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ABSTRACT

Individuals with sensorineural hearing loss experience significant difficulty

understanding speech in noise due to reduced audibility and degraded auditory processing.

While deep learning-based noise reduction (DNN-NR) has been integrated into commercially

available hearing aids, independent evaluations using ecologically valid and linguistically

relevant materials remain limited. The present study investigated the efficacy of an AI-based

deep learning algorithm in enhancing speech perception in noise using the Phonak Audéo

Sphere Infinio i90 hearing aid among twenty-five native Kannada-speaking adults (M =

59.32 years) with bilateral moderate-to-moderately severe sensorineural hearing loss and no

prior hearing aid experience.

Speech reception thresholds in noise (SRTn) were measured adaptively using

standardised Kannada sentences presented against four-talker Kannada babble and locally

recorded traffic noise under co-located and spatially separated conditions, comparing the

DNN-NR program against a traditional noise reduction program. Objective SNR

improvement was additionally quantified using the modified phase-inversion technique.

Generalised linear mixed model analysis revealed significant main effects of spatial condition,

noise type, and noise reduction program on SRTn.

DNN-NR yielded significantly better SRTn than Traditional-NR only under babble

noise in the co-located condition (difference = 1.69 dB, p = 0.03), with no significant

differences observed under spatially separated babble or traffic noise in either spatial

condition. Spatial separation consistently improved performance across all conditions, with

greater benefit in babble (~4–5 dB) than traffic noise (~2 dB), and 76% of participants

subjectively preferred the DNN-NR program. These findings indicate that DNN-based noise
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reduction provides context-dependent perceptual benefits, with the greatest advantage in co-

located multi-talker conditions involving informational masking, underscoring the need for

condition-specific evaluation of AI-based hearing aid technologies across diverse clinical and

linguistic populations.

Keywords: deep neural network, noise reduction, sensorineural hearing loss, speech

perception in noise, speech reception threshold, informational masking, spatial separation,

Kannada
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CHAPTER 1

INTRODUCTION

Individuals with sensorineural hearing loss (SNHL) experience difficulty

understanding speech in background noise not only because of reduced audibility, but also

due to degraded auditory processing abilities such as poorer frequency resolution and

temporal processing (Dong et al., 2024; Schum, 2000; Voll, 2000). As a result, they often

require substantially higher signal-to-noise ratios (SNRs) than individuals with normal

hearing to achieve comparable speech recognition performance (Deniz et al., 2024;

Aghasoleimani et al., 2020). Although amplification improves audibility, it does not fully

compensate for the reduced ability to segregate speech from competing background noise.

Even with sufficient amplification, many hearing aid users continue to face severe

communication difficulties in noisy situations (Dong et al., 2024; Deniz et al., 2024; Miller et

al., 2017; Aghasoleimani et al., 2020). Poor SNR also increases listening effort, cognitive

load and fatigue in everyday communication, thus influencing the overall communication

efficiency and quality of life (Chong & Jenstad, 2018; Baboukani et al., 2022). Therefore, a

key to improving speech understanding in listeners with SNHL is likely to be increasing the

effective SNR available to them. Hearing aid signal processing has incorporated several

enhancement strategies to compensate for SNR deficits in subjects with SNHL. Among the

most well-established are directional microphone systems and classical single-channel digital

noise reduction algorithms, namely spectral subtraction and Wiener filtering.

Directional microphones exploit spatial filtering by attenuating acoustic signals

arriving off-axis while preserving frontal incidence, with adaptive and beamforming

configurations dynamically steering the polar sensitivity pattern toward the target source.

This mechanism yields SNR improvements of approximately 1–4 dB or greater, with
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corresponding gains in speech recognition, reduced listening effort, and improved device

usage time in both adult and pediatric populations (Chung, 2004; Magnusson et al., 2013;

Wolfe et al., 2022; Wu et al., 2018; Jürgens et al., 2025). However, performance is highly

dependent on acoustic coupling and fitting configuration. Open-fit implementations

demonstrated reduced directional benefit, with gains as low as 1.6 dB SNR (Magnusson et al.,

2013; Jürgens et al., 2025). Degradation also happens when the target source is off the frontal

axis, or when automated mode-switching algorithms fail to adapt to dynamic real-world

acoustic scenes (Wolfe et al., 2022; Wu et al., 2018). Additionally, ecologically valid

outcomes demonstrate a minimal variation in performance between premium and basic

directional systems, despite benefits measured in the lab (Wu et al., 2018).

