. 6.4 summarizes the dynamic 

models describing the possible state transitions. Since the spectral amplitudes are 

identically zero during silence, no dynamic model is needed to describe transitions 

to and within the silence state; we only require models of the transitions within the 

speech active state, and from silence to speech active. For transitions within the 

speech active state we use the TVAR model given by (6.3). Transitions from silence 

to active speech represent speech onsets, where the spectral amplitudes undergo a 

sudden transition from zero to the active speech amplitude. At these onsets succes-

sive spectral amplitudes are independent and the prior reduces to: 

Speech onset model 
p(x„) 

p(xn\xn-umn = l , m n _ i = 0) =p(xn). (6.37) 

For p(xn) we use the exponential distribution as it is peaked towards zero, providing 
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for the generation of low-amplitude speech onsets, and is linear in the argument of the 

exponent. In [36] it is shown that densities with thicker tails resulting from the linear 

argument provide a better fit to empirical spectral amplitude data than distributions 

with a quadratic argument, such as the Rayleigh distribution that would result from 

Gaussian distributed DFT coefficient components. The choice also provides for easy 

sampling, as particles distributed according an exponential distribution with parame-

ter Xn constrained to the range [0, zn] can be generated by inverse transform sampling 

as: 

4 ° = -An logu^ u{i) ~ U[e~Zn/x\ 1] (6.38) 

= - A n log[u(i)(l - e~Zn'K) + e~Zn/Xn] u® ~ U{0,1] (6.39) 

Since consecutive frames are independent at speech onsets, the prediction error 

approaches the clean signal spectral amplitude. Therefore we approximate the speech 

onset model exponential parameter, An, as the inverse of the absolute value of the 

instantaneous prediction error from (6.20): 

An = 7^-r. (6.40) 
pn | 

Model Mixing 

Having defined the dynamic models to describe the mode transitions, we require an 

algorithm for mode mixing and overall state estimation. The method we use is a 

modification of the approach from [95], where an extension to the SIR particle filter 

is proposed for hierarchical state-space estimation. Since keeping track of a history of 

branched state transitions leads to an exponential memory and computational bur-

den, an interacting multiple model (IMM) approach is used whereby all transitions 
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into a given state are merged into a single density. To incorporate the multiple model 

into the SIR particle filter framework, each particle consists of an augmented state 

vector [xn \ r r in \ where m ? is the regime in effect during the sampling interval and 

determines the dynamic model used to propagate the state estimate. Particles are gen-

erated by first simulating the regime transition probability m ^ ~ p(mnn^n-1)> 

then updating the particle state using the corresponding dynamic model: 

x W - p ^ l ^ m ^ m W ) (6.41) 

The particles are weighted using the likelihood, and resampling of the augmented 

state vectors is performed using the likelihood weights to produce a multi-modal pos-

terior density. Since each particle contains an estimate of the regime in effect during 

the sampling interval, the regime probabilities are represented by the proportion of 

resampled particles from the corresponding mode. 

The modes we have defined prevent us from using this approach directly. In 

the speech absent mode, the spectral amplitudes are identically zero, therefore the 

mode-conditioned density does not use a particle representation, preventing us from 

representing the mode probabilities with resampled particle proportions. Instead we 

use the alternative scheme presented in [96], which allows a fixed number of particles 

to be allocated to each dynamic model. A particle filter is run for each mode of 

operation, assuming it to be in effect during the sampling interval; this produces a set 

of mode-conditioned densities, and the overall posterior is a mixture of these densities 

weighted by the mode probability. The mode probabilities are propagated using 

the mode transition probabilities and updated using the mode-conditioned likelihood 

weights. 
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Algori thm Description 

Mode branching is performed by propagating the posterior mode probability from the 

previous frame with the a-priori mode transition probability: 

p(mn,mn-i\zi:n-i) oc p(mn\mn-i)p(m n—11-21:71—1) (6.42) 

We use a Markov switching matrix for the a-priori mode transition probabilities: 

p(mn\mn-i) = 
Poo Poi 

Pio Pu 

(6.43) 

where pjk, j,k e {0,1}, are active-speech-to-silence or silence-to-speech onset transi-

tion probabilities. In this work they are assumed to be equal and fixed, however they 

could also be estimated online. 

The proportion of particles allocated to the speech-to-speech and silence-to-speech 

dynamic models is dictated by the probability of each type of mode transition, as 

computed using (6.42). Specifically, the number of particles allocated to the speech-

to-speech model is given by: 

N, = NP-
p(mn = l,mn_i = l|2i:n_i) 

p(mn = 1, rrin-i = 0\z1:n^) + p(mn = l ,m r a_i = l |2i : n_i) 
(6.44) 

where Np is the total number of particles. 

As in [96], a state estimate is computed for each mode assuming that mode to be 

active during the measurement interval. The active-speech mode-conditioned state 
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estimate, xn = M{p(xn\mn = 1, Zi:n)}, is given from the particle filter: 

Np 

= e « (6.45) 
i=l 

while the silence mode-conditioned state estimate is identically zero. 

The state estimate is a mixture of the active-speech and mode-conditioned es-

timates, with the mixing weights determined by the mode probabilities. Since the 

silence mode-conditioned estimate is zero, this is equivalent to the active speech state 

estimate provided by the particle filter, scaled by the posterior mode probability of 

active speech: 

p(xn\zi:n) =p(xn\mn = 1 ,zlm)p(mn = l \ z i : n ) + p(xn\mn = 0,z1:n)p(mn = 0\z1:n) 

(6.46) 

= p(xn\mn = 1, zl:n)p{mn = l\zi;n). (6.47) 

The mode probabilities are computed using a predict-update approach. The a-

priori mode probability p(mn\zi:n-i), is first predicted using the mode transition 

probabilities in (6.42): 

p(mn = J>l :n- l ) = p ( m n = = l)p(mn-l = j € {0, 1} (6.48) 
Z=0,1 

then updated using the mode-conditioned likelihoods. 

p(mn = j\z1:n) = p(zn\mn = j)p(mn = j\zlm^i) j e { 0,1} (6.49) 
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p{mn = j\zi..n) 
P{mn =j\z1:n) j e { 0,1}. (6.50) 

p(mn = l|2i:n) +p(mn = 0\z1:n) •n 

Where the required mode-conditioned estimate likelihoods are computed using the 

likelihood model (6.14): 

The complete interacting multiple model short-time spectral amplitude (IMM-

STSA) speech enhancement algorithm is summarized in Algorithm 4. 

The following algorithm variants are considered in the performance comparison: 

• Basic spectral amplitude particle filter presented in Algorithm 3 with a random 

walk model of spectral amplitude evolution, (denoted STSA-PF) 

• Basic algorithm with a fixed AR(1) spectral amplitude model. The AR param-

eter for each frequency bin was estimated independently, using linear prediction 

of the spectral amplitudes of two minutes of continuous speech different from 

the test data, (denoted STSA-fAR) 

• Basic algorithm with a dynamic TVAR(l) spectral amplitude model using a 

Gaussian random walk on the TVAR parameter, as in [65], with a random walk 

variance of 1 x 10"4. (denoted STSA-dAR) 

P{Zn\mn = 0) =Pv(zn) 
Np 

P{zn\mn = 1) = y P v ( z n ~ X{n)-

(6.51) 

(6.52) 

6.3 Algorithm Evaluation 
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Algorithm 4 IMM STSA-PF 
1: for n > 1 do 
2: Propagate mode transition probabilities using (6.42). 
3: Distribute particles between active speech dynamic models using (6.44). 

