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ABSTRACT 
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Current hearing-assistive technology performs poorly in noisy multi-talker conditions. The 

goal of this thesis was to establish the feasibility of using EEG to guide acoustic processing 

in such conditions. To attain this goal, this research developed a model via the constructive 

research method, relying on literature review. Several approaches have revealed 

improvements in the performance of hearing-assistive devices under multi-talker conditions, 

namely beamforming spatial filtering, model-based sparse coding shrinkage, and onset 

enhancement of the speech signal.  

Prior research has shown that electroencephalography (EEG) signals contain information 

that concerns whether the person is actively listening, what the listener is listening to, and 

where the attended sound source is. This thesis constructed a model for using EEG 

information to control beamforming, model-based sparse coding shrinkage, and onset 

enhancement of the speech signal. The purpose of this model is to propose a framework for 

using EEG signals to control sound processing to select a single talker in a noisy environment 

containing multiple talkers speaking simultaneously.  

On a theoretical level, the model showed that EEG can control acoustical processing. An 

analysis of the model identified a requirement for real-time processing and that the model 

inherits the computationally intensive properties of acoustical processing, although the 

model itself is low complexity placing a relatively small load on computational resources. A 

research priority is to develop a prototype that controls hearing-assistive devices with EEG. 

This thesis concludes highlighting challenges for future research. 
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Tämänhetkinen kuulolaiteteknologia on suorituskyvyltään heikko meluisessa ympäristössä 

kuunneltaessa yksittäistä puhujaa useamman puhujan puhuessa samaan aikaan. Työn tavoite 

on todistaa aivosähkökäyrien käytön mahdollisuus akustisen prosessoinnin ohjaamisessa 

edellä mainitussa olosuhteissa. Tätä varten raportissa kehitettiin malli aivosähkökäyrien 

käyttämiseen akustisen prosessoinnin ohjaamisessa. Työssä luotu malli luotiin 

konstruktiivisen tutkimusmenetelmän mukaan, kirjallisuuskatsaukseen perustuen. Akustisen 

prosessoinnin metodeina käytettiin: keilanmuodostus tilasuodatusta, mallipohjaista 

häviöllistä pakkausta ja puheen äänteen alun vahvistusmetodia.  

Aiempi tutkimus osoittaa, että aivosähkökäyrät sisältävät tiedon siitä, kuunteleeko puhuja 

aktiivisesti, mitä kuuntelija kuuntelee ja missä suunnassa kuunneltu äänilähde on puhujaan 

nähden. Luotu malli käyttää tätä tietoa mahdollistamaan käytettyjen akustisen prosessoinnin 

metodeiden käytön meluisessa ympäristössä kuunneltaessa yksittäistä puhujaa useamman 

puhujan puhuessa samaa aikaa. Analyysin perusteella mallin havaittiin tarvitsevan 

tosiaikaista prosessointia ja perivän käytettyjen akustisen prosessoinnin metodeiden 

laskennallisen raskauden.  

Luotu malli osoittaa teoriatasolla, että aivosähkökäyrien käyttäminen akustisen 

prosessoinnin ohjaamisessa on mahdollista. Jotta aivosähkökäyriä voitaisiin hyödyntää 

kuulolaiteissa, on jatkotutkimus tarpeen. Tämän raportin lopussa esitellään esille tulleet 

mahdolliset tulevaisuuden tutkimus aiheet. 
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GLOSSARY 

Acoustics 

 

 

Auditory cortex 

 

Beamforming 

 

 

 

Binaural  

 

Cocktail party effect 

 

 

 

Cochlea 

 

 

 

Constructive research 

 

 

Disabling hearing loss 

 

 

 

Electroencephalography 

(EEG)

  

 

Envelope enhancement 

strategy 

 

Hearing-assistive device 

 

 

Model-based sparse coding 

shrinkage (SCS) 

 

NIHL 

 

 

Noise 

A science that studies the behaviour of mechanical 

waves in all forms of matter. 

 

A cortical brain region that processes sound. 

 

A spatial filtering technique that operates on sensor 

arrays to achieve the directional transmission or 

reception of a signal. 

 

Requiring hearing with two ears. 

 

A phenomenon that refers to the remarkable human 

ability to selectively attend and recognize one source 

of auditory input in a noisy environment. 

 

An organ that transduces physical pressure waves 

into electric impulses that the brain perceives as 

sound. 

 

Problem solving through the construction of models, 

diagrams, plans, and organizations. 

 

Hearing loss greater than 40 dB (HL) in the better 

hearing ear in adults and a hearing loss greater than 

30 dB (HL) in the better hearing ear in children. 

 

A measurement method to record electrical activity 

that the brain generates. 

 

A sound processing technique that enhances the 

onsets of intensity increases in the sound envelope. 

 

A device that processes sound to render that 

acoustical signal more accessible to the user. 

 

A noise-filtering technique based on the neural 

information theory of sparse coding. 

 

Industrial, military, or recreational  noise-induced 

hearing loss. 

 

Interference with the signal that causes errors upon 

the reading of that signal. 
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1 INTRODUCTION 

It is estimated that, in the year 2008, 10.7 % of the world’s population suffered moderate 

hearing loss of 35-49 dB(HL) and 2.1% suffered moderately severe hearing loss of 50-64 

dB(HL) [1]. Approximately 5 % of the world’s hearing loss is industrial, military, or 

recreational noise-induced hearing loss (NIHL) [2]. Listening to portable music players at 

high volume causes the vast majority of the youth’s NIHL type hearing loss in the United 

States of America [3]. Estimates are that 12.7 % (30 million people) had bilateral hearing 

loss (2001-2008) and that 0.12 % of infants in the United States have hearing loss [4]. For 

persons aged 12-19 years, hearing loss prevalence is 0.31 %, increasing to 6.5 % for the 40-

49 year old age group, with the prevalence of hearing loss rising to 79.1 % in 80-year olds 

[5]. Because more than 350 million people worldwide suffer hearing loss [6], methods to 

recover hearing or correct for hearing impairment are necessary. Medications and treatments 

exist to reduce hearing loss caused by acoustic overstimulation within a short period of time 

– shorter than the time needed for cell death, apoptosis of cochlear hair cells, to develop and 

complete. These methods require application before permanent apoptosis of cochlea hair 

cells occurs [2], [7]. The effective treatment time period depends on the method used. For 

low-level laser therapy [8] and all-trans retinoic acid, the effective treatment time is within 

three days after exposure [7]. After apoptosis is complete, the damage to hearing is 

permanent. For this reason, NIHL caused by weeks or years of acoustic overstimulation, is 

permanent. 