Single channel noise reduction techniques such as spectral subtraction and Wiener

filtering rely on an estimation of the noise power spectral density, typically during non-

speech segments, and a frequency dependent gain attenuation to suppress the noise

dominated spectral components.Hearing-aid adapted Wiener filter implementations with filter

bank decomposition and dynamic range compression have shown perceptual quality metric

improvements such as MOS and PESQ scores in addition to word recognition improvements

of up to 27% under low-SNR conditions in moderate SNHL (Pujar, 2019). Comparative

evaluations reveal that both algorithms achieve favourable quality-intelligibility trade-offs

and low computational latency, thereby making them optimal for real-time processing

constraints (Trifosa & Wulandari, 2025; Rohith & Bhandarkar, 2021). Extended variants,

including smoothed Wiener and NNSC-based Wiener formulations, show further reductions

of residual noise under non-stationary conditions (Kang & Gong, 2024; Kim, 2020). Despite

these attributes, classical implementations in commercial devices have consistently resulted

in improved listening comfort without corresponding gains in speech intelligibility, a

fundamental perceptual trade-off (Chung, 2004; Jürgens et al., 2025). Gain attenuation
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applied to noise-dominant frequency bands inadvertently reduces speech audibility within

those same bands, constraining recognition benefit (McCreery et al., 2012; Chung, 2004).

Furthermore, both algorithms exhibit degraded performance under non-stationary and multi-

talker babble conditions, and are susceptible to the introduction of musical noise artifacts

arising from imprecise spectral noise estimation (Chung, 2004; Sheikhzadeh et al., 1994;

Jürgens et al., 2025).

To mitigate the constraints of traditional hearing aid processing, artificial

intelligence (AI) has emerged as a viable paradigm through adaptive, context-sensitive signal

processing. Compared to the traditional methods, which rely on manually designed

algorithms, AI and its subset, machine learning (ML), utilise adaptable models trained on

representative datasets, with deep learning specifically employing multilayered neural

networks to map complex input-output relationships (Andersen et al., 2021; Bishop, 2006;

Copeland, 2015). In case of complex multi-talker and highly non-stationary auditory

environments, where the traditional methods are inadequate, the application of deep neural

networks (DNN) yielded significant enhancements in intelligibility (Andersen et al., 2021;

Diehl et al., 2022; Klein et al., 2025; Park et al., 2020). According to algorithmic research,

these neural networks can produce efficient postfilter gains or use U-Net encoder-decoder

architectures to minimize loss functions and restore degraded inputs when trained iteratively

on paired clean and noisy signals using stochastic gradient descent and backpropagation

(Anderson et al., 2021; Diehl et al., 2023). By classifying inputs and learning rich spectro-

temporal patterns, architectures such as convolutional neural networks (CNNs) effectively

isolate target speech from heterogeneous noise mixtures in real-time, thereby lowering

cognitive burden, improving listening comfort, and mitigating the classic trade-off between

aggressive noise suppression and speech distortion (Ashkanichenarlogh et al., 2025; Bhat et

al., 2019; Essaid et al., 2025; Park et al., 2020; Zhang et al., 2025). This AI-driven processing
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yields profound clinical implications, demonstrating sufficient improvements in objective

speech quality and real-world intelligibility to alter cochlear implant candidacy criteria and

significantly enhance bimodal hearing outcomes (Kolberg et al., 2025; Saoji et al., 2024).

While these results collectively highlight deep learning's ability to overcome traditional

algorithmic constraints, research indicates that the strong performance of such cutting-edge

technologies in controlled laboratory settings frequently falls short of user expectations in

dynamic, real-world applications (Mustafa et al., 2025). This gap between technology

development and clinical validation is an important research gap. The aim of this study is

therefore to systematically evaluate the real-world efficacy of AI-based algorithms in

commercially available hearing aids and its impact on speech perception in ecologically valid

listening conditions.