Model 1: 
4: for % = l , . . . , jVi do 
5: Update excitation parameter using (6.20)-(6.22). 
6: Draw constrained process noise samples using (6.11). 
7: Propagate particles and noise samples using (6.3). 
8: end for 

Model 2: 
9: for % = Nx + 1, • • •, Np do 

10: Draw samples from constrained prior using (6.39). 
11: end for 
12: Evaluate the importance weights, up to a constant using (6.12). 
13: Normalize the entire set of importance weights. 
14: Compute active speech Bayesian posterior estimate. 
15: Resample. 
16: Use mode-conditioned likelihoods to compute posterior mode probabilities us-

ing (6.49). 
17: Normalize posterior model probabilities using (6.50). 
18: Compute enhanced speech output using (6.47). 
19: end for 
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• IMM variant presented in Algorithm 4 with a random walk for active speech 

spectral amplitude evolution and Laplace prior model for speech onsets. For 

Markov mode transitions, the probability of remaining in the current state was 

Pjj = 0.9. This value was determined through informal experimentation on a 

set of sentences separate from the test data, although the objective scores are 

not sensitive to parameter variations of about 10%. (denoted STSA-IMM) 

• Phase estimation variant described in section 6.2.1. (denoted STSA-Phase) 

The algorithms were assigned a total of Np = 100 particles and the smoothing pa-

rameter for the excitation estimation was set to (3 = 0.9, for N = 512 sample frames 

with 50% overlap at 16 kHz sampling rate, this corresponds to a time-constant of 

approximately 150 ms. These parameters were found, through informal experimenta-

tion, to offer good performance: providing enough particles and sufficient smoothing 

to capture the variations of the speech amplitude process without leading to particle 

degeneracy or the removal of low amplitude transient speech components. 

The DCT-RBPF algorithm from Chapter 5, using 100 particles and a TVAR(l) 

model for each DCT coefficient, is also included for comparison. 

For the clean speech inputs we used the NOIZEUS speech corpus, which contains 

30 phonetically balanced IEEE sentences produced by three male and three female 

speakers [97]. The recordings were downsampled to 16 kHz from the original 25 

kHz sampling rate. To ensure consistency between algorithms operating in different 

domains, noise estimation in all cases was performed by recursive averaging during 

speech silence periods. Three noise conditions are considered, ranging from stationary 

to highly non-stationary: synthetic white Gaussian noise (WGN); street noise from 

passing traffic recorded at an intersection with the listener facing away from the street; 

and multi-talker babble recorded during a meal at a university cafeteria. 
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Table 6.1: Objective evaluation scores for WGN. 

WPESQ Score 

0 dB 10 dB 20 dB 0 dB 10 dB 20 dB 

Noisy 1.03 1.11 1.6 0.14 0.58 0.92 

DCT-RBPF 1.26 1.90 2.58 0.23 0.72 0.93 

STSA-PF 1.14 1.64 2.49 0.27 0.77 0.95 

STSA-fAR 1.18 1.72 2.56 0.27 0.77 0.95 

STSA-dAR 1.17 1.69 2.54 0.27 0.77 0.95 

STSA-IMM 1.15 1.68 2.57 0.28 0.78 0.95 

STSA-Phase 1.23 1.85 2.64 0.29 0.77 0.95 

CSII Score 

6.3.1 Simulation Results 

The results of the simulations at overall SNRs of 0, 10 and 20 dB are presented in 

tables 6.1 - 6.3. Due to the stochastic nature of the particle filter algorithms, 20 Monte 

Carlo trials were run for each test condition. The trials verified the stability of the 

proposed algorithms: while the enhanced signal waveforms exhibit minor variations 

from trial to trial, these variations do not have a significant impact on the objective 

scores; the best case, worst case and average case scores for each test condition do 

not differ from one another within the precision reported. Furthermore, none of the 

algorithms diverged under any of the test conditions. 

The STSA-PF variants compare favorably with the DCT-RBPF. At low SNRs, 

the Kalman filtering in the DCT-RBPF provides it with an advantage, however in 

the non-Gaussian noises and at high SNRs the STSA-PF is generally superior. 

Using an AR model for the spectral amplitude series rather than the random walk 

offers a moderate improvement in objective scores, however the dynamic AR model is 

not found to improve on the fixed AR model. This contrasts with the results in [64] 



146 

Table 6.2: Objective evaluation scores for street noise. 

WPESQ Score 

0 dB 10 dB 20 dB 0 dB 10 dB 20 dB 

Noisy 1.07 1.41 2.15 0.21 0.76 0.97 

DCT-RBPF 1.24 1.73 2.45 0.40 0.84 0.96 

STSA-PF 1.27 1.81 3.05 0.45 0.89 0.98 

STSA-fAR 1.28 1.81 3.06 0.46 0.89 0.98 

STSA-dAR 1.27 1.81 3.06 0.46 0.89 0.98 

STSA-IMM 1.28 1.84 3.11 0.47 0.89 0.98 

STSA-Phase 1.30 1.82 2.97 0.48 0.88 0.97 

CSII Score 

Table 6.3: Objective evaluation scores for cafeteria babble. 

WPESQ Score 

0 dB 10 dB 20 dB 0 dB 10 dB 20 dB 

Noisy 1.05 1.24 1.99 0.08 0.45 0.92 

DCT-RBPF 1.11 1.59 2.37 0.11 0.61 0.92 

STSA-PF 1.09 1.51 2.50 0.10 0.60 0.94 

STSA-fAR 1.09 1.53 2.51 0.10 0.60 0.94 

STSA-dAR 1.09 1.52 2.51 0.10 0.60 0.94 

STSA-IMM 1.09 1.53 2.53 0.10 0.61 0.94 

STSA-Phase 1.09 1.53 2.47 0.10 0.60 0.93 

CSII Score 
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that show the dynamic model offering an improvement, but could be due to the fact 

that the AR matrix employed in this work is diagonal, while the system in [64] uses 

a full AR matrix to capture across-frequency correlation. The variation with the 

greatest improvement over the basic algorithm is the STSA-Phase. Incorporating the 

phase information yields improved scores for all cases except the high SNR fluctuating 

noise situations. This exception may be due to high SNR time/frequency regions 

that occur when the fluctuating noise level is low. In these intervals the in-phase 

assumption of the basic algorithm is sufficiently accurate and is not improved by the 

phase estimation. 

The STSA-IMM also offers a moderate but consistent improvement over the basic 

algorithm. The improvement is likely due to the slightly higher noise attenuation that 

the multiple model approach provides during speech to non-speech transitions. The 

behavior of the multiple models can be seen in Fig. 6.5, which compares the frequency 

averaged active speech mode probabilities for two different Markov switching proba-

bilities, pa = 0.5 and 0.9. The spectral amplitudes of clean speech averaged across 

all frequency bins are also included for reference. When the switching probabilities 

are pa = 0.5 the mode probabilities are equal to the mode likelihoods, while setting 

Pa = 0.9 smooths the fluctuations. Note that since the parameters of the active speech 

model are estimated online, they decay toward zero during silence periods, resulting 

in both speech and non-speech modes having the same conditional likelihood. As such 

the multiple model framework does not provide continuous noise suppression during 

speech pauses, rather it provides additional attenuation at speech to non-speech tran-

sitions and allocates more particles to the speech onset model during transitions and 

onsets. 

