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Abstract 

Binaural hearing aids making use of a wireless link are becoming a trend in hearing-aids 

design. However, it is still not clear how much gain can be obtained in complex real-life 

acoustic environments when using binaural hearing aids compared to monaural ones, and 

whether binaural hearing aids are worth the additional effort and complexity. This thesis 

aims to provide some answers to this question. In particular, it will compare the performance 

of different microphone array configurations, study the effects of using different head models 

for fixed beamforming design, assess the effect of head model mismatch and direction of 

arrival information mismatch, investigate methods to preserve the binaural cues, evaluate 

combinations of fixed binaural beamforming followed by other noise reduction algorithms, 

and assess the performance of the different algorithms using both classical beamforming 

metrics and objective measures related to speech quality and intelligibility. 
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Chapter 1 Introduction 

1.1 Motivation and Previous Work 

The human auditory system is composed of three parts. First, the outer ear includes the 

pinna, which assists in directing the sound into the ear and provides directional cues. It 

also includes the auditory canal with a resonator effect. The middle ear is located behind 

the eardrum for impedance conversion (i.e. from air to liquid). Finally, the inner ear is 

where hair cells in the cochlea convert the sound into electric nerve stimulation [PUD'06]. 

One major cause of hearing loss is found in the inner ear where hair cells can be damaged 

by, for example, a too strong sound exposure, and a higher hearing threshold is one of the 

consequences of this. Another characteristic of this type of hearing loss is a stronger 

masking effect with respect to both frequency and time, which results in reduced speech 

intelligibility [PUD'06]. To help in mitigating the effects of hearing loss, hearing aids 

have been designed and used for several decades. A hearing aid is an electro-acoustic 

body-worn apparatus designed to amplify and enhance sounds for hearing-impaired users 

[GOR'08], and modern digital hearing aids include noise reduction algorithms. Noise 

reduction algorithms aim to eventually mimic some of the unique noise reduction 

features of the human auditory system, such as the ability to deal with the "cocktail-party 

effect", i.e. the ability to focus our listening attention on a single talker in a complex 

noisy environment, which can include background noises and interfering speeches 

[DIL'01]. 

Because of the good noise reduction and the fairly low amount of distortion that multi-

microphone processing algorithms can typically provide, multi-microphone hearing aids 

have been investigated for a while. Beamforming, which is defined as a general signal 

processing technique used to control the directionality of the reception or transmission of 

a signal on a transducer array, has already proved to be able to compensate for some of 

the effects of a target speech signal masking, which causes a reduction of intelligibility 

[GAN'09],[PUD'06]. More recently, fast developments in electronics such as reduction in 
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die size and power consumption have provided more room for hearing-aid designers to 

apply more sophisticated noise reduction algorithms, and many beamforming algorithms 

existing in the scientific literature have been investigated to be integrated in digital 

hearing-aids [DIL'03]. Beamforming systems exploit spatial information in addition to 

the temporal and spectral information of the desired speech and noise signals, in order to 

achieve one or more selected "look" directions [ELK'07]. At the same time, sounds 

coming from other directions are attenuated. 

The simplest multi-microphones system are directional microphones, which place two or 

three microphones in an endfire configuration [TEU'07] (i.e. microphones are then co-

linear in the direction of a target sound source). Designers have applied directional 

microphones to hearing aids for several years, and using directional microphones has 

proven to increase the speech intelligibility in various noisy environments [HAM'02]. 

The Adaptive Griffiths-Jim (AGJ) beamformer is a classic structure which is adaptive to 

signal statistics and to interference locations [GRI'82]. It is mostly suitable for the 

reduction of directional interfering noise. However, it requires a voice activity detection 

(VAD) for filter adaptation during the noise-only periods, and VAD failure can cause 

cancellation of desired speech, for example during low SNR periods. Moreover, the AGJ 

is sensitive to the target direction of arrival (DOA) estimates. In [CAM'03], the AGJ was 

combined with a sub-band scheme to further improve the speech intelligibility. Using the 

concepts of constrained optimization, more sophisticated beamforming algorithms such 

as the Generalized Sidelobe Canceller (GSC) and the Minimum Variance Distortionless 

Response (MVDR) (to be described in more details in a later section) have also been 

developed. The GSC consists of a fixed, spatial pre-processor and an adaptive noise 

canceller (ANC) [SPR'05]. A beamformer such as the MVDR is used as the pre­

processor. 

Another category of beamformer is the Multi-Channel Wiener Filter (MWF), which is an 

optimal noise reduction algorithm in the mean square-error (MMSE) sense [BEN'05]. In 

[SIM'01], it was proven that the MWF can be decomposed into a cascade of a MVDR 

"front-end" plus a single-channel Wiener filter as a post-filter, to obtain a MMSE 
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estimate of the source speech. In any case, the adaptive ANC and MWF algorithms still 

rely on the availability of a robust VAD algorithm and/or robust classification algorithm 

to distinguish a target source from interfering sources. This can be very challenging in 

practice for complex non-stationary acoustics environments [KAM'09C]. 

When applying beamforming into hearing-aid applications, the array length is limited 

because of aesthetical and practical reasons [SPR'05]. With the development of wireless 

transmission techniques, a wireless link which allows to share some signal information 

between hearing aids located on the left and right sides of the head is becoming available, 

and the resulting binaural hearing aids are recently becoming a trend in hearing-aids 

design. With binaural hearing aids it becomes possible for designers to implement noise 

reduction systems which make use of the binaural characteristics of the human auditory 

system, or which simply make use of the extra spatial information that becomes available 

from the binaural signals. 

[WIT'97] proposed a potential technique which used binaural information to suppress 

reverberation and lateral noise source. However, the results proved to be quite poor in 

real-life circumstances because of the presence of multiple interferers or diffuse noise. In 

[WIT'03], a selective coherence-based binaural noise reduction strategy depending on 

environment classification was proposed. Nevertheless, this approach was found to work 

only with low levels of diffuse background noise, and it also presents performance 

degradation in the presence of both diffuse noise and lateral noises. Based on the 

framework in [ALL'77], [YAN'03] established a binaural noise reduction system 

intended for reducing lateral noise. However, the target signal cannot be retrieved under 

reverberant conditions. Moreover, this method only produced one monaural output signal, 

which indicates that the spatial cues of any lateral residual noise and sources will not be 

preserved. [KLA'06] introduced a multichannel binaural Wiener filter based noise 

reduction algorithm which contains a modified cost function that includes terms for ITD 

and ILD cues. But this approach essentially works for a single lateral noise source under 

an environment with low reverberation and without the presence of diffuse noise. It also 

relies on a perfect VAD for the speech and noise statistics. 
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In [GOR'08], a comparison between binaural and monaural fixed MVDR beamforming 

tuned for diffuse noise reduction was made, using classic beamforming performance 

measures (i.e. not using speech quality or intelligibility objectives measures). The 

environment was assumed to be free-field (e.g. no head shadow effects considered, etc.)., 

and the preservation of binaural cues was not addressed. In binaural hearing aids, this 

preservation of the binaural cues on both sides is desirable. By binaural cues, we mainly 

mean the interaural time differences (ITD) between the right and left ears, the interaural 

level differences (ILD) between the right and left ears, the speech onset of each ear (a.k.a. 

the precedence effect), and the direction dependent spectral shaping by the pinnae (a.k.a. 

the anatomical transfer function) [HAR'99]. Not being able to localize sounds correctly 

could put a hearing-aid user into a dangerous situation, for example on a noisy road 

where the hearing-aid user might not be able to locate the direction of incoming cars in 

time. It has been observed that hearing impaired persons localize sounds better without 

using the currently available (and monaural) hearing aids [KLA'06]. In fact, almost all of 

the single-channel hearing-aid users are suffering from this problem. In [KLA'06] and 

[BOG'07], in order to partially preserve the ITD and ILD of the speech and noise 

components, an extension of the binaural MWF was proposed with a cost function 

including interaural transfer function (ITF) terms (which basically combines the 

information from the ITD and ILD). However, with this approach only a tradeoff 

between noise reduction and cues preservation is possible, and preserving the cues 

significantly affects the resulting noise reduction [KLA'06]. Moreover, the MWF 

requires a VAD or a sophisticated classifier, and it is mostly suitable for stationary noise 

environments with only a few localized sources [KAM'09C]. 

Another method for binaural hearing aids aiming to preserve binaural cues is to apply a 

real-valued common gain on the binaural signals from both sides, which guarantees to 

preserve the binaural cues. In [LOT'06], a binaural beamforming system with one 

microphone on each side was presented using this technique. Under the assumption of a 

known Direction of Arrival (DOA) for a target sound source, a binaural MVDR 

beamformer designed for diffuse noise was converted to generate a real-valued common 

gain and combined with a Wiener post-filter. Results from real-life recordings with 
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directional speech and reverberation showed some potential for the proposed scheme, 

although the target direction of 60 degrees (allowing a larger beamforming gain) and the 

absence of diffuse noise in the experiments may be considered as a favorable and non-

typical setup. 

Along the same lines, a GSC binaural beamformer combining a fixed MVDR 

beamformer designed for diffuse noise and an Adaptive Griffiths-Jim part, which can be 

turned on and off, was introduced and tested in [ROH'07]. "Fixed" MVDR design here 

means that it is tuned for fixed noise statistics (i.e. the correlation matrices of diffuse 

noise are known and fixed), however based on the DO A of the target source and knowing 

the corresponding directivity vectors, the MVDR design can actually be modified 

dynamically. The authors in [ROH'07] compared four different head models used for the 

MVDR beamformer design and for the delay compensation in the Adaptive Griffith-Jim 

beamformer. In addition, three different ways to generate the binaural outputs from the 

beamformer output were investigated: the common gain approach described earlier, 

independent bilateral processing which does not preserve the binaural cues, and using 

head models to re-synthesize the target cues only (i.e. not the directional noise or 

interference cues). Among those approaches, the common gain method was found to 

perform best. Results in [ROH'07] also showed that for a fixed MVDR beamformer 

tuned for diffuse noise, the robustness to DOA steering errors was much more 

satisfactory than for the Adaptive Griffiths-Jim beamformer, and this limits the 

applicability of the Adaptive Griffiths-Jim component in practice. In another recent paper 

from the same authors [ROH'08], DOA estimation for the fixed MVDR beamformer 

tuned to diffuse noise and producing a common gain was done by estimating the signal 

delay between microphone pairs. It was found that a good DOA accuracy is required in 

order to achieve a satisfactory beamforming performance, and that practical DOA 

algorithms can not always achieve such a good accuracy. 

The previous work from the literature indicates that under some conditions binaural 

beamforming with cues preservation has a good potential to improve the quality and 

intelligibility of speech in binaural hearing aids. However, it is still not clear from the 
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literature how much gain (in terms of overall speech quality or intelligibility) can be 

obtained in complex real-life acoustic environments when using binaural hearing aids 

compared to monaural ones, and whether binaural hearing aids are worth the additional 

effort and complexity. Using real-life data provided by a hearing aid manufacturer, this 

thesis aims to provide some answers in terms of the performance gains which can be 

provided by using binaural beamforming algorithms. 

1.2 Thesis Objectives and Organization 

The objectives of this thesis are as follows: 

• to provide a basic review of fixed MVDR-based beamforming design in the context 

of binaural hearing aids 

• to compare the performance of different microphone array configurations for hearing 

aids (monaural, binaural, with different number of microphones) 

• to investigate the performance of the considered algorithms in complex noisy 

acoustic environments including time-varying diffuse-like noise, multiple directional 

interfering sources (speeches and transient sounds), and reverberation. 

• to investigate the performance of the considered algorithms using objective measures 

related to speech quality and speech intelligibility 

• to further investigate the performance of using different head models for the fixed 

MVDR beamformer design 

• to further explore the effects of head model mismatch and DOA mismatch for fixed 

MVDR beamformer design 

• to further develop and evaluate methods of converting the binaural beamforming 

output to a common gain in order to preserve the binaural cues 

• to investigate the potential of using fixed binaural MVDR beamformers as a pre­

processor followed by other noise reduction or speech enhancement algorithms. 

To achieve these objectives, the thesis is organized in the following way: 
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Chapter 2 provides a review of MVDR beamforming and it explains why the MVDR is 

chosen in this thesis. It also introduces classical beamformer performance criteria. 

Chapter 3 describes the concept of binaural hearing aids and provides a review of the 

binaural beamforming problem, given the unique physical limitation in hearing-aid 

applications. In addition, it provides a detailed description of the different microphone 

configurations and head models used in this thesis. 

Chapter 4 explains the rationale for binaural algorithms using a common gain and it 

introduces different methods to convert the binaural beamforming output to a common 

gain. 

Chapter 5 describes some structures where a fixed binaural MVDR beamformer is used 

as a pre-processor and followed by different noise reduction or speech enhancement 

algorithms. A new structure based on using the output of independent monaural 

microphone arrays is also proposed. 

Chapter 6 presents simulation results of fixed MVDR beamformers tuned for diffuse 

noise, using classic beamforming performance measures. It compares different array 

configurations, different head models, DOA mismatch and head model mismatch, for 

frontal and non-frontal target sources. 

Chapter 7 first introduces some speech quality and intelligibility related objective 

measures. Using these objective measures, it then evaluates the performances of fixed 

MVDR beamformers tuned for diffuse noise and operating in complex acoustic 

environments. Moreover, simulation results are also presented for the different structures 

presented in Chapter 5, combining noise reduction algorithms with the fixed MVDR 

beamformer as a pre-processor, and for the different methods to generate a common gain 

as presented in Chapter 4. 
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Chapter 8 concludes the thesis and provides some suggestions for future research work 

related to this topic. 

1.3 List of Contributions 

The following list provides the main new contributions from the thesis: 

• the development in Chapter 4 of new and more general ways to produce a 

common gain in order to preserve binaural cues when using binaural beamforming 

algorithms 

• the combination in Chapter 5 of a fixed binaural MVDR beamformer with other 

algorithms such as the monaural Minimum Mean Square Short-Time Spectral Amplitude 

Estimator (MMSE-STSA) [EPH'84], in order to reduce the musical noise 

• the introduction in Chapter 5 of a structure using the output of independent 

monaural microphone arrays and followed by a binaural processing algorithm 

• the comparison in Chapter 6 of the binaural beamforming performance for 

different array configurations, with frontal and non-frontal targets, using different head 

models, with head model mismatch and DOA mismatch, and using classical 

beamforming measures 

• the performance assessment in Chapter 7 of the considered binaural beamforming 

algorithms under complex acoustic environments which are composed of time varying 

diffuse noise, multiple directional non-stationary interferences, and reverberation, using 

speech quality and intelligibility related objective measures 

• the evaluation in Chapter 7 of head model mismatch and DOA mismatch using 

speech quality and intelligibility related objective measures. 
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Chapter 2 Review of Beamforming and 
MVDR Design 

2.1 Basics of MVDR Design 

2.1.1 Single linear microphone array 

A general formulation of a linear 1-D uniform array beamforming problem in the 

frequency domain is shown in Figure 2.1, and it will be referred to as a monaural array in 

this thesis. 

Figure 2.1 Block diagram of a linear 1-D beamformer 

S(co) , X^CD) i = \...M , and Y{CD) are all frequency domain signals which can be 

considered as the output of a short-time Fourier transform applied to an input frame of 

time samples. 6S is the direction of the source signal in the azimuth plane, S(co,6s) is the 

source signal coming from angle 0S , X^co) i = 1...M are the microphone array received 
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signals, Y(co) is the monaural output of the beamformer, M is the number of 

microphones belonging to the array, and the M sensors are placed in a linear array of 

sensors equally spaced by a distance of d. The relationship between the target source 

signal and the source signal component measured by the microphone array is: 

XS(G)) = D(O>A)S(O>A) (2.1) 

where the directivity vector D(a,0s) is defined here as the frequency response from a 

far field source (plane wave propagation, point source) at an angle 0S, and at a constant 

distance (or radius) for any angle. The environment considered for D(CD,0S) is anechoic, 

it can be a free field or it can include head shadow effects (then the D(o?,0s) become a 

set of Head-Related Transfer Functions (HRTFs)). The HRTFs describe the complex 

filtering effects of the sound diffraction and reflection caused by the pinnae, head, 

shoulders and torso before the sound reaches the ear drums [BRO'98]. They also include 

the interaural effects such as the ITD and ILD. The HRTFs vary with azimuth, elevation, 

range, and frequency in a complex way. They also vary considerably from person to 

person. The corresponding representation of the HRTFs in time are called the head-

related impulse responses (HRIRs), which capture the same information as the HRTFs. 

The HRTFs include the head shadow effect, which is due to the fact that a sound from 

one side has to travel through and around the head in order to reach the ear on the other 

side. This obstruction includes both amplitude attenuation and complex filtering effects, 

which are called head shadow effects (HSE). At the opposite, free field (FF) propagation 

means an environment with no physical object affecting propagation, so there is no head 

shadow effect existing in free field, and motion in a free field can be written by simple 

equations. 

By linear filtering and summing the measured signals using a set of weights, a basic 

"filter-and-sum" beamformer can be obtained [GOR'08], and if the weights of the 

beamformers are noted as W_{(o) we then have: 
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Y(a>) = W" (a>)K(<») = W" (o))D(o), 9S )S(co, 6S) 

Wla)) = [Wx(a>) W2(a>) - WM(a>)]T (2.2) 

X{a>) = [Xx(a>) X2(o>) - XM(a>)]T 

2.1.2 MVDR beamforming 

In this thesis, the minimum variance distortionless response (MVDR) beamforming 

design algorithm is chosen mainly for two reasons: its formulation can be directly applied 

for arbitrary geometries and environments (arbitrary target direction, free field or with 

head shadow, 1-Dimentional array or 2-Dimentional array, uniform or non-uniform array, 

etc); and it allows for fixed design, which is more robust [COX'87], [ROH'07]. The 

MVDR solution belongs to the family of constrained optimization, and it is obtained by 

minimizing the Mean Square Error (MSE) of the beamformer output with the constraint 

that the power gain in the target direction is unity [COX'87]. The problem can be written 

as follows: 

min£{|7(<»)|2} subject to W_H'(o)D(co,0s) = 1 

Under far field conditions (plane wave propagation, point sources), this leads to the 

following solution: 

(E\xv{a)Xv
H{a)] + fil)~l D{a,,Gs) 

W(a>) = K-^—z 7 ^i (2.3) 

DV,05)(4JC>)XV
//(«)J+///) - M ) 

X_v(a) is the noisy portion of the signals measured by the sensors, so if we assume that 

the noise source is V{a,9v), where 6V is the direction of the noise, and the directivity 

vector (or HRTFs) of the noise source is D(o),0v), then similar to equation (2.1) we can 

write: 

Xv(a)) = D(6>,ev)V(co,ev) (2.4) 
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It should be noted that ju has a very small value and the term jul is introduced either to 

improve numerical conditioning, to avoid the loss of directivity by microphone mismatch, 

or to reduce the noise gain, thus it is a tradeoff factor between directivity and robustness. 

Keeping in mind that for the case of a target source from a steering direction, the output 

of the beamformer is obtained by equation (2.2), and also that the MVDR has the 

constraint of equation (2.3), we also readily see that without any noise from the target 

source direction 6S , we then have Ys (ja) = S(co, 9S) , and therefore 

^^H^.E^,^)!2] 

For a narrowband input, by minimizing the noise power subject to the constraint of a 

distortionless response for a desired direction, the fixed MVDR beamformer (also called 

superdirective beamformer) produces the best possible signal-to-noise ratio 

[MOZ'80],[LOT'06]. 

2.1.3 Diffuse Noise Field 

A diffuse noise field is defined as equally distributed and uncorrelated noise source 

components coming from all directions [LEU'06]. Diffuse noise is representative of 

many noise environments, for example the babble noise in the cafeteria of a university is 

quite diffuse-like. The distributed sources V(m,6v) have the same average power 

£[|F(tf),0v)| ]= <Jy(co) from any direction, and there is no coherence between the 

different sources V(eo,0v) at different angles. In the equations of this thesis, the diffuse 

noise at the input array sensors is described as resulting from a discrete average of the 

contribution from uniformly distributed sources V(co,0v) on the azimuth plane only (i.e. 

the elevation angle is assumed to be zero). That is to say, the diffuse noise field 

corresponds to what is sometimes referred to in the literature as a "cylindrically isotropic 

field" [ELK'01], for the particular case where uncorrelated noise components are coming 
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equally from different directions on the azimuth plane only (from all azimuth angles but 

for a single elevation angle corresponding to the azimuth plane, which is 0 degree or 90 

degrees depending on the notation system being used for the elevation). Moreover, wave 

propagation in this thesis is always assumed to be in the azimuth plane only, whether for 

a diffuse noise field or a directional point source. In the literature, a diffuse noise field is 

normally defined for a "spherically isotropic noise field", where uncorrelated noise 

components are coming equally from all possible spherical directions. For a microphone 

array whose components are located on the azimuth plane, these two definitions lead to 

two different results for the coherence found between two sensor signals in free field, as 

will be illustrated shortly. 

For the case of diffuse noise, equation (2.3) becomes the following solution: 

W(o)) = 
DH(CO,0S)[E[XV(CO)XV

H(to)] + julJ D{co,0s) 

VN0YlD(a>,0v)D
H(cD,0v)y?(G>) + juI D{co,0s) 

D(co,0s) DH(co,0s) UlN^Dico^Dyco^Y^co^Ml 

l/N6Y[D(co,0v)n
H(co,0v)] + M'I D{m,0s) 

Ov 

DH(G>,0s)\ \/NMD(<»A)DH(<»A)]+V'I D(O>A) 

(2.5) 

In equation (2.5), Ne is the number of directions from which the diffuse noise 

components originate, and the function of the term / / / is the same as fxl (essentially 

regularization). It should also be noted that in the case of a directional noise interference 

the term \lNgY^D^A)^i.aA)\ becomes simply D(o),0v)D
H(co,0v). 
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We see that an overall scale factor on E\ X_v(o))X_v
H(co) \ (or on 

1/JVfl̂ J D(co,0v)D
H

 (CD,0V) ) has no effect in the resulting design of W_{ai). However, 

an overall scale factor on D(co,0s) has a direct inverse relation on the gain of the 

solution W_(aJ) produced. We will come back to this in a section to follow. 

