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Abstract  
 
Speech intelligibility in noise environments is still very limited for cochlear implants 
users (CIs). In this work two methods to improve the signal-to-noise-ratio (SNR) in 
noisy environments have been designed. The first method is based on the well-known 
Generalised Sidelobe Canceller (GSC). A second method called Transfer Function GSC 
(TF-GSC) has been modified such that can be incorporated into a CI sound processor. 
The aim of this project is to optimize the performance of the beamformer to each 
individual CI user. The beamformers have been analysed in different room 
environments and with different background noises. Objective measures in a computer 
suggest that the TF-GSC provides with better SNR than the standard GSC while 
producing less distortion to the speech signals. Subjective measures in CI users have 
been performed to assess the perceptual distortion and the speech intelligibility 
with/without the beamformers.  
 
 
Resum  
 
La intel·ligibilitat de la parla en entorns sorollosos encara està limitada per usuaris 
d’implants coclears (ICs). En aquest treball s’han desenvolupat dos mètodes per 
millorar la relació senyal-soroll en entorns sorollosos. El primer mètode es basa en el 
conegut Generalised Sidelobe Canceller (GSC). El segon mètode s’ha modificat el 
Transfer Function GSC (TF-GSC) per ser incorporat en un processador d’IC. L’objectiu 
d’aquest projecte és optimitzar el funcionament del beamformer per cada individu. Els 
dos beamformers han sigut analitzats simulant diferents habitacions i amb diferents 
sorolls de fons. Les mesures objectives realitzades suggereixen que el TF-GSC dona 
una millor SNR que el estàndard GSC mentre que produeix menys distorsió als senyals 
de parla. S’han realitzat mesures subjectives amb implantats coclears per avaluar la 
percepció que tenen de la distorsió i la intel·ligibilitat de la parla utilitzant i sense 
utilitzar els beamformers. 
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1. INTRODUCTION  

1.1 Motivation  
 
A cochlear implant (CI) is a small electronic device that is surgically implanted and can 
help to provide a sense of sound to a person who is profoundly deaf or has a severe 
impairment. However, in noise environments CI users have limited speech 
intelligibility. CI users need significantly higher signal-to-noise ratios (SNRs) to 
achieve the same intelligibility than normal-hearing listeners (Hochberg, Boothroyd, 
Weiss, & Hellman, 1992). Therefore, techniques of speech enhancement and noise 
reduction have emerged to improve the SNR in these conditions. A well-known speech 
enhancement method is the beamforming. Beamforming is a spatial filtering technique, 
which controls the directionality through the combination of microphone arrays. That 
way, the beam-pattern is directed to the direction of the desired speech while the signals 
coming from other directions are attenuated. 
 
In this thesis we study the state of the art of beamforming techniques. Two 
beamformers from already well-known beamformer algorithms are designed, adapted 
and implemented in a CI sound processor. First, we have implemented the Generalised 
Sidelobe Canceller (GSC) (Griffiths & Jim, 1982) in time domain. Then, we 
implemented the Transfer Function GSC (Gannot & Cohen, 2004) a beamformer 
algorithm more robust due to the use of the transfer functions, which relates the speech 
source with the microphone. Although CIs show some improvement in speech 
intelligibility using these techniques, their speech understanding is not as good as 
normal-hearing listeners. The signal is distorted because the estimation errors 
processing the signal, which causes cancellations of the desired signal. This distortion, 
which is higher in reverberant environments or in a multi-talker environment, decreases 
the speech understanding. 
 
The aim of this project is to optimize the performance of the beamformer for each 
individual CI user. We have studied the optimal parameters for different rooms and 
background noises, by means of objective measures in computer and subjective 
measures with CI users. We want to answer in this project if CIs can perceive the 
distortion given by the beamformer. Because knowing their sensitivity to the distortion 
and their optimal parameters, in a future work we could improve a beamformer 
according to the requirements of CIs and more noise attenuation can be applied.  
 

1.2 Structure of the document 
 
This document is organized in 5 chapters. Chapter 1 presents the basics of hearing and 
signal processing techniques, which are important to understand the content of the 
thesis. Chapter 2 discusses the state of the art of the speech enhancing techniques and it 
introduces the different beamformers used in the thesis. Chapter 3 contains a description 
of the methodology used to generate the signals as well as the design the algorithms. 
Then, in Chapter 4 the results obtained in the evaluation through the objective and 
subjective measures are shown. Finally, the last chapter presents the conclusions of the 
thesis and future work.    
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2. FUNDAMENTALS OF HEARING AND SIGNAL PROCESSING 

2.1 Normal Hearing 
 

Hearing is the ability to perceive sound. An understanding of how the auditory system 
works is important to the development of a successful CI. The purpose of this section is 
to present the normal auditory system works before we show how a damaged system 
can be fixed. 
 
Hearing is performed by the peripheral and central auditory system. The peripheral 
auditory system can be divided into three areas: the outer, the middle and the inner ear. 
The outer ear takes the sound waves and directs them into the middle ear, which 
transfers sound waves in air into mechanical pressure waves. These pressure waves are 
then transferred to the inner ear, which transforms the pressure waves into impulse 
signals that our brain can interpret. (Niparko, 2000)  
 

 
Figure	  1	  A	  diagram	  of	  the	  auditory	  system	  (Laurent	  Clerc	  National	  Education	  Center,	  n.d)	  

 
The cochlea is located in the inner ear, a long bony tube with an average length of 
30mm arranged in a spiral shape and filled with fluids. Inside the cochlea, waves 
propagate from the base to the apex (the centre of the spiral), until the wave reaches its 
place of resonance, the point along the basilar membrane which responds maximally to 
the frequency of incoming sound. This vibration causes the stereocilia of the hair cells 
to move. The hair cells then convert these vibrations into nerve impulses, which are 
transferred from the auditory nerve to the brain.  
 
When there is a problem or impairment along this pathway, this can cause a hearing 
loss. When the impairment occurs in the inner ear, because hair cells are damaged or 
absent, it is called a sensorineural hearing loss. The hearing loss is classified in terms of 
the degree from a mild impairment to profound hearing loss. Each degree has different 
treatments, but for the case of a profound hearing loss a CI may be more effective as it 
bypasses the hair cells to directly stimulate the auditory nerve. (Wayner, 2009) 
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2.2 Cochlear Implants 
 

A cochlear implant is a small electronic device that is surgically implanted and can help 
to provide a sense of sound to a person who is profoundly deaf or has a severe 
impairment. Unlike hearing aids, which simply amplify sounds, CIs convert sound 
waves to electrical impulses, which stimulate electrically the cochlea, in a way that tries 
to mimic natural hearing. But CIs do not restore normal hearing, they just provide a 
representation of the sound. Whereas normal hearing employs around 16000 hair cells 
located inside the cochlea, CIs nowadays use 22 electrodes at most to mimic a healthy 
auditory system. However, the human brain is able to learn the new representation of 
sound after a learning and adaptation phase (Loizou, 1998). Depending on the 
manufacturer the number of channels (electrodes), type of processor and sound 
processing algorithms varies.  
 
The CI consists of two parts. An external part sits behind the ear and is composed by a 
microphone, a digital speech processor and radio frequency transmitter. The other 
internal, surgically implanted part consists of an electrode array and receiver-stimulator. 
Both parts are connected by a magnet, which holds both parts in place and allows for 
removing the external part when the user desires. 
 

 
Figure	  2	  This	  image	  illustrates	  the	  installation	  of	  the	  internal	  and	  the	  external	  systems.	  (Kids	  Health,	  2012)	  

Figure 2 shows a section of the ear and the components of the CI and where they are 
located. The process of sound transmission into the cochlea starts at the microphone, 
which as an acoustical-mechanical transducer converts the acoustical signal into an 
electrical signal. The speech processor then samples, processes and maps the signals to 
specific locations in the cochlea depending on the speech processing strategy used. 
Eventhough the strategy used diverge from brand to brand, it is possible to describe a 
basic process. The input signal is divided into logarithmically spaced bands, which 
contain the signal in its frequency band. Then the signal information as the envelope or 
other features, - depending on the strategy- is extracted, compressed and modulated into 
pulses for each sub-band. The pulses generated by the processor are sent across the skin 
from the external part to the internal receiver/stimulator, which decodes the signal and 
sends electrical pulses with specific stimulating rate to the appropriate electrode, 
according to their location in the cochlea. (Moctezuma & Tu, 2011) 
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2.3 Problem Statement 
 
The effectiveness of the cochlear implantation varies for each patient. Ideal patients, 
who were implanted at childhood, have better perception than patients which are 
implanted later. This is because they learn naturally how to interpret sounds. Another 
successful case of implantation is for post-locutive hearing people. Those are people 
who were able to speak before the hearing loss. However, even in these cases, there is a 
wide variation of parameter calibration and sound perception for each CI user. 
(Moctezuma & Tu, 2011)  
 
Usually, CI listeners require higher signal to noise rations (SNRs) than normal listeners 
to obtain similar speech recognition (Hochberg, Boothroyd, Weiss & Hellman, 1992). 
Also, there are other limitations, like the frequency resolution, which is lower than 
normal hearing, or a narrow dynamic range.  But one of the five big problems of CI 
devices nowadays is the speech perception in noisy environments (Faulkner & Pisoni, 
2013).  Although a large set of successful noise reduction algorithms exists and almost 
all the implants have some strategies implemented in their processors, noise reduction is 
still being one of the big challenges of the audio processing in CIs. All algorithms and 
techniques have a good performance when the noise is coherent or they are tested in an 
anechoic room. However, their performance is reduced when the CI user is in a noisy 
environment with many non-coherent noise sources, in reverberant rooms or in the 
presence of more speech sources (Fetterman & Domico, 2002). The problem is that 
these scenarios are very common in real life. A cafe, a train station or churches are 
examples of environments, where -unless the SNR of speech is very high- the 
intelligibility becomes hard or even impossible in some cases. 
 
Speech enhancement methods include single and multichannel techniques. Single 
channel techniques –used when the device only has one microphone – use spectral 
estimation methods such as the spectral subtraction or Wiener filtering (Hochberg, 
Boothroyd, Weiss & Hellman, 1992; Yang & Fu, 2005). However, since most of the CI 
devices have more than one microphone, multi-microphone techniques have attracted 
most of the research efforts. Noise reduction techniques based multi-microphone 
processing or Beamforming can avoid some limitations of single channel techniques, 
which only use temporal and spectral information, taking profit additionally of spatial 
information of the sound sources. Therefore, beamforming is a spatial filtering 
technique, which uses a multi-sensor array to enhance a desired signal in the presence 
of interfering signals or background noise. The basic idea is to combine the incoming 
signals to incorporate a beam and point it to a desired direction. As a result, signals 
from this direction are enhanced though constructive sums, while signals from all other 
directions are attenuated. Performance of the beamformer is not ideal, because 
reflections from different directions are also captured by the sensor array. Hence, 
desired speech will arrive from undesired directions too, leaking in the noise references. 
In fact, the performance is dramatically weakened in reverberant spaces, or also, in 
environments with low SNR and when there are several speech sources (cocktail party 
effect). 
 
Therefore, in this project we will see the state of art of beamforming techniques and we 
will evaluate how these techniques can improve speech intelligibility in the context of 
CIs. Although many research articles analyse different beamformers performance, there 
is little subjective analysis of the trade-off between noise reduction and speech 
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distortion. Objective measures are helpful and important, but they do not give a reliable 
measure of the quality and perception. To obtain a reliable measure of the CI user 
perception of the quality and effect of the beamformer we conducted subjective 
measures such as speech intelligibility tests, comparison and rating tasks with CI users. 
We want to find the optimal values for each subject and to establish a speech distortion 
threshold for CI users in order to improve beamforming techniques in future 
developments. 

2.4 Characteristics of Signals 
 

The characteristics of the speech and the noise signals as well as the acoustic 
environment have a large influence on the beamforming techniques. The designers of 
CIs need to know what information in the speech signal is perceptually important in 
order to preserve and enhance it. Furthermore, it is important to know the noise 
characteristics to be able to attenuate and differentiate it from speech. In this section we 
will expose some well-known properties of speech and noise signals, which are 
important to consider for the development of this thesis. 