Having introduced NIHL and the worldwide scale of the problem of hearing loss, addressing 

this problem motivates the topic of this thesis. This topic resides at the confluence of auditory 

cognitive neuroscience [9] with research into brain-computer interfaces (BCIs) [10], [11]. 

BCIs replace the traditional human-computer interaction channels requiring muscular 

movement (i.e., mouse, keyboard, or voice recognition) with an alternative pathway between 

the brain and external devices: This pathway relies on the user’s brain signals within the 

electroencephalogram (EEG) measurable via electrodes placed at several points on the scalp 

[12]–[14]. Beyond BCI research using desktop computation and ordinary EEG equipment 

[15], recent BCI research has begun to employ mobile EEG equipment connected to mobile 

devices [14], [15]. This research relies either on simulations of a smartphone on a mobile 

tablet device [14] or on implementations within an off-the-shelf smartphone [16]. Electrodes 

attached to a smartphone can record the influence of neurocognitive decisions about 

stimulation events on EEG, so as to classify those events and control external devices [16]. 

The brain’s selective attention to auditory stimulation events influences EEG [9], [15], [17]. 

This thesis thus proposes a new model to guide future research strategy. It is envisaged that 

this strategy determines how BCI can utilize this attentional influence on EEG to improve 

the acoustical processing of auditory stimulation events by hearing-assistive devices. 

The purpose of that strategy is to drive the development of mobile BCIs that improve the 

speech-in-noise perception of the hearing-assistive device user. In the cocktail party problem 

[18], adults younger than 40 years of age, with audiometrically intact hearing, can decipher 

the conversation of an attended talker amongst a background of multiple talkers – such 

young adults can perceive speech in noise well [19]. With a damaged auditory periphery, 

even with a hearing-assistive device [20], or even in elder adults without substantial 

audiometric hearing loss, this speech perception in noise becomes more difficult [19]: The 

cocktail party problem becomes more challenging with age, hearing impairment, or both. 

BCI devices coupled with hearing-assistive devices could not only improve speech-in-noise 

perception, but also improve the comprehension of speech in that noise [21]. The 
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overarching concept of this thesis is to tackle the cocktail party problem at the source. In 

controlling the acoustical processing of sound, the BCI removes the unattended acoustical 

noise input according to EEG information about “what” the user’s brain is attending and 

“where” in auditory space the user’s brain is listening. The BCI thus bolsters the force of the 

brain’s pre-existing selective attention to sound by controlling the hearing-assistive device’s 

acoustical processing prior to neuronal transduction of that sound. 

To foreshadow the basis of the approach, what speech sound the user’s brain attends to 

influences the response of the auditory cortex to speech in multi-talker settings during the 

cocktail party problem [17]. Also, where the user’s brain attends influences scalp measured 

EEG, the posterior alpha lateralisation (8-12 Hz) of neuronally generated oscillations, as 

recorded over the brain’s parietal lobes [17]. The results of auditory cognitive neuroscience 

experiments thus attest to the feasibility of a new type of BCI. This BCI would harness the 

EEG input that indexes what and where the user’s brain attends in auditory space. That EEG 

input is envisaged to influence the output of hearing-assistive devices for neuronal 

transduction. The output from the mobile BCI via the hearing-assistive device, would tackle 

the cocktail party problem at the source. That is, this BCI, acquiring and processing EEG on 

a mobile device, would control the hearing-assistive device’s acoustical processing. This 

control is envisaged to remove unattended acoustical noise from the hearing-assistive 

device’s output signal corresponding to unattended talkers. Alternatively, or additionally, 

this control would enhance the hearing-assistive device’s output signal corresponding to the 

attended talker. The BCI thus augments auditory selective attention at the input to the human 

auditory system from the hearing-assistive device. 

1.1 Goals and limitations of the study 

The goal of this bachelor’s thesis is to construct a model to use information from 

electroencephalography signals to control acoustical processing to filter out unattended noise 

information from the amplified sound. The longer-term goal of this method is to increase 

performance of hearing-assistive devices in noisy and or multi-talker environments. Not just 

signal processing aids, but also both bone-anchored hearing aids and cochlear implants can 

potentially benefit from this technology, because they both have sound processing units, in 

the same manner as conventional hearing-assistive devices do. The aim of model is to 

improve hearing-assistive devices’ performance in noisy environments and multi-talker 

situations. Because of this focus of increasing speech intelligibility in multi-talker situations, 

the model’s performance need not be high under other acoustical conditions. While there 

may be other uses of the model, for example in audio-processing, these uses are beyond the 

scope of this thesis. Neither a prototype nor patient testing are reported. 

1.2 Concepts and terminology 

In this section, the terminology and concepts used in this thesis are introduced, beginning 

with hearing-assistive device technology, then turning to BCI and electroencephalography 

technology. This section then focuses on the principles of beamforming methods we propose 

to use in conjunction with these technologies to solve what we define as the cocktail party 

problem. Who would be the users of this proposed combination of technologies, who would 

benefit the most given a disabling loss? Although in 2008, as already noted, 12.8 % of the 

world’s population suffered moderate-to-severe hearing loss [1], not all had a disabling loss. 

Rather, to arrive at a definition of a disabling hearing loss, in 2012, an estimate of the world 

population was 7,003,554,291 people [22], the World Health Organisation estimating that 

359.9 million people of those persons had a disabling hearing loss. Disabling hearing loss 
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means 40 dB(HL) hearing loss in the better hearing ear and 30 dB(HL) hearing loss in the 

better hearing ear in children [23]. According to these 2012 estimates, approximately 5.13% 

of world population thus suffer disabling hearing losses. 