Moreover, several comments regarding the noise covariance matrix E\ X_v(cci)X_v
H {co) 

or l /A^^J D{eo,0v)D
H {co,0v) can be made as follows: 

It does not always necessarily have a Toeplitz structure, that is to say, the 

components on each diagonal of the matrix are not necessarily identical, for example in 

the case of directional (non-diffuse) interference sources in the presence of head shadow 

effects. In free field the correlation matrix would be Toeplitz, and in head shadow cases 

under diffuse noise conditions, the matrix would also be approximately Toeplitz. 

To obtain a correlation matrix with a diagonal having 1.0 values on average, a 

normalization by the average diagonal component is possible: 

E\jLv{(a)X_v
H {a>)~\ E[Kv(e>)KvH {to)] E^Xy{m)2Lv

H (a) 

trace{E[xv{co)Xv
H{a»~\lM E[XV

H\a>)Xv(c»]/M £ £ [ ^ ( J» , M (2-6) 

The same normalization can also be done for the matrix 1/A^^J D{o),0v)D
H {co,0v) . 

This normalization of the matrix 

E[Xy(a>)Xy"'(©)] by trace{E[xv(a>)Xv
H(a>)§/M 

M 2 

or E\X_V
H{o))X_v{Q))\lM or ^]£[Ar (o) IM can be seen as a global normalization 

by the global arithmetic average of the sensors power. This can be different from the 

following alternative normalization, which is to use the pair-wise geometric average 

JE^Xv.(cofuE[Xv.(a)) ] {i,j = \,2..M) for a normalization that varies for each element 

in the correlation matrix. This normalization by JE[\xv.(o))fuE[Xv (o) ] (i,j-\,2..M) 
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is the same as the definition of coherence. If E KH is the same for each sensor (for 

example in free field, or approximately in head shadow cases with diffuse noise), then the 

two types of normalization become equivalent. 

3) For diffuse noise, the coherence function between two input sensors in free field 

conditions (no head shadow, far field plane wave propagation, anechoic conditions) is often 

smico du lc) 
expressed in the literature by the function ——, where dn is the distance between 

cody/c 

two sensors. It should be noted that this classical form is corresponding to the "spherically 

isotropic noise field", while the corresponding result for a "cylindrically isotropic field" with 

the scenario described earlier produces a coherence function with higher sidelobes [ELK'01]. 

This can be evaluated by a discrete average over azimuth angles of the correlation between 

theoretical directivity vector components, or it can be obtained from measured directivity 

vectors obtained in free field. The theoretical coherence function for an isotropic field and 

for a cylindrically isotropic field are compared in Figure 2.2: 

(a) correlation between sensor #1 and sensor #2 described by sincQ function 
1 

0.5 

0 

-0.5 
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 

Frequency 
(b) correlation between sensor #1 and sensor #2 in cylindrically isotropic field 

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 
Frequency 

Figure 2.2 Coherences in spherically and cylindrically isotropic diffuse noise fields 
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The parameters for these figures were chosen as dn = 0.175 m, and c-344 m/s which is 

sinico d^ lc) 
the speed of sound. It should be noted that the —— formula does illustrate clearly 

cody/c 

the inversely proportional relationship of the coherence with sensor distance and with 

frequency. 

2.1.4 Normalization of MVDR Beamforming 

In order to make sure that the level and phase of the target source component in the 

beamformer output is the same as the level and phase of the target source component 

found in one specific input sensor signal (e.g. to avoid signal amplification and group 

delay distortion in hearing aids), we can consider the problem of scaling the weights of a 

"regular" MVDR beamformer design from section 2.1.2. In the case of the target source, 

equation (2.2) becomes: 

Y, («) = K" (»)*,(») = W." (o>)D.(o>, 0S )S(o>, 0S) (2.7) 

If the objective is for Ys{co) to keep the same level and phase as the A* target component 

Xsk(jo) in the target input sensor vectorX_s{a>), then we have that: 

Ys{a>) = WH (o>)D(a>,0s)S(o>,0s) = Xsk(co) = Dk(a>,0,)S(a>,0s) (2.8) 

and thus 

WH{a>)D{a>t0t) = Dk{at0,) (2.9) 

Recognizing that the MVDR design normally has the constraint in equation (2.3): 

WH(G))D(G),0S) = 1 (2.10) 

this simply means that the coefficients W_ (co) from the "normal" MVDR beamformer 

design must be scaled by a factor Dk{co,0s), or equivalently that the coefficients W_(CD) 

from the "normal" MVDR beamformer design must be scaled by a factor D*k{(o,0s). 

The MVDR design above with the above normalization or scaling factor Dk(o),0s) has 

some other advantages, on top of preserving the target signal level: 

16 



Without the above normalization, and assuming here for simplicity that the different 

components (sensor signals Dk(a,Os)) in D(co,0s) have similar magnitude shapes, the 

filters in the "regular" MVDR design W_{co) end up having a frequency magnitude 

shaped by the inverse of Dk(co,Qs) . This can be observed directly from the MVDR 

design equations as in (2.5). On the other hand, with the above normalization and under 

the same assumption, the filters in the above normalized MVDR design WJjo) end up 

having a frequency magnitude shape which is more white (i.e. flat). 

Similarly, in terms of the beamformer output Y(co) signal magnitude, the output of the 

"regular" MVDR design ends up having a magnitude spectrum with an approximate 

additional shaping factor (compared to the signals in Xia)), while on the 
Dk{(o,0s) 

other hand the output of the above normalized MVDR design does not have this 

additional shaping of the magnitude spectrum (i.e. it follows more closely the spectral 

shape of the components in the input vector X_(co), including its original level). 

Since using the normalized MVDR design of this section produces beamforming 

filters whose magnitude frequency response is flatter, it also leads to solutions which 

behave better numerically and require less regularization, for example when converting 

to time domain beamforming filters. This also means that shorter time domain responses 

are obtained, thus less coefficients and less complexity. 

Using the normalized MVDR design of this section will produce beamforming 

weights W_(a)) whose amplitude will no longer vary with the level of the directivity 

vectors D(co,0s). This will facilitate the comparison of the Noise Gain (to be defined in 

a later section) for the beamformers obtained using different sets of directivity vectors 

D(co, 0S) (or head models), each possibly with different overall scaling factors. 
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2.2 Classical Beamformer Performance Measures 

2.2.1 Beampattern 

The beampattern, also called directivity pattern DP(co,0), is defined as the squared 

magnitude response (or power gain) for a signal from a single arbitrary direction. From 

equation (2.7), we can have 

£ [ l ^ 2 ] = E[(WH (6>)XS(C>))(WH (co)Xs(G>)f 

= W_H (6>)E[xs(a>)Xs
H

 (O)]W(O>) 

= WH(co)i[D(coA)D\co,0JE[\S(co,0s)\
2^W^) 

wH (G>)D(G>A)\2 E[\S(<»A)\2] 

(2.11) 

and thus we obtain: 

H , 
DP(G>,0S)=K (o>mo>A) (2.12) 

The beampattern is defined here for plane waves (far field propagation, point sources). If 

those conditions are not met, then there are other factors that would need to be included: 

distance, source radiation model and orientation, etc. 

The beampattern is a very effective and direct way to show the directivity of the 

beamformers. As an illustration, in free field for a frontal target with M = 2 , the 

beampattern in the following figure shows that for diffuse noise a fixed first-order 

differential microphone combining two back-to-back cardioids performs similarly to a 

fixed MVDR beamformer tuned with an endfire configuration. The first-order differential 

microphone system is designed as follows [GOR'08]: 
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W((o) = 

\ + ae-j(oT 

l-e-
Jm2T 

-a-e-ja,T 

\-e -jmlT 

l + cos<9v d 
a = -,T = — 

l-cos#v c 

9O°<0F<18O° 

#,=109° for diffuse noise 

(2.13) 

and the respective beampatterns for the fixed 1st order directional microphone and fixed 

MVDR beamformer are shown in Figure 2.3 [GOR'08]. Please note that in Figure 2.3, 

the beampatterns for frequencies 500 Hz, 1 kHz and 3 kHz are all the same. 
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(a) 1st order directional microphone (b) endfire MVDR beamformer (M = 2 ) 

Figure 2.3 Comparison between directional microphone and endfire MVDR beamformer 

tuned for diffuse noise (M = 2) 

2.2.2 Array Gain 

The Array Gain AG(to) is defined as: 
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AG{OJ) = -
signal to noise ratio (SNR) with beamforming 

signal to noise ratio (SNR) without beamforming 
(2.14) 

where each "signal to noise ratio (SNR)" is defined as the average power from a 

directional source (for which the beamformer is steered) over the average power from the 

all the noise components. Below we have considered the case of diffuse noise. In the 

derivations, the simpler directional noise case could be obtained by simply removing the 

angle-dependant averages on the noise statistics. 

Similar to equation (2.11), the beamformer noise output for the diffuse noise field case is: 

£[|rK(®)|2] = E (WH\G>)XV(G>))(WH\o>)Xv{a>))H 

= WH(CO)E[XV(<»)ZVH(<»)]K(<») 

(2.15) 
| DK<O,VV)D:- (a,&v) p;(co) wx<o) = WH(a>) \l/N0'£[m<»A)DH(e>A)}r}(<») 

= UN0Y,K"(CO)D(CO,0V) <rv
2(fi>) 

For the target signals measured by the sensors we have: 

E \Xs(a>)(] = E[XS
H (a>)Xs(a>)] 

= D" (a>,0,)D<La>t0,)E[\S(e>,O,tf] 

= \\D(co,0sf E\\S(o>,0s)\
2 

(2.16) 

where D(co,0v) follows the same definition as D(co,0s) earlier. 

Correspondingly, for the noise signals measured by the sensors we have: 

Xv(o>)(] = E[XV
H (a>)Xv(a>)] 

= l/JVeX[£"(^0JD(^0j]av
2(«) 

= \/N6^\\\D(co,0vfyv^) 

(2.17) 
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Thus the signal to noise ratio (SNR) with beamforming is the following: 

E 

E 

>»f 
\KH2 

W_H(a)E 

WH(a))E 

H. Xs{a>)Xs
n{o>) 

H, 
Xv(a>)Xv

n(a>) 

W_(eo) 

W_{co) 

WH (^D(co^)DH (CO^)E[\S(CO,0S)\
2^W(CO) 

WH(a>) VN0Y[D(co,0v)D
H(co,0v)]7^co) \w(a>) 

rH 
\Wn (a>)D(a>A) \S(co,0s)\

2] 

UNMw_\co)D(a),0v) < T » 

(2.18) 

and the signal to noise ratio without beamforming is the following: 

IfcMI2 E[XS
H (a>)Xs(a>)] 

~ E[xy
H(a>)Xy(6>)] \\*M\ 

\\D(a>,0s)( E[\S(a>,0sf] 

~l/NM\\D(co,0v)(YA«>) 

(2.19) 

The ratio between the two SNRs is the Array Gain AG{co) and it can have the following 

forms: 
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AG(CD) = 
EV)£[*>)^V)]E(<») E\_XV

H (a>)Xv{a>)\ 
WH{a>)E[xy(co)Xy

H(a>)]mc») * E[XS
H (a>)Xs(o>)] 

W"((o)-
H. 

XsWZs (*>) 
H 

Xs(co)Xs(a>) 
W_((o) 

rH 
KT{o>)^ 

H, 
K.v (a>)Xyn(a>) 

H 
Xv" (a)Xy(e>) 

W_{co) 

H E\XS(CO)XS
H(<D)} 

K (*>) _r_L• u J n Kifi)) 
Xs

n(G>)Xs(a>)IM 

WH(a>) 

rH 

H . Xy(0))Xy" (G>) 

E[xv
H(a>)Xy(aJ)/M~\ 

W(co) 

Wn (to)Rss(a>)W(G>) 

Wh\co)RyV(G))Wi<a) 

AG(a>) •• 

w" &)[&?>, es )D
H {co, es )E [\s(a>, es f ]) W&. 

WM(m)\l/ NeY[D(a>,0y)DH(a,,0y)yv(a>) W ) 

r \i Ne^\\D{o>,evfYM) 

\\D(a>,0sf E[\S(<»A)\2] 

WH(o)) 

_ -

i/NeY[D^A)DH(wA)] Kid) 

(\INgY^\Dj,a>Av)t] 

WH{a,)D(a>As)\ 

i/N0YiwH(m)D(o,AJ 

l/Ne^\\\D^Ay)f] 

\\D{coA 

WfiAt 

DP(mA) 
y N0Y\\\D(coAy)f] 

1/N^DPiwA) \\D{mAs)f 

(2.20) 

It should be noted that for a MVDR beamformer the design is done subjected to the 

condition in equation (2.10), and therefore we have: 

W" (co)D(o), 6S )| = DP{(o, 0S) = \ 

Moreover, in free field we also have: 

(2.21) 
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V "elJ\\D&A)f] = \\D(«>A)( (2.22) 

Therefore, in free field the Array Gain AG{ai) becomes equivalent to the Directivity 

Index DI((o), which is defined as the ratio of the power gain from the target direction 

over the average power gain from all the other directions, shown here on the azimuth 

plane only and for a discrete sum of angles: 

DI(co) = 
DP(to,0s) 

\INeYDP{co,ev) (2.23) 
By 

Note that the Directivity Index is specific to diffuse noise (and moreover limited to far 

field propagation, plane wave, point source model), while the Array Gain can be defined 

for other types of noise as well (e.g. directional, etc.) and for other types of propagation 

models. 

2.2.3 Noise Gain 

The definition used in this thesis for the noise gain G(co) is the squared magnitude 

response (or power gain) for self-generated (e.g. internal, thermal, spatially uncorrelated, 

spatially white) microphone noise. Alternative definitions also exist in the literature. 

From equation (2.15), for a randomly distributed source we have: 

E [|7V (*>)|2 ] = W_H {m)E [Xv (G>)XV
H (©)] W(*>) (2.24) 

where E\Xv{ai)Xv
H{co) for spatially white noise with the same power a2

w on each 

sensor has the form all, where / is an identity matrix. 

The output component power can then be written as: 

E [\YV («0 | 2 ] = W_H
 {(O)W_{CO)<JI (2.25) 
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Thus the noise power gain between the input noise source and the output of the 

beamformer becomes: 

G(eo) = WH(co)W(co) (2.26) 

It can be observed easily that the Noise Gain is directly influenced by the values of the 

beamforming weights. By normalizing the MVDR beamformer weights as in section 

2.1.4, we can make sure that the comparisons of Noise Gains between different Head 

Models (section 3.5 from the next chapter) will all be on the same scale. 
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Chapter 3 MVDR Beamformer Design for 

Binaural Hearing Aids 

3.1 Concept of Binaural Hearing Aids 

The hearing aids currently existing in the market are either monaural hearing aids or 

bilateral hearing aids. A monaural hearing aid is a hearing aid which combines only its 

own microphone inputs to generate an output. Figure 2.1 could serve as an example of a 

monaural hearing aid. To avoid confusion, it is important to emphasize the differences 

between bilateral and binaural hearing aids. A user wearing a monaural hearing aid on 

each ear is said to be using bilateral hearing aids [KLA'07]. That is to say, a pair of 

bilateral hearing aids is composed of two independent monaural hearing aids on each side, 

and typically little information is shared between the hearing aids from the two ears. In 

contrast, in binaural hearing aids, it is assumed that a wireless link allowing the exchange 

of information between the two sides is available, so that the outputs of both ears are 

obtained by processing the sensor inputs from both the left and right sides. 

As we can see, developing and using binaural hearing aids means more complexity and 

cost, so this brings the question: what are the advantages of binaural hearing aids 

compared with monaural and bilateral hearing aids? Some potential advantages are: 

• Binaural hearing aids perform best in terms of the beamforming noise reduction, 

because it is known that doubling the number of microphones in a microphone 

array can normally increase the SNR of the output. Due to the size limitations, 

three microphones is the maximum number of sensors that can be found in 

practice in a hearing aid, and normally only two microphones are found, as users 

prefer small or even unnoticeable hearing aids. 

• Let's consider a scenario where a hearing impaired person is wearing a monaural 

hearing aid on his or her left ear, but a target source signal is coming from the 

right ear direction. The SNR at the output of the left ear hearing aid will still be 
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low due to the head shadow effect. Wearing bilateral hearing aids could possibly 

help in this case, but for people who are having asymmetric hearing loss, more 

confusion and sound localization problems can be brought when using bilateral 

hearing aids. 

• If they can preserve the spatial cues, binaural hearing aids can further help to 

improve the intelligibility of the speech, by preserving the spatial masking 

property of the human binaural processing, e.g. for the "cocktail party effect". 

3.2 Design Constraints for Beamforming in Hearing Aids 

For a practical realization, some the design constraints for beamforming processing in 

hearing aids are: 

3.2.1 Physical Constraints 

Comparing with other microphone array applications, one limitation that hearing aids 

have is their physical constraints such as size and shape. Generally speaking, commercial 

hearing aids are available in four forms including completely-in-the-canal (CIC), in the 

canal (ITC), in the ear (ITE) and behind the ear (BTE) models [DIL'01]. Among them, 

CIC and ITC are designed to be very small, which can accommodate only one 

microphone per unit, so that they can fit within the ear canal. In contrast, ITE and BTE 

models are bigger, which can hold two or even occasionally three microphones, but the 

distances between each microphone is limited to 8-10 mm [PUD'06]. 

3.2.2 Microphone Noise 

Microphone noise can be amplified during the processing, as indicated by the classical 

Noise Gain measure defined in Section 2.2.3. It should be noted that there is a tradeoff 

between the noise gain and the directivity index of beamformers [COX'87]. 
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3.2.3 Head Shadow Effects and Model Mismatch 

Depending on the beamforming design algorithm used, head shadow effects and model 

mismatch can also produce some performance degradation. For example, a fixed MVDR 

design for diffuse noise assumes some model for the sound propagation from different 

directions. If a free field propagation is assumed and if in practice there are some head 

shadow effects, then this can lead to a loss of performance. Alternatively, if the head 

shadow effects are modeled using some known HRTFs and in practice the HRTFs are not 

the same as the ones used for the fixed design, then this can also lead to a loss of 

performance. The effect of model mismatch will be evaluated in some of the experiments 

of this thesis. 

3.2.4 Microphone Mismatch 

Theoretically speaking, all of the microphones in the microphone array should be 

identical to each other. However, it is not the case in real life, and the amplitude or phase 

mismatch among microphones can produce some performance degradations [PUD'06]. 

Most of the experiments in this thesis are based on recordings provided by a hearing aid 

manufacturer and which already include some typical microphone mismatch conditions, 

therefore microphone mismatch will not be further considered in this thesis. 

3.2.5 Position Mismatch 

Movements of the hearing aid user or touching the hearing aid can cause changes in the 

positions of the microphones. This means that the head model used for fixed MVDR 

design which was assuming that the hearing aid was in a specific orientation (e.g. on the 

horizontal plane) is not exactly valid, and there will be an additional mismatch there. This 

problem of position mismatch is common to both monaural and binaural fixed MVDR 

beamformers, and it will not be further considered in this thesis. Therefore, the results 

presented in this thesis can be considered as "favourable" in the sense that they do not 

consider the effect of position mismatch. 

27 



3.3 Binaural MVDR Beamforming 

The structure of a binaural hearing aid using a binaural MVDR beamformer is shown 

below: 

Figure 3.1 Block diagram of a binaural hearing aid beamformer 

From Figure 3.1, it can be seen that a binaural hearing aid consists of two linear 

microphone arrays mounted on the right and left ear separately. Each side is composed of 

M microphones equally spaced by distance d, and 0S is the angle of the target signal. 

The distance between the arrays on the two sides is dLR, a n d ^ , and XLi (i = \,2...M) 

are the frequency domain signals measured by the sensor on the right and left side 

respectively. Analogous to Section 2.1.1, for the target source S(co,0s), we have: 

XsR(a?) = DR(co,0s)S(o),0s) (3.1) 

28 



XStL(G>) = DL(a>,Os)S(a>t0s) (3.2) 

where DR(a),0s) and DLip},0s) are the HRTFs (or directivity vectors) for the target 

source direction of the right and left ears respectively. Similarly for the noise V(co,0v) 

we have 

Kv>R(co) = DR(co,0v)V(a),0v) (3.3) 

XvL(G)) = DL{a>,ev)V{a>,dv) (3.4) 

Thus the measured signals are: 

XR^) = KsR+XvR (3.5) 

XL(Q)) = XSL+XV,L (3.6) 

Writing the input signal as XJi(o) = [X_R{co) X_L(G))]T , the output of a binaural 

beamformer is generated by linearly filtering and combining the 2M microphone signals 

using a length- 2M linear filter W_{co): 

Y(CO) = WH(CO)X(G>) (3.7) 

where X_(co) and W_(co) are 2Mxl vectors. Considering the right and left augmented 

source direction vector D (o),0s) = [DT
R(a,0s) DT

L(co,ds)]
T and the augmented noise 

vector X.V((0) = [KI,R(®) KL^{(°)f » the design criteria of MVDR beamforming 

becomes: 

min E{\ Y (a) |2} subject to W"(co)D (a>,0s) = 1 (3 8) 
W_ (CD) V * ' 

and the binaural MVDR beamformer coefficients can be obtained as: 

(E\ Xv(o>)Xv" (G>)] +MlY D(o>,0s) 
Eico) = V L . r

 J zf - j (3.9) 
DP(<o,ei)[E[XA<D)Xj,{a>)\ + Ml) D{a,0s) 
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It is of great importance to highlight the point that as in monaural beamformers, a 

binaural beamformer only produces a single monaural output Y(CD) . We will come back 

to this limitation in a future section. 