1.1 Need for the study

Deep learning based noise reduction (DNN-NR) has been a major innovation in

hearing aid technology and is now part of several commercial hearing aids. Improvements in

SNR, speech intelligibility, listening effort and user preference over conventional noise

reduction algorithms have been reported by various manufacturer-sponsored studies and

companies’ own investigations (Andersen et al., 2021; Healy et al., 2023; Fitzgerald et al.,

2025; Ashkanichenarlogh et al., 2025). These benefits have been proven by objective bench

testing, controlled speech-in-noise testing and by real-world user testing. For instance, DNN-

based processing in commercial hearing aids has been shown to improve speech intelligibility,

selective attention and listening effort (Andersen et al., 2021), while other studies have

reported improvements in speech recognition scores and objective SNR measures on the

order of about 4-5 dB(Healy et al., 2023). However, a significant proportion of the available

evidence arises from studies that were conducted, funded or co-authored by hearing aid

manufacturers like as Sonova, Starkey, and Sivantos (Healy et al., 2023; Fabry & Bhowmik,
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2021; Schröter et al., 2020). Consequently, independent validation is essential to establish the

generalizability, transparency, and clinical relevance of these findings.

Independent evaluations are especially important because gains observed in

objective acoustic measures do not always correlate with perceptually meaningful benefits for

hearing aid users. This concern has been raised by recent independent investigations. In

a laboratory evaluation of the deep learning algorithm implemented in Oticon More, there

was a modest objective SNR advantage, and perceptual benefits were confined to listening

situations with spatially separated maskers, and not observed in co-located speech and noise

or dual-task listening (Raj et al., 2025). The findings suggest that the benefits of DNN-based

processing could be highly dependent on the listening environment and the task at hand.

Thereby, highlighting the importance of systematic assessment of the individual contexts in

which these algorithms provide clinically meaningful benefits.

Furthermore, most commercially available DNN algorithms are developed and

trained using predominantly Western speech corpora and environmental noise databases

(Fabry & Bhowmik, 2021; Khan et al., 2025). These systems are subsequently fitted to users

from diverse linguistic and cultural backgrounds, including India, with limited evidence

regarding their effectiveness in local contexts. Indian languages possess distinct phonetic,

phonological, and prosodic characteristics that may influence the performance of speech

enhancement algorithms. In addition, the acoustic characteristics of everyday listening

environments in India, including transportation noise, crowded public spaces, and

occupational noise exposures, differ considerably from those represented in the datasets used

to train many commercial DNN systems. Consequently, the real-world benefits of these

technologies for Indian hearing aid users remain largely unknown.

Given the increasing adoption of AI-driven hearing aid technologies in clinical

practice, there is a pressing need for independent and scientifically rigorous evaluations using
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culturally and linguistically relevant speech materials and ecologically valid noise conditions.

Such investigations will provide unbiased evidence regarding the benefits and limitations of

commercially available DNN-based noise reduction systems, identify the listening situations

in which they are most effective, and generate clinically meaningful data to support evidence-

based hearing aid fitting and rehabilitation practices. Ultimately, independent validation will

help bridge the gap between manufacturer-reported performance and real-world clinical

outcomes, ensuring that the adoption of AI-based hearing aid technologies is guided by

robust scientific evidence rather than industry claims alone.

1.2 Aim

To investigate the efficacy of artificial intelligence–based deep learning algorithm in

enhancing speech perception in noise in commercially available hearing aid.

1.3 Objectives of the study

 To objectively quantify the signal-to-noise ratio (SNR) improvement provided by the

DNN algorithm using the modified phase-inversion technique.

 To evaluate the perceptual benefit of the deep learning algorithm on speech reception

thresholds in noise (SRTn) under co-located and spatially separated noise condition.
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CHAPTER 2

REVIEW OF LITERATURE

Noise reduction in hearing aids is essential for effective interaction among individuals

with hearing impairments, particularly in the presence of background noise, and for speech

perception. These individuals would face various difficulties, including misunderstanding

information, difficulty understanding speech, and reduced ability to participate in

conversation. A variety of deficits in the impaired hearing system have been identified

through psychophysical experiments, which are not associated with a simple loss of

sensitivity. These consist of a diminished capacity to use spatial cues, frequency spread of

masking, and temporal spread of masking (Moore, 2007).