When there is permanent hearing impairment due to such a disabling loss, hearing aids and 

cochlear implants are the primary approaches to address the impairment. Hearing aids focus 

on minimizing the effects caused by impairment. A hearing aid is an electrical device that 

amplifies and processes sound, with the purpose of reducing inconvenience caused by 

hearing impairment. Normally, this amplification corrects for impaired hearing as measured 

by audiometry, and processing the sound signal renders speech more intelligible. This sound 

processing differentiates extant signal processing hearing aids from a normal sound amplifier 

[24 , Ch. 1–2] and the former generation of analogue hearing aids. Some specialised hearing 

aids exist that bypass the damaged facets of the peripheral auditory system. Such 

technologies include bone-anchored hearing aids [25], which transfer sound via vibrations 

through the skull directly stimulating the cochlea with vibrations such that, in turn, neuronal 

transduction occurs. Bone-anchored hearing aids are thus a subclass of hearing aids [25]–

[27]. 

Cochlear implants (CI) are electronic devices that function to enable hearing for people with 

severe or profound hearing impairment in both ears. CIs have two main parts: an internal 

implant, and an external sound processor and transmitter. CIs bypass most of the peripheral 

auditory system by placing an electrode array directly in the cochlea. The external part of 

the CI commonly consists of a microphone, sound processor, and electromagnetic induction 

transmitter. The internal implant part consists of a receiver, a circuit to convert the signal to 

electric impulses, and an electrode array within the cochlea [28]. CIs creates better hearing 

in persons with severe or profound hearing impairment than hearing aids do, especially in 

noisy environments [29], because sound amplification is of little or no benefit with an 

inoperative auditory periphery. In other studies, speech comprehension with CIs had a mean 

of 50.7 % after 3 years of use, for a test of monosyllable perception in a noisy environment 

that has a signal-to-noise ratio (SNR) of +15 dB [30].  

Having defined hearing-assistive devices, brain-computer interfaces (BCI), also known as 

brain–machine interfaces (BMI), direct neural interfaces (DNI), or mind-machine interfaces 

(MMI), measure brain activity by invasive or non-invasive methods. This brain activity input 

to the interface enables the user’s interaction with the surrounding environment [31]. BCI 

works as any other control system and thus has input, output, and a system that maps brain 

activity to output (e.g., from brain activity to a physical system command) [31]. Any brain 

measurement method can be used to create input for BCI, including invasive subdural 

electrodes on the surface of the cortex or intracranial electrodes inserted into the cortex, as 

well as non-invasive magnetoencephalography (MEG) or electroencephalography (EEG). 

Electroencephalography (EEG) is a monitoring method for recording electrical brain activity 

[32, Ch. 1]. Building on Richard Caton’s work on dogs and apes, Hans Berger invented 

electroencephalography, measuring alpha waves in humans for the first time in 1924. 

Though Berger’s submission was initially rejected as electricity already known to be 

produced by muscles, a confirmatory experiment measuring EEG directly from the exposed 

brain of his neighbour’s dog qualified his results for publication in 1929 [33]. EEG measures 

fluctuations in voltage, which originate from ionic currents inside the neurons in the brain, 

when specifically pyramidal neurons with aligned axons or dendrites fire synchronously. 

When a signal is produced electrochemically, there is a difference in the charge across the 

short distance of each neuron’s membrane. Positive polarity indicates current leaving and 
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negative polarity returning current. Firing of multiple aligned neurons create a primary 

current, which propagates a secondary or “volume” current that is induced in the brain and 

liquor thus reaching the skull and scalp. Volume currents cause potential differences on the 

scalp, which electrodes can measure. Electroencephalography works by placing electrodes 

on the scalp and then measuring their electrical potential difference. These voltages are 

amplified and then stored in a recording medium. Normally EEG is non-invasive. That is, 

electrodes are normally placed on the scalp, but for specific purposes invasive electrodes can 

be used [31], [34]. Other methods to study brains exist such as: functional magnetic 

resonance imaging, electrocorticography, nuclear magnetic resonance spectroscopy, single-

photon emission computed tomography, positron emission tomography, 

magnetoencephalography,  near-infrared spectroscopy, and the event-related optical signal. 

Compared to these methods EEG has several advantages for BCI. Mobile low-cost EEG 

systems are becoming increasingly more common. These systems derive EEG for BCI of a 

comparable quality to what desktop systems are producing [15]. EEG also offers a higher 

temporal resolution than the less mobile positron emission tomography and magnetic 

resonance methods. Recently, it has been shown that multichannel EEG can be acquired 

using an off-the-shelf smartphone [16]. The time is thus ripe for the widespread valorisation 

of the concept of mobile EEG-based BCI technology as low-cost enhancements to pre-

existing smartphone technology. Such mobile BCI technology could interact with hearing-

assistive devices. 

Having introduced EEG and the concept of using a mobile BCI, it should be considered that 

EEG signals contain information of neural activity from multiple brain regions. This EEG 

data needs to be processed by extracting features. There are different methods for isolating 

useful features from EEG signal data. Approaches include event-related potentials (ERPs), 

template-matching, and oscillatory power analysis [17]. 

Beamforming is a spatial filtering technique that allows the transmission of a signal to, or 

reception of a signal from, a specific spatial location. Beamforming is used in conjunction 

of array of receivers or transmitters. This array is needed to enable the use of beamforming, 

because multiple measurement points are needed for calculation of a signal source. For 

transmission, an array of transmitters is needed to be able to send the signal to specific spatial 

location [35, 36]. Transmission uses principles of wave physics to calculate in what spatial 

locations waves get amplified by one another and in what location those waves negate one 

another. Using these principles to calculate the timings for transmissions for each element 

of array, beamforming amplifies the transmitted signal at the receiving spatial location. 

Beamforming is used when normal temporal filtering such as a finite impulse response filter 

cannot be used, because signal and interference signal occupy the same frequency bands and 

are transmitted simultaneously. Signal and interfering noise require transmission from 

measurably different locations for beamforming to work [35], [36]. Beamforming uses the 

time difference of the signal’s arrival at different nodes of the array to calculate the direction 

of signal. This time difference can be calculated when the speed of the travelling wave signal 

is known beforehand, as is the case with sound waves. The distance of the signal source is 

calculated from distortion and changes of the signal. This distance calculation cannot be 

applied for cases where distortion or changes in the signal are not measurable or masked by 

interference signals. Distortion and changes in signals include: deformation of a signal by 

the transporting medium, amplitude loss, ambient background noise mixing in with the 

signal, and phase shift. Many fields utilize beamforming including radar, sonar, seismology, 

communications and astronomy [35], [37, p. 13]. Acoustical beamforming is of particular 

relevance to the present thesis. 
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Turning from the acoustical processing technique of beamforming to a germane 

psychological phenomenon, the cocktail party effect, E. Colin Cherry first described this 

effect in 1953 [18]. The cocktail party effect is the ability to focus auditory attention to 

chosen auditory stimuli while filtering out the rest [38]–[40]. The name comes from 

experience of partygoer in a noisy room: The partygoer can focus on a single conversation 

in a room filled with music and conversations of other people [18].  