3.4 Array Configurations for Hearing Aids 

3.4.1 Monaural 1 
The Monaural 1 configuration is a configuration in which only one microphone is 

mounted on either the right ear or left ear. Monaural 1 can be seen as the case of Section 

2.1.1 when M = 1, which is the extreme case of a microphone array with only a single 

microphone, i.e. there is no beamforming performed at all. It should be noted that in 

Figure 3.2, only the case for the right ear is shown. 

Figure 3.2 Block diagram of configuration Monaural 1 
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3.4.2 Monaural 2 

Monaural 2 is the case of Section 2.1.1 when M = 2 . For a frontal target case, it 

represents an endfire microphone array with two microphones and spacing d. Again 

only the case for the right ear is shown here: 

Figure 3.3 Block diagram of configuration Monaural 2 

In Figure 3.3 and subsequent figures, we useA'B/r(»),Ar
ftB(»),yir

if.(fl;)andAr
Lfl(0) to 

represent signals measured by right-frontal, right-back, left-frontal and left-back 

microphones respectively. 

3.4.3 Binaural 1 + 1 

Binaural 1 + 1 is the case of Figure 3.1 with M = 1, which means one microphone for 

each ear. In contrast to the Monaural 2 configuration, for the frontal target case this is a 

broadside array configuration. It is important to emphasize that the two microphones are 

not independent in this case, and that there is link available to share the information 

between the two sides. 
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XM 

Sfafl) 

Figure 3.4 Block diagram of configuration Binaural 1 + 1 

3.4.4 Binaural 2 + 2 

Binaural 2 + 2 is the case of Figure 3.1 with M = 2, which means there are two-

microphones for each ear, as shown in Figure 3.5. For the frontal target case, this is a 2-D 

array that has both endfire and broadside components. As for the Binaural 1+1 case, there 

is a link between the two sides allowing the sharing of signal information. 
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Figure 3.5 Block diagram of configuration Binaural 2 + 2 

3.5 Head Models 

3.5.1 Pole-Zero Spherical Head Model 

In [BRO'98], an approximation of a spherical head model was presented to synthesize 

binaural sounds from a monaural sound, producing well-controlled horizontal and 

vertical effects. ITDs are well approximated by Woodworm and Schlosberg's frequency-

independent formula [MOO'89], while ILDs are modeled by a single-pole and a single-

zero head shadow filter, cascaded with a delay element for the ITDs. This provides a 

good approximation of the ideal frequency response of a rigid sphere. 

The model is implemented by the following equations: 

mod 

- M 
C 

a to n \ 

—cos(0 ) c 2 

-^<0<O 
2 

O<0<^ 
2 

(3.10) 
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where a is the radius of the head (a = 0.0875m is commonly considered as an average 

radius of an adult human head), c is the ambient speed of sound and it is often assumed 

to be c = 344m / s. 

f ~ \ 
r 

/mod 

>\ 
1 . rmin 

2 
+ 1 - cos 

2_ 
0L. 

180° 

where the parameters are chosen as /?min =0.1 and 0min = 150°. 

1 + y(ftnod(fl)<P 

D*J0**>) = -
2(0, 

) 

1 V ® \ 

0 g - ^ - . W w i t h f y n = -
o 

(3.11) 

(3.12) 

Taking the right front microphone as a reference, and then applying the head model to a 

certain target direction 9S, we can have the HRTFs modeled by this Pole-Zero Spherical 

Model for each configuration : 

• Monaural 1 

D(0s,k) = Dmod(0s,a>k) (3.13) 

• Binaural 1+1 

DRF(es,k) = Dmod(0s,cok) 

DLF(0s,k) = Dmod(0s-x,a>k) 
(3.14) 

We can also approximate the HRTFs of the rear microphones of the configuration 

Monaural 2 and Binaural 2+2 by an additional free field propagation from the front 

microphone on the same side, and assuming that the distance between microphones on 

the same side is d = 0.0075 m: 
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• Monaural 2 

DRF{es,k) = Dmoi{es,(ok) 

DRB{fiatk) = DRF{e„k)e c 

• Binaural 2+2 

DRF(0s,k) = Dmod(0s,a>k) 

DLF(0s,k) = Dmod(0s-7r,a>k) 

d 

. - e (3-15) 

DRB{0s,k) = DRF{0s,k)e 

DLB(0s,k) = DLF(0s,k)e'c 

(3.16) 

JO—COS&s 

For simplicity, the Pole-Zero Spherical Head Model is given the abbreviation PZS in this 

thesis. 

3.5.2 Range Dependent Spherical Head Model 

In addition to the previous PZS model, the model from [DUD'98] also incorporates the 

distance of the source, so that the HRTFs modeled vary with range as well as with 

azimuth and elevation. As a result, this allows to better model the near-field effects and 

the ripples that they introduce in the frequency response. This is also a parametric model 

based on the classical spherical head model, so it is named Range Dependent Spherical 

Head Model, or RDS for short in this thesis. 

Varying with three factors (range, frequency and direction), the HRTFs produced by the 

RDS model can be represented as: 

Q (—) 
H(p,fi,0) = ̂ -e-i"Yd(2m + \)Pm(cos0)— p ^ r-,p>\ (3.17) 
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where p = — , r is the distance from the center of the sphere to the source and a is the 
a 

radius of the sphere (m) (as before the radius is selected to be a = 0.0875m ). The 

frequency factor is represented by // = ——, where c is the ambient speed of sound, set 
c 

to c = 344m / s . The RDS model can be implemented by a recursive algorithm to 

compute the required Pm{) and Qm{) factors [DUD"98]. 

Assuming that the right ear is located at 0r—\00°, and the left ear is located at 

0, = -100°, and taking the right front sensor as a reference, we can produce the different 

HRTFs as: 

DKF(p,0,k) = H(j>,0-0„a>k) 
(3.18) 

DLF(p,&,k) = H(p,0-0l,afk) 

Similarly to the PZS, the same delay approximation as in equation (3.15) and (3.16) can 

be used to produce HRTFs for the rear microphones. 

Due to the fact that under most circumstances, people are talking within a near-field 

distance, the range parameter was chosen as p = 4 in this thesis for this model, which 

means that the distance between the target speaker and the center of the hearing-aid 

user's head is assumed to be r = 4 * a = 0.35m = 35cm. 

3.5.3 Measured HRTF Head Model 

A third "model" uses the multichannel HRTFs from a hearing-aid manufacturer's 

binaural measurements. The measurements were obtained from two 3-channel behind-

the-ear (BTE) hearing aids mounted on a KEMAR dummy head in an anechoic room. To 

measure the HRTFs, a dummy head was rotated towards different directions to receive 

the target source at a resolution of 5 degrees in the azimuth plane, and the target speech 

signal was produced by a loudspeaker at 1.5 meters from the dummy head. This is shown 

in Figure 3.6 with 0n+x -0n = 5°: 
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Figure 3.6 Measurement of HRTFs from a KEMAR dummy head 

The HRTFs from the first two microphones on each side are directly used (as needed) to 

fill the required directivity vectors for the MVDR design. The measured HRTFs used for 

this thesis were built by using only the left half part of the measurements (for 

-180° < 0 < 0° on the azimuth plane), and by using symmetry properties to generate the 

right half part (i.e. HRTFs on the right plane correspond to their "mirror" HRTFs on the 

left plane, with left and right channels inverted). This model will be referred to as 

MHRTF (Measured HRTF) in the rest of the thesis. 

3.5.4 Free Field Head Model 

The Free Field (FF) Head Model does not consider any head shadow effects at all. 

Strictly speaking, it is not a head model since it assumes in the equations that there is no 

head. With respect to the right front microphone and given array microphone distances 
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on the same side of d = 0.0075 m and between sides of dLR = 0.0175 m, the directivity 

vector components for the right side and left side microphones can be obtained 

respectively by: 

. ,(i-\)d . . 
-jmi1—— cos#$) 

e c 

(3.19) 
- . M — s i n Os + ^ - ^ cos 0S) 

e c c 

where / represents the /'* microphone in the right or left side. For each microphone 

configuration (Monaural 1, Monaural 2, Binaural 1+1, Binaural 2+2), the directivity 

vector can be filled in a straightforward way using (3.19). 

3.5.5 Comparison between the Four Head Models 

Among the four models introduced in the previous section, the MHRTF is a model based 

on experimental measures, and the other three are parametric models. Between PZS, 

RDS and FF, mathematically speaking FF is the simplest model among them, and it does 

not consider any head shadow effect at all. From the head models including the head 

shadow effects (i.e. PZS, RDS, and MHRTF), the MHRTF is supposed to be the one 

which includes the most information, since the others are only approximations. However, 

one problem with this model is that the HRTFs can vary greatly from person to person, 

and they also depend on the position of the hearing aid. In real life it is not feasible to 

obtain HRTFs from each hearing aid user (and for each hearing aid position). With the 

PZS and RDS models, some parameters such as head radius can be adjusted, which can 

be an advantage. 

Figure 3.7 and Figure 3.8 provide a quick comparison between the magnitude directivity 

responses of the models for 6 = 60° and 9 = -20°. For each model, the magnitude 

response in the figures is normalized by the magnitude of the frontal response (from each 

side). 
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Figure 3.7 Magnitude of normalized directivity vectors for 0 = 60° 
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Figure 3.8 Magnitude of normalized directivity vectors for 0 = -20° 

From Figure 3.7 and Figure 3.8, it can be verified that the FF model does not include any 

head shadow effects, and its normalized amplitude is always the constant 1.0 (OdB). It 

can also be seen that the PZS and RDS model responses are much smoother than the 

MHRTF. For 0 = 60°, there is a significant difference at high frequencies in the response 

of the MHRTF model compared to the PZS and RDS models, for the microphones on the 

right side (Fig. 3.7 (a) and (b)), thus clearly the measurements and the analytical head 

models do not always produce similar responses. 
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Chapter 4 Conversion to a Common 
Binaural Gain 

4.1 Why a Common Binaural Gain? 

It was previously mentioned that bilateral hearing aids users can locate an arriving sound 

source better without using hearing aids than with hearing aids, and one of the reason 

form this is that the binaural cues are being distorted by the signal processing algorithms. 

Under some environments it can be quite important to preserve the binaural cues of both 

the target source and the directional interference sources, and a few papers have been 

published where the preservation of the binaural cues was considered. In 

[KLA'06],[KLA'07],[KLA'05] and [BOG'07], a cost function aiming to minimize the 

cues distortion while maximizing noise reduction was introduced, and a tradeoff between 

those two parts was achieved. There is a cost however in terms of the noise reduction that 

can be achieved with this approach, and these papers using the Multichannel Wiener 

Filter are mostly suitable for stationary noise environments with only a few directional 

interferences [KAM'09C]. They also require a VAD or a classifier to distinguish between 

the target and the interferences, which can become a problem in practice (e.g. for low 

SNRs or several interfering sources). 

For a MVDR beamformer, it should be noted that regardless of the configuration of the 

microphone or sensor array (monaural, binaural, endfire, broadside, etc.), the output of 

the MVDR beamformer is a monaural output, minimizing for each frequency the output 

signal power with the constraint of unit gain for a given target source direction. That is to 

say, whether the sensor signal vector X_ represents the Monaural 2 case or the Binaural 

1+1 or 2+2 cases, the output Y(o)) = W" (G))X(G>) 

remains a scalar, thus using classical 

MVDR beamforming obviously removes all the spatial cues information. For a binaural 

microphone array to be used in hearing aids, it is desirable to produce binaural outputs 
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rather than a monaural output, where the binaural cues of all sources (target and 

interferences) will be preserved. 

One approach to achieve the above requirements is to convert the beamforming output to 

a common gain G(co), which is to be applied to signals coming from both sides of the 

head. For instance, we can have a common gain G(co) which is applied to the frontal 

microphone signal on each side; or a common gain G{co) applied to the average signal 

from the different microphones on each side. The latter is typically not preferred since it 

may disturb the binaural cues to some degree and bring up some phase mismatch 

problem. On top of having a common gain G(co) which guarantees preservation of the 

binaural cues, the gain G(co) should be: 

1) real valued, so that the phase response is zero, the group delay is zero, and no 

frequency dependant dispersion is introduced; 

2) scaled so that the received target source binaural signals Xs (<y) keep the same level 

when they are processed to become the enhanced binaural signals X_s (co). 

If a common gain is applied to the frontal microphone signal on each side, the resulting 

structure is shown in Figure 4.1 below: 

* * , ( ® ) 

* * * < » ) 

Xv{<i>) 

Figure 4.1 Using a common gain to preserve the binaural cues 
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The application of a common real valued gain to the input sensor signals X_{(Q) from the 

front microphones of both sides can be written as: 

XlG)) = G((o)£F(<a) (4.1) 

with: 

X(co) = [XLXR]T 

XF(co) = [XLFXRF]T 

By applying the common gain approach above, three types of binaural cues including the 

ITDs, ILDs and the onset time of speech (precedence effect) [HAR'99] are perfectly 

preserved. Also, ideally the common gain G(co) is designed to preserve the level of the 

target source for each frequency, therefore for the target source it should not effect the 

monaural spatial spectral shaping from the pinnae [HAR'99], which is the 4th type of 

binaural cue. Head model mismatch and hearing aid position mismatch will affect this 

ideal behavior in practice though, up to some point. But in any case, it is clear that for the 

noise or interference components, the frequency dependent gain G(co) will introduce 

some "coloring" of the spectrum, and thus the monaural spatial spectral shaping 

performed by the pinnae will be affected. Being able to preserve perfectly three out of the 

four binaural cues, and most of the fourth one for the target source, can achieve a 

satisfactory level of cues preservation, as found from informal listening of the sound files 

from Chapter 7. Note that this is no longer a "real" beamforming operation such as 

Y(a>) - W_H (co)X_{co), because each output in X.(co) is produced directly from a single 

sensor input in X_F{co). Moreover, as we will see the gain G{co) is time-varying even if 

the position of all sources remains fixed, as opposed to the beamforming weights which 

would remain constant in such a case. However, beamforming is still at the core of the 

system to generate the common gain. It should also be noted that this common gain 

approach in (4.1) becomes similar to gain-based speech enhancement methods (Wiener 

filtering, etc.), and therefore its time-varying behavior introduce similar types of 

distortion such as musical noise, which are typically not found in normal beamforming 

filtering. 
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4.2 Methods to Convert to a Common Gain 

For simplicity, in this section we will use X{(D) as opposed to X_F(co) to represent the 

two frontal microphones components, one from each side. There are several solutions for 

the gain G{co) that meet the conditions mentioned in the previous section. It is natural for 

G((o) to be proportional to the beamforming monaural output level \Y(G))\ , because the 

level of this output is normally proportional to the level of the target input signal. But 

since \Y(o>)\ in turn is also proportional to the level of all the components in the input 

sensor signals ^(<y) = ^(<y) + ̂ v(fi,)» ^ *s a^so natural to normalize the gain G(o)) by 

the level of those components (to avoid a square gain effect, because the sensor signals 

X_((o) are also to be multiplied by the gain G(co) to produce the enhanced signals X((o) 

using (4.1)). Thus a sensible general form is: 

\Y(o))\ 
GW = -F7W^ (4-2) 

where f(X.(o))) is a real-valued function of the level of the sensor signals X_(co). Note 

that some other forms could be > —! !— , | —! !— , max—! •— , 

MUfW*)) i l»/(^(®)) *-^/(-y*(®)) 

mm —! !—, etc.. 
k=L,R f(Xk(0>)) 

If we recall our constraint that for the target source received signals X_s {to) the binaural 

outputs X_s (to) must keep the same levels, the general form would then become: 

G(co) = \= ' *v n (4.3) 

and therefore 

|y,H = /Wfl»)) 

WH(a>)D(o>A) \SM)\ = / C W ) 

WH (o))D(o),es) 

(4.4) 

/(jQ(<P)) 
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This shows that the gain G(co) can be unity for the target source received sensor signals 

rH , fiX.W) 
XJco) if the term \W (o))D((o,0.)\ has the general form , — — r (some more 
— I J~K sJ\ 6 \S(a>,0s)\ 

specific examples will be provided below). Recognizing that the MVDR design normally 

has the following constraint from equation (2.3): W_H (ct))D(co,Bs) = \, and thus: 

WH (a>)D(e>,Os)\ = l (4.5) 

this means that to achieve the desired gain G{co), the coefficients obtained by the 

/ ( * , ( < 0 ) ) 
"normal" MVDR design should be scaled by a scalar of the general form , — — r at 

\S{a>,0s)\ 

/ ( * , ( © ) ) 
each frequency. The specific choice of , — — r depends on the form chosen for the 

\S(o),0s)\ 

gainG(<y)= ' ' 
/(£(»)) 

To illustrate and clarify this, some specific examples for the gain G{(o) = — — and 
/(£(<»)) 

KXs(co)) 
the corresponding term , — — r used to scale the "normal" beamformer MVDR 

\s{o,es)\ 

weights will now be presented. In previous work in the literature such as in [LOT'06], the 

following specific normalization for Gico) has been used: 

C(a)_ l y H _ ly<°"l _ lywl 

k=L,R 

f(X(a») [X«4 H ^ H I.\WM».M 
JK^s^"')) _ | | l li .V % _ k=L,R k=L,R 

\S(e>,Os)\ \S(eo,0s)\ \S(a>,ds)\ \S(co,0s)\ £R 

(4.6) 

= I \Dk{(o,es)\ 
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Should the overall level of the experimental D(a), 6S) vector be different from the level 

of the vector D{co,Os) used in the MVDR design, this would still lead to the same value 

\Y(o))\ 
of the ratio G(CD) = — — , as both the numerator and denominator terms would be 

/(£(»)) 
increased. Consequently, for the target source received signals Xs (co), the binaural 

outputs X_s (G>) would still keep the same levels as Xs (a) (and the same phase too, since 

G(CD) is real-valued). 

The general development of this section clearly shows that equation (4.6) is just a 

particular choice and there are several other choices possible for the normalization of 

G(co). This has not appeared yet in the literature. Some of these choices could be: 

CfcQ- | r ( f i , ) | |y( f t , ) | - | r ( 6 , ) | 

KMco)) \X{co)\2 Z \XM 
k=L,R 

AX^co)) _ |fc(ft>)||2 _ 
\S(o>,0s)\ \S(a>,0s)\ 

(4.7) 

J I K*H2 J X \DkM.i |ste*,)i i 
\k=L,R \k=L,R I y |r) / 

|s(^)| " \s(a>,es)\ " y ^ 1 k(0>' 
o,i 

n \XM 
k=L,R 

j n f c * H \Y\\Dk^A)\\s{o>A)\ 
\k=L,R \k=L,R f(X1(o>))_ y^ f l _jk=L£ \T\\n (mf)^\ 

\s«»,es)\~ \s{*,es)\ ~ \s{co,es)\ "iiV A ' 
(4.8) 
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C(a)- |y(<a)| - |r(fi)) | - | r(<0)| 

\S(a>,es)\
 = \S(a>,0j\ = \S(a>A)\ = ' \S(co,0s)\ =™«P*ta*.)| 

(4.9) 

/(£(<»)) min|jrt(fl»)| 
k~L.Il 

• — r = —r i— = —' i 1 = nnn \DAa),a,)\ 
\S(o>,es)\ \S&A)\ \S{a>M k=Lfi 

(4.10) 

We note that there are several possible solutions, leading to different noise reduction 

versus target distortion tradeoffs (more on that in the next section). Recall also that the 

\Y(co)\ 
general form G{m) = — — is not the only possible one (other forms could be 

AM®)) 

j^_ j^_, max J ^ L , „»„ _ f e L , etc.), mi thus 
*£*/(*»(<»)) tig/Way) *-«/(**(<»)) *-'•«/(*»(»)) 
other gains G{(o) could be developed in a similar way for those forms. 

4.3 Methods to Combine Gains and Algorithms 

The previous section presented the case of a binaural MVDR beamformer making use of 

sensor inputs from both sides (thus the name binaural), generating a monaural output 

Y(co), converting to a common gain G(co), which in turn generates binaural outputs with 

spatial cues preservation. Similarly, binaural outputs with spatial cues preservation could 

also be obtained using monaural noise reduction algorithms on the signals from different 

sensors. For example, this could be separate monaural MVDR beamformers operating 

independently on each side, or one-channel speech enhancement algorithms (e.g. spectral 
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subtraction, Wiener filtering) being applied separately on both sides. To combine 

different monaural noise reduction components from the left and right side, it is 

convenient for each noise reduction component to produce a gain G(co) as its output, so 

that the different gains can then be combined into a global common gain, preserving the 

binaural cues. 

For example, if monaural noise reduction algorithms are applied on each side of a 

Binaural 1+1 configuration, the right and left monaural noise reduction algorithms 

would produce the gains GR(a)) and GL((o), and to obtain a common binaural gain (to be 

used as in (4.1)) the following four methods (and several others) could be used: 

Gmax(o}) = max(GR(o)),GL(co)) (4.11) 

Gmin(<o) = mm(GR(a>%GL(o))) (4.12) 

Gsqr(a>) = jGR(a>)GL(a>) (4.13) 

G « W = average(GR{co),GL{(Q)) (4.14) 

Among the four methods, in term of noise reduction (4.11) is the most conservative one, 

(4.12) is the most aggressive one, and (4.13), (4.14) are in between. (4.13) and (4.14) can 

behave quite similarly when the values of GR(ca) and GL((£>) are close to each other. For 

instance, if G (̂co) = 0.5 and GL(G>) = 0.5 , then Gsqr{co) = ^GR(<Q))GL{(o) = 0.5 and 

Gave(a>) = average(0.5,Q.5) = 0.5. However, by contrast, when there is a big difference 

between the values of GR((o) andGi(to), these two results will be more different. 