Historically, hearing aids have been designed to amplify incoming acoustic signals,

leading to indiscriminate amplification of background noise. As a result, the signal-to-noise

ratio (SNR) is reduced, making it more difficult for the hearing-impaired user to concentrate

on desired sounds, such as conversations. To achieve comparable performance in challenging

listening conditions, individuals with sensorineural hearing loss often require a higher SNR

than those with normal hearing (Deniz et al., 2024). To address this, various technological

interventions have been developed and evaluated. Methods to enhance SNR and overall

speech intelligibility can be systematically categorised into three main areas: wireless

technologies, beamformers, and digital noise reduction and adaptive processing.

2.1 Wireless Technologies

The wireless technologies, especially remote microphones by utilizing frequency

modulation, digital platforms, or proprietary protocols, consistently produce significant

signal-to-noise ratio and speech-in-noise gains compared to the use of hearing aids alone

(Wang et al., 2021; Ciorba et al., 2014; Thibodeau, 2019; Rodemerk & Galster, 2015;
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Ibrahim et al., 2012; Mehrkian et al., 2019; Zanin et al., 2024; Vroegop et al., 2018;

Thibodeau, 2014). These significant improvements have been documented across diverse

populations, including both adult and pediatric users outfitted with either hearing aids or

cochlear implants.The magnitude of these improvements is large with research showing

improvements of the order of 10 to 20 dB in the signal-to-noise ratio as well as large

percentage improvements in word and sentence recognition scores (Wang et al., 2021; Ciorba

et al., 2014; Ibrahim et al., 2012; Mehrkian et al., 2019; Zanin et al., 2024; Thibodeau, 2014).

In the most challenging and difficult noise conditions, these wireless interventions sometimes

allow users to achieve performance that meets or even exceeds the capabilities of normal-

hearing listeners. Furthermore, the acoustic benefits provided by remote microphones are

quite robust to physical distance and environmental reverberation, preserving stable

performance levels even when the sound source is located 1.5 to 6 meters away from the

listener (Wang et al., 2021; Rodemerk & Galster, 2015; Zanin et al., 2024).

The everyday connectivity to external multimedia devices, in addition to remote

microphones, further enhances the listening experience. The direct wireless connection to

televisions, mobile phones and other audio sources significantly improves the signal-to-noise

ratio and everyday usability (Ciorba et al., 2014; Thibodeau & Johnson, 2014; Lazzerini et al.,

2023; Fabry & Bhowmik, 2021). Binaural wireless streaming is particularly effective at

improving speech perception of bilateral hearing aid users during telephone calls and in the

presence of environmental wind noise. Wireless applications are also relevant for unilateral

hearing loss. Wireless auditory training with a remote microphone has been shown to further

improve speech-in-noise results and self-reported hearing abilities (Lovato et al., 2024) .

Likewise, wireless contralateral routing of signal devices and bone-anchored solutions

provide significant speech-in-noise benefits to unilateral listeners, but with no corresponding

localisation benefit (Snapp et al., 2016).
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Despite these profound objective benefits, wireless technologies are subject to practical

limitations. Their effectiveness is heavily dependent on proper setup and user behavior. To

achieve optimal results, users must ensure the correct placement of the remote microphones

and select the appropriate operational modes, such as deliberately turning off the localized

hearing aid microphones in extremely noisy environments (Ciorba et al., 2014; Thibodeau,

2019; Rodemerk & Galster, 2015; Zanin et al., 2024). Additionally, while these systems

improve speech clarity, they offer a highly limited impact on natural sound localization.

Some wireless synchronization technologies provide a slight improvement in front-to-back

localization, but they fail to improve left-to-right localization, and contralateral routing of

signal devices do not restore any localization abilities for monaural listeners (Ibrahim et al.,

2012; Snapp et al., 2016).

2.2 Beamformers

In beamforming technology, spatial filtering is used to improve the signal to noise ratio

by focusing on sounds coming from the front of the listener and rejecting noise around them.

In wireless integration, wireless binaural beamformers are objectively superior to bilateral

omnidirectional microphones in speech-in-noise tasks, but there is evidence that they are not

clearly superior to other directional strategies available in the market (Kumar et al., 2023).