This phenomenon could be related to other similar phenomenon, in which a person is able 

to immediately detect sounds of importance from unattended stimuli. An example of this 

phenomenon, termed the breakthrough of the unattended, is recognising one’s name in a 

noisy environment when not expecting to hear that name [41], [42]. At first, this 

phenomenon might be martialled in favour of a concept that the brain processes the entirety 

of the multi-talker auditory environment. As such, the name only captures attention when 

that otherwise unattended information is detected as personally relevant by a late selection 

process. However, it is worth considering that only one third of people do recognise their 

name [41], [42]. A perspective is that thus two thirds of people indeed do filter out 

unattended information and arguably do not process that information from a very early stage 

with an early filter [9]. The remaining third, who do recognise their unexpected name in an 

otherwise unattended conversation, have poorer top-down control of the concurrent storage 

and processing of information in working memory [41]: Those persons have poorer 

cognitive abilities on a working memory task. According to the new early filter model [9], 

such individuals with low working memory capacity arguably make use of contextual 

information for top-down control of the auditory system during speech-in-noise perception, 

in which case the early filter is wide open. With that early filter wide open, one’s own name 

enters the higher auditory cortex and, in turn, the person’s brain recognises that name as 

personally relevant. 

The cocktail party effect benefits from being binaural – i.e., stimuli separation works best 

with stereo sounds, which naturally requires hearing from both ears [38], [43]. Binaural 

information in audio helps with localization of a sound source, which in turn increases the 

brain’s performance in filtering the unattended sound stimulus [40], [43]. People with more 

hearing loss in one ear thus perform worse in noisy multi-talker situations [43]. 

1.3 Structure 

This thesis consists of five chapters, including the present introduction chapter. The literature 

review (chapter 2) then identifies the current limitations of hearing aid technology, followed 

by the neuroscientific theoretical background for the model constructed in this thesis. There 

then follows the research problems and methods chapter 3, which, identifying the research 

questions of the thesis, leads into the constructed model of chapter 4. This acoustical 

processing model in chapter 4 offers answers to these research questions by constructing and 

analysing this model, which proposes to use data extracted from electroencephalography 

signals. The final conclusions and implications chapter points out areas of interest for future 

development (chapter 5). 

1.4 Current limitations of hearing aid technology  

Hearing aids and cochlear implants are currently the primary methods to improve hearing 

for persons with hearing impairment. Current hearing aid technology suffers from poor 

performance in noisy environments with multiple talkers [38], [44]. This problem exists 

because of the physical limitations of current technologies [45] and because the hearing of 

the person who uses a hearing aid is impaired [38]. There are many potential changes in 
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hearing that hearing loss can cause. These changes include: reduced release from noise 

masking, threshold shift, and reduced temporal resolution [36]. These problems are most 

commonly caused by regions of dead cochlea. Hearing aids and hearing-assistive devices, 

in general, exist to alleviate the problems caused by those dead regions. Simple amplification 

of sound can alleviate a uniform threshold shift, a loss of sensitivity to sound waves 

uniformly throughout the frequency range. However, if threshold shift is non-uniform, sound 

processing is needed. Either shifting heard frequencies or non-uniform amplification can 

alleviate the problems of a non-uniform threshold shift [24, Ch. 1]. Reduced release from 

noise masking, and reduced temporal resolution, present challenges for hearing aid 

technology, because no solution exists to alleviate these problems. 

The temporal resolution of the auditory system decreases with elevations of gap-detection 

threshold [46]. This gap-detection threshold is the duration of silence in a sound required for 

the listener to detect that silence as a gap upon a certain proportion of trials. Gap-detection 

ability enables the listener to segment individual speech sounds for lexical recognition as 

well as the subsequent semantic and syntactic processing. Gap-detection is typically poorer 

in people with hearing loss [47]. Gap-detection is also germane to auditory masking. 

Auditory masking is a phenomenon whereby sound is rendered inaudible by the presence of 

another “masking noise” sound. Noisy environments cause such auditory masking. Forward 

masking is a type of masking whereby a preceding masking noise sound impedes the 

perception of a subsequent target sound for tens of milliseconds after the offset of the 

masking noise. Gap-detection abilities are related to the release from forward masking. That 

is, with higher gap-detection thresholds, the time required to recover from forward masking 

is longer [44]. Hearing loss itself also increases forward masking [48]. A modulation of 

masking noise produces stronger elevations of speech reception thresholds – poorer 

identification of speech in that noise – in persons with hearing impairment than in normal 

hearing controls [49]. Hearing loss can also affect comprehension in many other ways such 

as reducing the ability to understand fast speech or speech under reverberatory conditions 

[50].  

Though there a previously demonstrated benefits of the amplifying speech in low level noise 

through the audiometrically fitted 1980s generation of hearing aids for persons with hearing 

impairment in terms of lower (better) speech reception thresholds, with levels of noise 

exceeding 60 dB(A), there was no further benefit of the hearing assistive device [44]. 

Because reduced temporal resolution hampers the ability to perceive and comprehend sound 

in a noisy environment, the main approach of signal processing in extant hearing-assistive 

devices has been implementing noise-reducing algorithms within hearing aids and cochlear 

implants. Reduced release from noise masking is caused by reduced temporal resolution, 

reduced sensitivity to binaural cues, and other factors. Improvements in binaural hearing are 

attainable by means of sound processing via artificially strengthening spatial cues, or with 

physical design and placement of the hearing-assistive device. Hearing-assistive devices 

benefit from binaural hearing, but often hearing aids deteriorate binaural hearing by placing 

microphones far from the eardrums. The head acts as a physical spatial filter, as is termed 

the head shadow effect [38]. This effect is weaker the further the hearing aid is from the 

eardrum, because the skull and soft tissues then filter the sounds less. These issues are 

common because the ear canal is small thus constraining the physical dimensions of hearing 

aid design. The performance of systems employing directed microphone arrays benefit from 

noise reduction [51, 52]. Using directed microphones or microphone arrays, the binaural 

character of hearing can also be recreated [52].  
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1.5 Beamforming, model-based sparse coding shrinkage, and envelope 

enhancement strategy 

Introducing sound processing to a hearing-assistive device can, at least in part, alleviate 

problems with noise masking and impairments temporal resolution. There are many 

algorithms for this purpose. The three methods of choice for this thesis are: model-based 

sparse coding shrinkage, beamforming, and an envelope enhancement strategy. After an 

introduction to the notion of filtering, in this section, there is consideration of each of these 

three methods in turn.  