Considering GR(G>) = 0.1 and GL(co) = 0.9 , then Gsqr(ai) = ^jGR(co)GL(co) = 0.3, and 

G^gica) = average(0.l,0.9) = 0.5. Thus (4.13) is more aggressive than (4.14) in terms of 

noise reduction. 
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Another option to control the aggressiveness of the common gain method is to apply a 

"spectral floor" to the gain, in order to keep the gain above a threshold. This allows to 

limit the level of noise reduction and avoids producing too much distortion such as 

musical noise. It will be further discussed in the next chapter. It should also be noted that 

the final common gain Gfinal may need to be upper- limited by 1.0 as follows: 

Gfinal (*>) = min(G(fl>), 1) (4.15). 
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Chapter 5 Combination of MVDR 
Beamformer with Other Algorithms 

5.1 Wiener Post-Filter 

In addition to a fixed binaural MVDR beamformer tuned for diffuse noise using equation 

(2.5) and a conversion to a common gain using equation (4.6), a Wiener post-filter was 

also proposed in [LOT'06] to produce enhanced signals optimal in the MMSE sense. In 

this case the overall common gain can be written as the multiplication of two common 

gains: 

^Wiener 

{(o) = Gpre{(o)Gpost{(o) (5.1) 

where G (a) is the common gain converted as in Chapter 4, and Gpost(co) is an 

additional Wiener post-filter common gain obtained according to: 

Gpos,(G))= ' 2 ~ ~2 (5.2) 

Z W I ^ H (ZwlA(^>l) 

As before, the outputs for the right and left ears are produced by multiplying the right-

frontal and left-frontal sensor inputs with the overall common gain. The resulting system 

structure is shown in Figure 5.1. 
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Figure 5.1 MVDR beamformer with common gain, followed by a Wiener post-filter 

It should be noted that to better control the aggressiveness of the overall algorithm (and 

the tradeoff between noise reduction and speech distortion / musical noise), a limiting 

"spectral floor" is normally applied to the gain. If the spectral floor is represented by 

Swiener-sp (value between 0 and 1), then the resulting common gain for the overall 

algorithm is obtained by: 

Gwiener-spt®) = ^^^WieneM)^ Swiener-sp) (5.3) 

The spectral floor ensures that the signal attenuation will never be below gWiener_sp, and it 

can limit the level of signal distortion and musical noise introduced. 

5.2 Minimum Mean Square Short-Time Spectral Amplitude 
Estimator (MMSE-STSA) 

With the approach of using a common real-valued spectral gain to produce binaural 

outputs from a fixed binaural MVDR beamformer, the overall system is no longer a 

'normal' beamformer, and these modifications can lead to musical noise or speech 

distortion, as previously mentioned. The Minimum Mean Square Short-Time Spectral 

Amplitude estimator (MMSE-STSA) proposed in [EPH'84] is a one-channel noise 
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reduction scheme known to produce low musical noise distortion [CAP'94]. In order to 

eliminate the musical noise generated in the previously described binaural MVDR 

beamformer with cues preserved, the MMSE-STSA can be considered as a post-filter 

following the binaural MVDR beamformer. The MMSE-STSA is a SNR-type amplitude 

estimator, and it is a monaural algorithm in its standard derivation which we use here. In 

this case, we need to process each of the channels (left and right) produced by the 

binaural MVDR beamformer with cues preservation. Detail about the MMSE-STSA can 

be found in [EPH'84], and a flow chart describing the implementation that we have used 

can be found in [KAM'09A]. A strength control or spectral floor can also be applied to 

this algorithm to make sure that the common gain will not drop below a minimum value, 

so that the noise reduction will not be too aggressive. Equation (5.4) shows how to 

incorporate the strength control gmmse_sp: 

Gmmse-sp (*>) = H U « ( < W <»> Smmse-sp ) (5.4) 

where Gmmse(co) denotes the combined gain derived from the MMSE-STSA algorithm. 

Combining the MMSE-STSA with the binaural MVDR beamformer and the Wiener 

post-filter from Figure 5.1, the resulting overall system is shown in Figure 5.2. 
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Figure 5.2 Binaural MVDR beamformer with Wiener post-filter, followed by MMSE-

STSA 

In Figure 5.2, the noise auto-PSD estimation required by the MMSE-STSA algorithm is 

computed as follows: 

Noise auto-PSD = (1 - GWiener{(o)GWiener (a>)f x Noisy Input auto-PSD (5.5) 
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Some details of the MMSE-STSA procedure are provided below in Figure 5.3, with the 

parameters chosen as q = 0.2, <r = 0.98 and NFFT = 512 in our implementation: 

FOR j = RF:RB:LF: LB 

Step 1— Vj(i,a>) = ^VJi^NFFT 

S t e p 2 - £ 0 » = L^ i—1 

KM 
Step 3—y,(i» = (1 - o-)/>[Vy(i»] + a 

GLse(i-l,co)Xj(i-ho>)\2 

Vj(i,a>)\ 

Step 4— 3 = (l + £ : ( * » ) 

, "(f) 

f 7 Q 0 » ^ 

Step5—M[,9] = e U J (l + 5)/0 ^-
l V 2 

3 
+ 3L (fiW 

y^-j 

Step 6— / , ( / » = (1 -q)Yj{i,(0) 

Step 7-GL.(i,a>) = ̂  J - _ L _ 
Y 

Step 8—A = 
r l - ^ 

l+r/i.aOj 

rj(',<») 

\\+rj{i,o>)) 

A M[^] 

Step 9 - G ^ ( i » = - f i - G ^ C i , ® ) 
1 + A 

Step 10— /• = / +1 

END 

Figure 5.3 Implementation of MMSE-STSA 
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5.3 Binaural Target Estimator - Noise Reduction (PBTE-NR) 

Since in this thesis we mostly use the fixed MVDR beamformer in Chapter 2 tuned for 

diffuse noise, it is expected that it will perform quite well under diffuse noise 

environments or reverberant environments including diffuseness. However, in complex 

environments where both diffuse noise and directional interferences coexist, we may 

consider adding some other post-processing algorithms which are more targeting 

directional noise reduction. The post-processing would then operate on the binaural 

output signals with cues preserved produced from the modified beamforming stage. An 

advanced noise reduction scheme called Proposed Binaural Target Estimator - Noise 

Reduction (PBTE-NR, or PBNR) was recently presented in [KAM'09A], and it is 

suitable for noise reduction in complex acoustic environments made of time-varying 

diffuse noise, multiple transient and non-stationary directional interferences, and 

reverberation. The overall structure in [KAM'09A] makes use of the recently proposed 

binaural estimators in [KAM'09B] and [KAM'09C]. The PBNR does not require the 

knowledge of the direction of the interfering sources, and it does not rely on any voice 

activity detection (VAD) either. It preserves the binaural cues by using the same 

common gain approach as the one described in Chapter 4. The performance of combining 

fixed binaural beamforming with PBNR post-processing will thus be evaluated in this 

thesis. 

5.4 Combination of Monaural Beamformers and Monaural or 
Binaural Enhancement with Common Gain 

In the previous sections, the use of a binaural MVDR beamformer with a common gain 

being applied to signals from both sides was described. As an alternative, below we first 

present a structure where monaural MVDR beamforming is performed separately on each 

side, followed by a Minimum Mean-Square Error Short-Time Spectral Amplitude 

Estimator (MMSE-STSA) monaural speech enhancement algorithm on each side. The 

resulting gains from each side are combined to produce a global binaural common gain, 
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applied to the noisy speech signals on each side to produce the enhanced signals. This 

structure is shown in Figure 5.4: 
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Figure 5.4 Combination of monaural beamformers with common gain 

The noise auto-PSD estimations required for the MMSE-STSA algorithms in Figure 5.4 

are now obtained by: 

Noise auto-PSD = (Noisy Input auto-PSD) - (Monaural Output auto-PSD) (5.6) 

where the monaural output of the Monaural 2 MVDR beamformers on each side is used 

to estimate the clean target speech input component on each side. 

The binaural output signals from Figure 5.4 can then be used as either the final outputs, 

or they can become the input of a post-processing by the binaural PBNR algorithm, as 

described in the previous section. Alternatively, another structure which will be 

investigated in this thesis and which also involves monaural beamformers combined with 

the PBNR algorithm is the following structure : 
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Figure 5.5 Combination of monaural beamformers with PBNR, without cues preservation 

Unlike the other algorithms and structures presented in this chapter, the above structure 

does not guarantee the preservation of the binaural cues. Since the binaural PBNR 

algorithm assumes for some of its processing that the binaural input signals that it 

receives have the original spatial cues, this structure can be sub-optimal. However, since 

the binaural PBNR algorithm has a Binaural 1+1 configuration with limited capabilities 

for canceling sources from the back (please refer to Figure 6.1 in the next chapter for an 

illustration) and since the monaural MVDR beamformers are suitable for canceling 

sources coming from the back (again please refer to Figure 6.1), the combination of the 

two algorithms makes sense, as long as some cues distortion is allowed. 

In order to preserve the cues when combining the monaural beamformers and the PBNR 

algorithm, another structure is proposed in Figure 5.6. It adds a common gain reduction 

step between the monaural beamformers and the PBNR. The system structures in Figure 

5.5 and Figure 5.6 will be referred to as M2+PBNR and M2C+PBNR, respectively. 
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Chapter 6 Simulation Results with Classical 
Beamforming Performance Measures 

6.1 Experimental Setup 

The objective of the first simulation results in Section 6.2 is to compare the performance 

of different array configurations for a certain head model. Throughout the chapter, the 

fixed MVDR beamformers will be designed for diffuse noise and using the normalized 

design of Section 2.1.4. Since the MHRTF head model (from the measured HRTFs) is 

the one closest to practical conditions, it is the one used in that section. Both frontal 

target and non-frontal target situations are considered, where frontal target means that the 

direction of the target source is at 0 degree in azimuth, i.e. 0S = 0° in Figure 2.1. By 

contrast, a non-frontal target is a target coming from an angle where 0S * 0°. In practice 

when people are talking (especially when more than two people are talking together), 

they do not necessarily face exactly each other (0S = 0°), and an azimuth angle within the 

range of -20° < 0S < 20° is a more reasonable assumption for a target speaker. In order to 

assess the performance of a beamformer when a source is coming from a different 

direction than the angle for which the MVDR beamformer was designed, Section 6.2.3 

will show the results for the situation where the beamformer is designed for 0S = 0° but 

the source target speech is actually at 0S = 20°. 

Section 6.3 will investigate the effect of head model mismatch in the design of fixed 

MVDR beamformers. MVDR beamformers will be designed using the HRTFs generated 

by each of the four head models. However the performance will always be evaluated by 

using the MHRTF model, to simulate real-life testing and to produce some model 

mismatch. As above, both frontal target and non-frontal targets will be considered. 
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All of the evaluations in this chapter are done using the classical measures discussed in 

Chapter 2 such as the Beampattern, the Array Gain and the Noise Gain. The model 

parameters are set as: intra-array distance d = 0.75cm; inter-array distance dm = 17.5cm 

(radius of the head a = 8.75cm ); sampling frequency fs = 20 kHz . In the case of 

monaural beamformers, the results are only shown for the right ear (the results for the left 

ear would be symmetrical). 

6.2 Comparison of Different Array Configurations 

6.2.1 Frontal Target 

Four different microphone array configurations are considered, as in Section 3.4: 

4* 4* 

(c) Binaural 1+1 (d) Binaural 2+2 

Figure6.1 Four different microphone array configurations 
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For a frontal target, the corresponding classical measures of Beampattern, Array Gain and 

Noise Gain are as follows: 
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Figure 6.2 Beampatterns of different array configurations using MHRTF for 9S = 0° 
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Figure 6.3 Array Gain and Noise Gain using MHRTF for 0S - 0° 
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From Figure 6.1 (a) and (b), the head shadow effects can be easily perceived, since for 

these two monaural microphone array configurations the results are shown for the right 

side array, and the gains for the left azimuth plane where -180° < 0 < 0° are smaller than 

for the right plane. The corresponding results for the left side array would be symmetrical 

about the 0 = 0° axis. The Monaural 1 configuration in Figure 6.1 (a) actually shows no 

beamforming but only head shadow effects. A front-back symmetry can be observed in 

the results for the Binaural 1+1 microphone array in Figure 6.1 (c), and it can be 

observed visually that the best beampattern is the one for the Binaural 2+2 microphone 

array in Figure 6.1 (d), as expected given the increased number of microphones. 

The Array Gains in Figure 6.2 (a) compare the performance of different microphone 

array configurations for a frontal target. First, the effect of merging monaural arrays from 

both sides into a larger binaural array can be observed. The Binaural 1+1 configuration 

produces around 3 dB of increase over the Monaural 1 case (i.e. no beamforming), and 

the Binaural 2+2 also produces about 3 dB of improvement over the Monaural 2. Then, 

comparing the binaural beamforming configurations, we can also observe the benefit of 

moving from a Binaural 1+1 scenario to a Binaural 2+2 scenario (approximately 3-4 dB 

of improvement). Finally, for the same total number of microphones, we can also 

compare the orientation of the array, endfire and broadside, although this is not likely a 

choice that a designer would need to make in practice. For a frontal target, the Monaural 

2 case is in a endfire configuration, while the binaural Binaural 1+1 case is in a broadside 

configuration. It is well known in the field of beamforming that for a linear array the 

endfire configuration is favorable compared to the broadside one, and this can be 

observed here by the superior performance of the Monaural 2 case over the Binaural 1+1 

case (approximately 2-3 dB) for this particular setup. 

The noise gain results in Figure 6.2 (b) show that for a frontal target the binaural 

configurations have typically a lower noise gain than their monaural counterparts (often a 

3 dB difference). It also shows that the broadside configuration (Binaural 1+1 for this 

target direction) has a particularly low noise gain. 
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6.2.2 Non-Frontal Target 
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Figure 6.4 Beampatterns of different array configurations using MHRTF for 0S = 20° 
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Figure 6.5 Array Gain and Noise Gain using MHRTF for 0S = 20° 
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Figure 6.6 Array Gain using MHRTF for 0S = 60° and 9S = 90 
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From the Array Gain results of Figures 6.3 to 6.4, we can see that for a non-frontal target 

at 9S = 20° the binaural configurations still produce approximately 3dB of improvement 

over their respective monaural counterparts, and that the Binaural 2+2 configuration still 

produces approximately 3-4dB of improvement over the Binaural 1+1 configuration. For 

the Noise Gain results in Figure 6.4 (b), the binaural configurations no longer have a 

lower Noise Gain than their respective monaural counterparts, and they now have a more 

similar Noise Gain over most frequencies. 

For the Array Gain results with a target at 6S = 60° and 0S = 90° in Figure 6.5, the 

binaural configurations still produce approximately 3dB of improvement over their 

respective monaural counterparts, and the Binaural 2+2 configuration produces 

approximately 1-2 dB of improvement over the Binaural 1+1 configuration. This 

reduction of the improvement for the Binaural 2+2 over the Binaural 1+1 is because in 

this case the Binaural 1+1 array is in an endfire configuration for 0S - 90°, and this also 

explains why in this case the Binaural 1+1 starts to outperform the Monaural 2 case 

(which becomes a broadside configuration for 9S = 90°). 
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6.2.3 DOA Mismatch 
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Figure 6.7 Array Gain and Noise Gain for case of DOA mismatch, using MHRTF 

Figure 6.6 shows the Array Gain results when the MVDR beamformer is designed for 

0s = 0° while the Array Gain performance measure is evaluated for a target at 0S = 20°. 

Thus this is a significant DOA mismatch of 20 degrees in this case, and we can observe a 

drop in the performance of the Binaural 1+1 and Binaural 2+2 beamformers over the 

range of frequencies 2000Hz < / < 4000Hz, although the overall Array Gain will remain 

positive. This stresses the importance of having relatively good DOA information about 

the target source. The performance of the Monaural 2 configuration was not affected as 

much in this particular scenario, although we will see later that on average (over different 

angles) it degrades similarly to the binaural cases. 

67 



6.3 Comparison of Different Head Models and Model Mismatch 

Case 1: Monaural 1 (M = 1) Case 2: Monaural 2 (M = 2) 
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Figure 6.8 Array Gains of different head models for 0 = 0°, with model mismatch 
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Case 1: Monaural 1 (M = 1) Case 2: Monaural 2 (M = 2) 
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Figure 6.9 Array Gains of different head model for 0 = 20°, with model mismatch 
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Case 1: Monaural 1 (M = 1) Case 2: Monaural 2 (M = 2) 
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Figure 6.10 Array Gains of different head model for 9 = -20°, with model mismatch 
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Case 1: Monaural 1 (M = 1) Case 2. Monaural 2 (M = 2) 
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Figure 6.11 Average Array Gain of different models for different steering directions, with 

model mismatch 

The results shown in Figures 6.7 to 6.10 show the performance when the MVDR design 

was made using different head models, while the Array Gain was always evaluated using 

the measured MHRTF model. Thus the ideal case is for the MVDR design using the 

MHRTF model, because in this case there is no model mismatch between the design and 

the performance evaluation. In addition, Figure 6.10 shows the Average Array Gain for 

different steering directions (Aver_AG(#si)), where the Average Array Gain is obtained 
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by simply averaging frequency dependent Array Gain values over uniformly distributed 

frequency values. This can be illustrated by the following equation: 

Aver_AG(0si) = lOloglo 
IlTAG(M) 

Nfre« 

(dB) (6.1) 

where Nf = 256 is the number of frequencies for which the Array Gains are calculated 

over F = l~10000Hz; and AG fa, Fj) is the array gain of the frequency Fj for each 

steering direction 0si =-90°,-85°, 5°,0°,5°,- -85°,90°. It should be noted that this 

approach does not include critical band weighting. 

Generally speaking, with head models that are not particularly matched to fit the 

measured MHRTF, a performance within 1-2 dB of the ideal performance (i.e. with no 

model mismatch) was reached for a wide range of frequencies. In general, the 

performance of the PZS head model was the one which produced the closer results to the 

ideal case of no mismatch with the MHRTF model. This indicates that in practice the 

head model used for the fixed MVDR beamformer tuned for diffuse noise would not 

need to be overly accurate to provide a decent performance. Figure 6.10 also shows that 

overall the Monaural 2 and the binaural configurations have a similar behavior in terms 

of performance degradation with head model mismatch. 

6.4 Conclusion 

The results of this chapter have shown that if a reasonably good DOA estimate is 

available for a target source, then fixed binaural MVDR beamformers tuned for diffuse 

noise reduction outperform their monaural counterparts, and there is also a benefit to 

have a Binaural 2+2 configuration over a Binaural 1+1 configuration. The results are 

fairly robust to head model mismatch, especially for frontal or near-frontal targets, which 

indicates that the head model does not need to be overly accurate in practice for the 

design of the fixed MVDR beamformers. However, it was observed that DOA mismatch 

can significantly reduce the performance of fixed beamforming, thus it is important to 
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have a reasonably good DOA estimate of the target direction (or, equivalently, if we do 

not wish to have DOA estimation, it is important to force the target to be in a more 

narrow range of target angles, for example near-frontal). It should be noted that adaptive 

beamformers (i.e. with adaptive time-varying noise statistics), which we do not use here, 

have been found to be even less robust to DOA errors [ROH'07]. 

However, the classical beamforming performance results of this chapter have some 

limitations: 

• the performance metrics of this chapter are useful to evaluate MVDR 

beamformers (monaural or binaural) having a single monaural output, but they 

may not be representative of the performance achieved by the modified binaural 

beamformer with a common binaural gain to preserve binaural cues, presented in 

Chapter 4. They are also not representative of the performance achieved by the 

different structures described in Chapter 5 and combining the beamforming 

algorithms with speech enhancement or noise reduction algorithms. 

• the performance metrics of this chapter do not directly address speech quality or 

intelligibility, especially in the context of complex acoustic environments with 

time-varying diffuse noise, time-varying directional interferences and 

reverberation. 

For those reasons, another set of experiments is performed in the next chapter, under 

a complex acoustic environment and using objective measures related to speech 

quality and intelligibility. Enhanced sound files are also produced for each method. 
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Chapter 7 Simulation Results with Speech 
Quality and Intelligibility Objective 
Measures 

7.1 Experimental Setup for Complex Acoustic Environments 

In this chapter, simulations are performed from real-life recordings. The data were 

recorded by a hearing aid manufacturer using two 3-channel 'Behind the Ear' (BTE) 

hearing aid shells mounted separately on the left and right ear of a KEMAR dummy head. 

On the advice of the hearing aid manufacturer, it was decided in this work to consider at 

most 2 microphones on each side of the head, so only up to 4 channels among 6 were 

selected: right-front channel, right middle channel, left front channel and left middle 

channel. The distance between both ears was 17.5 cm, and the distance between 

microphones from the same ear was 0.75 cm. To collect different real-life binaural data, 

the dummy head was placed in different environments such as in offices of various sizes, 

in a university cafeteria, near a road or in a car. The directional signals used in this 

chapter were separately recorded in a cafeteria environment with an average 

reverberation time of 1.76 seconds. The target speech signals used in this chapter were 

recorded at 0.75 m from the dummy head, while the directional speech interferences were 

recorded a 1.5 m from the dummy head. Diffuse-like binaural noise was also recorded by 

the hearing aid manufacturer under different environments, and binaural diffuse-like 

babble noise recorded from a cafeteria environment at lunch time was used in this chapter. 