The objective measures are not able to evaluate the naturalness of the enhanced 

speech, however informal listening tests confirm that the speech enhanced by the 
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Figure 6.5: Active mode probability for pa = 0.9 (solid) and pa = 0.5 (dashed), clean 
speech spectral amplitudes averaged across all frequency bins (dotted). 
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STSA-PF algorithms is free from glitches. As reported in [66] the RBPF enhanced 

speech exhibits residual noise that preserves the character of the original noise, with 

an energy envelope that is modulated by the signal energy. In the DCT-RBPF as 

well as the STSA-PF case, this modulation occurs within each band, therefore the 

character of the noise is modified; however, both the DCT-RBPF and the STSA-PF 

approaches exhibit very low level musical noise artifacts. The ability of the STSA-PF 

algorithms to provide high levels of noise reduction without imposing speech distortion 

or introducing significant musical noise is attributed to the dynamic model imposed 

at the sampling step. With both the random walk and AR models, the probability 

density for the spectral amplitude at time n is centered at the estimated value for 

time n — 1. As a result, new candidate spectral amplitudes will tend to fall in a near 

neighborhood of the previous frame value, encouraging smoothness in the spectral 

amplitude evolution and reducing spurious amplitude fluctuations that lead to musi-

cal noise. To see the influence of the dynamic model on musical noise, Fig. 6.6 shows 

the spectrograms of a segment of clean and 15 dB WGN corrupted noisy speech, and 

Fig. 6.7 shows the results of enhancement using: the MMSE-STSA algorithm [12] 

(decision-directed smoothing factor a = 0.9); the STSA-PF algorithm with an AR(1) 

parameter of zero, ie. applying no dynamic model, assuming successive frames are in-

dependent; and the STSA-PF with a random walk on the spectral amplitudes. When 

the STSA-PF is used without a dynamic model the excitation smoothing provides 

some musical noise protection, however minor artifacts can be observed, appearing as 

isolated peaks in the high frequency region. When the random walk model is applied 

the additional smoothing of the spectral amplitude tracks provided by the dynamic 

model results in minimal artifacts, even comparing favorably to the MMSE-STSA 

which is known for its good musical noise performance [8]. 



Figure 6.6: Spectrograms of clean speech signal (top) and 15 dB WGN corrupted 
signal. 
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Figure 6.7: Spectrograms of signals from Fig. 6.6 enhanced by: MMSE-STSA (top), 
STSA-PF with no dynamic model (middle) and STSA-PF with random walk (bot-
tom). 
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6.3.2 Complexity Comparison 

Providing exact computational complexity figures for particle filter algorithms is com-

plicated by implementation-specific factors such as the random number generation 

algorithm, the choice of sampling technique (inversion versus rejection sampling) and 

the evaluation of exotic or complex functions. Consequently, rather than exploring 

the complexity of each algorithm variant in detail, in the following we discuss the 

general steps that need to be performed and the differences in how each variant com-

putes those steps, then we examine the impact of these differences through measured 

execution times of the simulated algorithm variants. 

Importance Sampling 

To perform importance sampling the STSA-PF first requires updating the excitation 

parameter to define the unconstrained sampling density for all particles. Generation 

of each particle then requires computing the bounds of constrained Laplace draw 

using (6.10), generating a uniform random number, and transforming it using (6.11). 

When the fixed AR(1) model is used in place of the random walk, computing the 

boundaries for the constrained draw in (6.10) and propagating the particles through 

(6.3) each require an additional multiplication per particle. When the dynamic AR(1) 

model is used, a new set of AR parameters must be generated according to (6.26), 

and the Laplace excitation parameter must be computed for each particle. 

The importance sampling for the STSA-IMM involves updating a single set of 

mode probabilities for all particles, using those probabilities to distribute the particles, 

then sampling from the active speech and speech onset models. Sampling from the 

active speech model is the same as the STSA-PF. Sampling from the speech onset 

model is less computationally intensive as the boundaries of the constrained prior are 
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the same for all particles, so particle generation reduces to transforming a uniform 

draw according to (6.39). 

The STSA-Phase variant samples the spectral amplitudes in the same manner 

as the STSA-PF or STSA-IMM, and also requires generating an additional uniform 

random variable on [—IT, 7r] for the phase difference estimate. 

Importance Weighting and Resampling 

The particle importance weighting for the STSA-PF and the STSA-IMM requires 

computing the likelihood according to (6.14), regardless of whether the random walk 

or the AR model are used. In contrast the STSA-Phase uses the more complex like-

lihood expression given by (6.36). Resampling using the set of particle weights is the 

same for all variants, and the complexity of common algorithms, such as systematic 

resampling, is linear in the number of particles [57]. 

Enhanced Output 

The enhanced output for all variants requires computing the average of the resampled 

candidate spectral amplitudes and combining it with the noisy phase. The STSA-

IMM additionally requires updating the posterior mode probabilities and using the 

active speech probability to scale the enhanced output. 

Execution Time 

Fig. 6.8 compares the average time over 20 trials for the the algorithm variants to 

enhance 2 seconds of speech sampled at 16 kHz. The simulations were performed 

using M A T L A B 2007a implementations of the algorithms running on a Linux PC with 

an Intel Core 2 Duo 2.2 GHz CPU and 4 GB RAM. From the figure it is clear that 

the performance improvements of the STSA-IMM and STSA-Phase variants come 
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Figure 6.8: Execution time comparison for particle filter variants processing 2 seconds of 
speech sampled at 16 kHz. 

at a computational cost. However, while most of the additional computations for 

the STSA-IMM are fixed overhead related to maintaining the mode probabilities, 

the more complex sampling and weight evaluation steps of the STSA-Phase require 

significantly more computations per particle. As the number of particles increases 

the gap between the STSA-IMM and the basic STSA-PF remains consistent, while 

the gap between the STSA-Phase and the STSA-PF grows, with the STSA-Phase 

requiring approximately 50% more execution time. Fig. 6.8 also demonstrates that 

the basic algorithm using a random walk and the fixed-AR version both run at or near 

real-time for 20 and fewer particles; this number would be expected to increase with 

an optimized compiled implementation. Comparing Fig. 6.8 to Fig. 5.5, note that 

the Kalman filter iterations of the RBPF algorithms result in significantly increased 

running time compared to the STSA-PF. 
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6.4 Summary 

This chapter presented several spectral amplitude speech enhancement estimators 

that use the particle filter framework to incorporate dynamic models that would 

make closed-form solutions intractable. This allows us to account for the strong inter-

frame correlation and non-Gaussian statistics observed in speech spectral amplitudes. 

The basic algorithm models the spectral amplitudes as an AR process with Laplace 

distributed excitation; two variants of the standard algorithm are also presented. The 

first uses an interacting multiple model approach to account for transitions between 

active speech and silence intervals, the second accounts for phase differences between 

the clean speech and noise DFT coefficients. Experiments using wideband speech 

and real recorded noise demonstrate that modeling the spectral amplitude evolution 

allows the proposed algorithm to effectively manage the trade-off between speech 

distortion and sound quality as measured using objective metrics. The enhanced 

speech is also natural sounding with very low levels of the musical noise artifacts 

common in spectral amplitude enhancement. Compared to the basic algorithm, the 

multiple model variant is found to offer an improvement in noise reduction during 

transitions, while phase estimation is found to be most beneficial in stationary noise 

and at low SNRs. The proposed algorithm offers comparable performance at a lower 

complexity than the DCT-RBPF presented in Chapter 5. 



Chapter 7 

Binaural Coherence-Assisted Speech 

Enhancement 

The speech enhancement approaches outlined in 5 and 6 are monaural algorithms 

suitable for single channel systems and bilateral hearing aids. Future hearing aids 

will contain wireless links enabling binaural processing [50]. Binaural hearing en-

ables human listeners to exploit spatial information to assist in hearing in noisy 

situations. When multiple competing sound sources are present, spatial cues allow 

normal-hearing listeners to separate the sources and concentrate on the desired signal. 