Filtering is a technique whereby processing of a waveform attenuates or eliminates unwanted 

noise. Filtering can be digital, electronic, or mechanical. A wide array of sciences and 

practical solutions employ filtering. For this reason, there are multiple filter designs for 

different purposes and requirements [53, pp. 11–12], [54, Ch. 1]. Noise filtering is a set of 

filtering techniques specialised for removing noise from a signal. The ideal noise filter would 

remove all unwanted noise without altering the wanted signal. For most applications, 

creating an ideal noise filter is difficult if not impossible, because no means exists for 

distinguishing all types of noise from the wanted signal, necessitating compromise. For this 

thesis, a model-based sparse coding shrinkage (SCS) noise filtering algorithm was chosen 

because, considering the effects of noise filtering on improving speech intelligibility for 

persons with hearing impairment, the SCS algorithm outperforms a Wiener filter algorithm 

[55]. While the Wiener filter algorithm improves intelligibility of speech in noisy 

environments for hearing impaired users [56], for persons with normal hearing, none of eight 

classical algorithms, of which the Wiener filter was one, significantly improved speech 

intelligibility [57]. Distortion to the speech signal caused by removal of noise could render 

such filters ineffective. Such findings underscore the view that speech quality and 

intelligibility do not correlate [57], [58]. Modifying algorithms to avoid distortion to the 

speech signal, can improve speech intelligibility [58]. The aim of developing SCS alongside 

other algorithms was to avoid this distortion of speech [55], [59]. The SCS algorithm is a 

derivation of the sparse coding model of neural coding. Sparse coding represents information 

in the strong activation of small set of neurons as a compromise between dense and local 

coding. Sparse coding algorithms are algorithms that produce sparse coding presentation of 

input to a neural network. Neural network and neural computation studies [60], [61, Ch. 1] 

have employed neural algorithms including sparse coding algorithms. Such model-based 

sparse coding shrinkage outperforms a conventional sparse coding shrinkage algorithm [62]. 

The acoustical processing model of this thesis thus employs model-based sparse coding 

shrinkage. 

Spatial filtering is a technique that selects signals according to spatial origins. Beamforming 

is both a form of spatial filtering and amplification commonly used for radar, sonar, and 

other types of transmitter or receiver arrays [35], [36]. Acoustical beamforming based 

techniques are commonly used in hearing-assistive devices to reduce noise [52]. The 

acoustical processing model of the thesis uses acoustical beamforming because application 

of this technique has improved the listeners’ understanding of the attended speaker’s 

message in multi-talker situations. The best results occurred when mixing the original signal 

with the signal output from beamforming [48]. Beamforming algorithms used in hearing-

assistive devices include fixed-direction beamformers and adaptive-direction beamformers. 

Adaptive beamformers adapt to changes of environment. A common adaptive parameter is 

changing filtering direction according to movements of sound sources. A beamformer is a 

system that uses a beamforming algorithm. When multiple sound sources are present, one 

with higher amplitude is commonly selected and this kind of adaptive-direction beamformer 
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removes noise better than a fixed-direction beamformer [63]. The problem with selecting the 

loudest sound source is that the loudest sound source is not always attended sound source. 

The loudest sound source can be unwanted in a situation such as cocktail party. Other 

approaches to adaptive-direction beamformers include algorithmic beamformers. A 

probability-based adaptive-direction beamformer is also more efficient in terms of the 

intelligibility and quality of speech compared to a fixed-direction beamformer [64]. 

Nevertheless, current algorithms make errors on what sound source the user wants to listen 

to. This thesis focuses on solving this problem by introducing EEG-control of the direction 

parameter of the beamformer. 

Onset enhancement of the speech signal, also known as an envelope enhancement strategy, 

is an audio processing method whereby the start of each syllable is amplified [65]. This onset 

enhancement procedure extracts the speech envelope, amplifies the separated signal, and 

finally combines the amplified signal with the original signal. This envelope enhancement 

strategy increases the intelligibility of speech in a multi-talker setting [65]. In cochlear 

implants, an envelope enhancement strategy increases speech intelligibility in reverberating 

space by improving the localization of sounds [66], [67]. These reasons motivate the 

inclusion of this envelope enhancement strategy in the acoustical processing model of this 

thesis. 

1.6 EEG signals 

Using high-density electroencephalography and a template-matching analysis method, 

Kerlin and colleagues [17] revealed an attentional gain of dipolar cortical sources, which is 

time-locked response to speech sounds. The EEG spatial filters that pick up these dipolar 

sources were derived from the distribution of the auditory N1 [68] to the first word of the 

sentence [17]. This auditory N1 exhibits distinct spatiotemporal and functional properties to 

the mismatch negativity component of the auditory ERP [68], though there is also evidence 

for a theory that attention also increases the generation of that mismatch negativity [69]. The 

spatial filter for the auditory N1 dipole rather gleans something of the scalp distribution 

indexing the auditory cortex. The attentional gain was strongest in auditory cortex in the 

frequency range of 4-8 Hz, which is the speech envelope frequency [17]. In this way, this 

frequency range reveals “what” is attended. Also, there was a parietally distributed 

difference in alpha power (8-12 Hz) across hemispheres contralateral to the attended ear. 

This difference in alpha power at parietal sites indicates the direction of the attended speech 

source [17] – “where” is attended. Both bone-anchored hearing aids and cochlear implants 

can potentially benefit from this technology for processing EEG signals in a cocktail party 

setting, because they both have a sound processing unit, in the same manner as conventional 

hearing aid does [27]. This thesis addresses these technological limitations by constructing 

a model to control acoustical processing with electroencephalography signals. Envisaged is 

the integration of this model into the sound processing of hearing aids or cochlear implants. 