The length of the recordings fed to the experiments was 8.5 seconds, at 20 kHz. 

The following is the description of the complex acoustic scenario considered: a female 

target speaker is exactly in front of a hearing aid user (target azimuth = 0 degree) with a 

distance of 0.75 meters from the user. Two interfering speeches from male speakers both 

at 1.5 meters from the user were added as directional noise at -90 degrees and 120 
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degrees of azimuth. Transient noises such as dishes clattering were also added as lateral 

interferences (these were synthesized by using experimentally measured HRTFs, and 

thus they are the only components not including reverberation). Moreover, diffuse-like 

babble noise was added to the background. The level of the diffuse noise was in addition 

forced to be time-varying (with a sudden jump by 12 dB in the level, followed later by a 

sudden decrease in level), to make the scenario more challenging and to simulate the 

scenario when the hearing-aid user is entering a very noisy environment from a less noisy 

environment (e.g. user entering the cafeteria). 

Figure 7.1 Experimental setup for complex acoustic environment 

Scenario 

Number 

Scenario-1 

Scenario-2 

Scenario-3 

Input SNR (dB) 

Left Ear 

1.47 

-4.55 

-14.09 

Right Ear 

4.15 

-1.87 

-11.42 

Three levels of input SNR at both ears 



Clean Left Input 

3 4 5 
Time:seconds 

Senario-1 Noisy Left Input 

3 4 5 
Time: seconds 

0.4 

0.2 \ 

} . , 
-0.2 \ 

Senario-2 Noisy Left Input 

-0.4 
3 4 5 

Time:seconds 

Senario-3 Noisy Left Input 

Figure 7.2 Clean and noisy input signals received by the left (front) sensor 

76 



For the acoustic scenario described in the previous paragraphs, three different levels of 

input SNRs will be considered in the simulations, as shown in Table 7.1. The clean 

speech input signal and the resulting noisy input signals received by the left (front) sensor 

are shown in Figure 7.2. In all the simulations, the noisy inputs were processed on a 

frame-by-frame basis, and the frame length was 25.6 ms (512 samples at sampling 

frequency fs = 20 kHz), with 50% overlap. A Harm window was applied to each frame. 

The FFT-size was set toiV = 512. After processing the frames of the noisy input signals, 

an Overlap-and-Add (OLA) method was used to reconstruct the enhanced output signals. 

Except for Section 7.4.5 Head Model Mismatch, the design of the MVDR beamformers 

in this chapter were performed using the MHRTF model, which corresponds to the 

HRTFs measured from the same KEMAR mannequin with the same BTE units as the 

ones used for the binaural recordings. Taking the microphone configuration Binaural 1+1 

with a common gain approach ("B1C" for short), an example of the whole processing can 

be illustrated in Figure 7.3: 
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Figure 7.3 Applying binaural beamforming (B1C) to real-life recordings 

7.2 Speech Quality and Intelligibility Objective Measures 

To evaluate the noise reduction performance of the cases considered in this chapter, a 

variety of objective measures such as the Signal-to-Noise ratio (SNR), the Segmental 

SNR (segSNR), the Coherence Speech Intelligibility Index (CSII), and some composite 
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objective measures will be used in this chapter. A brief introduction to each of those 

objective measures is presented below. 

The Signal-to-Noise Ratio (SNR) is one of the most classical measurements to evaluate 

the performance of a signal enhancement algorithm. It is defined as the ratio of a signal 

power to the noise power corrupting the signal. That is to say, the higher the ratio, the 

less obtrusive the background noise is. If we write the discrete time as n and the noisy 

signal and enhanced output as x(ri) and x(n) respectively, then in the logarithmic scale, 

the SNR can be defined as 

SNR = 10 log 10 ^2 

J 
(dB) (7.1) 

However, the SNR may not be the best choice to evaluate the performance of speech 

enhancement algorithms [HAN'98], since it is known to be one of the metrics least 

correlated with the average subjective opinion of quality, as the noise reduction that it 

indicates is in the mean-square sense rather than in a perceptual sense [MUS'08]. 

The segmental SNR (segSNR) is formed by averaging the SNRs of each frame: 

1 l 

segSNR = -]TSNR(/) 

If segSNR > 35dB, then segSNR = 35dB; (7*2) 

If segSNR < -lOdB, then segSNR = -lOdB. 

where L is the number of frames, and SNR(/) is the SNR (in dB) of the /'* frame of the 

windowed speech, defined in (7.1). An upper threshold is used, because frames with 

SNRs above 35 dB do not produce large additional perceptual differences. Similarly, 

SNR values can be negative during the silence periods, since speech signal energy is very 

small then, and these frames do not reflect the true perceptual quality of the speech signal 

[HAN'98], so a lower SNR bound is also set at -10 dB. 

The Coherence and Speech Intelligibility Index (CSII) is an extension of the Speech 

Intelligibility Index (SII) (ANSI S3.5-1997). SII is a mean to estimate speech 
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intelligibility under conditions of additive stationary noise or bandwidth reduction 

[KAT'05]. However, the outputs of hearing aids can be corrupted by distortion as well as 

noise, for example non-linear distortions such as peak-clipping and center-clipping which 

may be caused by the different speech enhancement algorithms. Using the coherence 

between the input and output signals to estimate the combined effects of noise and 

distortion, CSII further includes broadband peak-clipping and center-clipping distortion. 

The speech signal is first divided into low-, mid- and high-level regions, and then in each 

region a signal-to-distortion ratio (SDR) is computed by a mean-square coherence 

function. The advantage of SDR over SNR is that it includes both noise and distortion, 

while SNR considers noise only. Afterwards, weighted summing the SDRs across the 

frequencies for each level results in indexes for the three regions. Finally, the 

intelligibility index is obtained through a linear combination of the CSII results from 

each region [KAT'05]. CSII provides a score between "0" and "1" , where "0" means that 

the signal is not intelligible at all, and " 1 " means that it is perfectly intelligible. It should 

be noted that CSII is applied to 16 kHz wideband speech signals, so the enhanced speech 

signals at 20 kHz were downsampled to 16 kHz for the computation of the CSII. 

In [HU'06], composite measures were proposed by weighting and combining existing 

objective measures such as the Weighted-Slope Spectral (WSS) distance, the Log 

Likelihood Ratio (LLR) and the Perceptual Evaluation of Speech Quality (PESQ), using 

nonlinear or nonparametric regression models. The composite measures are referred to as 

Csig, Cbak and Covl. Comparing with conventional objective measures, they have 

produced a higher correlation with subjective measures. Among them, Csig represents 

the degree of speech distortion, Cbak rates the intrusiveness of background noise, and 

Covl evaluates the overall quality of the speech signals. Covl thus follows the same scale 

as the mean opinion score (MOS), and the other measures are also represented by a five-

point scale as follows: 
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^ C o m p o s i t e 

Measure^v 

Scale \ v 

1 

2 

3 

4 

5 

Csig 

Very unnatural, 

very degraded 

Fairly unnatural, 

fairly degraded 

Somewhat 

natural, 

Somewhat 

degraded 

Fairly natural, 

little degradation 

Very natural, 

No degradation 

Cbak 

Very 

conspicuous, 

Very intrusive 

Fairly 

conspicuous, 

somewhat 

intrusive 

Noticeable but 

not intrusive 

Somewhat 

noticeable 

Not noticeable 

Covl 

Bad 

Poor 

Fair 

Good 

Excellent 

Table 7.2 Meaning and scale of the composite measures 

The composite measures used in this work operate at 8 kHz, thus the signals from our 

simulations performed at 20 kHz were downsampled to 8 kHz for the computation of the 

measures. 

Each objective measure has its own advantages and disadvantages. By using several 

objective measures to evaluate the performance of the considered algorithms, it is 

expected that overall improvements in all or most of the measures will correspond to real 

speech quality and/or intelligibility improvements. 
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7.3 Comparison of Algorithms 

7.3.1 Binaural MVDR Beamforming with Common Binaural Gain and 
Post-Filter 

First, the best gain conversion method from Section 4.2 should be found for the "basic" 

Binaural 1+1 and Binaural 2+2 MVDR beamforming configurations with a common binaural 

gain. In order to achieve this goal, for each scenario (i.e. each input SNR level), the results 

generated by using conversion methods from (4.6)-(4.10) are shown in Tables 7.3-7.5. The 

resulting algorithms with the different gain conversion methods from (4.6)-(4.10) have the 

suffix "_sum", "sqr", "_mul", "_max" and "_min". In the tables, B1C and B2C represent 

the Binaural 1+1 and Binaural 2+2 MVDR beamformers with a conversion to a common 

gain. The simulation results in this Section 7.3.1 are obtained under the assumption of frontal 

target, without any DOA or Head Model mismatch. 

noisy 

BlC_sum 

BlC_sqr 

BlC_mul 

BlC_max 

BlC_min 

B2C_sum 

B2C_sqr 

B2C_mul 

B2C_max 

B2C_min 

SNR 

L(dB) 

1.47 

3.50 

4.26 

2.87 

5.57 

2.33 

6.10 

6.40 

5.08 

7.11 

3.88 

SNR 

R(dB) 

4.15 

6.28 

6.68 

5.89 

7.58 

5.26 

7.27 

7.64 

7.16 

7.99 

6.31 

segSNR 

L(dB) 

-1.82 

-0.77 

-0.49 

-0.98 

0.04 

-1.33 

0.46 

0.69 

0.32 

0.88 

-0.50 

segSNR 

R(dB) 

-1.11 

0.11 

0.37 

-0.14 

0.93 

-0.56 

0.69 

0.95 

0.63 

1.19 

0.02 

CSII 

L 

0.58 

0.69 

0.71 

0.66 

0.74 

0.63 

0.85 

0.87 

0.84 

0.89 

0.75 

CSII 

R 

0.69 

0.80 

0.83 

0.78 

0.85 

0.74 

0.90 

0.90 

0.88 

0.93 

0.83 

Csig 

L 

3.20 

3.28 

3.33 

3.25 

3.40 

3.20 

3.59 

3.60 

3.54 

3.62 

3.41 

Csig 

R 

2.04 

3.44 

3.47 

3.41 

3.51 

3.37 

3.62 

3.63 

3.59 

3.64 

3.51 

Cbak 

L 

2.51 

2.13 

2.17 

2.10 

2.24 

2.06 

2.39 

2.41 

2.35 

2.43 

2.24 

Cbak 

R 

3.39 

2.25 

2.28 

2.23 

2.34 

2.18 

2.41 

2.43 

2.39 

2.45 

2.31 

Covl 

L 

2.16 

2.58 

2.62 

2.54 

2.68 

2.50 

2.88 

2.90 

2.84 

2.92 

2.70 

Covl 

R 

2.70 

2.74 

2.77 

2.72 

2.81 

2.67 

2.92 

2.93 

2.89 

2.95 

2.82 

Table 7.3 Comparison of different common gain conversions for Scenario-1 
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noisy 

BICsum 

BlC_sqr 

BlC_mul 

BlC_max 

BlC_min 

B2C_sum 

B2C_sqr 

B2C_mul 

B2C_max 

B2C_min 

SNR 

L(dB) 

-4.55 

-2.33 

-1.50 

-3.00 

0.07 

-3.58 

0.97 

1.20 

-0.42 

2.30 

-1.76 

SNR 

R(dB) 

-1.87 

0.59 

1.05 

0.16 

2.26 

-0.55 

2.32 

2.56 

1.94 

3.16 

0.98 

segSNR 

L(dB) 

-5.25 

-4.24 

-3.97 

-4.42 

-3.34 

-4.75 

-2.63 

-2.45 

-2.89 

-2.12 

-3.74 

segSNR 

R(dB) 

-4.75 

-3.68 

-3.44 

-3.88 

-2.82 

-4.22 

-2.69 

-2.50 

-2.84 

-2.17 

-3.45 

CSII 

L 

0.29 

0.35 

0.33 

0.37 

0.39 

0.34 

0.61 

0.61 

0.57 

0.65 

0.40 

CSII 

R 

0.30 

0.37 

0.41 

0.37 

0.45 

0.38 

0.65 

0.65 

0.57 

0.70 

0.49 

Csig 

L 

2.60 

2.70 

2.75 

2.67 

2.82 

2.61 

3.09 

3.11 

3.03 

3.14 

2.86 

Csig 

R 

1.50 

2.86 

2.89 

2.83 

2.95 

2.77 

3.11 

3.12 

3.07 

3.15 

2.96 

Cbak 

L 

1.97 

1.60 

1.64 

1.57 

1.71 

1.52 

1.90 

1.93 

1.86 

1.97 

1.73 

Cbak 

R 

2.78 

1.70 

1.72 

1.67 

1.79 

1.62 

1.90 

1.92 

1.87 

1.95 

1.78 

Covl 

L 

1.60 

2.05 

2.09 

2.01 

2.15 

1.96 

2.41 

2.44 

2.36 

2.47 

2.20 

Covl 

R 

2.13 

2.20 

2.23 

2.17 

2.28 

2.13 

2.44 

2.46 

2.41 

2.48 

2.30 

Table 7.4 Comparison of different common gain conversions for Scenario-2 

noisy 

BICsum 

BlC_sqr 

BlC_mul 

BlC_max 

BICmin 

B2C_sum 

B2C_sqr 

B2C_mul 

B2C_max 

B2C_min 

SNR 

L(dB) 

-14.09 

-11.77 

-10.89 

-12.47 

-9.20 

-13.08 

-8.08 

-7.85 

-9.65 

-6.53 

-11.08 

SNR 

R(dB) 

-11.42 

-8.78 

-8.29 

-9.23 

-6.93 

-9.99 

-6.62 

-6.43 

-7.15 

-5.70 

-8.19 

segSNR 

L(dB) 

-8.64 

-8.16 

-8.02 

-8.25 

-7.63 

-8.41 

-6.93 

-6.82 

-7.21 

-6.49 

-7.78 

segSNR 

R(dB) 

-8.43 

-7.82 

-7.68 

-7.93 

-7.27 

-8.13 

-6.89 

-6.80 

-7.07 

-6.54 

-7.48 

CSII 

L 

0.07 

0.14 

0.15 

0.12 

0.15 

0.11 

0.26 

0.27 

0.23 

0.29 

0.16 

CSII 

R 

0.10 

0.11 

0.12 

0.10 

0.15 

0.12 

0.21 

0.22 

0.17 

0.23 

0.15 

Csig 

L 

1.67 

2.00 

1.95 

2.20 

2.00 

2.07 

2.25 

2.28 

2.21 

2.29 

2.06 

Csig 

R 

0.78 

2.04 

2.07 

2.02 

2.10 

2.17 

2.25 

2.27 

2.23 

2.28 

2.14 

Cbak 

L 

1.06 

1.03 

0.98 

1.20 

1.03 

1.10 

1.20 

1.21 

1.16 

1.24 

1.06 

Cbak 

R 

1.91 

1.04 

1.06 

1.03 

1.09 

1.15 

1.19 

1.20 

1.17 

1.23 

1.11 

Covl 

L 

0.94 

1.46 

1.37 

1.74 

1.41 

1.59 

1.65 

1.67 

1.61 

1.68 

1.48 

Covl 

R 

1.32 

1.47 

1.49 

1.45 

1.52 

1.67 

1.65 

1.67 

1.63 

1.68 

1.56 

Table 7.5 Comparison of different common gain conversions for Scenario-3 

Under most scenarios, the method which clearly produced the best noise reduction 

performance was to convert to a binaural common gain using equation (4.9) i.e. using the 

maximum of the left and right input signal levels in the computation of the common gain, 
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leading to a smaller (i.e. more agressive) gain. The same conclusion was obtained by 

listening to the resulting enhanced files (a link to some sound files is provided at the end of 

this chapter). So in all of the simulations to follow in this chapter, equation (4.9) will be used 

when a binaural common gain is to be produced from a binaural beamformer. 

Next, to better compare the performance of the Binaural 1+1 and Binaural 2+2 MVDR 

beamformers with a common gain computed with equation (4.9), i.e. "B1C" and "B2C" 

respectively, Table 7.6 presents a summary of the results for the three SNR scenarios: 

SEl-noisy 

B1C 

B2C 

SE2-noisy 

B1C 

B2C 

SE3-noisy 

B1C 

B2C 

SNR 

L(dB) 

1.47 

5.57 

7.11 

-4.55 

0.07 

2.30 

-14.09 

-9.20 

-6.53 

SNR 

R(dB) 

4.15 

7.58 

7.99 

-1.87 

2.26 

3.16 

-11.42 

-6.93 

-5.70 

segSNR 

L(dB) 

-1.82 

0.04 

0.88 

-5.25 

-3.34 

-2.12 

-8.64 

-7.63 

-6.49 

segSNR 

R(dB) 

-1.11 

0.93 

1.19 

-4.75 

-2.82 

-2.17 

-8.43 

-7.27 

-6.54 

CSH 

L 

0.58 

0.74 

0.89 

0.29 

0.39 

0.65 

0.07 

0.15 

0.29 

CSII 

R 

0.69 

0.85 

0.93 

0.30 

0.45 

0.70 

0.10 

0.15 

0.23 

Csig 

L 

3.20 

3.40 

3.62 

2.60 

2.82 

3.14 

1.67 

2.00 

2.29 

Csig 

R 

2.04 

3.51 

3.64 

1.50 

2.95 

3.15 

0.78 

2.10 

2.28 

Cbak 

L 

2.51 

2.24 

2.43 

1.97 

1.71 

1.97 

1.06 

1.03 

1.24 

Cbak 

R 

3.39 

2.34 

2.45 

2.78 

1.79 

1.95 

1.91 

1.09 

1.23 

Covl 

L 

2.16 

2.68 

2.92 

1.60 

2.15 

2.47 

0.94 

1.41 

1.68 

Covl 

R 

2.70 

2.81 

2.95 

2.13 

2.28 

2.48 

1.32 

1.52 

1.68 

Table 7.6 Comparison of basic Binaural 1+1 and Binaural 2+2 MVDR with a common gain 

From Table 7.6, it can be seen that the Binaural 1+1 MVDR with a common gain can 

improve all of the objective measures for all of the 3 noisy environments (i.e. 3 SNR 

scenarios in Table 7.1). The Binaural 2+2 MVDR with a common gain can further improve 

the results. The noisier the environment, the more improvement is achieved by doubling the 

number of microphones (i.e. going from the Binaural 1+1 MVDR with common gain to the 

Binaural 2+2 MVDR with common gain). The superiority of the Binaural 2+2 configuration 

also matches the results from Chapter 6, which were obtained for pure monaural output 

MVDR beamforming (i.e. no common gain) and for classic beamforming metrics. Listening 

to the resulting recordings, we find that the musical noise in the Binaural 2+2 case is less 

obvious than the one in the Binaural 1+1 case, although the presence of a different type of 

distortion can be felt, similar to background modulated low-frequency noise. 
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Next, the potential improvement of adding a Wiener Post-Filter (WPF) after the MVDR 

beamformer with common gain is to be evaluated, with and without a spectral floor (SF). 