2.4.1 Speech signals 
 
Speech is a wideband signal. It is composed of a wide range of frequencies, which 
usually go from 100 to 8000 Hz. Frequencies between 300 and 3400 Hz are the most 
interesting for speech understanding (Doclo, 2003). Hence, a sampling rate of 8 KHz is 
usually enough to have an acceptable speech quality. However, because the demand of 
higher quality, nowadays higher sampling rates of 16 kHz or 22 kHz are used. For the 
work of this thesis, we generally use a sampling rate of 22050 Hz. 

 
Figure	  3	  Speech	  and	  noise	  spectrograms	  

A further characteristic of speech is that it is a non-stationary signal. For a non-
stationary signal time and spectrum envelopes vary continuously. But speech can be 
assumed stationary on a short-time scale of 20-30ms. Furthermore, we must take into 
account that speech is an intermittent signal, silences exist between words. This 
characteristic is going to be important in our work in order to reduce the effect of the 
speech distortion at the output of the beamformer system using speech detection 
techniques.  
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 2.4.2 Noise signals 
 
Noise is a sound that disturbs people or makes it difficult to hear the desired sound. Our 
aim is to eliminate or attenuate this noise to improve the hearing of CI users, because 
noise signals affect directly in the intelligibility of the speech. Noise can originate from 
localized noise sources or can be diffuse noise, for which energy propagates in all the 
directions simultaneously. Many real-life environments can be characterized by this 
field (Mccowan, 2001). 
 
Mostly, noises are characterized to be non-stationary and random, but many noises 
exist. There are noises that are more similar to the speech characteristics, these ones will 
be more challenging to reduce without distorting the speech. 

2.5 Characteristics of Environment 
 
Reverberation is caused by reflection of acoustic waves by room walls or other objects. 
If an array of sensors, which is a series of aligned microphones, is installed in the 
middle of a room and an impulse is sent and recorded. We can observe that the room 
impulse response waveform contains a direct signal from the speaker to one of the 
sensors and multiple delayed and attenuated versions of the signal. We should keep in 
mind that for every sensor the direct path is different, and it is determined by the fasted 
path. In practice, the positions of the sources are not necessarily fixed and these paths 
are time varying.  
 
The path between the sound source and receiving positions can be modelled by linear 
transfer functions (TFs). The transfer function can be represented by a wave equation, 
and can typically be assumed to change slowly in time, therefore they can be considered 
stationary over the analysis frame. As we will see this characteristic will be very 
determining for our system because acoustic environments play an important role 
affecting speech intelligibility and the performance of beamforming algorithms.  
 

 
Figure	  4	  Head	  Related	  Impulse	  response	  	  

Figure 4 shows a Head Related Transfer Function (HRTF), which is a response that 
characterizes how the ear receives a sound in a specific space. Three parts can be 
distinguished: 
- A dead time: the time needed for the acoustic wave to propagate along the 

shortest path (direct path) from the source to the microphone.  
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- Early reflexions, which are strongly determined by the shape of the room and 
the positions of the source and microphones. 

- Reflexions or reverberation time, which decays exponentially in time until -60 
dB. 

1.6 Evaluation Techniques 
 
Speech quality evaluation is essential in the areas of clinical hearing diagnostics and 
psychoacoustical research. We need to measure how the system is working and be able 
to compare different systems through standard measures. Every listener has a different 
perception, when the signal reaches the human auditory system an internal speech 
perception process start, which can be only understood through a description of the 
listener. Therefore, the most straightforward way to estimate speech quality is to ask 
group of listener to rate the quality of audio tracks. Since subjective quality measures 
are time consuming and can be affected by the subject capacities, several objective 
measures to predict speech intelligibility have emerged. 
 
There are a large number of measures to predict speech intelligibility in the presence of 
background noise. Measures as the articulation index (AI) (French & Steinberg, 1947), 
the speech transmission index (STI) or the speech intelligibility index (SII) are 
commonly used to predict speech intelligibility in noisy conditions. (Ehrenberg, 
Gannot, Leshem, & Zehavi, 2010; Loizou & Kim, 2011; Rohdenburg, 2008). The 
measures that we select in this project take into account the speech intelligibility band 
and its importance to understand the speech. We took measures as the SNR 
improvement, the speech distortion or the noise reduction to measure the performance 
of the beamformer. We used also the speech transmission index to obtain a prediction of 
the intelligibility. These measures are not completely reliable because the perception is 
a subjective process. Therefore, we will also carry out intelligibility test and quality 
rating.  

 1.6.1. Objective Measures 
 
 Weighted Signal-to-Noise Ratio (SNR) improvement. 
 
The SNR improvement is the difference of the SNR at the output of the beamformer 
and a given input SNR, both measured in dB. However, if we compute the improved 
SNR using this premise, the SNR improvement may correlate poorly with improvement 
in speech intelligibility. Therefore, because the primary goal of this research is to 
improve speech intelligibility of CI users, we have to take into account the frequency 
bands, which contribute most to speech intelligibility.  
 

𝑆𝑁𝑅!"# = 10 log
𝑃!! 𝜔
𝑃!! 𝜔

𝐴! 𝜔 ,
!

!!!

 

         (1.1) 
 
where 𝜔 expresses the frequency in radians per second. 𝑃!!(𝜔) and 𝑃!! 𝜔  are the 
Power Spectral Density (PSD) of the speech 𝑠 𝑡  and noise components 𝑣 𝑡  at the 
output of the analysed system. And 𝐴(𝜔) is the weight or importance of band i, which 
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is based on the modified intelligibility-weighted gain determined by Loizou in order to 
consider the non-linear distortions introduced by hearing aids (Loizou & Ma, 2011). 
The SNR improvement is computed then as the difference between the input and output 
weighted SNR and is given in dB. 
 

𝑆𝑁𝑅!"#$%&'"'() = 𝑆𝑁𝑅!"# − 𝑆𝑁𝑅!" 
             (1.2) 
 
 Speech Transmission Index  
 
The Speech Transmission Index (STI) measure (Steeneken & Houtgast, 1980)  is based 
on the idea that the reduction in intelligibility caused by additive noise or reverberations 
can be modelled in terms of the reduction in temporal envelope modulations. The result 
is a numeric representation of communication channel characteristics, between 0 and 1, 
where 0 is bad and 1 is excellent. 
 

 
Figure	  5	  Speech	  Transmission	  Index	  scale	  (CC	  BY-‐SA	  3.0	  Wikipedia)	  

But as we have already commented, this measure is not reliable to understand the 
intelligibility of a CI user (Loizou & Ma, 2011). However, it is useful to compare the 
performance of both algorithms and to see how the intelligibility improves with respect 
to the original noisy signal.  
 
 Speech Distortion  
 
The degree of distortion is a complicated issue that depends on many factors, such as 
the knowledge of the input clean speech and input noise, the performance of the voice 
activity detector or the content leaking in the blocking matrix as we will see in chapter 
4. Our aim is to quantify the speech distortion at the output, which can be defined as the 
difference between the clean speech at the input compared to the clean enhanced speech 
at the output. Since the output is enhanced, we need to normalize the output with 
respect the input to be able to compare them. As we have seen for the calculation of the 
SNR improvement it is important to weight the distortion according to the frequencies 
that are most important for speech intelligibility. 
 

𝑆𝐷𝐼 = 10 log
𝑃! 𝜔
|𝑃!! 𝜔 | 𝐴! 𝜔

!

!!!

, 

         (1.3) 
 
where 𝑃!!(𝜔) and 𝑃! 𝜔  are the PSD of the processed clean speech and the input clean 
speech respectively. The result is the average of speech distortion given in dB. 
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Noise Reduction 
 

The noise reduction is measured by the difference between the power spectral density of 
the input noise and the processed noise. The measure is an average of noise reduction 
given in dB. As we have done to compute the SD and the SNR improvement we weight 
the amount of Noise Reduction taking into account which are the mot important 
frequency bands for speech intelligibility:  
 

𝑁𝑅 = 10 log
𝑃! 𝜔
𝑃!! 𝜔

𝐴! 𝜔 ,
!

!!!

 

         (1.4) 

 1.6.2 Subjective Measures 
 
Speech intelligibility tests are used to assess the amount of speech items that are 
recognized correctly. This type of test is widely used in CI users, and it consists of 
presenting list of sentences to the CI users that they have to repeat. Performance is 
based on the amount of correctly understood words. Speech intelligibility should not be 
confused with speech quality, which is related to the quality of a speech signal with 
regard to the amount of audible distortions. To assess the difference between two 
sounds psychophysical methods can be used such as the adaptive alternative forced 
choice procedure (Hansen & Hochschule, 2013). This method is commonly used to 
obtain an optimal parameter given a number of stimuli. The algorithm presents a 
stimulus, for example a distorted audio, and next iteration the stimulus is changed in 
function of the subject answer. If the answer was correct the task becomes more 
difficult until the convergence in an optimal parameter is achieved.  
 
A common procedure to analyse subjective quality assessment is the multistimulus test 
using a hidden reference and anchor (MUSHRA) (Vincent, 2005). During the test the 
users are required to score the stimuli on a quality scale from 0 to 100. Results obtained 
from this method are related to the subject’s judgement. Hence, they should not be 
treated as absolute scores. 
 
In chapter 4 we will see these methods in more detail, and the results obtained. We will 
analyse the beamformer subjectively, in order to obtain the optimal value for each 
subject to ensure intelligibility. The novelty of this study is the design and assessment 
of a subjective test to assess the minimum distortion is perceived by the subject. 
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2. STATE OF THE ART 

2.1 Microphone Array Processing  
 
Array processing emerged in the last few decades focusing on using multiple sensor 
array structure to take advantage of the spatial information. An array structure can be 
defined as a set of spatially separated sensors. This technique is widely used in radar, 
sonar applications and also for wireless communications and hearing aids.  
 
There are two assumptions in array processing. The first is that for a far field the wave 
propagation is plane. The second is that the calibration of the microphone is perfect, 
which is not true in a real scenario. The performance of most beamformer algorithms 
depends on the individual microphone characteristics. In fact, several studies have 
shown that fixed and adaptive beamforming techniques are highly sensitive to errors, 
especially for small-size microphone arrays (Ehrenberg, Gannot, Leshem & Zehavi, 
2010; Rohdenburg, 2007). However, in practice it is very difficult and expensive to 
know exactly the characteristics of the microphone array. Therefore, signal-enhancing 
algorithms should be designed to be robust against microphone mismatch, geometry 
characteristics and shadow effects of the head.  
 
Discrete waves can be aligned in time adding a specific delay in samples, but we want 
also to align the signals depending on the direction of arrival. Therefore, the delay for 
every sensor is computed as: 

𝜏! =
𝑑! cos 𝜃!

𝑐 𝑓!, 
     (2.1) 

where 𝜏! is the delay in samples for the mth microphone with m=[1,2,…,M] ,M is the 
total number of microphones or sensors, 𝑑! is the distance between the mth sensor with 
respect to the reference sensor, 𝑐 the sound speed in air (approximately 343m/s) and 𝑓! 
is the sampling frequency. Angular selectivity is obtained based on constructive 
interference (𝜃 = 𝜃!) for the desired direction and destructive interference (𝜃 ≠ 𝜃!). 
(Doclo, 2003). 
 
When we talk about array processing, we should not forget the spatial aliasing. This is 
analogous to temporal aliasing explained by Nyquist. In spatial aliasing the requirement 
to meet is: 

𝑓! =
1
𝑑 ≥ 2𝑓!!"# , 

        (2.2) 
where f!!"# is the highest spatial frequency component in the angular spectrum of the 
signal and that occurs for: 

𝑓!!"# =
1

𝜆!"#
 

        (2.3) 
Consequently, the inter-microphones distance must fulfil: 
 

𝑑 <
𝜆!"#
2  

        (2.4) 
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2.2. Overview of Noise Reduction Techniques 
 
In the last decades several multi-microphones speech enhancement algorithms were 
proposed for CI devices, such as algorithms based on fixed and adaptive beamforming, 
multi-channel Wiener filtering (MWF), blind source separation (BSS) and 
computational auditory scene analysis (CASA). This thesis focuses only on 
beamforming techniques (Doclo, Gannot, Moonen, & Spriet, 2008). 
 