In addition to the time, frequency and speech production model information exploited 

by monaural algorithms, binaural systems have access to the spatial dimension. By 

mimicking the processing performed by the human auditory system, binaural hearing 

aids have the potential to offer increased noise reduction and lower speech distortion. 

Working as a co-operative system binaural hearing aids can achieve this noise reduc-

tion while preserving spatial cues, allowing the human auditory system to carry out 

its own processing. This chapter presents a binaural noise reduction system for use 

in a diffuse noise environment with a near-frontal target speaker. Knowledge of the 

156 
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binaural noise field coherence to is used to derive estimators to extract the clean sig-

nal and noise parameters required by the spectral amplitude particle filter of Chapter 

6; producing a binaural model-based spectral amplitude speech enhancement system. 

7.1 System Setup and Signal Model 

Fig. 7.1 presents the binaural system setup. A source signal s(n) is filtered by 

left and right transfer functions h ^ n ) and ) to give the clean left and right 

signals XL(TI) and X^(N). These signals are mixed with independent additive noise 

yielding the left and right measurement signals zi,(n) and ZR{n). The objective of 

the binaural speech enhancement task is to recover the clean left and right signals 

xL(n) and XR(TI), preserving their spatial information. The system assumes a user 

with binaural hearing aids with one channel per ear; which could represent two single 

microphone hearing aids or the outputs of a beamforming front-end. The noise is 

assumed to be diffuse, having equal power in both channels and a random phase. 

Many typical noises encountered in speech enhancement can be considered diffuse, 

such as multi-talker babble and office noise. 
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Interaural correlation provides spatial information that can be exploited by both 

human listeners and speech enhancement algorithms to increase intelligibility in noisy 

environments. The cross-PSD of two random signals x and y at time n is defined as: 

$xy(n) = E{X(n)Y*(n)} (7.1) 

where the expectation is taken over all realizations of the signals. Assuming a linear 

transfer function between the signal source and microphone, and assuming indepen-

dence of the source and the additive noise signals, the auto- and cross- PSDs of the 

left and right channel measurement signals are: 

+ ®vLvL ( 7 . 2 ) 

^ZRZR = + ^fflSfl (7.3) 

$ZLZR = I Hl 11 Hr | e^ZHL~ZHR^ + $VLVR 

= V®XLXL®XRXRZjdXLXR + $VLVR (7-4) 

where 6X l X r is the phase difference between the left and right channels of the target 

speaker. 

In practice the signals are assumed ergodic, and the spectra are estimated using 

first-order recursive smoothing of the periodogram spectral estimates: 

d>2i,.(n) * a<S>ZiZj(n - 1) + (1 - a)Zi(n)Z;(n) (7.5) 

where i,j € {L, R,}. The choice of the smoothing parameter a, 0 < a < 1 presents a 

trade-off: larger values of a provide a lower variance spectral estimate at the expense 
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of capturing the time-varying characteristics of the signal. 

A measure of the correlation between the left and right channels is given by the 

complex coherence pXLxR, and the magnitude-squared coherence (MSC), CXLXR: 

In [98] experiments are carried out to determine the interaural coherence of a 

diffuse noise field. While the coherence of a diffuse noise field in the free-field can 

be solved theoretically, the diffraction of the head complicates the interaural case. A 

model assuming a spherical head was found to be insufficient to capture the effects 

of the irregular head shape, instead curve fitting was performed on the measurement 

data. The resulting model for diffuse noise interaural coherence with inter-microphone 

spacing d and speed of sound v is: 

where values of 7 = 2.2 and (3 = 0.5 were found to provide a good fit for a 15 cm head 

diameter. The function is real, and its first zero occurs around 500 Hz; at frequencies 

above this value there is no appreciable interaural coherence, and below the function 

rises continuously towards unity. Head shadowing reduces the low-frequency region 

of high coherence; in the free-field case, where 7 = 1 and (3 = 0, the first zero occurs 

around 1.1 kHz. Fig. 7.2 compares the measured MSC of cafeteria babble to the MSC 

predicted by (7.8), demonstrating that the model is a very good fit to the dummy 

head measurement data. The additional peaks in the cafeteria babble coherence are 

attributed to directional noise sources such as clattering plates and nearby talkers. 

(7.6) 

(7.7) 

sine ( 7 ^ ) 
(7.8) 



160 

Frequency (Hz) 

Figure 7.2: Measured MSC of cafeteria babble (dash) compared to theoretical MSC (thick 
solid). 

Unlike diffuse noise, directional targets such as speech have a constant phase delay 

between the channels, so the MSC will approach unity across all frequencies, even 

if the target is non-frontal. Fig. 7.3 plots the interaural MSC for 32 seconds of 

male speech recorded using a dummy head in a cafeteria at a distance of 150 cm and 

azimuths of 0°, 30° and 90°. Note that reverberation and ambient noise result in MSC 

values below unity for all azimuths, and for non-frontal targets head shadowing further 

decreases the MSC in high frequency regions. However, even in the 90° azimuth case 

the speech MSC is significantly higher than the diffuse noise MSC in Fig. 7.2. 

7.2.1 Coherence-Based Speech Enhancement 

Knowledge of the noise field coherence has previously been exploited for speech en-

hancement in multi-microphone environments, however, other than the noise estima-

tion algorithm in [55], the target application is general microphone array processing, 
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Figure 7.3: Measured MSC of male speech in a cafeteria at 0° azimuth (solid), 30° azimuth 
(dash), and 90° azimuth (dash-dot). 

not a binaural systems. In [54] a diffuse noise field microphone array Wiener post-

filter is derived. It is noted that when the noise coherence is known (7.6) can be 

combined with (7.2)-(7.4) to yield a set of four equations with four unknowns: the 

left and right speech and auto-PSDs, the speech cross-PSD and the noise auto-PSD. 

Since the signals in a microphone array are coherent and time-aligned, the cross-

correlation of the desired signal between any two channels i and j is real, and equal 

to the clean signal power spectra: 

$x i x i = $x j X j = <$>xix] (7.9) 

this assumption reduces the number of variables, resulting in an over-determined 

system, arithmetic averaging of the solutions provides an estimate of the resulting 
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Wiener filter from each microphone pair (i,j): 

(7.10) 

H = 
0.5($ZiZj + $ Z j Z j ) 

(7.11) 

This post-filter is shown to offer a significant improvement in noise reduction perfor-

mance compared to a comparable post-filter assuming incoherent noise. 

7.3 Estimator Derivation 

In this section we use the framework of [54] to derive estimators for the Wiener gain 

functions that enable separation of the speech and noise spectra for use binaural hear-

ing aid applications. Viewing the PSDs as vectors in the complex plane, geometric 

arguments and spatial knowledge can exploited to estimate the Wiener filter gain 

without external noise estimation or the use of a VAD. The target speaker is assumed 

to approximately frontally located, and the noise is assumed diffuse. These assump-

tions are satisfied in practice in situations as diverse as multi-talker cocktail party 

environments and watching television in the presence of a home ventilation system. 

7.3.1 Binaural Wiener Gain 

Frequency domain Wiener filtering [31] is a standard low-complexity method of speech 

enhancement. Assuming stationary and jointly Gaussian real and imaginary compo-

nents of the speech and noise transform coefficients, the Wiener filter provides the 
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minimum mean-square error (MMSE) estimates of X and V: 

(7.12) 

X = Hu/ Z (7.13) 

(7.14) V = {1 -HW)Z 

While theoretically optimal, computation of the Wiener gain in (7.12) requires the 

clean signal spectrum &xx which is not available in practice. Existing approaches, 

including the binaural Wiener filter proposed in [48], estimate the clean signal spec-

trum by compensating the measurement signal spectrum with an estimate of the 

noise. This approach breaks down in fluctuating noise and can lead to musical noise 

and speech distortion even when the noise is stationary. If the noise-field coherence 

is known (7.6) and (7.2)-(7.4), hereafter referred to as the measurement equations, 

can be manipulated to solve for the clean signal PSDs without direct compensation. 