Please refer to Figure 5.1. The results for each SNR scenario are shown in Tables 7.7-7.9, 

where WPF represents a Wiener Post-Filter without a spectral floor, and WPF (0.3) 

represents a Wiener Post-Filter with a spectral floor set to 0.3. 

noisy 

B1C 

B1C+WPF 

B1C+WPF(0.3) 

B2C 

B2C+WPF 

B2C+WPF(0.3) 

SNR 

L(dB) 

1.47 

5.57 

7.54 

7.11 

7.11 

6.84 

6.27 

SNR 

R(dB) 

4.15 

7.58 

8.59 

8.36 

7.99 

6.96 

6.77 

segSNR 

L(dB) 

-1.82 

0.04 

0.89 

0.66 

0.88 

0.73 

0.13 

segSNR 

R(dB) 

-1.11 

0.93 

1.65 

1.49 

1.19 

0.87 

0.63 

CSII 

L 

0.58 

0.74 

0.84 

0.80 

0.89 

0.90 

0.81 

CSII 

R 

0.69 

0.85 

0.92 

0.90 

0.93 

0.95 

0.91 

Csig 

L 

3.20 

3.40 

3.41 

3.49 

3.62 

3.19 

3.53 

Csig 

R 

2.04 

3.51 

3.46 

3.58 

3.64 

3.22 

3.62 

Cbak 

L 

2.51 

2.24 

2.30 

2.33 

2.43 

2.28 

2.36 

Cbak 

R 

3.39 

2.34 

2.36 

2.41 

2.45 

2.29 

2.42 

Covl 

L 

2.16 

2.68 

2.72 

2.78 

2.92 

2.60 

2.83 

Covl 

R 

2.70 

2.81 

2.78 

2.88 

2.95 

2.63 

2.92 

Table 7.7 Wiener Post Filter with or without a spectral floor for Scenario-1 

noisy 

B1C 

B1C+WPF 

B1C+WPF(0.3) 

B2C 

B2C+WPF 

B2C+WPF(0.3) 

SNR 

L(dB) 

-4.55 

0.07 

3.04 

2.30 

2.30 

3.82 

2.38 

SNR 

R(dB) 

-1.87 

2.26 

4.30 

3.77 

3.16 

3.51 

2.86 

segSNR 

L(dB) 

-5.25 

-3.34 

-2.18 

-2.49 

-2.12 

-1.78 

-2.65 

segSNR 

R(dB) 

-4.75 

-2.82 

-1.66 

-1.97 

-2.17 

-1.91 

-2.44 

CSII 

L 

0.29 

0.39 

0.49 

0.45 

0.65 

0.77 

0.55 

CSII 

R 

0.30 

0.45 

0.59 

0.54 

0.70 

0.86 

0.63 

Csig 

L 

2.60 

2.82 

2.85 

2.92 

3.14 

2.81 

2.98 

Csig 

R 

1.50 

2.95 

2.92 

3.04 

3.15 

2.81 

3.08 

Cbak 

L 

1.97 

1.71 

1.80 

1.82 

1.97 

1.91 

1.87 

Cbak 

R 

2.78 

1.79 

1.86 

1.89 

1.95 

1.87 

1.92 

Covl 

L 

1.60 

2.15 

2.20 

2.25 

2.47 

2.26 

2.33 

Covl 

R 

2.13 

2.28 

2.29 

2.37 

2.48 

2.25 

2.42 

Table 7.8 Wiener Post Filter with or without a spectral floor for Scenario-2 

noisy 

B1C 

B1C+WPF 

B1C+WPF(0.3) 

B2C 

B2C+WPF 

B2C+WPF(0.3) 

SNR 

L(dB) 

-14.09 

-9.20 

-5.61 

-6.56 

-6.53 

-3.61 

-5.97 

SNR 

R(dB) 

-11.42 

-6.93 

-4.21 

-4.99 

-5.70 

-4.41 

-5.53 

segSNR 

L(dB) 

-8.64 

-7.63 

-6.65 

-6.94 

-6.49 

-5.55 

-6.72 

segSNR 

R(dB) 

-8.43 

-7.27 

-6.35 

-6.62 

-6.54 

-5.88 

-6.54 

CSII 

L 

0.07 

0.15 

0.16 

0.14 

0.29 

0.50 

0.16 

CSII 

R 

0.10 

0.15 

0.19 

0.16 

0.23 

0.49 

0.22 

Csig 

L 

1.67 

2.00 

1.96 

2.07 

2.29 

2.04 

2.10 

Csig 

R 

0.78 

2.10 

2.05 

2.18 

2.28 

2.02 

2.18 

Cbak 

L 

1.06 

1.03 

1.06 

1.10 

1.24 

1.26 

1.16 

Cbak 

R 

1.91 

1.09 

1.12 

1.17 

1.23 

1.20 

1.18 

Covl 

L 

0.94 

1.41 

1.39 

1.48 

1.68 

1.57 

1.52 

Covl 

R 

1.32 

1.52 

1.50 

1.59 

1.68 

1.54 

1.59 

Table 7.9 Wiener Post Filter with or without a spectral floor for Scenario-3 
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From the data in the above three tables, it is found that for the Binaural 1+1 beamforming 

configuration in particular, the addition of a WPF post-filter (with or without spectral floor) 

helps to improve the performance in all scenarios and for all measures in general. For both 

beamforming configurations, adding a spectral floor to the WPF limits the level of noise 

reduction, but it also helps to limit the introduced musical noise distortion, as found by 

listening to the corresponding recordings. Consequently, since the WPF normally increases 

the level of musical noise introduced, if a WPF is used then a spectral floor should also be 

used. The benefits of using a WPF post-filter for the Binaural 2+2 beamforming 

configuration were less obvious, considering that a spectral floor is required. For example, in 

the high SNR scenario (Table 7.7) the WPF does not provide SNR benefits for the Binaural 

2+2 beamforming configuration, and for all scenarios the composite measures often indicate 

a better performance for the Binaural 2+2 beamforming configuration without WPF. As 

before, the Binaural 2+2 beamforming configuration (with or without WPF) contained less 

musical noise than its Binaural 1+1 counterpart, as observed by listening to the 

corresponding sound files. Finally, it should also be noted that if a WPF with spectral floor is 

used, the performance of the Binaural 1+1 beamforming configuration then becomes as good 

(or even better at low SNR) than the performance of the Binaural 2+2 beamforming 

configuration. A link to some sound files is provided at the end of this chapter. 

Taking the setup B2C+WPF(0.3) as an example, it is also of interest to observe the clean 

speech, noise, noisy speech and enhanced outputs in both the time and frequency domain. 

The corresponding results are shown in Figure 7.4 and 7.5, corresponding to a short segment 

of the signals (approx. 0.8 sec): 
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Lett Clean input Right Clean Input 

(a) Left Clean 
Senario-3 Left Noise Input 

(c) Scenario-3: Left Noise 
Senarto-3 Lett Noisy Input 

(e) Scenario-3: Left Noisy 
Senarto-3 Left Enhanced Output by B2C+WPF(0.3) 

(b) Right Clean 
Senarto-3 Right Noise Input 

e.s e.e 7 7.1 7.2 

(d) Scenario-3: Right Noise 
Senarto-3 Right Noisy Input 

(f) Scenario-3: Right Noisy 
Senarto-3 Right Enhanced Output by B2C+WPF(0.3) 

(g) Left Enhanced (h) Right Enhanced 

Figure 7. 4 Clean speech, noise, noisy signal and output enhanced by B2C+WPF(0.3) in the time 

domain 
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Left Clean Input Right Clean Input 

(a) Left Clean 
Senario-3 Left Noise Input 

(c) Scenario-3: Left Noise 
Senario-3 Left Noisy Input 

(e) Scenario-3: Left Noisy 
Senario-3 Left Enhanced Output by B2C+WPF(0.3) 

(b) Right Clean 
Senario-3 Right Noise Input 

0 1000 2000 3000 4000 5000 6000 7000 6000 9000 10000 
Frequency: Hz 

(d) Scenario-3: Right Noise 
Senario-3 Right Noisy Input 

(f) Scenario-3: Right Noisy 
Senario-3 Right Enhanced Output by B2C+WPF(0-3) 

(g) Left Enhanced (h) Right Enhanced 

Figure 7. 5 Power Spectral Density of clean speech, noise, noisy signal and output enhanced by 

B2C+WPF(0.3) 
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7.3.2 Binaural MVDR Beamforming as a Pre-Processor for a Speech 

Enhancement Algorithm 

As in the previous Section 7.3.1, the simulation results of this Section 7.3.2 are obtained 

under the assumption of frontal target, without any DOA or Head Model mismatch. Cases 

with DOA and Head Model mismatch will be discussed in Sections 7.3.4 and 7.3.5. 

7.3.2.1 Combination with MMSE-STSA monaural enhancement 

Due to the fact that applying a spectral floor to the Wiener Post Filter in a MVDR 

beamformer with common binaural gain can only limit the musical noise up to a certain 

amount, the addition of a MMSE-STSA enhancement is considered after the WPF (please 

refer to Figure 5.2). The "classic" MMSE-STSA is used to provide a monaural enhancement 

to signals on each of the left and right sides. Therefore, to preserve the binaural cues, the 

gains yielded by the left and right sides need to be combined into a common gain. Different 

possible combinations were discussed in Section 4.3 in equations (4.11)-(4.14), and we first 

need to determine which combination is more suitable. Simulation results corresponding to 

the use of equations (4.11)-(4.14) and for each SNR scenario are shown in Tables 7.10-7.12, 

where Eph (0.35) stands for a spectral floor of 0.35 added to the MMSE-STSA algorithm. 

Noisy 

B1 C+WPF+Eph(0.35)_max 

B1 C+WPF+Eph(0.35)_min 

BlC+WPF+Eph(0.35)_sqr 

B lC+WPF+Eph(0.35)_aver 

B2C+WPF+Eph(0.35)_max 

B2C+WPF+Eph(0.35)_min 

B2C+WPF+Eph(0.35)_sqr 

B2C+WPF+Eph(0.35)_aver 

SNR 

L(dB) 

1.47 

5.43 

5.30 

5.43 

5.42 

4.69 

4.57 

4.74 

4.73 

SNR 

R(dB) 

4.15 

3.63 

6.07 

6.29 

6.29 

3.09 

4.94 

5.14 

5.13 

segSNR 

L(dB) 

-1.82 

-0.62 

-0.58 

-0.55 

-0.57 

-1.15 

-1.07 

-1.02 

-1.04 

segSNR 

R(dB) 

-1.11 

-1.73 

0.18 

0.21 

0.19 

-2.16 

-0.50 

-0.47 

-0.49 

CSII 

L 

0.58 

0.67 

0.73 

0.71 

0.70 

0.64 

0.68 

0.69 

0.68 

CSII 

R 

0.69 

0.46 

0.85 

0.83 

0.83 

0.42 

0.85 

0.84 

0.84 

Csig 

L 

3.20 

3.25 

3.27 

3.28 

3.27 

3.22 

3.24 

3.26 

3.26 

Csig 

R 

2.04 

3.08 

3.42 

3.41 

3.41 

3.09 

3.39 

3.40 

3.39 

Cbak 

L 

2.51 

2.18 

2.18 

2.19 

2.19 

2.13 

2.14 

2.15 

2.15 

Cbak 

R 

3.39 

2.04 

2.30 

2.30 

2.30 

2.00 

2.23 

2.24 

2.24 

Covl 

L 

2.16 

2.58 

2.59 

2.60 

2.60 

2.55 

2.57 

2.58 

2.58 

Covl 

R 

2.70 

2.46 

2.75 

2.75 

2.74 

2.44 

2.71 

2.72 

2.71 

Table 7.10 Comparison of different common gain combinations for Scenario-1 
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Noisy 

B1 C+WPF+Eph(0.35)_max 

B1 C+WPF+Eph(0.35)_min 

B1 C+WPF+Eph(0.35)_sqr 

B1 C+WPF+Eph(0.35)_aver 

B2C+WPF+Eph(0.35)_max 

B2C+WPF+Eph(0.35)_min 

B2C+WPF+Eph(0.35)_sqr 

B2C+WPF+Eph(0.35)_aver 

SNR 

L(dB) 

-4.55 

1.63 

2.02 

1.93 

1.89 

0.94 

1.48 

1.38 

1.34 

SNR 

R(dB) 

-1.87 

0.79 

3.59 

3.59 

3.56 

0.20 

2.28 

2.22 

2.18 

segSNR 

L(dB) 

-5.25 

-3.04 

-2.83 

-2.88 

-2.90 

-3.65 

-3.31 

-3.38 

-3.41 

segSNR 

R(dB) 

-4.75 

-3.73 

-2.25 

-2.30 

-2.34 

-4.27 

-3.01 

-3.10 

-3.14 

CSII 

L 

0.29 

0.36 

0.39 

0.41 

0.39 

0.32 

0.42 

0.39 

0.35 

CSII 

R 

0.30 

0.25 

0.47 

0.48 

0.47 

0.21 

0.50 

0.49 

0.48 

Csig 

L 

2.60 

2.68 

2.69 

2.70 

2.70 

2.63 

2.63 

2.65 

2.65 

Csig 

R 

1.50 

2.57 

2.85 

2.84 

2.84 

2.54 

2.77 

2.77 

2.77 

Cbak 

L 

1.97 

1.72 

1.73 

1.74 

1.74 

1.64 

1.66 

1.67 

1.66 

Cbak 

R 

2.78 

1.64 

1.84 

1.84 

1.83 

1.56 

1.73 

1.73 

1.72 

Covl 

L 

1.60 

2.07 

2.07 

2.08 

2.08 

2.00 

2.00 

2.02 

2.02 

Covl 

R 

2.13 

2.00 

2.23 

2.23 

2.22 

1.94 

2.13 

2.14 

2.13 

Table 7.11 Comparison of different common gain combinations for Scenario-2 

^^~~--^Objective Measures 

Algorithms "~~--—^^^ 

noisy 

BlC+WPF+Eph(0.35)_max 

B1 C+WPF+Eph(0.35)_min 

BlC+WPF+Eph(0.35)_sqr 

BlC+WPF+Eph(0.35)_aver 

B2C+WPF+Eph(0.35)_max 

B2C+WPF+Eph(0.35)_min 

B2C+WPF+Eph(0.35)_sqr 

B2C+WPF+Eph(0.35)_aver 

SNR 

L(dB) 

-14.09 

-6.61 

-5.67 

-6.02 

-6.09 

-7.31 

-6.23 

-6.56 

-6.63 

SNR 

R(dB) 

-11.42 

-6.81 

-3.17 

-3.52 

-3.61 

-7.49 

-4.94 

-5.32 

-5.39 

segSNR 

L(dB) 

-8.64 

-6.88 

-6.47 

-6.62 

-6.66 

-7.34 

-6.92 

-7.06 

-7.09 

segSNR 

R(dB) 

-8.43 

-7.10 

-6.07 

-6.20 

-6.24 

-7.53 

-6.61 

-6.74 

-6.78 

CSII 

L 

0.07 

0.12 

0.12 

0.12 

0.12 

0.12 

0.14 

0.14 

0.13 

CSII 

R 

0.10 

0.10 

0.13 

0.11 

0.11 

0.10 

0.19 

0.17 

0.16 

Csig 

L 

1.67 

2.61 

2.48 

2.17 

2.03 

2.05 

2.55 

2.45 

2.23 

Csig 

R 

0.78 

2.00 

2.24 

2.02 

2.14 

2.38 

1.85 

2.07 

2.16 

Cbak 

L 

1.06 

1.63 

1.55 

1.29 

1.18 

1.16 

1.58 

1.49 

1.31 

Cbak 

R 

1.91 

1.16 

1.34 

1.16 

1.25 

1.42 

0.99 

1.15 

1.22 

Covl 

L 

0.94 

2.30 

2.12 

1.70 

1.52 

1.57 

2.25 

2.11 

1.80 

Covl 

R 

1.32 

1.53 

1.76 

1.47 

1.63 

2.04 

1.25 

1.55 

1.67 

Table 7.12 Comparison of different common gain combinations for Scenario-3 

For the noisier cases of Scenario 2 and Scenario 3, overall the approach of equation (4.12) i.e. 

Gmin(co) = rmn(GR(ct)),GL((o)) was found to perform best. Therefore, in the simulations to 

follow, the common gain of both sides will be combined using equation (4.12). 

Next, a comparison is made for binaural MVDR beamforming with WPF for the following 

cases: without MMSE-STSA, with MMSE-STSA (no spectral floor), and MMSE-STSA 

with spectral floor. 
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noisy 

B1C+WPF 

BIC+WPF+Eph 

BlC+WPF+Eph(0.35) 

B2C+WPF 

B2C+WPF+Eph 

B2C+WPF+Eph(0.35) 

SNR 

L(dB) 

1.47 

7.54 

4.21 

5.30 

6.84 

2.97 

4.57 

SNR 

R(dB) 

4.15 

8.59 

4.30 

6.07 

6.96 

2.80 

4.94 

segSNR 

L(dB) 

-1.82 

0.89 

0.60 

-0.58 

0.73 

-0.88 

-1.07 

segSNR 

R(dB) 

-1.11 

1.65 

1.07 

0.18 

0.87 

-0.86 

-0.50 

CSII 

L 

0.58 

0.84 

0.92 

0.73 

0.90 

0.84 

0.68 

CSII 

R 

0.69 

0.92 

0.95 

0.85 

0.95 

0.88 

0.85 

Csig 

L 

3.20 

3.41 

2.85 

3.27 

3.19 

2.50 

3.24 

Csig 

R 

2.04 

3.46 

2.90 

3.42 

3.22 

2.58 

3.39 

Cbak 

L 

2.51 

2.30 

2.08 

2.18 

2.28 

1.89 

2.14 

Cbak 

R 

3.39 

2.36 

2.10 

2.30 

2.29 

1.91 

2.23 

Covl 

L 

2.16 

2.72 

2.28 

2.59 

2.60 

2.04 

2.57 

Covl 

R 

2.70 

2.78 

2.32 

2.75 

2.63 

2.09 

2.71 

Table 7.13 Comparison of MMSE-STSA with and without a spectral floor for Scenario-1 

noisy 

B1C+WPF 

BIC+WPF+Eph 

BlC+WPF+Eph(0.35) 

B2C+WPF 

B2C+WPF+Eph 

B2C+WPF+Eph(0.35) 

SNR 

L(dB) 

-4.55 

3.04 

2.87 

2.02 

3.82 

1.71 

1.48 

SNR 

R(dB) 

-1.87 

4.30 

3.17 

3.59 

3.51 

1.41 

2.28 

segSNR 

L(dB) 

-5.25 

-2.18 

-1.00 

-2.83 

-1.78 

-2.67 

-3.31 

segSNR 

R(dB) 

-4.75 

-1.66 

-0.36 

-2.25 

-1.91 

-2.67 

-3.01 

CSII 

L 

0.29 

0.49 

0.61 

0.39 

0.77 

0.52 

0.42 

CSII 

R 

0.30 

0.59 

0.82 

0.47 

0.86 

0.73 

0.50 

Csig 

L 

2.60 

2.85 

2.38 

2.69 

2.81 

2.01 

2.63 

Csig 

R 

1.50 

2.92 

2.48 

2.85 

2.81 

2.08 

2.77 

Cbak 

L 

1.97 

1.80 

1.73 

1.73 

1.91 

1.50 

1.66 

Cbak 

R 

2.78 

1.86 

1.79 

1.84 

1.87 

1.50 

1.73 

Covl 

L 

1.60 

2.20 

1.87 

2.07 

2.26 

1.59 

2.00 

Covl 

R 

2.13 

2.29 

1.95 

2.23 

2.25 

1.62 

2.13 

Table 7.14 Comparison of MMSE-STSA with and without a spectral floor for Scenario-2 

noisy 

B1C+WPF 

BIC+WPF+Eph 

BlC+WPF+Eph(0.35) 

B2C+WPF 

B2C+WPF+Eph 

B2C+WPF+Eph(0.35) 

SNR 

L(dB) 

-14.09 

-6.56 

0.29 

-5.67 

-5.97 

-1.92 

-6.23 

SNR 

R(dB) 

-11.42 

-4.99 

1.10 

-3.17 

-5.53 

-2.92 

-4.94 

segSNR 

L(dB) 

-8.64 

-6.94 

-3.62 

-6.47 

-6.72 

-5.42 

-6.92 

segSNR 

R(dB) 

-8.43 

-6.62 

-3.10 

-6.07 

-6.54 

-5.59 

-6.61 

CSII 

L 

0.07 

0.14 

0.15 

0.12 

0.16 

0.21 

0.14 

CSII 

R 

0.10 

0.16 

0.18 

0.13 

0.22 

0.34 

0.19 

Csig 

L 

1.67 

2.07 

1.57 

2.48 

2.10 

1.05 

2.55 

Csig 

R 

0.78 

2.18 

1.67 

2.24 

2.18 

1.22 

1.85 

Cbak 

L 

1.06 

1.10 

1.17 

1.55 

1.16 

0.80 

1.58 

Cbak 

R 

1.91 

1.17 

1.21 

1.34 

1.18 

0.84 

0.99 

Covl 

L 

0.94 

1.48 

1.17 

2.12 

1.52 

0.70 

2.25 

Covl 

R 

1.32 

1.59 

1.22 

1.76 

1.59 

0.83 

1.25 

Table 7.15 Comparison of MMSE-STSA with and without a spectral floor for Scenario-3 

For the two higher SNR scenarios (Table 7.13 and 7.14), the use of the MMSE-STSA does 

not improve the noise reduction or the objective measures in general. However, the main 

reason for using the MMSE-STSA here is to reduce the musical noise or the level of 
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distortion introduced by the enhancement algorithms, so its use is nevertheless advisable for 

the Binaural 1+1 configuration (recalling from Section 7.3.1 that the Binaural 1+1 

configuration suffers more from musical noise compared to the Binaural 2+2 configuration). 

Listening to the corresponding recordings, the MMSE-STSA can indeed reduce the musical 

noise significantly, especially for the Binaural 1+1 configuration in low SNR, i.e. Scenario-3. 

It was also found that using a spectral floor is needed to limit the aggressiveness of the 

MMSE-STSA algorithm, otherwise it will also introduce some distortion of its own and 

sound unnatural. Under low SNR conditions (Table 7.15), the MMSE-STSA algorithm with 

spectral floor can provide some additional noise reduction for the Binaural 1+1 configuration, 

but not as much for the Binaural 2+2 configuration. Therefore, the use of the MMSE-STSA 

with spectral floor is suitable for the Binaural 1+1 configuration with WPF, but not as much 

for the Binaural 2+2 configuration (for which the original Binaural 2+2 configuration 

without WPF might be more appropriate). A link to some sound files is provided at the end 

of this chapter. 

7.3.2.2 Combination with PBNR binaural enhancement 

As mentioned in Section 5.3, the MVDR beamformer with Binaural 1+1 and Binaural 2+2 

configurations and binaural cues preservation can also be used as a pre-processor to a 

binaural enhancement scheme, such as the recently proposed binaural PBNR [KAM'09A], 

which is a Binaural 1+1 configuration and makes use of the binaural PSD estimates recently 

introduced in [KAM'09B], [KAM09C]. The following tables present results for such a 

structure. The tables also include results for the original PBNR algorithm. From the results of 

the previous experiments in this chapter, four setups were selected to be combined with the 

PBNR algorithm: 

• the Binaural 1+1 beamforming without WPF post-filter ("B1C"), 

• the Binaural 1+1 beamforming with WPF and MMSE-STSA with spectral floor set 

to 0.35 ("BlC+WPF+Eph(0.35)"), 

• the Binaural 2+2 beamforming without WPF post-filter ("B2C"), 
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• the Binaural 2+2 beamforming with WPF and spectral floor set to 0.3 

("B2C+WPF(0.3)"). 