Beamforming, as we have seen, is a spatial filtering technique, which uses a sensor 
array to enhance a desired signal in the presence of interfering signals or background 
noise. Depending on how the weights are chosen, beamformers can be classified as: 
(Griffiths & Jim, 1982) 

- Data independent, in this case the weights are fixed previously and are chosen to 
present a specified response for all signals/interference and scenarios. 

- Data dependent, the weights are chosen based on the statistics of the array data 
to optimize the array response. That way, the weights adapt in time to the 
conditions of the scenario. 

 
Beamforming techniques aim to recover the desired signal, which is captured by the 
microphones mixed by the reverberant characteristics of the room and noisy signals. 
The basic principle of the beamformer consists of using a multiple sensors array to 
capture the signals. Then, the signals are aligned and combined through array 
processing techniques. Therefore, the signals coming from the desired direction 
experience constructive interference while others experience destructive interference. 
Hence the directivity pattern varies from dependence on the direction of arrival (also 
depend of the frequency). Beamforming techniques can determine sensor weights by 
phase and amplitude information in order to implement a desired beampattern.  
 
There are different beamforming techniques and each one is appropriate for different 
noise conditions. In the literature we can find: 
 

- Fixed beamforming: These beamformers combine the microphone signals using 
a time-invariant filter, hence they are data-independent. Well-known examples 
are delay-and-sum beamforming, superdirective beamforming or matched 
filtering beamformers. For the design of this type of beamformers the direction 
of the speech source and the complete microphone configuration need to be 
known. (Bitzer & Simmer, 1999; Doclo & Moonen, 2003; Jan & Flanagan, 
1996; Mccowan, 2001; Ward, 1995) 
 

-  Adaptive beamforming: These beamformers combine the spatial approach of 
fixed beamformers with adaptive noise suppression because the background 
noise is unknown and changes in time and frequency. Adaptive algorithms 
generally exhibit higher noise reduction performance than fixed beamformers. 
(Capon, 1969; Gannot & Cohen, 2004; Griffiths & Jim, 1982; Hoshuyama, 
Sugiyama, & Hirano, 1999) 

 
While a fixed beamforming array has the advantage of being robust against estimation 
errors of the target and noise signal, adaptive beamformers are known to be less robust 
but have the advantage to adaptively steer spatial notches to the noise source direction. 
(Doclo, 2003) 
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Considering that one of the first approaches to beamforming techniques was carried out 
by Frost in 1972, who presented the linearly constrained minimum variance (LCMV) 
adaptive beamformer (Frost, 1972), many research and advanced methods exist 
nowadays. We cannot explain here all of them, because we will focus on those 
beamformers that are most relevant for this thesis.  
 
The first one that we want to highlight is the Generalised Sidelobe Canceller proposed 
by Griffiths and Jim (Griffiths & Jim, 1982). This beamformer has been widely used 
due to its simplicity and efficiency. The standard GSC consist of 3 main parts: a fixed 
beamformer which focuses in the desired direction creating a speech reference; a 
blocking matrix which steers nulls in the direction of the speech source and takes all 
others sources to create a noise reference; and the adaptive noise canceller which 
eliminates the noise components in the speech reference correlated with the noise 
reference, ensuring that the noise power is minimised.  
 
GSC has been designed to steer the beam towards a single direction, where the target 
signal is located, and all the incoming directions are attenuated. But in real 
environments, a single direction of arrival cannot be determined since reflexions from 
different directions are also captured by the sensor array introducing speech in the noise 
reference and causing speech distortion at the output of the system. As we will see later, 
this will be the main drawback and the reason to modify our algorithm in base of the 
impulse response knowledge.  
 
In order to handle reverberant environments and reduce target-signal cancellation, 
beamformers require estimates of the acoustic impulse response of the desired source. 
Jan and Flanagan (Jan & Flanagan, 1996), for example, suggested a matched filter 
beamformer (MFBF) instead of the conventional delay and sum beamformer of the 
standard GSC. Basically, the MFBF implements signal alignment by convolving the 
microphone with the acoustic transfer functions. Afterward Rabinkin (Rabinkin, 
Renomeron, Flanagan, & Macomber, 1998) proved that the performance of the MFBF 
is superior than delay and sum beamformer. They have also suggested truncation of the 
estimated acoustic TFs to solve the pre-echo effect and ensure reliable estimates. 
 
MFBF has been further analysed and improved by Gannot (Gannot & Cohen, 2004). 
They proposed a transfer function GSC (TF-GSC), which exploits and estimates relative 
transfer functions. The RTFs are filters built by the rate between pair of sensors with 
respect to the desired source, which are used to build the blocking matrix, and also for 
the matched beamformer filter in the upper path. The TF-GSC is an efficient solution, 
with low computational requirements, which decrease the speech distortion at the output 
of the system in reverberant environments. Many proposals have subsequently emerged 
based on this algorithm as Dual Source TF-GSC (DTF-GSC) or echo TF-GSC (ETF-
GSC). (Reuven, Gannot, & Cohen, 2008; Talmon, Cohen, & Gannot, 2009) 
 
Speech-distortion weighted multi-channel Wiener filter (SDW-MWF) proposed by 
Doclo (Doclo, Spriet, Wouters, & Moonen, 2007) is also based on the standard GSC 
structure. This algorithm adds robustness to the standard GSC through an extra term 
applied in the ANC stage. This extra term controls the trade-off between noise reduction 
and speech distortion. As the name suggests this algorithm uses a Wiener filter instead 
of a (Normalized) Least Mean Square (LMS) like the TF-GSC, Wiener filters give 
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better noise reduction. The evaluation and research presented about the noise reduction 
performance, the use of the voice activity detector, and the speech distortion analysis 
has been often a guide for the development of this thesis. 

2.3 Generalised Sidelobe Canceller  
 
Figure 6 shows the structure of Griffiths-Jim Beamformer, Generalised Sidelobe 
Canceller (GSC) which consist of 3 main parts:  

- A fixed beamformer filter (FBF), which focuses in the desired direction creating 
a speech reference.  

- A blocking matrix (BM), which steers nulls in the direction of the speech source 
and takes all others sources to create a noise reference. 

- The adaptive noise canceller (ANC), which eliminates the noise components in 
the speech reference, correlated with the noise reference, ensuring that the noise 
power is minimised. 

 
Looking from a CI context, GSC can be described as a combination of two static 
cardioid beamformers. One cardioid beamformer is determined by the fixed 
beamformer filter and point to 0° and the other determined by the blocking matrix 
facing to the opposite direction (180°).  

 

 
Figure	  6	  Schematic	  structure	  of	  a	  Generalized	  Sidelobe	  Canceller	  (GSC)	  

	  (Springer	  Handbook	  of	  Speech	  Processing,	  2008)	  

We will present a general mathematical formulation for M microphones of the GSC 
algorithm. This formulation applied to CIs consists of only two or three sensor-array, 
which is the normal number of sensors available for a monaural CI. In this thesis we 
will not study the case of binaural implantation, but the formulation can be easily 
extended. 
 
Let us consider an array of M microphones in a noisy reverberant environment. 
Microphones are spaced at a distance d (depends of the manufacturer). The desired 
speech comes from a direction 𝜃, for simplicity we will fix this one at 0°. In a 
conversation context we usually have the target and hence, the direction that we want to 
enhance. Noise comes from direction 𝜙, let us assume now that we only have one noise 
source. The received signal xm(t) is first sampled at the arrival to the microphones. The 
sampled signal xm(n) at the mth microphone at time sample n consists of a filtered 
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version of the clean desired speech 𝑠 𝑛  by the transfer function ℎ! 𝑛   for mth sensor 
and additive noise 𝑣(𝑛), modelled as: 
 

𝑥! 𝑛 =    𝑠 𝑛 ∗ ℎ! 𝑛 + 𝑣(𝑛)
!

!!!

, 

       (2.5) 
 

Where * denotes convolution. We assume that ℎ! 𝑛  is slowly time varying and that 
the noise is uncorrelated with the speech signal. 

 2.3.1 Fixed Beamformer Filter 
 
The delay-and-sum (D&S) method is used in CI devices because its computational cost 
is very low. This algorithm basically spatially aligns the microphone signals in time 
thus orienting the beamformer in the direction of the speech signal and enhancing the 
target signal. Mathematically, the D&S beamformer is a summation of aligned signals: 
 

𝑦!"!(𝑛) =
1
𝑀 𝑥!(𝑛 − 𝜏!)

!

!!!

 

         (2.6) 
 
Where 𝜏 is described in Equation 2.1 and 𝑦!"!(!) is the fixed beamformer output which 
contains the desired signal enhanced and the additive noise. In Figure 7 we can observe 
the scheme of D&S, coherent constructive sum is produced for the desired direction 
thereby enhancing it, while for the other directions the sum will be incoherent or even 
destructive.  
 

 
Figure	  7.	  Delay	  and	  sum	  scheme	  (Greensted,	  A.,	  2012)	  

However, if we observe Equation 2.6, we can notice that the gains of the signals are not 
taken into account. Due to the attenuation produced by the air, signals arrive to the 
sensors with different amplitudes. If we do not consider this effect, signals will be less 
correlated and hence the enhancement will be minor. In addition, when we subtract the 
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aligned signals in the blocking matrix more desired speech content can leak in the noise 
references. Because of this usually filter coefficients 𝑤! 𝑛   are applied to the Equation 
2.6 yielding:  

𝑦!"!(𝑛) =
1
𝑀 𝑤! 𝑛 𝑥!(𝑛 − 𝜏)

!

!!!

 

         (2.7) 
 
Hence, the delay-and-sum beamformer can be understood as a particular case of a more 
general definition of a filter-and-sum beamformer. There are several ways to compute 
these filter coefficients, we can fix or adapt them to give a predefined directivity 
pattern.  
 
This method is effective in mitigating non-coherent noise sources. However, if the noise 
source is coherent it strongly depends on the direction of arrival of the noise source 
(Doclo, 2003). For this reason, the performance of the delay and sum beamformer in a 
reverberant environment is often insufficient. 

 2.3.2 Blocking Matrix  
 
The Blocking Matrix (BM) described by Griffiths-Jim uses a simple technique that 
consists of subtracting the time-aligned signals. For better explanation we will use 
matrix notation. A block of samples 𝑥 𝑛  with 𝑛 = 1,2,… ,𝑁 − 1 is denoted by 𝑥. A 
two-dimensional block of samples will be denoted by 𝑿.  The main objective of the BM 
is to reject the target signal and let pass only the interference and the noise. Under ideal 
conditions (no reverberation, point speech source, no look direction errors, no 
microphones mismatch) the noise references only contain noise components. However, 
in practice the steering vector contains errors and speech components that leaks into the 
BM. 
 
The standard Griffiths-Jim BM is: 

 
      (2.8) 

 
The size of B is [M x M-1] where M is the number of microphones and the rows are 
linearly independent. The desired signal blocking will occur if the rows of the BM sum 
to zero. Hence, if the target signal is blocked at the output we will obtain only the noise. 
Let consider 𝑿 = [𝑥! 𝑛 − 𝜏! , 𝑥! 𝑛 − 𝜏! ,… , 𝑥! 𝑛 − 𝜏! ] the time aligned signals, 
which are multiplied by the BM B obtaining the noise references.  
 

𝑦!" = 𝐁𝑿 
         (2.9) 
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Finally, the output of the BM is passed to the adaptive noise canceller, which adaptively 
subtracts the components correlated to the output signal of the blocking matrix from the 
output signal of the FBF.  
 

 2.3.3 Adaptive Noise Canceller  
 
Since the background noise is unknown and can change over time and space, 
information about the noise field has to be adaptively estimated from the captured 
signals. The adaptive noise canceller (ANC) deals with the suppression of noise while 
leaving the signal relatively unchanged, at least in theory. ANC works on the principle 
of correlation cancellation, thus it only removes the noise, which is correlated with the 
noise reference obtained in the previous step (BM). Because in the BM theoretically 
there is not speech only residual noise energy is minimized. 
 

 
Figure	  8.	  Adaptive	  Noise	  Canceller	  diagram	  (Singh,	  A.	  2001)	  

Adaptive filters change every iteration according to an optimization algorithm instead 
of having invariant coefficients such as FIR or IIR filters. The adaptive filter uses 
feedback in form of a cost function to modify the filter transfer function to minimize the 
cost on the next iteration. The most common cost function is the mean square of the 
error signal (MSE). Least Mean Square algorithm (LMS) and its variants use MSE as a 
cost function. 
 