In the ideal frontal target case HL = HR, and the speech auto- and cross-

correlations are all real and in phase, ie. $XLxL = ®xRxR = &xLxR = For isotropic 

noise the power spectrum in both channels is also the same, = $VRvR = 

This reduces the number of variables in the measurement equations, resulting in an 

over-determined system, and the estimator in (7.11). However, in a binaural hearing 

aid application, factors such as talker and listener head movement and differences 

between the left and right ear shapes mean that the left and right signals will never 

be exactly time-aligned, even for a frontal target, so the clean speech cross-correlation 

will have an imaginary component. As a result the real part of the measurement cross-

correlation in (7.10), and consequently the gain computed according to (7.11), can 

become negative, producing an invalid enhanced signal spectrum. Half or full-wave 
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rectification can be used to ensure a valid spectrum, but this discards any contri-

bution of the imaginary component in the measurement cross-correlation. In diffuse 

and incoherent noise fields, the noise cross-correlation is real, so this imaginary com-

ponent in the measurement noise cross-correlation is due to the phase-shift between 

the clean signal HRTFs, and discarding it can lead to under-estimation of the target 

speech PSD and distortion of the desired signal. 

To account for minor time mis-alignment between the left and right clean signals, 

we make the following approximation for frontal and near-frontal targets in a diffuse 

noise environment: 

+ (7-15) 

This approximation is supported as follows. The squared magnitude of the measure-

ment cross-correlation is: 

XLXR XLXR (7.16) 

Under the diffuse noise assumption the noise cross-correlation is real and (7.16) be-

comes: 

\®ZLZR\2 = \®XLXR\2 + |$„LTJ2 + 

2\<5>XlXr\COS(9XlXr)\$VlVr\ (7.17) 

= (Î XLXiil + I^L^fl I) + 

21®xLxR 11$vLvR I (COS(9XlXr) - 1) (7.18) 

The first term on the right hand side of (7.18) corresponds to the proposed approxi-

mation in (7.15), while the second term is the approximation error. 

To estimate the approximation error we assume the left and right HRTFs have a 
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Figure 7.4: Cross-correlation phase measured (solid) and predicted by (7.19) (dashed) for 
30° (top) and 90° (bottom) azimuth source locations. 

constant time-difference of (5, giving the cross-correlation a linear phase: 

9XLXR = 2 tr fS (7.19) 

While this is a simplified approximation which ignores frequency dependent head 

shadowing and pinna effects, its use in this case is empirically supported by Fig. 

7.4, which plots the cross-correlation phase predicted by (7.19) against the value 

obtained from recorded speech data. The measurement data is from 30 seconds of 

speech spoken by two male and two female speakers recorded 1 m from a dummy 

head at 30° and 90° azimuth; while the measured ITDs for the two sets of signals, 

<530o = 250 /is and 3go° = 667 /is, were used in (7.19) to plot the model data. The 

results demonstrate that the constant time delay model is able to capture the average 

variation of the cross-correlation phase with frequency. 

If the target is near-frontal the time delay between the channel signals is small 

V 
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and the inter-channel phase, 0XlXr = 2nf8, grows slowly with frequency. In this case 

at low frequencies, where the coherence of diffuse noise is high, we can apply the 

small angle approximation COS(27Tfd) ~ 1 and the approximation error term in (7.18) 

approaches zero. As frequency increases the impact of the phase becomes greater; 

however at the same time the cross-correlation of diffuse noise, as described by (7.8), 

is continually decreasing. As a result, at high frequencies &ZLzR ~ ®xLxR and the 

approximation in (7.15) holds as well. 

Figs. 7.5 - 7.7 plot the root mean squared error of the approximation in (7.15) as 

a function of frequency for 30 seconds of speech recorded at azimuths of 0°, 30° and 

90°. The average cross-correlation of the measurement signals is also shown, along 

with the approximation error resulting from assumption in [54], ie. that the speech 

is perfectly in phase so the cross-correlation is entirely real. The error in this case is 

the imaginary part of the measurement cross-correlation: 

Using the model of (7.19) with diffuse noise, the imaginary part is given by: 

This gives an approximation error that is modulated, with a period determined by 

the delay between the left and right signals. This modulation can be seen in Figs. 

7.6 and 7.7 where the peaks and troughs correspond to the angle variations in 7.4. 

When sin(27rfS) = 1 the cross-correlation is completely imaginary and the error of 

the approximation approaches the measured signal PSD. In contrast the proposed 

approximation in (7.15) is less frequency dependent, and is much more robust to 

phase differences between the measurements. 

(7.20) 

= \$XLXR\sm{27rf6) (7.21) 
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Figure 7.5: Measurement PSD (thick solid), approximation error for proposed model 
(thin solid) and approximation error for real cross-correlation assumption (dashed); 
0° target. 
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Figure 7.6: Measurement PSD (thick solid), approximation error for proposed model 
(thin solid) and approximation error for real cross-correlation assumption (dashed); 
30° target. 
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Figure 7.7: Measurement PSD (thick solid), approximation error for proposed model 
(thin solid) and approximation error for real cross-correlation assumption (dashed); 
90° target. 

Employing the approximation in (7.15) gives the measurement equations: 

®zLzL = $xLxL + (7-22) 

$zRzR = ®xRxR + (7.23) 

I ®zLzR\ = V\®xLxL\\®xRxR\ +PvLvR$vv (7.24) 

Solving results in the following estimates for the left and right clean signal PSDs: 

§XLXL = \®ZLZR\ ~ (7.25) 
1 — PvLvR 

$XrXr = \^r.zR\-PvLvR^zRzR (726) 

1 PVLVr 

While the PSD estimates in (7.25) and (7.26) could be used directly to compute 

the left and right Wiener filter gains, the gains can be intelligently combined to 
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achieve a more robust solution. The approach used to combine the channel gains will 

affect the output signal. For example, applying the minimum of the two gains to both 

channels will result in maximal noise attenuation but may increase speech distortion. 

We propose to use the geometric average to combine the two signals. While their 

phases differ, the left and right near-frontal target transfer function magnitudes -

and consequently the left and right clean signal PSDs - are approximately equal and 

averaging can achieve a lower variance gain estimate. In [54] the arithmetic average 

is used, however the geometric mean is equivalent to arithmetic averaging of the 

log-spectra, which is desirable since perceived loudness increases logarithmically. The 

geometric mean also provides more attenuation when one of the gains is small, thereby 

suppressing inter-speech residual noise and musical tones. 

Geometric averaging of the left and right Wiener filters corresponding to the clean 

signal estimates in (7.25) and (7.26) gives the proposed estimator for near-frontal 

targets in isotropic noise: 

(1 - PvLvR) V®ZLZL®ZrZr 

7.4 Computational Complexity 

The ability to work without an external VAD makes the proposed estimator very 

computationally lightweight. For each frequency bin in each frame the following 

computations are required: 

• Auto PSD: 2 complex magnitude, 2 real multiply and 1 real add each for the 

left and right PSD estimates in (7.2) and (7.3) using (7.5). 

• Cross PSD: 1 complex-complex multiply, 2 real-complex multiply, and 1 complex 

add to update (7.4) using (7.5). 