Principles of this model can also be adapted to control other facets of sound processing, as 

implemented by the sound processing circuitry of hearing aids and cochlear implants [27]. 
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2 RESEARCH PROBLEMS AND METHODS 

2.1 Research problems 

There are no known methods or technologies proposed for using electroencephalography 

signals to control acoustical processing. Acoustical beamforming can produce location data 

of sound sources [64], but this approach does not produce information of what sound source 

the user is attending and if the user is attending anything currently. In this context, acoustical 

processing means a set of audio processing methods, the purpose of which is to increase 

intelligibility of speech in a noisy environment with multiple talkers. The methods of choice 

for this purpose are spatial filtering, noise filtering, and an envelope enhancement strategy. 

All of these three methods need different types of information in the form of parameters. 

The system can receive envelope enhancement parameters as prior input before usage. The 

SCS algorithm can either work as a self-learning system or the SCS algorithm’s parameters 

similarly inputted prior to usage. Spatial filtering, however, needs all the time information 

of the valid location of the target audio source, to prevent filtering that source out, as is a 

reason for use of electroencephalography signals. Parameters of SCS and envelope 

enhancement can be changed by information from electroencephalography signals in order 

to make those parameters dynamic. There are no known previous approaches to using EEG 

to control acoustical processing. The influence of using EEG to control the chosen 

approaches on the performance of the system also remains to be determined. Further, 

combination of the three chosen methods for acoustical processing – spatial filtering, noise 

filtering, and envelope enhancement – is without known precedent. Thus, I postulate the 

hypothesis that EEG-control of a combination of these techniques improves speech 

intelligibility of a noisy audio signal of multiple audio sources. I also postulate that 

controlling model-based SCS and envelope enhancement parameters dynamically, 

according to EEG input, can improve performance. The research question of thesis is thus 

how to use information from electroencephalography signals to control acoustical 

processing. 

2.2 Research method 

This thesis uses constructive research and literature review as methods of research. 

Constructive research, also known as design science [70, p. v], is a research method that 

creates a construct to solve a problem [71, p. 3]. The goal, the environment, and 

characteristics of a construct are thus definitive [72, p. 5]. A construct can be both physical 

and non-physical. Examples of non-physical constructs are mathematical formulas, 

computer programs, and ideological models. A problem in the context of constructive 

research refers to the difference between a current situation and the goal situation that is in 

some way better. This difference is the problem. The construct’s function is to enable the 

removal of this difference. Thus a problem can refer not only to non-optimal conditions, 

which have a problem that is being solved, but also to conditions that people see as optimal 

even though further optimisation of these conditions is possible [70, Ch. 1]. An example of 

this latter case is medical care before and after the invention of X-ray imaging. Before X-

ray imaging, doctors thought their ways were optimal in current conditions, but the invention 

of X-ray imaging enabled doctors to seen inside of the human body in non-invasive ways, 

thus improving the accuracy of diagnosis and, in turn, doctors’ selection of the most 

appropriate treatments for a condition. In this case, X-ray imaging is a created construct. 

Real-world problems are often termed wicked problems in the sense that such problems are 

difficult if not impossible to solve as can be due to: a lack of knowledge, changing and 

contradicting requirements, or a complicated relationship with related problems. Real-world 
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problems often have no clear end criteria that indicate the resolution of the problem. A lack 

of resources rather than the solution to the problem is often the reason for putting a stop to 

the solving of a wicked problem [70, Ch. 1].  

This thesis applies constructive research as a method because the problem has attributes 

suitable for resolution with constructive research. There are the current non-optimal 

conditions, i.e., hearing aids perform poorly under cocktail party conditions, and the goal 

condition – hearing aids function ideally under cocktail party conditions. This difference 

between the current and goal states creates a suitable problem for resolution with a construct. 

This real-world problem itself shares characteristics with wicked problems. Modern science 

does not offer an uncontentious account that relates molecular biological systems to all the 

phenomenal experiences of hearing. As such, it is not completely understood how brain 

functioning relates to problem. In addition, the problem has contradicting requirements 

because the end user defines “perfect” functioning of a hearing aid, as is accordingly 

subjective. For this reason, this thesis addressed a smaller subset of this problem. 
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3 ACOUSTICAL PROCESSING MODEL 

3.1 Constructed model 

Using high-density electroencephalography and a template-matching analysis method 

revealed an attentional gain of a time-locked response to speech sounds under “cocktail 

party” conditions in the auditory cortex in the frequency range of 4-8 Hz. Kerlin and 

colleagues also revealed a parietally distributed inter-hemispheric difference in alpha power 

(8-12 Hz) across hemispheres with an amplitude suppression contralateral to the attended 

ear [17]. The attentional gain at the frequency range of 4-8 Hz defines “what” is attended 

and the parietally distributed difference in alpha power (8-12 Hz) indicated the location of 

the attended sound source. The attentional gain in the auditory cortex in the frequency range 

of 4-8 Hz is present when the person is attending a particular audio source, as can also be 

used to determine whether that person is actively listening [17]. Use of this combined “what” 

and “where” information can control a beamforming method of spatial filtering, SCS noise 

filtering, and envelope enhancement during sound processing. 

There is a division of the model’s function into “idle” and “active” states. The model is in 

the idle state when the user is not attending any sounds. When the model is in this idle state, 

spatial filtering and envelope enhancement processing are turned off, allowing all spatial 

sound information to reach the user. When the user starts attending the sound source, the 

model switches to the active state. In the active state, the model enables spatial filtering and 

envelope enhancement processing. When the model switches to an active state, the direction 

of the attended sound source is calculated. The model then passes the direction of the 

attended sound source to an acoustical spatial filter. This filtering causes a decrease in 

amplitude of the signals that come from a different direction from the attended sound source. 

When the user stops attending to the sound source, the model switches back to an idle state, 

again turning off spatial filtering and envelope enhancement processing.  

It is possible to write this model (Figure 1 below) in pseudo code [73, Ch.10]. The benefit 

of writing the model into pseudo code is to permit the analysis of the model with the same 

techniques suitable for analysing code in a normal programming language. This pseudo code 

implementation (overleaf) adheres to a similar syntax to the programming language Java and 

follows the object-oriented programming paradigm.  