For our beamformer algorithm we are going to focus on the Normalised Least Squares 
Algorithm (NLMS) algorithm, which is based on the LMS but normalizes the power of 
the input to guarantee its stability. Using a gradient-descent algorithm and 
approximating the gradient by its instantaneous value obtain as the update weights for 
the NLMS algorithm: 
 

𝑤 𝑛 + 1 = 𝑤 𝑛 +
𝜇  𝑦 𝑛   𝑧 𝑛

𝑧 𝑛 !  

         (2.10) 
The algorithm can be summarised as: 
Parameters:     p = order 
       𝜇 = step size 
                M = number of sensors 
Signals:      y = output, error signal  
                d = output of fixed beamformer filter 
       z = noisy reference given by the BM 
 
Initialization: w(0,0,0) = zeros(p,M-1,sample) 
Computation:   For n = 1:length(d) 



 

 18 

        z(n) = [z(n), z(n-1),…,z(n-p+1)]’ 
        y(n) = d(n) – sum(diag(w(n)*z(n))) 
        w(n) = w(n) + (mu*y(n)*z(n))/(x’(n)*x(n)) 
(*) refers to multiplication 
 
The parameters of the algorithm are the filter order, which gives the number of taps to 
use, and the step size (𝜇), which controls how fast and how well the algorithm 
converges to the optimum filter coefficients. If the step size is too small the algorithm 
converges slowly and may not be able to track changing conditions, for example, in a 
cafeteria where the noise changes fast. But, if the step size is too big it converges 
quickly but less precise. So, the correct choice of the step size becomes an important 
decision since the convergence and stability of the algorithm depends on it. Using the 
NLMS algorithm 𝜇 is stable between [0,2).  
 
Subtracting noise from the upper path of the GSC, where the desired signal is found, 
involves the risk of distorting the signal. Or on the other hand, if it is done improperly, 
it may lead to an increase of the noise level (Singh, 2001). Bitzer (Bitzer, Simmer, & 
Kammeyer, 1999) analysed the theoretical limits of the GSC and they conclude that the 
reduction is above 1dB. 
 
We have experimented also with another adaptive algorithm known as Recursive Least 
Square (RLS), which adds a parameter beta improving the convergence speed. This 
parameter acts as forgetting factor that ensures that the recent error signal has more 
importance in the cost function than the previous error. Theoretically, it ranges within 
(0,1], but in practice usually the chosen values are between 0.98 and 1 (Ifeaccor & 
Jervis, 2002). Finally, we discarded to use this algorithm because we could not observe 
a benefit out of it.  

2.4. Modified Generalised Sidelobe Canceller 
 
As presented before, the GSC using the D&S and the Griffiths-Jim BM is compromised 
in a reverberant environment. In addition for a CI device, where the microphones are 
closely located and there are only two microphones the enhancement is poor. Because 
of this, we modified the GSC algorithm to obtain a better signal to noise ratio. We 
wanted to have a null in the BM for the desired direction and a more directive pattern in 
the fixed beamformer. To achieve these constrains we based on the assumption of the 
knowledge, at least, partially of the transfer functions (TFs), which gives gain and delay 
information. However, it is not possible in practice to know them. Therefore, in our 
project we use a mean of different TFs for a specific environment. 
 
Similar and more advanced beamformers have been already studied and implemented 
using impulse response estimation (Gannot & Cohen, 2004; Jan & Flanagan, 1996; 
Reuven, Gannot, & Cohen, 2008). The Matched Beamformer replaces the D&S by a 
signal alignment, which is implemented by convolving the microphone signals with the 
(estimated) acoustic transfer function. Matched Filtering is used as a dereverberation 
method, however perfect reverberation cannot be obtained and for long filter lengths 
pre-echo problem occurs (Rabinkin, Renomeron, Flanagan, & Macomber, 1998). 
Gannot, recently, developed a robust beamformer in a reverberant environment using 
the estimation of arbitrary TFs. 
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To work with TFs we decided to bring the algorithm into the frequency-domain. We 
used the Short Time Fourier Transform (STFT) of the respective signals to bring the 
problem formulation of Equation (2.5), from the temporal-domain into the frequency-
domain yielding: 

𝑋! 𝜔 =    𝑆 𝜔 ∗ 𝐻! 𝜔 + 𝑉(𝜔)
!

!!!

 

       (2.11) 
 

𝐻! 𝜔  is the TF of the mth sensor and is assumed to be time invariant in a short time 
window. We used an overlap and add method to analyse the signals frame by frame. 
First the signals are aligned in time and then we apply the windowing using a Hamming 
window and an overlap of 50%. We apply this in this particular order to prevent 
possible errors given by the application of the window.  
 
Therefore, the signal is time aligned based of the desired angle, 𝜏 is computed as shown 
in Equation (2.1): 

𝑌! 𝜔 =   𝑋! 𝜔 𝑒!!"!! , 
        (2.12)    

 
𝑌 𝜔, 𝜏     will be an stacked vector of all microphone signals aligned 𝑌 𝜔, 𝜏 =
𝑌! 𝜔, 𝜏! ,𝑌! 𝜔, 𝜏!   ,… ,𝑌! 𝜔, 𝜏!    !. Then, the windowing is applied, taking into 

account the basics of signal processing, which says that a multiplication in the time 
domain is a convolution in the frequency domain: 
 

𝑌!"# 𝜔 = 𝑌 𝜔 ∗ 𝑤𝑖𝑛 𝜔  
        (2.13)    

 
We have already the signals delayed and windowed, but we need to weight them to 
compensate the different gain between both microphones given by the attenuation in the 
air. As indicated before the TFs contain the phase and amplitude information. Because 
of this we want to create a finite impulse response (FIR) filter coefficients through the 
TFs. We use the matched beamformer theory to construct the relative transfer function 
as the ratio of TFs between the mth microphone and the reference microphone. 
 

𝑊 𝜔 = 1,      
𝐻! 𝜔
𝐻! 𝜔

𝑒!!"!!
!

 

                 (2.14)    
 
𝑒!!"# undo the previous delay applied to the signals before windowing, since the 
𝐻! 𝜔  has already the phase and gain information. Hence, computing the TFS ratios 
we can obtain a vector of coefficients, which is applied to the signal to obtain the 
speech enhanced in the upper path: 
 

𝑌!"! 𝜔 =   𝑌!"# 𝜔
𝑊 𝜔
𝑊 𝜔 ! 

                (2.15)    
The lower path has inverse behaviour, the goal is to set a null on the desired target 
direction. Therefore, the BM is defined as: 
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𝐵 𝜔 = −
𝐻! 𝜔
𝐻! 𝜔

𝑒!!"!! , 1
!

, 

       (2.16)    
 

it can be verified mathematically that this matrix satisfies the condition for blocking a 
given direction. It generates the reference noise signal constraining the desired signal 
through the given TFs. If the TFs used to build the BM are equal to the TFs on the 
problem formulation, then BM blocks completely the desired speech. However, in 
practice the TFs are unknown, and must be estimated or approximated. Therefore, the 
noisy references are generated mathematically as: 
 

𝑌!" 𝜔 =   𝑌!"# 𝜔 𝐵 𝜔 , 
       (2.17)    

 
Like in the standard GSC we obtain: a desired signal with residual noise at the upper 
path and noise references at the output of the BM. If the behaviour of both filters was 
ideal we could subtract both obtaining the desired signal. Unfortunately, steering vector 
errors, windowing, TFs estimation and truncation make ideal outcome not possible in 
practice. For this reason we used the NLMS adaptive filter, which minimizes the output 
power of the residual noise contained at the FBF output. Therefore, the signals are 
brought to the temporal domain again and the same NLMS filter that we used for the 
standard GSC is applied. 
 
The objective of this implementation was to reduce the speech content, which leaks in 
the noise references and produces leakage at the output of the GSC in reverberant 
environments. To achieve this objective we built more robust fixed filters using the 
transfer function information. Unfortunately, in practice the TFs are unknown and we 
only can estimate or use a generic one, in this project we used the last method. We have 
built a generic TF, based on the mean of different TFs measured in the same 
environment, to obtain more realistic estimations.  

2.5 Speech Leakage 
 
The overall system output is calculated as the difference of the upper and lower path 
outputs, where the upper path contains the constrained desired signal and the lower path 
only contains noise and interference components. Theoretically, the noise and 
interference are extracted from the signal and only the desired signal remains at the 
output. In practice, however the GSC can cause a degree of distortion at the output 
because of a phenomenon known as signal leakage. 
 
Signal leakage occurs when the BM fails to remove the entire desired signal and some 
components of it pass through the BM. At the subtraction, some components of the 
desired signal are attenuated or cancelled. This effect is particularly problematic for 
broad-band signals, such as speech, because it is difficult to ensure perfect signal 
cancellation across a broad frequency range. Furthermore, reverberant environments or 
when there are many different interfering sources increases the difficulties of remove 
the desired signal at the BM hence the speech leakage increases. 
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Cox (Cox, Zeskind, & Owen, 1987) shows that cancellation of the desired signal is 
often significant, especially if the input SNR is large. A second cause of signal 
cancellation is correlation between the desired signal and one or more interference 
signals. When interference and desired signal are uncorrelated the beamformer 
attenuates interferers minimizing the output power. However, if interference and desired 
signal are correlated the ACN minimizes output power by processing the interfering 
signal in such a way as to attenuate or cancel the desired signal. In practice, noises often 
contain undesired speech signals hence both are partially correlated. Therefore, the 
beamformer will cancel the correlated part of the desired signal with the interferer 
obtaining a distortion at the output of the system. (Van Veen & Buckley, 1988) 
 
Several techniques have been proposed to limit the speech distortion. Some reduces the 
speech leakage components in the noise references acting on the BM, either building 
more robust fixed filters as we have already seen or using adaptive filters. Other 
possibility is limiting the distorting effect of the remaining speech leakage components 
by using a voice activity detector to update the ANC only during noise periods and fix 
the weights when there is speech. Other way to decrease speech leakage is adding 
constrains to the ANC updating formula. We have added also to our modification of the 
standard GSC a VAD to reduce the remaining speech leakage at the output. 

2.6 Voice Activity Detector 
 
Voice Activity Detector (VAD) is used in many beamformer algorithms as a speech-
controlled adaptation algorithm, which prevents the speech cancellation when the 
interferer and the speech are correlated. That way the speech distortion at the output can 
be reduced such as some studies show (Compernolle, 1990; Greenberg & Zurek, 1992; 
Hoshuyama, Sugiyama, & Hirano, 1999). 
 
A VAD basically classifies the frames into noise or speech-and-noise frames. When a 
frame is labelled as noise, the ANC update the weights whereas a frame is labelled as 
speech – the frame contains noise and speech- the updating weight is stopped. Hence 
the weights applied are the same as those used for the noise labelled frame, which 
minimize noise but do not adapt speech. 
 
VAD only deals with the updating of weights, therefore the robustness of the BM is 
independent and speech still leaking in the noise references. In case of a perfect VAD, 
which always classifies correctly, signal leakage will have no effect on the adaptive 
filter. However, VAD is not an ideal system in practice and its performance depends on 
several conditions. Therefore, if noise references contain large amount of desired speech 
content the effect of the speech detection errors at the output will be larger. The impact 
of the speech detection errors on the beamformer performance will depend on the 
quality of the noise references. But at the same time, the performance of the 
beamformer is strongly influenced by the correct classification between speech-and-
noise and noise-only frames (Doclo, 2003). 
 
Nowadays, many works study how to improve the VAD in conditions of a low SNR, 
where the performance of the VAD is worse. Also, when noise is highly non-stationary 
like for music or at a cocktail party, then VAD has problems to differentiate noise from 
speech (Garner, Fukada, & Komori, 2004; Liang, Liu, Lou, & Shan, 2011).  
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In this project we will use a VAD, which can be found in the VoiceBox Toolbox of 
MATLAB©. More information about how it works can be found (Sohn, 1999). We 
have chosen this algorithm because it is robust and allows us to change the probability 
threshold of the algorithm introducing more speech detection errors. In that way, we 
want to analyse what happens with the speech leakage and the noise reduction 
depending on the VAD performance. 
 