The PBNR algorithm was also executed with two different spectral floor setups: 

"PBNR(0.1)" which is the normal setup and "PBNR(0.3)" which is a less aggressive setup. 

noisy 

PBNR(0.1) 

PBNR(0.3) 

B1C 

B1C+PBNR(0.1) 

B1C+PBNR(0.3) 

BlC+WPF+Eph(0.35) 

BlC+WPF+Eph(0.35) 

+PBNR(0.1) 

BlC+WPF+Eph(0.35) 

+PBNR(0.3) 

B2C 

B2C+PBNR(0.1) 

B2C+PBNR(0.3) 

B2C+WPF(0.3) 

B2C+WPF(0.3) 

+PBNR(0.1) 

B2C+WPF(0.3) 

+PBNR(0.3) 

SNR 

L(dB) 

1.47 

6.58 

6.20 

5.57 

6.43 

6.44 

5.30 

4.08 

4.16 

7.11 

6.23 

6.29 

6.27 

5.24 

5.28 

SNR 

R(dB) 

4.15 

7.23 

7.17 

7.58 

6.99 

7.04 

6.07 

4.29 

4.37 

7.99 

6.71 

6.77 

6.77 

5.56 

5.61 

segSNR 

L(dB) 

-1.82 

0.96 

0.24 

0.04 

1.50 

1.08 

-0.58 

0.83 

0.40 

0.88 

1.64 

1.40 

0.13 

1.22 

0.98 

segSNR 

R(dB) 

-1.11 

1.42 

1.03 

0.93 

1.82 

1.67 

0.18 

1.15 

0.96 

1.19 

1.76 

1.69 

0.63 

1.34 

1.26 

CSII 

L 

0.58 

0.89 

0.79 

0.74 

0.95 

0.91 

0.73 

0.96 

0.93 

0.89 

0.96 

0.94 

0.81 

0.95 

0.93 

CSII 

R 

0.69 

0.95 

0.90 

0.85 

0.96 

0.96 

0.85 

0.97 

0.96 

0.93 

0.97 

0.97 

0.91 

0.96 

0.96 

Csig 

L 

3.20 

3.51 

3.41 

3.40 

3.43 

3.45 

3.27 

3.39 

3.33 

3.62 

3.42 

3.49 

3.53 

3.38 

3.43 

Csig 

R 

2.04 

3.57 

3.52 

3.51 

3.45 

3.51 

3.42 

3.43 

3.42 

3.64 

3.41 

3.51 

3.62 

3.39 

3.49 

Cbak 

L 

2.51 

2.39 

2.30 

2.24 

2.39 

2.37 

2.18 

2.33 

2.29 

2.43 

2.44 

2.45 

2.36 

2.40 

2.40 

Cbak 

R 

3.39 

2.45 

2.40 

2.34 

2.42 

2.43 

2.30 

2.38 

2.36 

2.45 

2.45 

2.47 

2.42 

2.42 

2.45 

Covl 

L 

2.16 

2.83 

2.74 

2.68 

2.76 

2.78 

2.59 

2.71 

2.67 

2.92 

2.78 

2.83 

2.83 

2.74 

2.78 

Covl 

R 

2.70 

2.90 

2.86 

2.81 

2.80 

2.85 

2.75 

2.76 

2.76 

2.95 

2.78 

2.86 

2.92 

2.76 

2.85 

Table 7.16 Combination of Binaural MVDR followed by WPF with PBNR for Scenario-1 
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SNR SNR segSNR segSN 

L(dB) R(dB) L(dB) R(dB) 

noisy ^ 5 5 T 8 7 ^ 2 5 -4.75 

PBNR(0.1) 422 4/71 T 5 2 -1.10 

PBNR(0.3) 2.91 4.23 -2.26 -1.68 

~B1C (T07 226 3 3 4 -2.82 

B1C+PBNR(0.1) 4.63 4.96 -0.91 -0.62 

B1C+PBNR(0.3) 4.26 4.89 -1.39 -0.84 

BlC+WPF+Eph(0.35) 2.02 3^59 3!83 -2.25 

BlC+WPF+Eph(0.35) 

+PBNR(0.1) 3.07 3.25 -0.85 -0.48 

BlC+WPF+Eph(0.35) 

+PBNR(0.3) 3.01 3.28 -1.43 -0.82 

~B2C 230 3A6 2 J 2 -2.17 

B2C+PBNR(0.1) 4.62 4.78 -0.70 -0.61 

B2C+PBNR(0.3) 4.49 4.78 -0.98 -0.73 

B2C+WPF(0.3) 238 286 5i65 -2.44 

B2C+WPF(0.3) 3.90 4.01 -0.98 -0.90 

+PBNR(0.1) 

B2C+WPF(0.3) 3.82 4.01 -1.29 -1.02 

+PBNR(0.3) 

Table 7.17 Combination of Binaural MVDF 

CSII CSII Csig Csig Cbak Cbak Covl Covl 

L R L R L R L R 

"029 030 260 IT50 L97 278 L60 213" 

"(J!49 61J7 297 !H)5 K93 200 233 2 4 T 

0.42 0.55 2.81 2.95 1.81 1.91 2.18 2.33 

"039 045 2.82 2.95 \T\ L79 2 l 5 2 2 T 

0.70 0.82 2.96 2.99 1.96 2.00 2.33 2.37 

0.58 0.75 2.93 3.02 1.92 1.99 2.29 2.38 

7)39 0.47 2.69 2.85 1/73 L84 207 2 2 T 

0.76 0.86 2.92 2.98 1.96 2.01 2.27 2.34 

0.54 0.76 2.80 2.91 1.88 1.97 2.18 2.29 

065 0.70 3.14 3.15 L97 L95 2̂ 47 2~48~ 

0.84 0.89 3.04 3.02 2.06 2.06 2.42 2.41 

0.78 0.87 3.10 3.09 2.06 2.07 2.46 2.47 

7T55 063 298 3l)8 T87 f92 233 2.42 

0.83 0.87 2.99 3.00 2.02 2.03 2.38 2.39 

0.71 0.83 2.99 3.05 2.00 2.04 2.37 2.43 

followed by WPF with PBNR for Scenario-2 
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Noisy 

PBNR(0.1) 

PBNR(0.3) 

B1C 

B1C+PBNR(0.1) 

B1C+PBNR(0.3) 

BlC+WPF+Eph(0.35) 

BlC+WPF+Eph(0.35) 

+PBNR(0.1) 

BlC+WPF+Eph(0.35) 

+PBNR(0.3) 

B2C 

B2C+PBNR(0.1) 

B2C+PBNR(0.3) 

B2C+WPF(0.3) 

B2C+WPF(0.3) 

+PBNR(0.1) 

B2C+WPF(0.3) 

+PBNR(0.3) 

SNR 

L(dB) 

-14.09 

-1.87 

-4.65 

-9.20 

-0.27 

-1.60 

-5.67 

1.01 

0.17 

-6.53 

0.20 

-0.50 

-5.97 

0.05 

-0.48 

SNR 

R(dB) 

-11.42 

-1.45 

-2.74 

-6.93 

-0.22 

-0.65 

-3.17 

1.18 

0.92 

-5.70 

-0.28 

-0.47 

-5.53 

-0.51 

-0.69 

segSNR 

L(dB) 

-8.64 

-5.34 

-6.14 

-7.63 

-4.53 

-5.03 

-6.47 

-3.58 

-4.18 

-6.49 

-4.12 

-4.36 

-6.72 

-4.27 

-4.61 

segSNR 

R(dB) 

-8.43 

-5.19 

-5.81 

-7.27 

-4.47 

-4.82 

-6.07 

-3.27 

-3.77 

-6.54 

-4.33 

-4.54 

-6.54 

-4.42 

-4.65 

CSII 

L 

0.07 

0.16 

0.12 

0.15 

0.20 

0.21 

0.12 

0.17 

0.13 

0.29 

0.45 

0.39 

0.16 

0.38 

0.29 

CSII 

R 

0.10 

0.20 

0.15 

0.15 

0.30 

0.21 

0.13 

0.26 

0.17 

0.23 

0.55 

0.46 

0.22 

0.52 

0.38 

Csig 

L 

1.67 

2.10 

1.89 

2.00 

2.11 

2.06 

2.48 

2.15 

2.00 

2.29 

2.27 

2.27 

2.10 

2.15 

2.08 

Csig 

R 

0.78 

2.16 

1.99 

2.10 

2.15 

2.15 

2.24 

2.20 

2.11 

2.28 

2.23 

2.28 

2.18 

2.17 

2.16 

Cbak 

L 

1.06 

1.22 

1.07 

1.03 

1.28 

1.22 

1.55 

1.39 

1.30 

1.24 

1.42 

1.39 

1.16 

1.35 

1.30 

Cbak 

R 

1.91 

1.25 

1.12 

1.09 

1.30 

1.27 

1.34 

1.43 

1.37 

1.23 

1.39 

1.38 

1.18 

1.34 

1.31 

Covl 

L 

0.94 

1.51 

1.31 

1.41 

1.54 

1.49 

2.12 

1.58 

1.46 

1.68 

1.71 

1.69 

1.52 

1.58 

1.53 

Covl 

R 

1.32 

1.57 

1.40 

1.52 

1.59 

1.58 

1.76 

1.63 

1.56 

1.68 

1.68 

1.71 

1.59 

1.60 

1.58 

Table 7.18 Combination of Binaural MVDR followed by WPF with PBNR for Scenario-3 

Comparing first the Binaural 1+1 PBNR algorithm under normal setup (0.1) with the 

previous algorithms from this thesis (i.e. B1C, BlC+WPF+Eph(0.35), B2C and 

B2C+WPF(0.3)), in terms of objective measures the PBNR algorithm outperforms the 

previous algorithms for mid-SNR and low-SNR situations (Scenarios 2 and 3, Tables 7.17-

7.18). For high-SNR scenarios (Table 7-16), the previous B2C binaural beamforming with 

common gain algorithm is comparable to the PBNR and sometimes outperforms it. Listening 

to the corresponding files, it was found that a key point of the B2C algorithm is its good 

intelligibility over all scenarios (i.e. no attenuation of the target speech, unlike several of the 

other algorithms), even though the B2C algorithm may not always be the algorithm with the 

largest noise reduction. On the other hand, the PBNR algorithm normally provides a higher 

level of noise reduction for a tolerable level of distortion. 
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Next, the combinations of the previous algorithms from this thesis combined with the PBNR 

under normal setup (0.1) and under less aggressive setup (0.3) are compared to the original 

PBNR. As the SNR scenario goes from a higher SNR scenario (Table 7.16, Scenario 1) to 

lower SNR scenario (Table 7.18, Scenario 3), the level of additional noise reduction that can 

be provided by the combinations over the original PBNR steadily increases. Indeed, for high-

SNR the additional noise reduction was small (when there was one), while additional noise 

reduction became very significant for low-SNR, as can be observed in Table 7.18. However, 

this additional noise reduction for lower SNR scenarios came with typically increased speech 

distortion, either as musical noise, muffling, clipping, or background low-frequency noise, as 

it was found when listening to the corresponding files. It is thus the traditional tradeoff of 

noise reduction versus speech distortion. When combining the binaural beamforming 

algorithms from this thesis and the PBNR, it should be noted that the two algorithms were 

tuned independently, which is certainly sub-optimal and there is be room for further 

performance improvement. On the other extreme of the spectrum, algorithms such as B2C 

and B2C+WPF(0.3) may not be spectacular in terms of noise reduction, but their 

intelligibility under low-SNR is quite good. A link to some sound files is provided at the end 

of this chapter. 

7.3.3 Monaural MVDR Beamforming and MMSE-STSA Enhancement 

Converted to a Common Binaural Gain 

This section first investigates the enhancement performance of combining monaural MVDR 

beamformers (M=2) followed by monaural MMSE-STSA algorithms on both sides, then 

converted to a common gain preserving the binaural cues (please refer to Figure 5.4). The 

monaural MVDR is a normal beamformer (i.e. no common gain involved) normalized by the 

approach of Section 2.1.4. A combination of the resulting structure with a binaural PBNR 

algorithm is also performed, as in the previous section. Then, the more basic approach of 

using directly the outputs of the monaural beamformers as the inputs of the binaural PBNR 

algorithm is considered and evaluated (please refer to Figure 5.5). Note that the above 

approach (Figure 5.5) does not guarantee to preserve the binaural cues, unlike all the other 

algorithms or structures that have been considered. By contrast, the combination in Figure 
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5.6 preserves the cues. All of the experiments in this section are implemented under the 

assumption of frontal target without any DOA or Head Model mismatch. In the tables, "M2" 

stands for the separate M=2 monaural MVDR beamformers (no common gain or cues 

preservation), and "M2+Eph(0.35)" stands for the case where MMSE-STSA algorithms with 

spectral floor 0.35 are applied on each side before the merging to a common gain (and cues 

preservation). For comparison, two competitive previous binaural beamforming algorithms 

are also included in the tables: "BlC+WPF+Eph(0.35)" and "B2C+WPF(0.3)", and the 

"PBNR (0.1)" is also included. 

noisy 

BlC+WPF+Eph(0.35) 

B2C+WPF(0.3) 

PBNR(0.1) 

M2* 

M2+Eph 

M2+Eph(0.35) 

M2+PBNR(0.1)* 

M2+PBNR(0.3)* 

M2C+PBNR(0.1) 

M2C+PBNR(0.3) 

M2+Eph(0.35)+PBNR(0.1) 

M2+Eph(0.35)+PBNR(0.3) 

SNR 

L(dB) 

1.47 

5.30 

6.27 

6.58 

3.88 

5.63 

5.75 

6.60 

6.40 

6.12 

6.08 

5.01 

5.06 

SNR 

R(dB) 

4.15 

6.07 

6.77 

7.23 

7.17 

6.22 

7.37 

7.70 

7.69 

6.61 

6.66 

5.25 

5.33 

segSNR 

L(dB) 

-1.82 

-0.58 

0.13 

0.96 

-1.09 

1.12 

0.07 

1.67 

1.18 

1.89 

1.39 

1.25 

0.74 

segSNR 

R(dB) 

-1.11 

0.18 

0.63 

1.42 

0.39 

1.81 

0.87 

2.65 

2.28 

2.30 

2.05 

1.65 

1.42 

CSII 

L 

0.58 

0.73 

0.81 

0.89 

0.84 

0.86 

0.76 

0.95 

0.92 

0.96 

0.93 

0.94 

0.91 

CSII 

R 

0.69 

0.85 

0.91 

0.95 

0.84 

0.91 

0.86 

0.97 

0.96 

0.97 

0.97 

0.96 

0.95 

Csig 

L 

3.20 

3.27 

3.53 

3.51 

3.51 

3.00 

3.36 

3.64 

3.62 

3.56 

3.55 

3.42 

3.37 

Csig 

R 

2.04 

3.42 

3.62 

3.57 

3.62 

3.09 

3.51 

3.71 

3.70 

3.60 

3.64 

3.46 

3.45 

Cbak 

L 

2.51 

2.18 

2.36 

2.39 

2.25 

2.25 

2.29 

2.55 

2.51 

2.52 

2.48 

2.41 

2.36 

Cbak 

R 

3.39 

2.30 

2.42 

2.45 

2.40 

2.32 

2.42 

2.67 

2.62 

2.57 

2.56 

2.46 

2.44 

Covl 

L 

2.16 

2.59 

2.83 

2.83 

2.80 

2.46 

2.69 

2.97 

2.94 

2.90 

2.88 

2.77 

2.73 

Covl 

R 

2.70 

2.75 

2.92 

2.90 

2.92 

2.55 

2.86 

3.07 

3.05 

2.96 

2.99 

2.83 

2.82 

Table 7.19 Combination of Monaural MVDR (with and without MMSE-STSA) with PBNR 

for Scenario-1. Scenarios with "*" represent loss of cues preservation. 
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noisy 

BlC+WPF+Eph(0.35) 

B2C+WPF(0.3) 

PBNR(0.1) 

M2* 

M2+Eph 

M2+Eph(0.35) 

M2+PBNR(0.1)* 

M2+PBNR(0.3)* 

M2C+PBNR(0.1) 

M2C+PBNR(0.3) 

M2+Eph(0.35)+PBNR(0.1) 

M2+Eph(0.35)+PBNR(0.3) 

SNR 

L(dB) 

-4.55 

2.02 

2.38 

4.22 

-1.21 

2.83 

1.39 

S.19 

4.45 

4.75 

4.27 

3.75 

3.57 

SNR 

R(dB) 

-1.87 

3.59 

2.86 

4.71 

2.57 

4.37 

4.05 

6.21 

6.00 

5.10 

5.08 

3.93 

3.95 

segSNR 

L(dB) 

-5.25 

-2.83 

-2.65 

-1.52 

-3.77 

-1.01 

-2.54 

-0.53 

-1.01 

-0.38 

-0.84 

-0.69 

-1.26 

segSNR 

R(dB) 

-4.75 

-2.25 

-2.44 

-1.10 

-2.61 

-0.41 

-1.94 

0.36 

-0.08 

0.02 

-0.34 

-0.25 

-0.64 

CSII 

L 

0.29 

0.39 

0.55 

0.49 

0.54 

0.63 

0.46 

0.82 

0.75 

0.77 

0.74 

0.74 

0.55 

CSII 

R 

0.30 

0.47 

0.63 

0.67 

0.53 

0.72 

0.47 

0.87 

0.79 

0.88 

0.81 

0.86 

0.74 

Csig 

L 

2.60 

2.69 

2.98 

2.97 

2.98 

2.52 

2.78 

3.26 

3.17 

3.15 

3.09 

2.96 

2.86 

Csig 

R 

1.50 

2.85 

3.08 

3.05 

3.09 

2.64 

2.94 

3.34 

3.26 

3.21 

3.20 

3.02 

2.96 

Cbak 

L 

1.97 

1.73 

1.87 

1.93 

1.79 

1.85 

1.80 

2.18 

2.10 

2.13 

2.07 

2.02 

1.94 

Cbak 

R 

2.78 

1.84 

1.92 

2.00 

1.92 

1.93 

1.92 

2.28 

2.21 

2.19 

2.15 

2.07 

2.03 

Covl 

L 

1.60 

2.07 

2.33 

2.33 

2.31 

2.03 

2.16 

2.61 

2.52 

2.51 

2.45 

2.34 

2.25 

Covl 

R 

2.13 

2.23 

2.42 

2.41 

2.43 

2.13 

2.33 

2.70 

2.63 

2.58 

2.57 

2.40 

2.36 

Table 7.20 Combination of Monaural MVDR (with and without MMSE-STSA) with PBNR 

for Scenario-2. Scenarios with "*" represent loss of cues preservation. 

noisy 

BlC+WPF+Eph(0.35) 

B2C+WPF(0.3) 

PBNR(0.1) 

M2* 

M2+Eph 

M2+Eph(0.35) 

M2+PBNR(0.1)* 

M2+PBNR(0.3)* 

M2C+PBNR(0.1) 

M2C+PBNR(0.3) 

M2+Eph(0.35)+PBNR(0.1) 

M2+Eph(0.35)+PBNR(0.3) 

SNR 

L(dB) 

-14.09 

-5.67 

-5.97 

-1.87 

-10.43 

-3.70 

-7.18 

0.04 

-1.91 

1.26 

-0.79 

1.19 

-0.21 

SNR 

R(dB) 

-11.42 

-3.17 

-5.53 

-1.45 

-6.46 

0.81 

-3.46 

1.53 

0.68 

1.49 

1.02 

1.45 

1.11 

segSNR 

L(dB) 

-8.64 

-6.47 

-6.72 

-5.34 

-7.71 

-4.10 

-6.46 

-4.22 

-4.78 

-3.61 

-4.05 

-3.58 

-4.19 

segSNR 

R(dB) 

-8.43 

-6.07 

-6.54 

-5.19 

-7.02 

-3.65 

-6.06 

-3.45 

-3.99 

-3.59 

-3.94 

-3.30 

-3.81 

CSII 

L 

0.07 

0.12 

0.16 

0.16 

0.23 

0.21 

0.16 

0.34 

0.33 

0.29 

0.28 

0.17 

0.14 

CSII 

R 

0.10 

0.13 

0.22 

0.20 

0.16 

0.20 

0.12 

0.32 

0.23 

0.34 

0.27 

0.18 

0.17 

Csig 

L 

1.67 

2.48 

2.10 

2.10 

2.07 

1.54 

2.44 

2.45 

2.18 

2.37 

2.12 

2.12 

2.04 

Csig 

R 

0.78 

2.24 

2.18 

2.16 

2.29 

1.67 

2.20 

2.56 

2.42 

2.42 

2.37 

2.24 

2.11 

Cbak 

L 

1.06 

1.55 

1.16 

1.22 

1.06 

1.12 

1.50 

1.49 

1.30 

1.50 

1.31 

1.37 

1.32 

Cbak 

R 

1.91 

1.34 

1.18 

1.25 

1.22 

1.18 

1.29 

1.58 

1.49 

1.51 

1.46 

1.45 

1.35 

Covl 

L 

0.94 

2.12 

1.52 

1.51 

1.46 

1.12 

2.06 

1.85 

1.56 

1.80 

1.51 

1.54 

1.50 

Covl 

R 

1.32 

1.76 

1.59 

1.57 

1.70 

1.21 

1.68 

1.95 

1.84 

1.84 

1.79 

1.68 

1.54 

Table 7.21 Combination of Monaural MVDR (with and without MMSE-STSA) with PBNR 

for Scenario-3. Scenarios with "*" represent loss of cues preservation. 
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Some conclusions can be made from the objective scores in Tables 7.19-7.21 and from 

listening to the corresponding files. Comparing first the new "M2", "M2+Eph" and 

"M2+Eph(0.35)" algorithms with the previous algorithms, the results of the "M2+Eph" 

without spectral gain show good objective scores but must be discarded, since additional 

distortion is added when the MMSE-STSA algorithm is used without spectral floor, as 

discussed in a previous section. The results for the new monaural "M2" and 

"M2+Eph(0.35)" algorithms are competitive with the previous binaural 

"BlC+WPF+Eph(0.35)" and "B2C+WPF(0.3)" algorithms, for all SNR scenarios, in terms 

of objective measures or when listening to the corresponding files. Listening to the 

corresponding files, one characteristic of the new algorithms ("M2", "M2+Eph(0.35)") is that 

they leave a bit more reverberation in the output, however they normally sound quite natural, 

with good intelligibility. However, the "M2" algorithm does not preserve the binaural cues, 

and its performance may not justify its use alone. Yet it is completely free of musical noise, 

as in all "true" fixed beamforming designs (i.e. no common gain conversion). 