170 

• Gain: 1 absolute value, 2 real multiply, 1 square root, 2 subtract and 1 divide 

to compute (7.27). 

7.5 Robustness Evaluation 

A series of trials was carried out to compare the robustness of the proposed near-

frontal target estimator and the frontal-target Wiener filter estimator from [54], 

Recordings with targets placed at 0°, 30° and 90° azimuth were used to simulate 

talker and listener head movement. A smoothing parameter of a = 0.9 was used to 

compute all of the required auto and cross-PSDs; for a sampling rate of 16 kHz, a 

frame length of 512 samples and an overlap of 50%, this corresponds to a time constant 

of approximately 150 ms. The estimators were tested using approximately 13 seconds 

of speech containing utterances spoken by two female and two male speakers from the 

TIMIT database. The diffuse noise source was multi-talker babble. Since multi-talker 

babble is composed of speech, its variable power envelope and spectral shape are the 

same as speech, making its removal a challenging task for noise reduction systems. 

Tables 7.1 - 7.3 compare the objective scores for the different estimators. Since the 

measures are both monaural, the left and right channel scores, averaged over all files, 

are both shown. While both estimators perform well for the 0° case, when the target 

azimuth is increased to 30° and 90°, the frontal estimator treats the target speech 

as noise, severely distorting the signal and degrading the objective measure scores. 

In contrast, the near-frontal estimator degrades more gracefully in the non-frontal 

target cases. Even at 90° azimuth, the proposed estimator provides good attenuation 

of diffuse noise with low speech distortion. 
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Table 7.1: Robustness evaluation objective measure scores for cafeteria noise, 0° target 
(left/right). 

0 dB 10 dB 20 dB 

WPESQ Score 

Noisy 1.08/1.08 1.59/1.56 3.04/2.97 

Frontal 1.18/1.19 2.03/2.00 3.31/3.20 

Near-frontal 1.18/1.18 1.94/1.88 3.27/3.18 

CSII Score 

Noisy 0.16/0.15 0.67/0.65 0.96/0.96 

Frontal 0.29/0.27 0.76/0.74 0.94/0.94 

Near-frontal 0.23/0.21 0.75/0.73 0.94/0.94 

Table 7.2: Robustness evaluation objective measure scores for cafeteria noise, 30° target 
(left/right). 

0 dB 10 dB 20 dB 

WPESQ Score 

Noisy 1.10/1.06 1.73/1.45 3.21/2.76 

Frontal 1.08/1.05 1.44/1.28 2.31/1.77 

Near-frontal 1.21/1.13 2.04/1.74 3.37/3.01 

CSII Score 

Noisy 0.23/0.09 0.76/0.52 0.97/0.93 

Frontal 0.19/0.09 0.55/0.42 0.75/0.68 

Near-frontal 0.29/0.13 0.78/0.63 0.94/0.90 
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Table 7.3: Robustness evaluation objective measure scores for cafeteria noise, 90° target 
(left/right). 

0 dB 10 dB 20 dB 

WPESQ Score 

Noisy 1.10/1.05 1.71/1.40 3.17/2.59 

Frontal 1.11/1.06 1.67/1.31 2.59/2.31 

Near-frontal 1.19/1.11 1.99/1.61 3.09/2.65 

CSII Score 

Noisy 0.24/0.09 0.77/0.50 0.97/0.93 

Frontal 0.21/0.09 0.61/0.47 0.82/0.74 

Near-frontal 0.27/0.11 0.78/0.59 0.94/0.88 

7.6 Binaural Spectral Amplitude Particle Filter-

ing 

As the simulation results in section 7.5 demonstrate, the estimator in (7.27) could 

be used directly as a Wiener filter gain to provide noise attenuation. However, as 

the frame-by-frame nature of this estimation approach does not account for the time-

correlation of speech spectral amplitudes, it is vulnerable to musical noise artifacts 

when the noise source is fluctuating. As an alternative, the instantaneous but high-

variance estimates of the signal and noise spectra provided by the coherence-based 

Wiener filter can be used to estimate the parameters of the model-based spectral 

amplitude particle filter in Chapter 6. This produces a binaural spectral amplitude 

particle filter that is capable of providing high fluctuating noise attenuation and nat-

ural sounding processed speech. The results from section 6.3 show small performance 

gains when the more complex models are employed, so this section considers the basic 

spectral amplitude particle filter with a random walk on spectral amplitudes, and a 



173 

linear measurement model. 

7.6.1 Parameter Estimation 

Noise P S D 

Traditional on-line noise estimation approaches like the minimum statistics algo-

rithm [93] rely on long-term statistical information to separate speech and noise 

signals, resulting in an estimation lag when the noise power changes and degrad-

ing system performance in rapidly fluctuating noise. The gain in (7.27) uses spatial 

coherence rather than statistical information, so it can respond instantaneously to 

changes in the noise power. The gain Hw,n in (7.27) is computed using smoothed PSD 

estimates; however it is used in (7.14) to provide an estimate of the noise present in 

the current frame. While spectral subtraction algorithms that treat the noise esti-

mate as a direct measurement would require this noise estimate to be smoothed in 

order to reduce speech distortion and musical noise artifacts, the STSA-PF uses the 

estimate to parameterize the noise amplitude distribution; since it takes the variabil-

ity of noise spectral amplitudes into account, the instantaneous noise estimate can 

be used without smoothing. The coherence-based diffuse noise estimator presented 

in [55] operates in a similar frame-by-frame manner, and is shown to provide effective 

tracking of highly non-stationary noises such as babble speech. The per-frame noise 

estimate given by the Wiener filter is taken as the mode of the noise distribution aVn 

in each channel: 

— K1 Hw>ri)Zitn 
i e {L, R} (7.28) 
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Excitation parameters 

The estimate of the spectral amplitude process prediction error, (6.15), in the single-

channel STSA-PF uses the noisy amplitude measurement zn, resulting in a biased 

estimate that must be compensated in (6.19) by subtracting an estimate of the noise 

power. In a binaural system the instantaneous estimates of XL,u and provided 

by (7.27) can be used in (6.20) in place of the noisy measurement to estimate the 

spectral amplitude process excitation: 

et 

— Hw,nzi,n 1 (7.29) 

= /te? + ( l - / ? ) | e i > n | 2 (7.30) 

6*.» = y f - (7-31) 

where % € {L, R} is the left or right channel. Unlike the single channel estimate of 

(6.22), this excitation parameter estimate does not require the smoothed prediction 

error to be compensated with a spectral-subtraction approach. 

7.6.2 Interaural Information Fusion 

If the left and right channel enhancement were perfect, achieving complete noise re-

moval without any speech distortion, using different levels of attenuation in each ear 

would not cause any undesired effects. However fluctuations of the random signals 

mean that ideal enhancement cannot be achieved, consequently there is always some 

residual noise and speech distortion. Informal listening reveals that when the atten-

uation levels are set independently, the level of this residual noise is not consistent 

between the channels, and fluctuations in the relative noise levels can result in a dis-

tracting effect whereby the noise source seems to move about the listener. Similarly, 
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fluctuations in the level of desired speech cancellation can distort ILD spatial cues 

that assist in localization. Furthermore, the release from masking provided by the 

ITD in noisy situations is mostly maintained in hearing impaired listeners [9], so an 

enhancement system seeking to improve or maintain intelligibility should avoid any 

degradation of ITD cues that would be caused by adjusting the inter-channel phase. 