We expect when the speech is wrongly classified detected as noise, the ACN will adapt 
the desired signal given leakage at the output of the system. While if the noise is 
misclassified detected as speech, the ACN will stop the adaptation, and noises that 
change quickly in time will not be attenuated or even enhanced. Therefore, the mistakes 
committed by the VAD give us a trade-off between speech leakage and noise reduction. 
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3. METHODOLOGY 
 
The main objective of this thesis is to individualize the beamformer parameters for CI 
users. Therefore, we have to first understand how a standard beamformer works and 
why distortion is produced at the output of the system. We have seen the theoretical 
approach for the standard GSC and its limitations in reverberant environments. In 
addition, we have described a modification of the standard GSC, which consist of a 
building of a more robust blocking matrix and a fixed beamformer filter, with the 
objective of achieving a better SNR improvement and less leakage at the output.  
 
In this chapter we want to lay the foundations for the experiments and the evaluation 
that we will be presented in the next chapter. We will see the methodology followed to 
build the environment, the workflow and the different parameters involved in the 
process. 

3.1 Environment simulation 
 
The diagram in Figure 9 shows the workflow used 
to create the signals captured by the microphones 
and used to evaluate the beamformer algorithm. 
The signals speech and noise are generated from 
audio files (.wav). These signals are filtered by the 
room characteristics operating a convolution with 
the specific angle transfer function. We have used a 
Head Related Transfer Functions (HRTF) database 
from University of Oldenburg (Kayser, Ewert, 
Anemüller, Rohdenburg, Hohmann & Kollmeier, 
2009), which we will see in more details in the 
following sections.  
 
Then, given a desired input SNR we control the 
input SNR at the microphones before summing 
both signals. In that way we are able to adapt the 
SNR to the patient levels. The RMS is a statistical 
measurement of the magnitude of a set of values in continuous change over time. For 
audio signals, which are constantly changing their positive and negative values, it is 
very useful in order to compute the SNR. The RMS is computed as the square root of 
the average of squares of signal discrete values. 
 

𝑥!"# 𝑛 =
1
𝑁 𝑥 𝑛 !

!

!!!

 

         (3.1)    
But in order to have more accurate values we decided to average the squared signal by a 
low-pass filter defined by 𝐻(𝜔) in the Equation 3.2. This method is normally used to 
remove the small variations of frequency known as ripple frequency noise.  

𝑥!"# 𝑛 = 𝛼𝑥 𝑛 + 1− 𝛼 𝑥!"! 𝑛 − 1 , 
         (3.2) 

Figure	  9	  Diagram	  of	  signal	  creation 
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Where the 𝛼 pole of the filter controls the cut-off frequency of the filter. 
    
The obtained RMS for speech and noise signals is useful to calibrate the noise signal by 
adjusting the desired SNR level. Given the difference between the input and the desired 
SNR we can obtain, which is the gain factor, to apply to the noise in order to obtain the 
desired SNR for the experiment. 
 

𝑆𝑁𝑅 = 𝑠𝑝𝑒𝑒𝑐ℎ!"# − 𝑛𝑜𝑖𝑠𝑒!"# 
 

𝑓 = 10
!"#!!"#$%"!  !"#

!"  
         (3.3) 
The input SNR is an important parameter in our experiments, because it has three 
implications. A low SNR implies that speech signal is more masked by noise. 
Furthermore, the performance of the VAD depends on the input SNR having a worse 
performance for low SNRs. Finally, CI users need high SNR between 0-20dB to enough 
good understanding (Hochberg, Boothroyd, Weiss & Hellman, 1992). Hence, lower 
SNR will be more challenging in our experiment. 
 
Once, we have adapted the input SNR as we wish the speech and noise signals are 
summed to obtain the input signal for each microphone. These signals captured by the 
microphone array are passed to the beamformer algorithm to enhance the speech and 
attenuate the noise, improving the SNR. Beamformer algorithm needs some input 
parameters to work: 
 - Microphone position, where are the microphones located into space. 
 -Target position, where is the target located into space respect to the 
microphones. 
 - Speed of the sound, given by the characteristics of the medium. 
 - Generic Transfer Functions for the desired direction only used for the modified 
GSC. 
 
Beamformer depends on many parameters because of this we will fix some parameters 
such as the step size and the filter length of the NLMS algorithm. For the signal analysis 
the window length and the length of the Fast Fourier Transform (FFT) are fixed.  
Finally, the length of the TFs used to build the filters used in the blocking matrix and 
the fixed beamformer are fixed also for the modified GSC. We will see in section 3.2 
the values given for these parameters. But first, we will observe in detail the different 
signals that compose the input signal captured by the sensors: speech, noise and TFs. 

 3.1.1 Noise 
 
In order to evaluate similar or real situations that CI patients experience in their 
everyday life we decided to try different kind of noises. The influence of different 
noises field characteristics is an important factor for a beamformer design. 
(Rohdenburg, 2008) 
 

CCITT (Comité Consultatif International Téléphonique et Télégraphique) 
This is a speech-shaped noise. We have selected it because its stationary characteristic. 
Although this kind of noise is not very “real” - commonly, we do not find sounds like 
these with such invariability among time- we use it to evaluate noise reduction 
algorithms. Normally better noise reduction is obtained with this kind of noise. In fact, 



 

 25 

CCITT noise is artificially generated by the International Telecommunication Union 
(ITU). (ITU, 2006.) 
 

Auditech 4T Babble 
This noise has non-stationary characteristics. It is easy to find similar noises in many 
quotidian environments such a street, cafe or a school background noises. 4T Babble is 
a mixture of different speech signals and noises, which change along time as we can 
observe in Figure 10. This noise is very interesting for the evaluation because noise 
itself contains different speech signals, which can subtract components of the desired 
speech or/and cause more error in the speech detection.  

 
Figure	  10	  Waveform	  for	  the	  different	  noises	  selected.	  

 
Figure	  11	  Spectogram	  for	  the	  different	  noises	  selected.	  

 3.1.2. Speech 
 
The set of speech selected is the German HSM Sentence Test, which consists of 30 lists 
of 20 everyday sentences. It was developed to have a sufficient number of test sentences 
for the repeated evaluation of speech understanding of CI users (Hochmair-Desoyer, 
1997). The only requirement for the speech signal was that this had to be in German in 
order to evaluate the speech intelligibility with CI patients. The evaluation test are done 
at the German Hearing Centre Hannover hence all the patients tested have German as a 
native language. 

 3.1.3. Transfer Function 
 
We studied which techniques to simulate the different room environments we could use. 
Some as the well-known images or the ray-tracing methods are widely used to simulate 
rooms for the beamformer performance evaluation (Kompis, Bertram, François, & 
Pelizzone, 2008; Wabnitz, Epain, Jin, & Schaik, 2010). However, finally, we chose to 
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use the HRTF dataset from the Oldenburg University because these take in 
consideration the effect of the head, which is shown that is not negligible using 
beamforming techniques (Rohdenburg, 2007). The HRTF database contains the impulse 
responses measured with three-channel behind-the-ears (BTE) hearing aid at the ears of 
a human head and torso simulator. Many external parts of the CIs are BTE processors 
(Kayser, Ewert, Anemüller, Rohdenburg, Hohmann & Kollmeier, 2009). We selected to 
use this simulation method to obtain more reliable and realistic measures, which 
involves how the CI users receive the sound. 
 
The dataset contains HRTFs recorded in different real world environments: an anechoic 
room, 2 office rooms, the cafe and the courtyard of the natural science campus of the 
University. For the first environment the IRs were measured for distances of 0.8 and 3m 
between the speaker and the head-and-torso simulator. The larger corresponds to a far-
field simulation and this one is the selected to evaluate the beamforming algorithm. The 
recordings on the space were taken from 0° to 360° in steps of 5°. These recordings 
allow us to analyse the performance of the beamformer from different source positions 
and to draw the directivity patterns with a maximal resolution equal to the recording 
step size (5°). 
 

 
Figure	  12	  Head	  related	  impulse	  responses	  for	  two	  different	  environments	  (Anechoic	  Room	  and	  Office	  I)	  

The other environment that we are going to simulate in our experiments is the office I. 
In this case the speaker is at a distance of 1m with an elevation angle of 0°. The speaker 
was moved from -90° to 90° in the front hemisphere to record the impulse responses of 
the room. As we can observe in Figure 12 the HRTF for office has a larger cue than the 
anechoic room, which contains the room reverberation characteristics. 
 
Although the BTE used in the recordings has three omnidirectional microphones (front, 
middle, back). For simplicity we are going to use only the front and back microphones, 
which are separated by 14.9mm, for only the right ear.  

3.2 Beamformer algorithms 
 
In Figures 13 and 14 the block diagram of both beamformers (standard GSC and 
modified GSC) are shown. Both algorithms have been described in chapter 2. The 
algorithms have been adapted to the context of CI, where the number of microphones is 
two. Beamformer algorithms need some knowledge a priori of the target and the 
microphone positions in order to compute the delay that needs to be applied to align the 
signals. Hence, we assumed an exact localization of the desired source and 
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microphones. The modified GSC needs additional information regarding the generic 
transfer function for the selected environment. 
 
The window length includes 512 samples (23 ms at sampling rate of 22050 Hz) with an 
overlap of 256 samples for the overlap-and-add implementation. The analysis and 
synthesis windows have the perfect reconstruction property. The first algorithm, 
standard GSC is based on the implementation of Audio Systems Array Processing 
Toolbox for MATLAB© (Donohue. 2009), this toolbox is free and implemented by 
Kevin D. Donohue. While the modified GSC is based on the implementation of TF-
GSC by Gannot (Gannot & Cohen, 2008).  
 

 
 

Figure	  13	  Standard	  GSC	  

 
 
 
 

Standard GSC algorithm (Griffiths-Jim) 
 
For frame n=1 to last frame 

- Find distances of each microphone (𝑚!)  to the desired source (𝑠) 
 𝑑𝑖𝑠𝑡 =    𝑚! − 𝑠 ! + 𝑚! − 𝑠 ! 

- Divide the distances by the speed of sound and multiply by sampling 
frequency find the samples to delay 𝜏. 
 𝜏! = 𝑟𝑜𝑢𝑛𝑑 !"# !"#$ !!"#$

!
𝑓𝑠  

- Shift each track 
 𝑥𝑆ℎ𝑖𝑓𝑡!(𝑛) =   𝑥(𝑛 + 𝜏!) 

- Sum the delayed tracks  (Delay-and-sum) 
 𝑦!"!(𝑛) =    𝑥𝑆ℎ𝑖𝑓𝑡!(𝑛)!

!!!  
- Substract the delayed tracks  (Griffiths-Jim Blocking Matrix) 

 𝑧!"(𝑛) =   𝑥𝑆ℎ𝑖𝑓𝑡!(𝑛)[1,−1] 
- Compute the NLMS (Output Beamformer) 

  - Filters Update 
 𝑤 𝑛 = 𝑤 𝑛 + 𝜇  𝑦 𝑛 𝑧(𝑛)/ 𝑧 𝑛 ! 
  - Output signal 

𝑦 𝑛 = 𝑦!"! 𝑛 − 𝑠𝑢𝑚(𝑑𝑖𝑎𝑔 𝑧!" 𝑛   𝑤 ) 
end 
Add frame according to overlap and add  method. 
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Figure	  14	  Modified	  GSC	  

	  

 
 
 
 
 
 
 
 
 
 
 
 

Modified GSC algorithm 
 
For frame n=1 to last frame 

- Find distances of each microphone to the source 
- Divide the distances by the speed of sound and multiply by frequency 

sampling to find the samples to delay. 
- Shift each track 
- Apply Hamming window 
- Compute TFs ratios 

         𝑊(𝜔) = (𝐻!(𝜔)/𝐻!(𝜔))𝑒!!"!! 
- Fixed beamformer (FBF) 

 𝑌!"!(𝑛,𝜔) = 𝑋 𝑛,𝜔 (𝑊 𝜔 / 𝑊 𝜔 !)   
- Construct Blocking Matrix 

 𝐵 𝜔 = −(𝐻!(𝜔)/𝐻!(𝜔))𝑒!!"!! 
- Create Noise reference Signals 

  𝑍 𝑛,𝜔 = 𝐵 𝜔 𝑋(𝑛,𝜔) 
- Compute NLMS (output Beamformer) 

end 
Add frame according to overlap and add  method. 

d 
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4. RESULTS 
 
In this section we are going to explain the procedure to measure objectively and 
subjectively the performance of the beamformer. Here the objective measures presented 
in Chapter 1 will be used. Although, objective measures do not give a real measure of 
perceptual quality or speech understanding, we will use them as a reference. The 
advantage of objective measures is that they allow for a rapid prototyping and 
assessment of performance of the algorithms. To close the chapter, we will present the 
subjective methods used to evaluate the perception of the distortion generated by both 
beamformers in CI users.  