Directional and adaptive digital remote microphones consistently outperform their simple

omnidirectional remote devices in multi-talker or complex environments such as restaurants

(Thibodeau, 2019; Thibodeau, 2014). The spatial advantage is also very useful for bimodal

users, who use a cochlear implant in one ear and a hearing aid in the other. For these

individuals, the addition of a wireless directional remote microphone improves speech-in-

noise perception, with dedicated directional modes providing an additional layer of

measurable benefit in comparison to standard omnidirectional modes (Vroegop et al., 2018).
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One of the main limitations of beamforming technologies is the permanent gap

between laboratory objective results and the subjective user perception. Although, even if the

wireless beamforming clearly improves clinical speech-in-noise test scores, often the self-

reported advantage over other microphone modes is not always large, and the overall quality

of evidence for subjective improvements is low (Kumar et al., 2023).

2.3 Digital Noise Reduction and Adaptive Processing

The physical microphones capture the sound and the dynamic nature of the auditory

environment is handled through digital noise reduction and adaptive pre-processing

algorithms. A lot of the high end remote mics use digital algorithms that adapt their

processing depending on the noise floor of the space. Compared to traditional frequency

modulation remote microphones or basic omnidirectional models, adaptive digital remote

microphones have been shown to provide much better performance at the highest noise levels

(Thibodeau, 2014; Ibrahim et al., 2012). The researchers are continuously assessing the

efficacy of computational onboard methods, and are actively investigating whether physical

remote microphones still outperform these sophisticated pre-processing algorithms under a

wide range of listening conditions (Lazzerini et al., 2023).

The principal difficulty in evaluating digital noise reduction and complex adaptive

processing is simulating real-world complexity. Most of the lab based studies on these

algorithms uses controlled, stationary noise sources. Social environments and restaurants in

the real world, by contrast, provide quite diffuse and variable noise environments. Hence the

unique advantages reported in laboratory environments tend to exaggerate the real

improvements experienced by users in everyday life (Thibodeau, 2019; Zanin et al., 2024;

Mustafa & Krishnamurthy, 2025). Systematic reviews of literature underscore these evidence

gaps, thereby stating that even with continuous improvements in pre-processing and digital

algorithms, many users still experience significant difficulties with noise, and the real-life
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benefits of these complex technologies are uncertain and highly dependent on the individual

user (Alexander, 2021; Mustafa & Krishnamurthy, 2025).

2.4 Evolution of Artificial Intelligence Applications in Hearing Devices

Conventional hearing aids amplify incoming acoustic signals but exhibit significant

limitations in complex acoustic environments, which often results in reduced user satisfaction.

Today’s hearing aids use artificial intelligence (AI) to solve these problems. The term AI was

created by John McCarthy in 1955 and is defined as “the science and engineering of making

intelligent machines.” AI refers to the ability of machines to carry out tasks that are normally

done by humans, such as learning, problem solving and decision making.

The machine learning (ML) in this technology enables systems to learn from data and

improve their performance over time, rather than being programmed with fixed instructions.

The auditory technology utilises an even more sophisticated subset of machine learning,

Deep Neural Networks (DNNs), or deep learning. These systems equip machines with

intelligence through algorithms that are explicitly inspired by the biological structure and

functioning of the human brain. DNNs apply many layers of processing to recognise very

complex patterns, for example to distinguish speech from background noise in real-world

situations with high accuracy.

2.5 Enhancing the Auditory Experience through Intelligent Processing

Hearing aids have evolved from simple sound amplifiers to intelligent listening

systems that can generate very adaptive and personalised sound experiences with the use of

AI, ML and DNNs. Such technologies enable the devices to constantly monitor the

surrounding acoustic environment and to dynamically adapt to the specific auditory needs of

the user. The devices can monitor the environment in real time and detect different sound

scenes, such as speech, background noise or music, and then automatically adjust themselves

to optimise overall clarity and comfort. By executing precise voice augmentation and
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adaptive noise reduction, the hearing aid responds intelligently in real time to provide

enhanced speech intelligibility and superior noise suppression. Thus, users no longer need to

switch manually between listening programs, but get automatically adapted and personalised

listening experience.

2.6 Manufacturer Innovations and Integrated Sensor Technology

Major hearing aid manufacturers, including Starkey, Phonak, Oticon, ReSound,

Signia, and Widex, have successfully incorporated these AI-driven innovations into their

devices. Some of the most advanced models now feature dedicated onboard DNN chips that

have been extensively trained on massive datasets of real-world sounds to ensure immediate

and precise acoustic classification.