 

Figure 1: Block diagram of the processing model. 

Turn on filtering.

Give AttendedDirection
to beamformer.

Turn off filtering.

Input: AttendedDirection, AttendedState

if AttendedState

else
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Pseudo code: 

Algorithm SimpleControlAcousticProcessingWithEEG{ 
 INPUT: AttendedDirection, AttendedState 
 
 // “//”=means comment, everything after “//” is ignored  
 
 While(device online){ 
  if(AttendedState == True){  
   activate filtering and update parameters of filters 
    
  }else{ // not attending any sound source 
   deactivate filtering 
  }  

  
  OldState= AttendedState 
  OldDirection= AttendedDirection 
 
  do{ 
   Wait() 
  }while(device online  
   AND (NOT(OldState == AttendedState) NOR  
    NOT(AttendedState AND  
     NOT(OldDirection == AttendedDirection)  
     ) 
    )  
   ) 
 } // end of while 
} //end of algorithm 

 

When there is a change in attentional state, or – when sound is attended – a change in the 

attended direction, this overall simplified program reveals the control in the model. Whilst 

online, when the user is starting to attend or attend in new direction, the model activates 

filtering updating filtering parameters. Alternatively, when no particular sound becomes 

attended by the user, the model deactivates filtering. This program receives the input 

parameters: AttendedDirection and AttendedState. The AttendedDirection parameter 

contains the direction of the attended audio source. That direction is the difference in angle 

between the direction of the sound source and the user of the system. AttendedState tells if 

the person is attending to any sound source or not. The parameters AttendedDirection and 

AttendedState originate in EEG signals. A set of algorithms operating on raw EEG input data 

continuously updates these input parameters for the master program. The purpose of the 

while loop is to keep processing in operation while the device is online. The if/else statement 

determines if the model should be in an idle or an active state. Within the while loop, a 

nested do-while loop then serves the purpose of stopping the model from updating sound 

processors, when there is nothing to update: filters continue to operate, but the model pauses 

when AttendedDirection and AttendedState do not change. This pausing occurs by saving 

the value of AttendedDirection and AttendedState before the do-while loop, then comparing 

the old to the current value of those parameters. If AttendedState changes or if AttendedState 

is “True” and the AttendedDirection changes from the old value, then processing continues 

updating. Otherwise, the algorithm waits, freeing-up computing cycles, thus releasing 

processing power for other crucial processes including acquiring and processing EEG.  
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In fuller pseudo code with comments and methods for sound processing in place: 

 

Algorithm ControlAcousticProcessingWithEEG{ 
 INPUT: AttendedDirection, AttendedState 
 
 // “//”=means comment, everything after “//” is ignored  
 
 //AttendedDirection tells the difference in degrees of the current attended sound source from 
                //the user. Straight ahead being 0 degree difference, right produces positive degrees and left   
 //negative. Thus the sound source at left side of the user is -90 and at right side, 90 straight     
                //behind is either -180 or 180. The EEG data processing algorithm modifies AttendedDirection to 
                //reflect current data from EEG signals.  
 
 //AttendedState has two possible states, true or false. AttendedState is true when the user 
                //attends a sound source and false when user does not attend a sound source. The EEG data 
                //processing algorithm modifies AttendedState to reflect current data from EEG signals.  
 
 //New beamforming spatial filter “object” 
 //This object controls behaviour of the beamforming spatial filter.  
 Object Beamformer = new Beamformer() 
 
 //This object controls behaviour of envelope enhancement processing. 
 Object EEProcessor = new EnhancedEnvelopeProcessor() 
 
 //This object controls behaviour of model-based sparse coding shrinkage noise filtering. 
 Object SCSFilter = new SCSNoiseFilter() 
 
 //Turn off all filtering, before start-up. 
 Beamformer.TurnOffFiltering() 
 EEProcessor.TurnOffFiltering() 
 SCSFilter.TurnOffFiltering() 
 
 //Compute while the device is online. 
 while(device online){ 
   
  if(AttendedState == True){ 
    
   //If the beamformer is not filtering already, turn on filtering. 
   if(Beamformer.GetFilteringState() == not filtering){ 
    Beamformer.TurnOnFiltering() 
    } 
   //Same for the envelope enhancement filtering. 
   if(EEProcessor.GetFilteringState() == not filtering){ 
     EEProcessor.TurnOnFiltering() 
   } 
   //And for SCS noise filtering. 
   if(SCSFilter.GetFilteringState() == not filtering){ 
     SCSFilter.TurnOnFiltering() 
   } 
 
   //Update beamformer’s sound source direction. 
   Beamformer.SetSoundSourceDirection(AttendedDirection) 
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  }else{ // not attending any sound source 
 
   //if the beamformer is filtering sound, turn beamforming off 
   if(Beamformer.GetFilteringState() == filtering){ 
    Beamformer.TurnOffFiltering() 
   } 
   //and same for envelope enhancement filtering 
   if(EEProcessor.GetFilteringState() == filtering){ 
    EEProcessor.TurnOffFiltering() 
   } 
   //and for SCS noise filtering 
   if(SCSFilter.GetFilteringState() == filtering){ 
    SCSFilter.TurnOffFiltering() 
   } 
  } 
  
  // Save current state of parameters. 
  OldState = AttendedState 
  OldDirection = AttendedDirection 
 
  // NOT means logical negation, == means logical equal sign 
  // NOR and AND mean logical operators of same name 
  do{ 
   Wait() //Save computing cycles by skipping them. 
  }while(device online  
   AND (NOT(OldState == AttendedState) NOR  
    NOT(AttendedState AND  
     NOT(OldDirection== AttendedDirection)  
     ) 
    )  
   ) 
 
 } // end of while loop 
} //end of algorithm 

This full algorithm starts by creating the objects of algorithms, which process sound. These 

objects control the behaviour of those sound processing algorithms. After creating those 

objects, these objects turn off all filtering before starting the processing of the model. This 

initial absence of filtering does not stop the person from hearing the sound and thus attending 

to that sound. Beamforming would misbehave under those conditions, because the filtering 

direction is, as yet, unknown. In if/else statements, the model turns processing on or off 

depending on whether the person attends to any sound source or not. When the person attends 

a sound source, the model turns processing on. Simultaneously, the current direction of the 

attended sound source is an input passed to the beamforming sound processing algorithm. 