4.1. Objective experiments 
 
The objective experiments have two different aims. First, we want to compare both 
algorithms and prove that both meet the expectations. We expect in general a better 
performance for the modified GSC, especially in a reverberant environment. This 
analysis will give us the limitations of each algorithm. The second aim is to find the 
compromise between the noise attenuation and the speech distortion at the output of 
each beamformer. To find this trade-off we will analyse how the variation of different 
parameters such as the step size or the performance of the VAD impacts that 
compromise.  

 4.2.1. Directivity 
  
In order to compute the directivity of both beamformers we took one source, which will 
reproduce CCITT noise. We used the HRTF for an anechoic room to simulate the 
environment and to move the source around the microphones every 5 degrees. The 
signal at the microphone position is processed by the beamformer and we compute its 
RMS for each direction. We use the RMS computation to draw the directivity pattern. 
 
As we already know we are working with head related transfer functions recorded using 
a hearing aid at the ears of a human torso. Therefore, the directivity pattern shape is 
affected by the shadow effect. As it can be appreciated the hearing aid used corresponds 
to the right ear. The shadow effect is produced by the obstruction of the head, which 
attenuates the sound as well as causes a filtering effect. 
 
As we expected the modified GSC has better directivity. We can observe that the 
sounds, which come from 180 to 270 degrees, are more attenuated than using the 
standard GSC. A difference of approximately 4 dB can be observed between the back 
and the front processed signals, while the standard GSC with the delay-and-sum only 
gives 1dB of difference. The BM of the modified GSC has a null in the desired 
direction, which will reduce the speech leakage at the noisy references. 
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Figure	  15	  Comparison	  of	  directivity	  pattern	  for	  both	  algorithms.	  

4.2.2. Step size of NLSM algorithm analysis 
 
We want to find the optimal step size that produces maximum noise reduction. We have 
tested different step sizes for the CCITT noise and the Babble noise, both uncorrelated 
and reproduced by the four speakers. We expected that for a CCITT, which is more 
stationary, we are able to afford the problem with a smaller step size, which converges 
slower but more precise. Because the Babble noise changes fast over time, also a fast 
convergence will be required.  
 

 
Figure	  16	  Convergence	  using	  different	  step	  sizes	  with	  a	  CCITT	  noise.	  	  

We have observed that for too large or too small step sizes the convergence is bad, 
hence the noise is enhanced and distorted. Figure 16 shows that a large step such as 0.1 
produces a faster convergence of the NLMS than using a smaller step size. However, 
after the learning phase the noise attenuation obtained by the NLMS is similar for all 
the step sizes. We have observed that the step size needed varies depending on the 
environment, in a reverberant room a larger step size is better, whereas in an anechoic 
room too large causes distortion on the noise. We decided to fix the step size to 0.01, in 
a reverberant room, which offers a good compromise.  
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In Figure 17, the spectrograms of the input and the output signals are shown. The 
spectrogram presented the spectral density of the frequencies and how they vary over 
time. We can clearly observe the noise reduction with respect to the input signal, and 
we can also observe that the noise reduction is larger for the modified GSC than using 
the standard GSC for the speech frequencies. As we already now, the beamformer does 
not reduce well the noise at lower frequencies; it behaves such as low pass filter. 
  

 
Figure	  17	  Spectrogram	  of	  signal-‐plus-‐noise	  at	  input	  and	  output	  of	  the	  beamformers.	  We	  can	  observe	  the	  

reduction	  of	  noise	  for	  both	  algorithms	  for	  a	  step	  size	  0.01	  with	  a	  perfect	  VAD.	  

4.2.3. SNR improvement 
 
In order to compute the SNR improvement, we sent first speech and noise and compute 
the weights according to the VAD updating control. We store the computed weights for 
all the frames, then, only speech is sent applying the weights computed. We obtain at 
the output the speech affected such as speech plus noise. Having speech isolated 
without background noise, allow us to compare it with the input clean speech. The same 
is done with noise, only-noise signal is sent and processed with the stored weights. The 
intelligibility of the weighted SNR improvement is computed from the two outputs for 
speech and noise respectively and the difference with respect to the input signal is 
computed as it was presented in section 1.6. Figure 18 shows the process explained. 
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Figure	  18	  Process	  of	  isolate	  the	  signals	  to	  assess	  the	  distortion	  and	  noise	  reduction.	  

 
We compute the weighted SNR improvement for different input SNRs and we have 
observed that the improvement remains uniform for the modified GSC and varies 
between 5.3 and 7.8 dB for the standard GSC. Presumably, this happens because the 
degradation of the standard GSC is larger and decreases the SNR improvement. The 
modified GSC is more robust for all input SNRs in an anechoic room and using a 
similar transfer function to build the filters. 

 
Table	  1	  Weighted	  Average	  of	  Power	  Spectral	  Density	  (PSD)	  for	  speech	  and	  noise	  and	  SNR	  improvement.	  

 
We have computed also the improvement of the SNR simulating a reverberant room 
using the HRTFs of Office I from the Oldenburg Database and only one loudspeaker at 
90 degrees. We observed that the SNR improvement decreases dramatically; the 
standard GSC obtained just a 0.17 dB while the modified GSC obtained 4 dB of 
improvement for Babble noise, and 0.25 and 5 dB are achieved for CCITT noise 
respectively under the same conditions. 

CCITT Input Signal Standard GSC Modified GSC 

SNRin PSD 
Speech 
[dB] 

PSD 
Noise 
[dB] 

PSD 
Speech 
[dB] 

PSD 
Noise 
[dB] 

SNR 
out 
[dB] 

PSD 
speech 
[dB] 

PSD 
Noise 
[dB] 

SNR 
out 
[dB] 

-10 

-77.21 

-67.02 -69.68 -67.35 7.8 -70.37 -68.32 8 
-5 -72.02 -72.20 -72.35 5.3 -70.35 -73.31 8 
0 -77.02 -71.22 -77.40 6.4 -70.52 -78.36 8 
5 -82.02 -71.81 -82.40 5.8 -70.52 -83.35 8 
10 -87.02 -71.81 -87.40 5.8 -70.53 -88.32 8 
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4.2.3. Speech Leakage  
 
If speech is emitted in an anechoic room using only the frontal speaker, we expect 
zeroes at the output of the blocking matrix, because there is no signal coming from 
other directions. Hence, the speech coming by the front will be blocked and no content 
leaks in the BM. However, as we already know, both the standard GSC with the 
Griffiths-Jim BM [1 -1] and the modified GSC, which uses a generic HRTF to compute 
the BM, are not ideal and some speech passes throw the BM. In Figure 19 we can 
observe a comparison between the BM outputs for both algorithms together with the 
input signal. As we expected the speech leaking in the noise references is minor for the 
modified GSC, which RMS is about -44.79 dB while for standard GSC is -40.21 dB. 
 

 
Figure	  19	  Speech	  leakage	  remaining	  in	  the	  noise	  references	  for	  both	  algorithms.	  Computed	  in	  an	  anechoic	  room	  

using	  the	  Generic	  Transfer	  Function	  to	  build	  the	  filters.	  

We have seen the speech content leaking in the BM, but we want to know how much is 
the signal distorted at the output of the beamformer algorithm. To analyse the speech 
distortion we need to compare the clean with the processed speech, therefore, we need 
to compare them in absence of noise.  The speech and the speech-plus-noise signal were 
sent separately. First, the speech-plus-noise is sent and the coefficients computed by the 
adaptive noise canceller are updated on the detected only-noise frames. When a frame is 
detected as speech the weights are freeze. These coefficients computed are stored and 
used to process the speech signal, that way we are taking into account the adaptation of 
the filter weights apart of the speech leaking in the BM.  
 
The VAD is in charge of labelling the frames as speech or noise, that way we are able to 
reduce the speech distortion given by the adaptation of speech. We want to analyse how 
affect the labelling error to the performance of beamformer algorithms. VAD has a 
parameter, which is the speech probability threshold (SPT), that determine with 
different probability if the frame contains speech or not. If we observe the extreme 
values, 0 and 1, we can observe that for 0 all is labelled as speech, hence we are 
avoiding the ANC. The coefficient never are adapted, therefore the noise and speech are 
enhanced such as we used only the fixed beamformers. Due to we have only two nearby 
small microphones, the directivity pattern of the delay-and-sum has poor directivity, 
hence we can observe an enhancement of the noise and the signal. Conversely, if we use 
a SPT of 1, the VAD never detect speech therefore is the same as not use VAD. All the 
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speech will be adapted, hence we can observe a distortion at the output of the system 
and the SNR improvement will be low. In Figure 20 are shown different performance of 
the VAD given different SPTs, lower values will commit more mistakes labelling noise 
as speech while high values will label more speech as noise. It is in this last case were 
the distortion is produced. 

 SPT = 0.1 SPT = 0.5 SPT = 0.9 
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Figure	  20	  Figures	  showing	  the	  performance	  of	  different	  speech	  probability	  thresholds	  (SPT)	  for	  the	  VAD.	  	  

The	  VAD	  detection	  is	  presented	  in	  red.	  

The signals received in anechoic room with diffuse CCITT noise as background are 
processed with different SPT values and a fixed input SNR of 0dB. In Table 2 we can 
observe how the SNR improves when we use the VAD with respect to not use it or use 
a bad SPT value. At 0.75 we obtained the best SNR improvement because the speech is 
quite well preserved while there is less error labelling noise as speech, hence, a better 
noise reduction is obtained. With a SPT of 1, the VAD is never labelled as speech hence 
speech distortion causes that the SNR decays.  
 
 
 
 
 
 
 

	  

 
 

Table	  2	  SNR	  improvement	  for	  CCITT	  Noise	  in	  anechoic	  room	  given	  different	  SPT	  values.	  

The same experiment is repeated using Babble noise. Table 3 shows the SNR 
improvement for this experiment. We can observe that the SNR improvement is lower 
for the same SPT value than using CCITT at interferer. This is because the Babble 
Noise contains speech hence the VAD has worse performance. As we have observed in 
Figure 20, at the same SPT more only-noise frames are labelled as speech. At 0.75, 
which is the optimal value found for the CCITT noise, many only-noise frames are 
labelled as speech hence the noise reduction is lower causing less SNR improvement. 

CCITT sGSC mGSC 

SPT 𝚫𝑺𝑵𝑹 𝚫𝑺𝑵𝑹 
0 0.43 1.67 
0.3 5.59 7.62 
0.5 5.71 7.85 
0.75 6.01 8.03 
1 5.84 7.66 
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Table	  3	  SNR	  improvement	  for	  Babble	  Noise	  in	  anechoic	  room	  given	  different	  SPT	  values.	  

 The compromise between noise reduction and speech distortion is shown in Table 4. 
When the SPT value is low such as 0 all is labelled as speech, hence the noise is 
enhanced and the SNR improvement is very low. However, the signal at the output is 
similar to the input signal. The small difference may be produced by the delay and 
transformations applied to the signal in the beamformer. As we expect the standard 
GSC gives more distortion than the modified GSC because the noise references contain 
more speech. The objective measures suggest that the optimal SPT is 0.75, which 
attenuate more the signal at expenses of add some distortion but less than not use the 
VAD. 
 