However, evaluating the performance when combined with the binaural PBNR, in all 

scenarios from Table 7.19 to Table 7.21, the combination "M2+PBNR(0.1)" proved to 

outperform the original "PBNR (0.1)" performance, which is a good achievement. Moreover, 

listening to the corresponding files also confirmed that the combination "M2+PBNR(0.1)" 

produces typically more intelligible outputs that the original "PBNR (0.1)", without the 

additional distortion that was experimented when other algorithms were combined with the 

PBNR previously. Thus this is an interesting result which shows a good potential for a 

combination of beamforming pre-processing with the binaural PBNR. However, the 

combination "M2+PBNR(0.1)" does not guarantee to preserve the binaural cues. The 

combination of the "M2+Eph(0.35)" with the "PBNR" was not as fruitful, as it introduced 

some additional distortion. A link to some sound files is provided at the end of this chapter. 

7.3.4 DOA Mismatch 

In all of the previous sections, no DOA mismatch was considered, but in reality it is a very 

common problem for the use of MVDR beamforming in microphone arrays. Simulations 
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were performed to assess the robustness of binaural beamformers with common gain over 

DOA mismatch, and the following three tables show the results for some algorithms 

discussed earlier: Binaural 1+1 MVDR followed by WPF plus MMSE-STSA with a spectral 

floor of 0.35 ("BlC+WPF+Eph(0.35)")5 and Binaural 2+2 MVDR followed by WPF with a 

spectral floor of 0.3 ("B2C+WPF(0.3)"). In the comparison, the MVDR design is performed 

for a target at either 0, +10 or -20 degrees, while the input binaural files used for actual 

processing are the ones corresponding to a frontal target. The same complex acoustic 

environment as before and the same corresponding three SNR scenarios are used for this 

section. 

Noisy 

0_B1C+WPF+Eph(0.35) 

Right_l 0_B 1 C+WPF+Eph(0.35) 

Left_20_BlC+WPF+Eph(0.35) 

0_B2C+WPF(0.3) 

Right_l 0_B2C+WPF(0.3) 

Left_20_B2C+WPF(0.3) 

SNR 

L(dB) 

1.47 

5.30 

4.52 

4.17 

6.27 

4.95 

4.09 

SNR 

R(dB) 

4.15 

6.07 

5.06 

4.62 

6.77 

5.36 

4.38 

segSNR 

L(dB) 

-1.82 

-0.58 

-0.84 

-1.09 

0.13 

-0.25 

-1.36 

segSNR 

R(dB) 

-1.11 

0.18 

-0.11 

-0.36 

0.63 

0.24 

-0.94 

CSII 

L 

0.58 

0.73 

0.73 

0.73 

0.81 

0.80 

0.66 

CSII 

R 

0.69 

0.85 

0.84 

0.82 

0.91 

0.91 

0.85 

Csig 

L 

3.20 

3.27 

3.26 

3.21 

3.53 

3.51 

3.16 

Csig 

R 

2.04 

3.42 

3.40 

3.37 

3.62 

3.61 

3.28 

Cbak 

L 

2.51 

2.18 

2.17 

2.12 

2.36 

2.34 

2.12 

Cbak 

R 

3.39 

2.30 

2.28 

2.24 

2.42 

2.40 

2.20 

Covl 

L 

2.16 

2.59 

2.58 

2.52 

2.83 

2.81 

2.52 

Covl 

R 

2.70 

2.75 

2.73 

2.70 

2.92 

2.91 

2.65 

Table 7.22 DOA mismatch for Scenario-1 

Noisy 

0_B1C+WPF+Eph(0.35) 

Right_l 0_B 1 C+WPF+Eph(0.35) 

Left_20_BlC+WPF+Eph(0.35) 

0_B2C+WPF(0.3) 

Right_10_B2C+WPF(0.3) 

Left_20_B2C+WPF(0.3) 

SNR 

L(dB) 

-4.55 

2.02 

1.79 

1.56 

2.38 

1.90 

1.06 

SNR 

R(dB) 

-1.87 

3.59 

3.11 

2.88 

2.86 

2.28 

1.68 

segSNR 

L(dB) 

-5.25 

-2.83 

-2.97 

-3.10 

-2.65 

-2.90 

-3.56 

segSNR 

R(dB) 

-4.75 

-2.25 

-2.42 

-2.54 

-2.44 

-2.69 

-3.39 

CSII 

L 

0.29 

0.39 

0.42 

0.42 

0.55 

0.49 

0.34 

CSII 

R 

0.30 

0.47 

0.49 

0.42 

0.63 

0.62 

0.46 

Csig 

L 

2.60 

2.69 

2.68 

2.63 

2.98 

2.96 

2.62 

Csig 

R 

1.50 

2.85 

2.83 

2.78 

3.08 

3.06 

2.73 

Cbak 

L 

1.97 

1.73 

1.72 

1.68 

1.87 

1.86 

1.69 

Cbak 

R 

2.78 

1.84 

1.83 

1.79 

1.92 

1.90 

1.73 

Covl 

L 

1.60 

2.07 

2.05 

2.00 

2.33 

2.30 

2.03 

Covl 

R 

2.13 

2.23 

2.21 

2.16 

2.42 

2.40 

2.13 

Table 7.23 DOA mismatch for Scenario-2 
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Noisy 

0_B1C+WPF+Eph(0.35) 

RightJ 0_B 1 C+WPF+Eph(0.35) 

Left_20_B 1 C+WPF+Eph(0.35) 

0_B2C+WPF(0.3) 

Right_10_B2C+WPF(0.3) 

Left_20_B2C+WPF(0.3) 

SNR 

L(dB) 

-14.09 

-5.67 

-5.62 

-5.88 

-5.97 

-5.94 

-6.83 

SNR 

R(dB) 

-11.42 

-3.17 

-3.23 

-3.28 

-5.53 

-5.57 

-5.92 

segSNR 

L(dB) 

-8.64 

-6.47 

-6.51 

-6.54 

-6.72 

-6.80 

-7.09 

segSNR 

R(dB) 

-8.43 

-6.07 

-6.12 

-6.14 

-6.54 

-6.62 

-6.87 

CSII 

L 

0.07 

0.12 

0.13 

0.11 

0.16 

0.17 

0.14 

CS11 

R 

0.10 

0.13 

0.13 

0.13 

0.22 

0.22 

0.17 

Csig 

L 

1.67 

2.48 

2.49 

2.13 

2.10 

2.07 

2.15 

Csig 

R 

0.78 

2.24 

2.15 

1.93 

2.18 

2.16 

1.93 

Cbak 

L 

1.06 

1.55 

1.56 

1.28 

1.16 

1.14 

1.29 

Cbak 

R 

1.91 

1.34 

1.27 

1.10 

1.18 

1.16 

1.08 

Covl 

L 

0.94 

2.12 

2.14 

1.68 

1.52 

1.49 

1.72 

Covl 

R 

1.32 

1.76 

1.65 

1.36 

1.59 

1.56 

1.39 

Table 7.24 DOA mismatch for Scenario-3 

It can be seen from the three tables above that for both algorithms considered and in all three 

noisy scenarios, the achieved noise reduction decreases in the presence of DOA mismatch. 

As expected, the larger the mismatch is, the larger the decrease of noise reduction is in 

general. Comparing with the frontal target MVDR design case (i.e. no DOA mismatch), the 

decrease in noise reduction can be as large as 2.4 dB in SNR and 1.6 dB in segmental SNR 

for the higher SNR ratio (Table 7.22, Scenario 1), and as large as 0.9 dB in SNR and 0.4 dB 

in segmental SNR for the lower SNR ratio (Table 7.24, Scenario 3). In all cases, even with 

DOA mismatch, the resulting scores were normally still significantly better than scores from 

the original noisy file, which indicates a reasonable degree of robustness to DOA mismatch. 

Listening to the corresponding recordings, it was found however that in some cases DOA 

mismatch can also cause a specific directional interfering noise to be less attenuated, 

affecting the intelligibility of the target speaker. A link to some sound files is provided at the 

end of this chapter. 

7.3.5 Head-Model Mismatch 

In Sections 7.3.1 to 7.3.4, the MVDR beamformers were all designed using the head model 

MHRTF, which is based on the recorded data from a KEMAR mannequin, while the 

complex environment recordings were also from the same KEMAR mannequin setup. 

Therefore, as discussed in Chapter 6, the head model MHRTF should produce the best 

performance among all of the four head models considered in this thesis. Chapter 6 also 

showed that the difference in performance between the MHRTF head model and the other 
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three head models was not very large in term of classical measures. It is of interest to see 

whether the same conclusion can be achieved using the speech quality and intelligibility 

objective measures. Therefore, the MVDR beamformers in this section are designed using 

either the measured MHRTF head model (as before) or using the synthetic head model PZS. 

The same algorithms as in the previous were selected for the comparison, i.e. 

"BlC+WPF+Eph(0.35)" and "B2C+WPF(0.3)'\ 

Noisy 

BlC+WPF+Eph(0.35) 

B2C+WPF(0.3) 

MHRTF 

PZS 

MHRTF 

PZS 

SNR 

L(dB) 

1.47 

5.30 

5.02 

6.27 

6.74 

SNR 

R(dB) 

4.15 

6.07 

5.70 

6.77 

7.47 

segSNR 

L(dB) 

-1.82 

-0.58 

-0.71 

0.13 

0.35 

segSNR 

R(dB) 

-1.11 

0.18 

0.03 

0.63 

0.94 

CS11 

L 

0.58 

0.73 

0.71 

0.81 

0.82 

CSH 

R 

0.69 

0.85 

0.84 

0.91 

0.92 

Csig 

L 

3.20 

3.27 

3.26 

3.53 

3.58 

Csig 

R 

2.04 

3.42 

3.41 

3.62 

3.67 

Cbak 

L 

2.51 

2.18 

2.17 

2.36 

2.41 

Cbak 

R 

3.39 

2.30 

2.28 

2.42 

2.47 

Covl 

L 

2.16 

2.59 

2.58 

2.83 

2.89 

Covl 

R 

2.70 

2.75 

2.74 

2.92 

2.98 

Table 7.25 Head Model mismatch with MVDR design using MHRTF or PZS for Scenario-1 

Noisy 

BlC+WPF+Eph(0.35) 

B2C+WPF(0.3) 

MHRTF 

PZS 

MHRTF 

PZS 

SNR 

L(dB) 

-4.55 

2.02 

1.96 

2.38 

2.45 

SNR 

R(dB) 

-1.87 

3.59 

3.42 

2.86 

3.11 

segSNR 

L(dB) 

-5.25 

-2.83 

-2.90 

-2.65 

-2.62 

segSNR 

R(dB) 

-4.75 

-2.25 

-2.32 

-2.44 

-2.38 

CS11 

L 

0.29 

0.39 

0.42 

0.55 

0.61 

CSH 

R 

0.30 

0.47 

0.48 

0.63 

0.66 

Csig 

L 

2.60 

2.69 

2.68 

2.98 

3.06 

Csig 

R 

1.50 

2.85 

2.84 

3.08 

3.17 

Cbak 

L 

1.97 

1.73 

1.72 

1.87 

1.93 

Cbak 

R 

2.78 

1.84 

1.83 

1.92 

1.97 

Covl 

L 

1.60 

2.07 

2.06 

2.33 

2.41 

Covl 

R 

2.13 

2.23 

2.22 

2.42 

2.51 

Table 7.26 Head-model mismatch with MVDR design using MHRTF or PZS for Scenario-2 

Noisy 

BlC+WPF+Eph(0.35) 

B2C+WPF(0.3) 

MHRTF 

PZS 

MHRTF 

PZS 

SNR 

L(dB) 

-14.09 

-5.67 

-5.63 

-5.97 

-6.12 

SNR 

R(dB) 

-11.42 

-3.17 

-3.19 

-5.53 

-5.46 

segSNR 

L(dB) 

-8.64 

-6.47 

-6.50 

-6.72 

-6.85 

segSNR 

R(dB) 

-8.43 

-6.07 

-6.09 

-6.54 

-6.65 

CSH 

L 

0.07 

0.12 

0.13 

0.16 

0.16 

CSH 

R 

0.10 

0.13 

0.13 

0.22 

0.19 

Csig 

L 

1.67 

2.48 

2.44 

2.10 

2.19 

Csig 

R 

0.78 

2.24 

2.00 

2.18 

2.28 

Cbak 

L 

1.06 

1.55 

1.51 

1.16 

1.20 

Cbak 

R 

1.91 

1.34 

1.15 

1.18 

1.24 

Covl 

L 

0.94 

2.12 

2.07 

1.52 

1.62 

Covl 

R 

1.32 

1.76 

1.44 

1.59 

1.70 

Table 7.27 Head-model mismatch with MVDR design using MHRTF or PZS for Scenario-3 

From Tables 7.25-7.27, it can be found that for a frontal target the performance of binaural 

fixed MVDR beamforming with common gain is similar whether the design was made with 

the MHRTF head model (no mismatch) or the PZS head model (mismatch). Indeed, 
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comparing with the MHRTF head model design, the decrease in noise reduction with the 

PZS head model design is less than 0.4 dB in SNR and 0.3 dB in segmental SNR for the 

higher SNR ratio (Table 7.25, Scenario 1), and less than 0.15 dB in SNR and 0.15 dB in 

segmental SNR for the lower SNR ratio (Table 7.27, Scenario 3). This is providing an 

indication that the accuracy of the head model may not be critical in practice, especially for a 

frontal or near-frontal target. 

7.4 Discussion 

From the previous sections, it can first be concluded that among the methods discussed in 

Chapter 4 to convert to and combine binaural common gains, equation (4.9) and equation 

(4.12) produce among the best results. It was also found that for a basic binaural MVDR 

beamformer with a common gain (without post-filter), the Binaural 2+2 configuration is 

superior to the Binaural 1+1 configuration. The use of a Wiener Post-Filter improved the 

noise reduction (mostly for the Binaural 1+1 configuration), and adding a spectral floor to it 

helped to reduce the musical noise that the post-filter also introduces. The addition of a 

MMSE-STSA stage was shown to help to further reduce the musical noise, and a spectral 

floor to the MMSE-STSA can also limit its aggressiveness to avoid producing distorted 

unnatural speech. This additional MMSE-STSA was found to be mostly useful for the 

Binaural 1+1 configuration. With a Wiener post-filter plus MMSE-STSA with spectral floor, 

the Binaural 1+1 configuration becomes competitive with the basic Binaural 2+2 

configuration (i.e. with no post-filter, which is a good setup for the Binaural 2+2 

configuration). 

Structures making use of two independent Monaural M=2 MVDR beamformers were also 

considered. One approach was to merge them with monaural MMSE-STSA (with spectral 

floor for better performance) and then convert the result into a common gain, preserving the 

binaural cues. The other approach was to simply use the outputs of the monaural 

beamformers separately, not preserving the binaural cues. The best results produced by these 

structures were competitive with the best results produced by the previous binaural 

beamformers with common gain algorithms. 
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Both the binaural beamforming algorithms and the above structures making use of 

independent monaural beamformers were then combined with a recent binaural noise 

reduction algorithm called PBNR. The PBNR by itself was found to typically outperform the 

beamforming algorithms from this thesis. While for most cases it was possible to obtain 

further noise reduction with the combinations of algorithms from this thesis and the PBNR, it 

was also typically at the cost of increased distortion (typically increased target speech 

muffling or attenuation). The exception was the combination of the straight monaural 

beamformer outputs (no merging to common gain) with the PBNR, which produced highly 

intelligible results with also improved objective scores, outperforming the PBNR algorithm, 

with no guarantee of binaural cues preservation however. As previously mentioned in 

Chapter 5, since the binaural PBNR algorithm has a Binaural 1+1 configuration with limited 

capabilities for canceling sources from the back (please refer to Figure 6.1) and since the 

monaural MVDR beamformers are suitable for canceling sources coming from the back 

(again please refer to Figure 6.1), the combination of the two algorithms makes sense, as 

long as some cues distortion is allowed. 

From the results of this chapter, it can also be concluded that a DOA mismatch between -20 

degrees and 20 degrees can significantly affect the overall performance of fixed binaural 

MVDR beamformers tuned for diffuse noise, in terms of speech quality and intelligibility 

objective measures. However, it can also be said that the performance with DOA mismatch 

was nevertheless found to be fairly robust in the sense that even with mismatch the 

performance was still quite better than for the original noisy file, and the degradation in 

terms of SNR was never greater than 2.5 dB. It should be noted that this sensitivity of fixed 

beamformers is not as bad as for the case of adaptive beamformers [ROH'07]. As far as head 

model mismatch is concerned, it was found for the case of a frontal target that the binaural 

beamformer is quite robust to it (i.e. it is less sensitive to head model mismatch than to DOA 

mismatch), with a decrease of performance of less than 0.4 dB. 

This chapter made use of speech quality and intelligibility objective measures, but some of 

the conclusions and observations in this chapter were also made from listening to the output 

sound files produced by the different algorithms. Therefore, some sound files representative 
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of the experiments made in this chapter as well as some explanatory notes can be found at 

the following address: 

http://www.site.uottawa.ca/~bouchard/papers/thesis Zhengwei Luo.zip 
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Chapter 8 Conclusion and Future Work 

8.1 Summary and Review of Contributions 

Some of the objectives of this thesis were to compare the performance of different 

microphone array configurations for hearing aids (monaural, binaural, with different number 

of microphones), to investigate the performance of using different head models for fixed 

MVDR beamformer design, to investigate the effects of head model mismatch and DOA 

mismatch for fixed MVDR beamformer design, and to develop and evaluate new general 

methods of converting the binaural beamforming output to a common gain in order to 

preserve the binaural cues. The experimental conclusions in the thesis are based on both the 

classical beamforming performance measures such as Beampattern, Array Gain, and Noise 

Gain, and on speech quality and intelligibility objective measures computed for complex 

noisy acoustic environments including time-varying diffuse-like noise, multiple directional 

interfering sources (speeches and transient sounds), and reverberation. Different 

combinations of algorithms using fixed binaural beamformers as a pre-processor followed by 

other noise reduction or speech enhancement algorithms were investigated as well. Structures 

making use of existing monaural beamformers and combined with binaural processing 

algorithms were also presented. 

Using classical measures, Chapter 6 presented the performance of fixed MVDR beamformers 

tuned for diffuse noise for the following comparisons: different array configuration, different 

head models, DOA mismatch and head model mismatch for frontal and non-frontal target 

sources. It showed the benefits of the Binaural 2+2 configuration over the Binaural 1+1 

configuration, the benefits of the Binaural 2+2 configuration over the Monaural 2 

configuration, and the benefits of the Binaural 1+1 configuration over the Monaural 1 

configuration (i.e. no beamforming). It also illustrated that the MVDR binaural beamformer 

tuned for diffuse noise is robust to head model mismatch, especially for frontal targets. This 

is an important feature since in practice mathematical head models must be used as opposed 

to individual recording of HRTFs. However, Chapter 6 also showed that the performance of 
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the MVDR binaural beamformer tuned for diffuse noise can be more sensitive to DOA 

mismatch, in terms of classic Array Gain measures. 

By contrast, Chapter 7 used some speech quality and intelligibility objective measures for the 

assessment of the performance of fixed MVDR beamformers tuned for diffuse noise and 

converted to a common gain, operating in complex acoustic environments. Different 

alternatives to convert to a common gain or to merge common gains were compared. 

Different setups of Binaural 1+1 and 2+2 configurations for binaural beamformers were 

compared: with and without Wiener post-filter, with and without spectral floor, with and 

without MMSE-STSA, etc. The best setups for the Binaural 1+1 configuration (e.g. with 

post-filter, with MMSE-STSA and spectral floor) are competitive with the best setups for the 

Binaural 2+2 configuration (e.g. with no post-filter), each with their own advantages and 

disadvantages (e.g. more noise reduction versus more natural sounding). Structures making 

use of two independent Monaural M=2 MVDR beamformers were also considered, also 

leading to comparable results under the best setups. 

Combinations of the above algorithms with a recent binaural noise reduction algorithm called 

PBNR were evaluated, in most cases leading to further noise reduction but also increased 

distortion (typically increased target speech muffling or attenuation). The notable exception 

was the straight combination of the monaural beamformer outputs (i.e. no merging to a 

common gain) with the PBNR, which produced highly intelligible results with also improved 

objective scores over the PBNR algorithm, at the cost of not guaranteeing cues preservation 

however. DOA mismatch was found to significantly affect the overall performance of fixed 

binaural MVDR beamformers tuned for diffuse noise, in terms of speech quality and 

intelligibility objective measures, but nevertheless the performance with DOA mismatch was 

found to be reasonably robust. Regarding head model mismatch, the performance of fixed 

binaural MVDR beamformers was found to be even more robust. 
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8.2 Suggestions for Future Research Work 

Due to the fact that a fixed MVDR beamformer tuned for diffuse noise can be sensitive to 

DOA mismatch, one approach to improve its performance would certainly be to investigate 

the design of an accurate and robust DOA estimator under the typical acoustic environments 

found in hearing aids and for the typical target directions of interest (e.g. between -20 to 20 

degrees of azimuth). A joint tuning of fixed MVDR algorithms as a pre-processor and 

another binaural algorithm such as the PBNR as a post-processor could likely lead to an 

improved performance, compared to the performance observed in Chapter 7, and this should 

be further investigated. While the thesis has been making use of several objective measures 

(classical beamformer performance metrics and speech quality and intelligibility measures), 

some of the conclusions from the thesis were found by informal listening of the resulting 

sound files. More structured listening tests would allow a further validation of the results 

reported in the thesis. 
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