In order to prevent the moving noise and distortion of spatial cues, binaural hearing 

aids should therefore ensure a consistent real-valued gain setting between the left 

and right channels. The binaural systems in [55] and [99] also use a single real gain 

to prevent cue distortion. To perform this type of combination, the left and right 

particle filter clean signal spectral estimates are first converted to spectral gains: 

Gi,„ = ^ i € {L, R} (7.32) 

the gains are then geometrically averaged: 

Gn = y/Gl,u • GR^. (7.33) 

This gain is applied separately to each channel, producing a binaural output while 

preserving spatial cues. Fig. 7.8 presents a block diagram of a binaural noise reduction 

system incorporating a binaural estimator with a single real gain. 

Other levels of binuaral information sharing were considered in addition to the gain 

averaging employed. Since the noise power is assumed the same in both channels, 

averaging the left and right noise estimates could provide a lower variance estimate; 

in practice this averaging degraded the performance of the instantaneous noise esti-

mates provided by (7.28). Similarly, averaging the left and right channel excitation 

parameters from (7.31) was found to degrade performance for targets that were not 

perfectly frontal. 



176 

Figure 7.8: Binaural coherence-assisted speech enhancement. 

7.7 Evaluation 

The proposed coherence-assisted binaural particle filter was compared to: the basic 

STSA-PF from Chapter 6 operating bilaterally with ideal VAD-based noise estima-

tion; and a standard Wiener filter system using minimum statistics noise estima-

tion [93] and decision-directed SNR estimation with geometric averaging of the left 

and right channel gains. The results from section 7.5, directly applying the near-

frontal target Wiener gain in (7.27), are also included for reference. The test files and 

parameters used are the same as those from the robustness evaluation, a smoothing 

parameter of a = 0.9 was used to compute all of the required auto and cross-PSDs, 

and in the decision-directed SNR estimator. 

Tables 7.4 - 7.6 compare the left and right channel objective scores for the different 

algorithms. Both binaural algorithms significantly outperform the standard Wiener 

filter in both noise reduction and speech intelligibility performance. The intelligibility 

improvement is most pronounced in low SNR conditions, where the benefit of spatial 
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information is greatest. Compared to the coherence-based Wiener filter, the binaural 

PF is able to achieve higher WPESQ scores, indicating higher levels of noise reduc-

tion, without degrading the CSII performance. The scores for the bilateral PF are 

higher than the binaural configuration in almost all cases. This is attributed to two 

factors: first, the ideal VAD based noise estimation used by the bilateral configuration 

estimates the coherent as well as non-coherent and diffuse noise, enabling it to target 

noises sources not considered by the diffuse noise binaural configuration; second, the 

requirement of the binaural system - that the left and right channels apply the same 

real gain - reduces the achievable level of noise reduction. However, informal listen-

ing reveals that the binaural PF has the most natural sounding output, with minimal 

fluctuations in the residual noise. In contrast the bilateral configuration exhibits more 

fluctuations both in the absolute noise level in each channel, and in the relative level 

of residual noise between the left and right channels. 

7.8 Summary 

This chapter presented a particle filter spectral amplitude speech enhancement system 

for use in future binaural hearing aids. The system assumes the target is approxi-

mately frontal and that the noise is diffuse, assumptions that are met in common 

hearing aid listening situations. In contrast to beamforming methods, the proposed 

algorithm does create a spatial gain pattern to attenuate noise from a specified direc-

tion. Instead, using an expression for the coherence of diffuse noise field that takes 

head-shadowing into account, left and right channel Wiener filter gains were derived 

to estimate the clean signal and noise spectra. These spectra are used to provide 

more reliable estimates of the noise and process excitation parameters required for 

the STSA-PF algorithm presented in Chapter 6. Since the spatial configuration of 
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0 dB 10 dB 20 dB 

WPESQ Score 

Noisy 1.08/1.08 1.59/1.56 3.04/2.97 

Standard Wiener 1.09/1.08 1.67/1.63 3.15/3.08 

Coherence Wiener 1.18/1.18 1.94/1.88 3.27/3.18 

Bilateral PF 1.20/1.20 2.22/2.08 3.54/3.46 

Binaural PF 1.22/1.22 2.03/1.96 3.36/3.25 

CSII Score 

Noisy 0.16/0.15 0.67/0.65 0.96/0.96 

Standard Wiener 0.18/0.16 0.71/0.67 0.96/0.96 

Coherence Wiener 0.23/0.21 0.75/0.73 0.94/0.94 

Bilateral PF 0.25/0.19 0.78/0.74 0.97/0.97 

Binaural PF 0.23/0.21 0.75/0.73 0.94/0.93 

Table 7.4: Objective scores for two channel speech enhancement, 0° azimuth target. 

0 dB 10 dB 20 dB 

WPESQ Score 

Noisy 1.10/1.06 1.73/1.45 3.21/2.76 

Standard Wiener 1.11/1.06 1.81/1.51 3.25/2.85 

Coherence Wiener 1.21/1.13 2.04/1.74 3.37/3.01 

Bilateral PF 1.32/1.14 2.41/1.91 3.61/3.31 

Binaural PF 1.25/1.17 2.17/1.87 3.41/3.13 

CSII Score 

Noisy 0.23/0.09 0.76/0.52 0.97/0.93 

Standard Wiener 0.25/0.10 0.78/0.55 0.97/0.93 

Coherence Wiener 0.29/0.13 0.78/0.63 0.94/0.90 

Bilateral PF 0.36/0.12 0.84/0.65 0.97/0.93 

Binaural PF 0.28/0.13 0.75/0.63 0.92/0.88 

Table 7.5: Objective scores for two channel speech enhancement, 30° azimuth target. 



0 dB 10 dB 20 dB 

WPESQ Score 

Noisy 1.10/1.05 1.71/1.40 3.17/2.59 

Standard Wiener 1.12/1.06 1.81/1.46 3.29/2.74 

Coherence Wiener 1.19/1.11 1.99/1.61 3.09/2.65 

Bilateral PF 1.34/1.11 2.44/1.79 3.68/3.21 

Binaural PF 1.26/1.17 2.17/1.79 3.44/3.07 

CSII Score 

Noisy 0.24/0.09 0.77/0.50 0.97/0.93 

Standard Wiener 0.25/0.10 0.79/0.54 0.97/0.93 

Coherence Wiener 0.27/0.11 0.78/0.59 0.94/0.88 

Bilateral PF 0.36/0.10 0.85/0.63 0.98/0.93 

Binaural PF 0.27/0.12 0.76/0.61 0.92/0.87 

Table 7.6: Objective scores for two channel speech enhancement, 90° azimuth target. 

desired and interfering signal sources is exploited by the human auditory system to 

improve hearing in noise, the proposed system converts the left and right channel 

particle filter signal estimates into a single real-valued gain that is applied to the 

channels individually, producing a binaural output that preserves spatial cues. In ex-

periments with hearing aid recordings of reverberant speech and multi-talker babble 

the proposed algorithm was shown to provide higher noise reduction and less speech 

distortion than a traditional Wiener filter with minimum statistics noise estimation 

and decision-directed SNR estimation. While the STSA-PF operating in a bilateral 

configuration achieved higher levels of noise reduction, the output of the binaural 

configuration was more natural, with minimal fluctuations in the residual noise level. 

While the algorithm is presented for a binaural configuration, it could be applied to 

any multi-microphone system where the inter-microphone noise coherence is known. 