	  

 
 
 
 
 
 
 

Table	  4.	  Relation	  between	  Speech	  Distortion	  (SD)	  and	  Noise	  Reduction	  (NR)	  using	  CCITT	  in	  Anechoic	  Room	  

 4.2.4. Speech Transmission Index for different environments 
 
The speech transmission index (STI) is compared for both algorithms in two different 
environments, the anechoic room and the office. The STI is computed for different 
input SNRs [-10, -5, 0, 5, 10]. In Figure 21, we can see that for high SNRs the original 
signal has better STI and it is preferable than using the beamformer. The speech 
distortion is more noticeable for high SNR since the noise does not mask it. The 
processed signal is more deteriorated in a reverberant room, because speech reflexions 
leak in the BM. In this environment the Jim-Griffiths BM of the standard GSC is weak 
and a lot of speech components leak into it distorting the signal at the beamforming 
output. 
 

Babble 
0dB sGSC mGSC 

SPT 𝚫𝑺𝑵𝑹 𝚫𝑺𝑵𝑹 
0 1.14 1.66 
0.3 5.23 7 
0.5 5.86 7.36 
0.75 5.95 7.45 
1 6.19 7.85 

CCITT 
0dB 

Standard GSC Modified GSC 

SPT SD[dB] NR [dB] SD[dB] NR[dB] 
0 0.67 6  0.21 5.29 
0.3 1.71 -0.17 0.85 -0.95  
0.5 1.72 -0.30 0.96 -1.18  
0.75 1.60 -0.38 1.02 -1.34  
1 1.80 -0.58 1.40 -1.39  
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Figure	  21	  Speech	  Transmission	  Index	  (STI)	  related	  with	  the	  input	  SNR.	  The	  experiment	  was	  done	  in	  a	  simulated	  
anechoic	  room	  (left)	  and	  reverberant	  room	  (right).	  TGSC	  refers	  to	  standard	  GSC,	  while	  FGSC	  refers	  to	  modified	  

GSC.	  

4.3 Subjective evaluation methods 
 
We want to characterize and observe the compromise between speech leakage and noise 
reduction. Thus we divide subjective evaluation into two parts. First, we will perform a 
study of the speech distortion in quiet and then, a study of the noise attenuation and 
speech intelligibility under noisy conditions. 
 
To perform the subjective evaluation of speech distortion at the output of the system we 
have used three different methods to compare and give more reliable results. For the 
three first methods the purpose is to study the speech distortion perception for CI 
subjects. The aim is to obtain an optimal speech probability threshold for VAD 
activation, which guarantees a perception of the speech without distortion. The main 
advantages of these methods are that they are fast - consequently fatigue does not affect 
to the outcomes - and requires fewer participants to obtain statistically enough good 
results.  
 
As presented before, small SPT values make the VAD more conservative labelling 
often the signal as speech, while high SPT values are stricter choosing which content is 
speech or noise. A more conservative VAD gives less noise reduction but in addition it 
distorts less the signal, whereas a less conservative VAD attenuates well noise but 
makes more mistakes selecting speech as noise and therefore adapting the signal using 
NLMS and producing distortion. These relations can be observed in Table 5.  

Table	  5	  Effect	  of	  different	  values	  of	  Speech	  Probability	  Threshold	  

The test signal set contains a clean German speech sentence, and these same speech 
audio processed by the standard GSC using 10 different SPT values, which ones goes 
from 0 (all detected as speech) to 1 (Nothing detected as speech). The processed signals 
have been order by the relation between SPT value and distortion. 
 
To conclude, we are going to do a speech intelligibility test in noise. The purpose of this 
experiment is to study performance of the beamformer and relate the previous 

Small 
SPT value 

Noise label as 
speech 

Less 
distortion 

Less 
attenuation 

Small SNR 
improvement 

Low Speech 
Intelligibility 

High SPT 
value 

Speech label as 
noise 

More 
distortion 

More 
attenuation 

High SNR 
improvement 

High Speech 
Intelligibility 
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experiments with the noise attenuation. We expect that the comparison of results will 
give us an idea of the optimal values for each subject and a characterization of the trade-
off between speech leakage and noise attenuation. 

 4.3.1 Experiment 1: 3AFC 
 
We have used the open source software PsyLab Toolbox for MATLAB©. This Toolbox 
allows us to create an adaptive Alternative Forced Choice (AFC) experiment with 
adaptive control of the stimulus variable according to a x-up-y-down algorithm (Hansen 
& Hochschule, 2013)  
 

 
Figure	  22	  Graphical	  User	  Interface	  (left)	  and	  outcome	  (right)	  

We presented 3-AFC, where three alternative choices are presented randomly, two of 
them are the clean reference speech signal while the other is one of the test signals 
processed with different values of speech probability threshold (SPT). The subject 
should do a comparison task answering the question: Which of the three sounds in the 
different?  
 
We start presenting a noticeable speech distortion, with a SPT of 0.85. We used 1up-
2down method to obtain unbiased results. The subject must answer two times correctly 
to reproduce a less distorted signal. If the subject answers wrong the algorithm goes 1 
step behind, where the distortion is more perceptible. A maximum of 12 reversals is 
established, where the step size is adapted until convergence in a SPT value. The 
experiment finishes when the step size or the maximum SPT values are reached. The 
SPT value obtained is the Just-noticeable difference SPT (jndSPT), which gives the 
minimum perception of distortion. On the right image from Figure 22, we can observe 
the experiment done to a normal hearing subject, which has obtained 0.42 jndSPT. On 
the plot the correct answers are marked as ‘+’ while the wrong answers are marked as 
‘o’.  

 4.3.2 Experiment 2: MUSHRA Test 
 
The Multi Stimulus with Hidden Reference and Anchor test  MUSHRA (Vincent, 2005) 
is a widely used method for subjective evaluation of audio quality. Several lossy audio 
compression algorithms have been tested using this method, and it is recommended by 
the International telecommunications Union (ITU). This experiment is divided into two 
parts: First a test in quiet related with the previous method, and then a test in noisy 
conditions where used to compare whether there is a correlation in the results. 
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For the test in quiet we use the same set of signals than in the previous method adding 
an anchor signal. The anchor signal is a very distorted signal, which is generated 
applying a low pass filter to the most distorted signal. The aim of this anchor signal is to 
establish a reference mark, which ensures that all participants use the rating scale in a 
similar way.  
 
The experiment consists of a score of the quality perception between ‘0’ bad and ‘100’ 
excellent for all the presented signals. This will give us a subjective scoring quality 
value for the different processed signals, which we can compare with the values 
obtained previously to check the subject’s perceptual preference. 
 

 
Figure	  23	  MUSHRAM	  GUI,	  the	  experiment	  contains	  6	  audio	  files:	  reference	  signal,	  4	  processed	  signals	  and	  one	  

anchor	  signal.	  First	  experiment	  is	  realized	  in	  quiet	  and	  second	  one	  in	  a	  noisy	  environment.	  

To realize the second part we use a speech-plus-noise signal. The signal has been 
processed, as well as the other experiments, using the four different SPT values. The 
experiment is quite similar to the previous one, but instead of rating the quality of clean 
speech based on the distortion, the subject should give their ratings based on the clarity 
of the sounds. The objective of this experiment is to observe the preference of the 
subject when there is noise.  
Now, subjects have a new aspect to have into account apart from the distortion, the 
noise attenuation. It is hypothesized that that noise might mask the distortion produced 
by leackage and therefore the preference can be different than the optimal threshold 
found in the previous experiment. 

 4.3.3 Speech intelligibility test 
 
Speech intelligibility test is measured using the HSM German sentence test. Two lists 
are presented to the subject for training. Then 4 different lists with different 
configurations of SPT values are presented in a random order. The configurations used 
were: no beamformer, beamforming using a 0.4 SPT, jndSPT for each individual 
subject and SPT 1.0, which is equivalent to not use a VAD. Each configuration is 
repeated twice using different lists, therefore, 8 lists are presented. The subject must 
repeat the sentence or words that they have understood. The number of correct words is 
count in order to have a speech intelligibility measure.  
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4.4 Subjective Results 
 
A test has been performed with 5 post-locutive adult CI users. The mean age average is 
around 55 years old. All of them are excellent performers, they have more than 50% of 
speech intelligibility at 10dB of SNR. We tested only the best ear. 
 
The signals were processed under a “realistic" simulated environment. A reverberant 
environment is simulated using the Office I HRTF from Oldenburg. As a background 
noise we used the 4 Talker Babble noise, which is presented from 3 loudspeakers 
located at -90,0 and 90 degrees. The noise is uncorrelated for each loudspeaker, and the 
frontal speaker has also speech. The input SNR at the microphones is adjusted at 0dB. 
 
The processed signals in the computer are presented to the CI user through a direct 
cable from the computer to the CI device. The subject adjusted the intensity of the 
signals to a comfortable level around 65dB SPL. In Annex A the procedure file can be 
observed, this document is followed and filled in during each experiment. 

4.4.1 Results of Experiment 1: 3AFC 

 
Figure	  24	  3AFC	  procedure	  results	  

 
Figure 24 presents results of Experiment 1: 3AFC. The results show that 3 out of 5 
subjects can perceive the distortion caused by the beamformer, because their scores are 
below 1. Each user has different perception of the distortion, and two out of five cannot 
perceive it. It is also remarkable the difference in distortion perception between a 
normal hearing listeners and  CI users; we performed some tests with normal hearing 
listeners resulting in jndSPT of around 0.5. The jndSPT obtained for each subject 
respectively were: 0.99, 1.0, 0.95, 0,85, 0.78. 
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4.4.2 Results of Experiment 2: MUSHRA Test 
 
The MUSHRA test was performed comparing the speech signals without background 
noise, in quiet. We can observe that the original clean speech signal obtained the highest 
scores, but as expected the processed speech signal with an SPT value of 0.4 obtained 
the same ratings as the original because this configuration preserves the speech signal 
without distortion. Unexpectedly, the jndSPT was rated lower than the original speech 
signal. We expected that the subject would not perceive the distortion because the 
jndSPT is the minimum level of distortion perceived. We think that the flexibility of the 
MUSHRA test, where the signals can be reproduced several times, makes this test more 
sensitive to perceive the differences in perceptual distortion than the method 1. As 
expected the signals processed with a SPT of 1.0 are rated with low scores. Finally, 
should be also remarked that the anchor signal obtained the worst scores. 
 
Table 6 presents the results of each subject. The scores range from 0 for bad quality to 
100 excellent quality. Subject 1, 2, 3 rated higher the clean original signal than the 
processed without distortion, but both signals are rated higher than the other conditions 
for all always. User 2 cannot perceive the distortion generated by the jndSPT and it has 
rated it similarly as the clean speech even better that SPT 0.4. Subject 3,4 and 5 rated 
the jndSPT and the SPR 1.0 similarly, even unexpectedly the jndSPT is rated worse. 

Table	  6	  MUSHRA	  test	  in	  quiet	  results	  for	  each	  individual	  subject	  

 
Figure	  25	  MUSHRA	  test	  in	  quiet	  results	  for	  all	  subjects.	  

SUBJECT CLEAN 
SPEECH SPT 0.4 jndSPT SPT 1.0 ANCHOR 

1 100 100 81.75 59.50 13.75 
2 93.5 83.25 86.75 77.75 0 
3 93.75 87.25 75.25 82.50 0 
4 92 100 76.50 78.25 0 
5 78.75 84 65.75 71.25 5.5 
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The MUSHRA test comparing the quality of the different SPT values taking into 
account the distortion and the noise attenuation does not show a large difference in 
quality between the original and the different SPT values.  Here the subjects had to take 
into account the amount of noise reduction provided by the beamformer and at the same 
time they had to take into account the distortion produced by signal leakage. The 
question asked to them was which configuration had highest quality, i.e., which 
configuration would they use for their daily life. In some cases the distortions (produced 
by leakage) might be masked by the noise.  
 
Probably more data is needed to observe a higher trend in the results provided by this 
MUSHRA test  
 

 
Figure	  26	  MUSHRA	  test	  in	  noise	  results	  for	  all	  subjects	  

Table	  7	  MUSHRA	  in	  noise	  results	  for	  each	  individual	  subject	  

Observing the results for each subject we see unexpected ratings, for example, subject 4 
preferred the SPT 0.4, which does not reduce the noise and might even enhance it. The 
jndSPT obtained the best scores for subject 1 and 2 but the worse scores for subject 4 
and 5. These subjects also rated the anchor with more than 0. 