When the person is not attending to sound, the model turns processing off. If no change to 

AttendedState happens, the algorithm waits thus saving computing resources. 

3.2 Analysis of the model 

Pseudo code shows that the model has low complexity, having only one while loop and one 

if/else condition statement. This approach makes the model completely deterministic. For 

this reason, we know all states in which the model can be. The model can either be in an 

active or an idle state. Waiting for changes is not a separate state, because that waiting occurs 

whilst the model is in either of two states. Further, waiting goes unnoticed outside of the 

algorithm. Crucially, during the active state, the model keeps acoustical spatial filtering 
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updated with the direction of attention from EEG information, such that spatial changes 

update acoustical spatial filtering. Such spatial changes include changes in locations of the 

listener or speaker. Failing to do so would cause spatial filtering to filter out the attended 

sound source.  

Computationally, the model needs near real-time processing to be useful for real-time speech 

comprehension. Not taking into account the computational complexity of beamforming, 

SCS, and the envelope enhancement algorithms, the model behaves computationally as an 

O(N) complex algorithm. Each change in AttendedDirection, or AttendedState parameters, 

requires 10 or 7 operations. The model has a complexity of 18*N (attending sound) or 17*N 

(not attending sound), both simplifying as O(N) [74]. Do-while causes the algorithm to wait 

and thus ends processing for that parameter change. Because SCS and beamforming are both 

computationally more intensive algorithms, the final computational complexity is higher. 

Smooth transfer from attending to not attending states could be beneficial for the usability 

of the model. This switching would make the algorithm feel more pleasant and responsive. 

Currently the algorithm switches state to an arbitrary value, as is because the system has 

only two distinct states. Comparing the attentional gain of the current and non-attending 

state, would yield a scalar value. A dynamic system could use this scalar value to mix non-

processed signal and processed signal.  

As this chapter has described, the model offers the control of a combination of spatial 

filtering, noise filtering, and envelope enhancement by using analysed EEG inputs. The 

model would use EEG input to dynamically control model-based SCS and enhance envelope 

parameters. It is foreseeable that application of the model would improve the intelligibility 

of speech in a noisy audio signal with multiple audio sources. This model thus proposes a 

solution to this thesis’s research question as to how to use electroencephalography signals to 

control acoustical processing.  
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4 CONCLUSIONS, IMPLICATIONS, AND FUTURE 

DEVELOPMENTS 

4.1 Conclusions and implications 

The model constructed in this thesis uses the reflections of user’s attention in the EEG input 

to the BCI to flip between idle and active states of that BCI. Those different states of the 

BCI, in turn, control beamforming, model-based sparse coding shrinkage, and envelope 

enhancement of the speech signal in state-specific ways. Such a model serves as a viable 

framework for using EEG signals to control sound processing. Analysis of the model 

revealed the model needs near real-time processing to be useful for real-time speech 

perception and comprehension. Although the model inherits the computationally intensive 

properties of acoustical processing, the model itself is low complexity placing few additional 

demands on computational resources, as conducive to real-time computation. Further, 

analysis of the model revealed that active state acoustical spatial filtering requires regular 

real-time updating by the direction of auditory attention gleaned from EEG information. 

Such updating is required for effective operations when the locations of the listener or 

speaker change.  

4.2 Future development 

The foregoing arguments highlight the physical make-up of a hearing aid as a priority topic 

for future investigation using the model developed in this thesis to control that aid’s 

acoustical processing. Ordinary desktop laboratory EEG equipment is suitable for proof-of-

concept in a laboratory. Such equipment would not be well suited to the field-testing of a 

prototype or future valorisation. Limitations include the weight of the EEG equipment, the 

size and visual appearance of the measuring system, as well as the vaporization of electrolyte 

solution. 

Neuronal activity or other bioelectric or extraneous artefacts, which are unrelated to 

processing the sound, can obscure the relevant EEG input impairing the system’s 

performance. Such electrical potentials are foreseen as challenges in developing a highly 

accurate system for selectively amplifying attended sounds. Effective artefact-correction 

routines may contribute to improved control of the system’s performance. Processing 

information from EEG can also be highly data-intensive. However, the influence of attention 

in the predominant envelope frequency range of speech, concerning “what” the user is 

attending, affects the phase-locked representation of speech envelope in EEG (4-8 Hz) [17]. 

Further, the influence of the direction of attention on the parietal alpha-band (8-12 Hz) of 

the EEG is also low frequency [17]. The Nyquist limit for recording these frequency ranges 

is thus 24 Hz, a minimum sampling rate at which to acquire both “what” and “where” 

information. Processing multi-channel EEG information at such sampling rates, thus need 

not be particularly data-intensive. EEG data acquisition and processing could thus take place 

using an extant off-the-shelf smartphone [16]. 

Such a smartphone is integral to Stefan Debener’s group’s approach to mobile auditory BCI 

using small unobtrusive EEG measurement arrays around the ears [16], as addresses the 

aforementioned concern about the size and visual appearance of the measuring system. Such 

arrays do not gather EEG from the scalp regions used by Kerlin and colleagues’ EEG spatial 

filters [17] for “what” information about auditory attention. Such arrays also do not acquire 

data from the parietal sites for “where” information about auditory attention. That said, the 

mastoids where Debener and colleagues’ measurement arrays are located [16] are optimal 
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for picking-up the N1 polarity reversal [68] reflecting well the supratemporal N1 generators. 

Such polarity reversals are relatively free from other N1 componentry generated outside the 

auditory cortex and may generate phase-locked EEG input about “what” is attended. 

Bilateral arrays may also reveal alpha lateralisation features. For the purposes of EEG 

acquisition through a mobile device to control acoustical processing using the model 

developed in this thesis, a baseball cap of electrodes might be more appropriate. A calibration 

session kindred to Kerlin and colleagues’ approach [17] could individualise EEG spatial 

filters as then might provide the most useful input about “what” is attended for controlling 

acoustical signal processing. Such a cap would also cover the parietal regions whereby alpha 

lateralisation reveals provides input about “where” is attended. If such a cap were to contain 

dry electrodes, the electrolyte vaporization in the field is not a concern. Indeed, recently 

developed dry electrodes are comfortable and could be worn for extended periods in such a 

baseball cap. 
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