Chapter 8 

Summary and Conclusions 

The objective of this thesis was to apply transform-domain model-based algorithms 

to improve the performance of hearing aid speech enhancement algorithms process-

ing wideband speech in non-stationary environments. The research was motivated 

by the observation that the potential benefit of hearing devices is highest in noisy 

situations, however low perceived benefit levels and unsatisfactory sound quality rat-

ings indicate that this benefit is not realized in practice. Feedback and noise control 

were identified as two bottlenecks to hearing aid user satisfaction: the performance 

of existing algorithms is insufficient, especially in fluctuating noise, multiple talker 

environments, and changing acoustic environments. Transform-domain model-based 

approaches were proposed to account for these issues. Operating in the transform 

domain allowed for different processing strategies to be employed in different fre-

quency ranges, taking into account the diverse frequency-dependent characteristics of 

wideband speech and noise. Incorporating models of speech, noise and the acoustic 

environment allowed the addition of time-domain constraints and a-priori knowledge 

to improve performance and ensure natural sounding outputs and reduced speech dis-

tortion. Statistical dynamic models accounted for speech and noise non-stationarity 

180 



181 

to achieve higher levels of noise removal without imposing additional distortion or un-

natural noise artifacts. All of the proposed algorithms were tested using real speech 

and noise signals recorded using commercially available hearing aid devices. 

8.1 Summary of Contributions 

The contributions of this thesis, and how they relate to the thesis objectives stated 

in Chapter 1 are summarized as follows: 

1. Subband acoustic feedback compensation: A subband transform was added to 

acoustic feedback compensation systems using adaptive modeling of the feed-

back paths. Traditionally subband adaptive filtering is used to reduce the com-

putational burden of large adaptive filters in applications such as acoustic echo 

cancellation. The short impulse responses of acoustic feedback paths mean 

that computational savings are not a motivating factor, so subband structures 

have not been widely investigated. However, experiments revealed that sub-

band structures can improve the performance and robustness of continuous and 

non-continuous adaptation feedback compensation systems. The subband con-

figuration was shown to exploit the time and frequency varying properties of 

changing wideband acoustic feedback paths to offer faster convergence and bet-

ter tracking of abrupt and gradual feedback path changes. The ability to set the 

adaptation step-size individually in each band allows the designer more control 

over the trade-off between the large step-size required for fast convergence and 

tracking, and the small step size required to prevent system divergence, offer-

ing more uniform convergence with less cancellation of wideband speech inputs. 

This work was outlined in Chapter 4 and has been published in part in [17] 

and [18]. 
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2. DCT RBPF speech enhancement: An AR model-based Rao-Blackwellized par-

ticle filter algorithm was proposed for the enhancement of speech DCT coef-

ficients. The use of a dynamic model-based statistically motivated algorithm 

accounts for fluctuating speech and noise statistics, while the subband decompo-

sition enables the algorithm to better enhance wideband speech. It was shown 

that the subband structure produces lower residual noise and less speech distor-

tion than the equivalent fullband, both in practical applications and in the ideal 

case when the AR coefficients are measured directly from the clean speech sig-

nal. Smooth curve fitting between spectral peaks causes fullband AR models to 

over-estimate the signal power in spectral troughs, leading to high levels of intra-

speech residual noise. The per-band fitting of the subband structure enables 

much better fitting of the deep troughs, high peaks, large spectral tilt and noise-

like high frequency content of the wideband speech spectrum. In addition to 

the improved noise reduction performance, the DCT-RBPF has a significantly 

lower computational burden due to: frame-based processing at a decimated 

rate and smaller AR models in each band leading to efficient Kalman filter re-

alizations and fewer particles to cover the state-space. The complexity can be 

further reduced by pairing the DCT-RBPF with a standard low-complexity al-

gorithm: the harmonic content is confined to the lower bands, therefore most of 

performance gain can be achieved by applying the RBPF in these regions and 

a simple DCT domain Wiener filter algorithm in the perceptually less relevant 

upper bands. This work was described in Chapter 5 and has been published in 

part in [19] and has been submitted for publication [20]. 

3. Spectral amplitude particle filter speech enhancement: A particle filter algorithm 
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that incorporates a dynamic model into a traditional spectral amplitude esti-

mation framework was proposed for spectral amplitude speech enhancement. 

Speech spectral amplitudes are modeled as either AR or random walk pro-

cesses, with the process parameters estimated online. Since incorporating the 

dynamic model leads to estimators that cannot be solved in closed form, the 

particle filter framework is used instead. Modeling the evolution of the spec-

tral amplitudes leads to low levels of musical noise without resorting to heuristic 

smoothing methods. Not using the content independent smoothing leads to bet-

ter preservation of low-energy high-frequency transient speech components, and 

less smoothing of speech onsets. The particle filter framework also allows the 

use of additional information and more complex and accurate models: a multi-

ple model approach to dealing with speech presence uncertainty was found to 

improve noise reduction at speech/non-speech transitions; while incorporating 

phase estimation was found to offer an improvement in low SNR environments. 

The proposed algorithm is flexible and the speech and noise distributions can be 

changed without modifying the rest of the algorithm. This work was described 

in Chapter 6 and has been published in [21]. 

4. Binaural speech enhancement: A binaural extension of the spectral amplitude 

speech enhancement algorithm was proposed, making it suitable for future bin-

aural hearing aids. A model of the noise-field interaural coherence was used 

to derive Wiener filter expressions capable of separating the speech and noise 

spectral components in each pair of binaural noisy speech frames. The Wiener 

filter estimated speech component can be used directly to produce enhanced 

speech and the output offered good noise reduction with mild musical noise. 

However, a better result was achieved by using the instantaneous Wiener filter 
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spectral estimates in the noise and speech process parameter estimation steps of 

the STSA-PF. The resulting binaural particle filter system does not require ex-

ternal noise estimation or voice activity detection and preserves spatial cues. It 

was shown to offer good noise reduction and speech preservation with minimal 

musical noise, offering a more natural sounding output than bilateral Wiener 

and particle filter approaches. This work was outlined in Chapter 7 and has 

been published in [22], 

8.2 Suggestions for Future Research 

There are several areas where the algorithms investigated in this work could be ex-

tended. In particular, as the variations of the spectral amplitude particle filter demon-

strate, the flexibility of the particle filter framework makes it convenient to incorporate 

additional information or models. Possible extensions to the work in this thesis are 

outlined as follows: 

1. Integrated speech and noise process tracking: The spectral amplitude particle 

filter algorithm presented in this thesis uses a dynamic model of the speech 

process, but relies on external estimates of the noise parameters. The algorithms 

in [61] and [62] achieved improvements in speech recognition performance by 

using particle filter methods to estimate the noise corrupting the speech features. 

Combining these approaches into a single particle filter algorithm that jointly 

estimates the speech and noise processes may improve performance in highly 

non-stationary environments. 

2. Expanded speech modeling: The speech enhancement algorithms presented in 

Chapters 5, 6 and 7 assume independence of the transform coefficients in each 
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frequency bin. This is a common assumption which is generally made for model 

simplicity and computational convenience; however it does not hold for the 

short speech frames used in practice. Expanding the algorithms to model the 

inter-frequency transform coefficient relationships may reduce musical noise and 

speech distortion. 

3. Multiple active speech models: The speech active state of the interacting mul-

tiple model STSA-PF algorithm outlined in Chapter 6 could be divided into 

to several sub-states representing different phoneme classes such as voiced or 

unvoiced. Additionally, different dynamic models could be applied to different 

frequency regions. While the AR and random walk models are well suited to 

the harmonic content present at lower frequencies, performance in the high-

frequency regions may be improved with models that account for signal content 

that is more transient with less time-correlation. 

4. Binaural source tracking: The binuaral algorithm presented in Chapter 7 as-

sumes the source to be approximately frontally located, in practice the source 

may be non-frontal or even moving. The proposed near-frontal target algo-

rithm could be used along with non-frontal estimators, such as the one pre-

sented in [55], in a system that combines source tracking with speaker location 

dependent estimation. 
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