SUBJECT CLEAN 
SPEECH 

SPEECH 
+ NOISE SPT 0.4 jndSPT SPT 1.0 ANCHOR 

1 100 45.75 43.75 62 52.25 0 
2 100 56 55.25 63.25 57 0 
3 100 45.75 49.75 50 47.75 0 
4 100 57.75 72.25 41.25 50.25 11 
5 100 52.25 38.25 36.75 40.75 8.25 
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4.4.3 Results of Speech Intelligibility test 
 
The speech intelligibility test shows that the jndSPT obtained the best performance. The 
subjects obtained an improvement of 50% in speech intelligibility using a beamformer 
with high noise reduction with respect to no use of beamformer and a fixed 
beamformer. The jndSPT obtained the best performance, obtaining a good compromise 
between distortion and noise reduction for each individual subject, except for subject 1 
who could not perceive the distortion produced by the beamformer and the beamformer 
with high distortion obtained the best performance. The beamformer with a SPT of 1.0, 
which is equivalent to not use a VAD, delivers similar results than jndSPT. Therefore, 
in terms of speech intelligibility seems more important to reduce the background noise 
than to take care of the distortion produced by the beamformer. However, the subjects, 
who perceived better the distortion and had a lower threshold in a 3AFC procedure, had 
also worse speech intelligibility when the signal was very distorted (SPT 1.0).  
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5. CONCLUSIONS 

5.1 Discussion 
 
The main goal of this project was to investigate if a state of the art Beamformer 
produces perceived distortion in CI users and to find out if this distortion affects sound 
quality and speech intelligiblity. The starting point of this project was the 
implementation of a state of the art Beamformer. We started implementing the standard 
Generalised Sidelobe Canceller (GSC) developed by Griffiths-Jim. Then, we improved 
this algorithm using the matching filter theory to achieve a better SNR and reduce 
speech distortion. We adapted these algorithms in a context of CIs, simulating a two 
omnidirectional microphone array in a CI device. We have simulated two possible 
environments (anechoic and reverberant room) with two different background noise 
conditions (CCITT and Babble noises). Both algorithms have been evaluated and 
compared using different objective measures in order to verify the theoretical 
expectations. We have seen that the use of the transfer functions to build the fixed 
beamformer filter and the blocking matrix, improve the SNR and there is less speech 
content leaking in the blocking matrix. Therefore, the matched beamformer produces 
less speech distortion. We observed that beamforming improves the intelligibility in 
conditions of low SNR, however the speech distortion is more noticeable for high 
SNRs, where the STI (Speech Transmission Index) achieves values below those 
produced by the original signal. The modified GSC gave an 8dB SNR improvement in 
an anechoic room with CCITT diffuse noise whereas the standard GSC gave around 
6dB of SNR improvement with respect to an omnidirectional microphone. 
 
The noise reduction performance, and hence, the SNR improvement is mainly 
dependent on the spatial characteristics and the background noise. For each background 
noise and environment different values are obtained. We observed that the noise 
reduction depends on the noise references and the step size. The step size manages the 
speed convergence, larger values are needed when the background noise changes 
quickly in time.  
 
One method used to reduce distortion produced by speech leakage at the output of the 
beamformer is to use a VAD as a controller of the signal adaptation. The weights of the 
ANC are updated or not, depending on the classification performed by the VAD. We 
observed a compromise between the noise attenuation and the speech distortion using 
the VAD, only if the VAD is perfect the speech is not distorted and noise reduction is 
achieved. However, if the VAD performance is bad, it causes a compromise between 
less noise reduction and more speech distortion. The performance of the VAD can be 
controlled by a single parameter termed speech probability threshold (SPT). Our aim is 
obtain the characterization of this compromise for each individual CI user. For this 
reason, we prepared a dataset of signals using different SPT values for the VAD, which 
produces different degrees of distortion at the output of the Beamformer. We have 
ordered the signals taking into account the distortion computed by means of objective 
measures and prepared novel psychoacoustic experiments. To our knowledge no formal 
procedure has been published to measure subjectively the speech distortion given by a 
beamformer in CIs. Many studies have evaluated the leakage, however they always 
evaluate it theoretically or experimentally using objective measures. For this reason, we 
have used already known methods in order to present a new way to obtain reliable 
subjective measures of the minimum distortion perceived by the subjects.  
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First, we used an adaptive alternative force choice method in order to obtain the 
minimum distortion perceived by the subject by means of a comparison task. The 
subject had to select the signal, which sounded different between three signals, where 
two are the original signal, and one is the processed and distorted signal. Each subject 
had different perception of sound and parameter configuration preferences hence, the 
optimal values found are specific for each subject. With the 3AFC procedure we have 
observed that some CI users perceive the distortion with different sensibility than 
others. Even, some subjects do not perceive the distortion produced by the beamformer. 
We have observed that MUSHRA procedure is more sensitive to assess the distortion 
than 3AFC, probably because the subject can play several times the signal and have 
time to answer. More experiments are needed to obtain a more reliable and accurate 
conclusion. However, the MUSHRA experiment presenting signals with background in 
noise does not show different user preferences of Beamformer configuration in terms of 
quality. Finally, speech intelligibility test were realized. In a general way it shows that 
Beamformer with larger noise reduction gives better speech intelligibility. Focused on 
the research of the project, the speech intelligibility test shows an affectation in speech 
intelligibility for a high-distorted signal if the user can perceive the distortion. However, 
for 5 CI subjects the optimal configuration (jndSPT), which reduces the noise well and 
the user cannot perceive the speech distortion of the processed signal, has a similar 
performance a not use VAD – equal to use a SPT 1.0 -. 
 
In this project we have investigated how to individualize the performance of a 
beamforming technique for a CI users. In particular the trade-off between speech 
distortion and noise reduction has been analysed. We have observed that each subject is 
different and have different requirements. Some subjects tested could perceive a 
moderate distortion, but all of them have more difficulties to perceive the distortion 
produced by beamforming than normal listeners. We measured that CI users can 
perceive the distortion produced by speech leakage, and that this distortion affects 
negatively to speech intelligibility. However, we also observed that a high noise 
reduction, at the expense of producing more distortion in the target signal, might be the 
preferred option for most CI users. 

5.2 Future work 
 
This project has been an approach of the beamformer applied to the CIs field and we 
have optimized the beamformer to each individual CI user according with his 
requirements and sound perception. There are several research directions to follow. On 
the one hand, improve the algorithm used to assess the requirements of the CI users and 
on the other hand, to find an easy way to configure the optimal parameters for each 
subject. Also, more tests with subjects are needed to obtain more data, which can 
provide stronger and more reliable conclusions. More data is needed in order to 
understand better how CI users perceive the distortion. Experiments with more CI users 
and with different environments are needed to be able to adapt the Beamformer 
algorithm to each individual user and each situation and environment that they can face 
in their everyday. 
 
The adaptive noise canceller can be improved using Wiener filters or implementing the 
NLMS in frequency domain, which will be computationally more efficient. Implement 
the NLMS in frequency domain can also give us the opportunity to add a speech 
leakage constrains based on the auditory perceptual properties observed. Another 
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possibility is to add the factor introduced in the SDW-MWF (Doclo, S., Spriet, A., 
Wouters, J., & Moonen, M., 2007), which controls the trade-off between noise 
reduction and speech distortion. This factor can give us a better control of the trade-off 
between both parameters to adjust the compromise for the CI users requirements.  
 
Other possible improvement of the algorithm implemented is to add the estimation of 
the transfer functions. The TFs estimation can decrease the steering vector mistakes 
giving a more robust system. However, the computational complexity will be high and 
simple methods need to be studied for a CI speech processor. 
 
On the other hand, we have observed that many parameters affect to the beamformer 
performance and the optimal parameters change for every environment and CI user. 
Because of this one possible next research could be to find an easy method to configure 
the optimal parameters not only for each user but also for each environment.  
 
Furthermore, we have seen that for low input SNR or highly non-stationary noises such 
as Babble noise, the VAD performance fails. In this case, the performance of all the 
beamformer is affected and it becomes unreliable. Hence, it is necessary to incorporate 
a larger robustness to these scenarios. 
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Glossary 
 
ANC : Adaptive Noise Canceller 

 Noise reduction by means of adaptive filtering of the signal. 

BM   : Blocking Matrix 

 Matrix used to reject the target signal and let pass only the interference.  

CCITT : Comité Consultatif International Téléphonique et Télégraphique 

 Speech-shaped noise created by International Telecommunication Union (ITU). 

CI  : Cochlear Implant 

A small electronic device that is surgically implanted and can help to provide a 

sense of sound to a person who is profoundly deaf or has a severe impairment. 

D&S : Delay-and-sum beamformer 

Fixed Beamformer Filter that consists in aligning the input signals through a 

computed delay and sum the aligned signals. 

FBF : Fixed Beamformer Filter 

Fixed filter that fixes the beam-pattern towards the desired direction.  

GSC : Generalised Sidelobe Canceller 

 Adaptive Beamforming algorithm presented by Griffiths-Jim in 1982. 

HRTF : Head Related Transfer Function 

Response that characterizes how the ear receives a sound in a specific space 

from a specific point in space. 

(N)LMS: (Normalised) Least Mean Squares 

Adaptive filter used to find the optimum coefficients to obtain the minimum 

squared error of the signal,which is defined such as the difference between the 

desired signal and the output signal of the filter. 

SNR : Signal-to-Noise Ratio 

Measure that compares the power of the desired signal with the power of the 

background noise. The relation is expressed in dB. 

TF-GSC: Transfer Function-Generalised Sidelobe Canceller 

Adaptive Beamforming algorithm presented by Gannot in 2001, which takes 

profit of the tranfer functions. 

VAD : Voice Activity Detector 

Algorithm that detects when there is speech in a signal. 
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Annex A 
 
Procedure for: Individualization Beamformer CI Users 
 
Name: ______________________________  Date: _________ 
ID: 
Implant: 

______________________________ 
______________________________ 
 

   

     
Tested side: □ right          □ left.    
   
 

• Sign Consent Form 
 

 
Noise used to test: __________________ 
Algorithms tested:  __________________ 
 
Stage 0: Prepare test 

• Sentence used for the Psychoacoustical test: _____________ 
• Lists for the Intelligibility Test: 21, 22, 23, 24, 25, 26 

 
Stage 1: Just-noticeable difference (jnd) Speech Probability 
Threshold test 

• Use PsyLab to find the minimum level of distortion that the patient can listen. 
• Present 3 choices to select wich is different (2 original, 1 distorted) 

o Do with the SNR of the patient:   ________________ 
o Number of reversal    6 
o Write here the result of jndSPT:   ________________ 

 
Stage 2: MUSHRA Test (in quiet) 

• Use MUSHRA to rate the quality of the signals (Original, 4 SPT, Anchor) 
• Same sentence than Stage 1  
• Here result of Ratings: 

 Original : ___ 
 SPT ___: ___ 
 SPT ___: ___ 
 SPT ___: ___ 
 SPT ___: ___ 
 Anchor  : ___ 
 

Stage 3: MUSHRA Test (Speech+Noise) 
• Use MUSHRA to rate the quality of the signals (Original, 4 SPT, Anchor) 
• Same sentence than Stage 1 but Speech+Noise 

           SIGNAL: RATE(1-100) 
 Origina l: ___ 
 SPT __ : ___ 
 SPT __ : ___ 
 SPT __ : ___ 
 SPT __ : ___ 
 Anchor : ___ 
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Stage 4: Speech Intelligibility HSM  
• Configure iTunes to play 5 list with his SNR 

LIST 0 (Trainning – Beamformer off):  ______ 
LIST 0 (Trainning – Beamformer jndSPT): ______ 
 
LIST 1 (Beamformer off):    ______  
LIST 2 (Beamformer with jndSPT):   ______ 
LIST 3 (Beamformer off):    ______ 
LIST 4 (Beamformer with jndSPT):   ______ 
 
If subject have good performance with his SNR decrease it. 
If subject have bad performance with beamformer jnd-Threshold increase it. 

 
• Testing 

o Launch HSM  
o Write if the answer is correct or not 
o Count number of correct answers:  

 Training 
 Original   ___/20 
 Beamformer  ___/20 
 Original   ___/20 
 Beamformer ___/20 
 

 
 