In addition to advanced sound processing, researchers and developers have studied the

effect of integrating sophisticated sensors into hearing aids to monitor a wider range of

environmental factors and user metrics. These devices now utilize motion sensors and user

activity data to automatically adjust microphone directionality and amplification based on

how and where the user is moving. Beyond their audiological benefits, these integrated

sensors are also capable of tracking critical health parameters and lifestyle factors, including

monitoring social engagement, measuring physical activity, and providing life-saving fall

detection (Fabry & Bhowmik, 2021).

2.7 Machine Learning Based Techniques Employed in Commercial Hearing Aids

The Widex Evoke program, known as "SoundSense Adapt", can learn users'

preferences in various listening environments. Thus facilitating the hearing aid user's access

to and control of personalised choices. Information regarding the user's preferences is stored

in WidexCloud (Townend et al., 2018).

Through acoustic environmental classification (AEC), modern hearing aids classify the

listening environment (e.g., quiet, speech, noise, and music) and automatically enable sound
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management features suited to that environment. This computational process is derived from

auditory scene analysis and imitate auditory system's ability to separate individual sounds in

real world listening environments. AEC systems mainly combine two processing strategies:

feature extraction and feature/pattern classification, followed by post-processing and

environmental sound classification. The Hearing Reality Sound AEC of Starkey comprises

eight automated sound classes: music, speech in quiet, speech in loud noise, speech in noise,

machine, wind, noise, and quiet. By making specific adjustments in gain, compression,

directionality, noise management and other parameters this system prioritises speech

intelligibility in noise (Fabry & Bhowmik, 2021).

The voice priority processing (VPP) in Oticon Syncro hearing aids has sequential

processing and optimises speech output and noise reduction.It was introduced in 2004 and

has three signal processing approaches: Multiband Adaptive Directionality, TriState Noise

Management and Voice-Aligned Compression(Flynn et al 2005). Multi-band adaptive

directionality offers a polar pattern tailored to each frequency band; TriState Noise

Management classifies noise scenarios into clearly defined listening modes; and voice-

aligned compression delivers compression across a broader bandwidth utilising eight

independent channels (Umashankar et al., 2021).

2.8 Deep Neural Network Based Techniques Employed in Commercial Hearing Devices

The integration of DNNs into commercial hearing aids marks a major milestone in

clinical application. Oticon Inc. in 2021 made the first commercially available hearing aid

with "on-the-chip" DNN technology. The Oticon MoreTM provides better speech in noise

ability, recall/memory and enhances selective attention. It was developed based on the idea

that by enhancing neural code, the brain's ability to understand sound would improve (Beck

2021). Starkey's Edge AI makes use of a DNN to distinguish "non-stationary source noise,

and in turn better reduce noise levels for these noise types". It also "give more relief in
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environments where a mix of stationary and non-stationary noise is present" (Betlehem et

al. 2024).

The results from the recent study by Kolberg et al. (2025) indicated that DNN-based

noise reduction in HA (Phonak Audéo Sphere Infinio 90) significantly improved speech

understanding in noise for bimodal CI users.

Schulz, et al (2026) in their study investigated the impact of low-latency deep-

learning noise reduction on both measured and anticipated speech intelligibility in noise

among normal-hearing (NH) listeners, hearing-impaired (HI) individuals, and cochlear

implant (CI) users. The noise reduction algorithm reduced speech clarity for normal-hearing

listeners (SRT worsened by 0.9 dB) but improved it for hearing-impaired listeners and

cochlear implant users (SRT improved by 0.8 dB and 5.7 dB, respectively).

Battery consumption, computational limitations, and the requirement for real-time

processing are among the cons of applying AI in hearing aids. According to Khan et al.,

(2025), implementation of AI enhanced processing consumed 15 -150 times more power in

comparison with that of traditional hearing aids. As noted by Jovanovic et al. (2022), there is

an increasing demand for the development of AI models that are both effective and efficient

for real-time applications, especially in assistive technology.

Added on to this, most of the AI models are trained on clean laboratory datasets.

Thus generalizing to real world conditions are limited (Khan et al., 2025). Recent research by

Schulz et al., 2026 reported that at there was no significant differences from the baseline

using DNN when measured at -5dB SNR and medium reverberation condition. Furthermore,

objective measurements frequently fail to accurately predict subjective enhancements in

intelligibility for DNN-enhanced speech (Gelderblom et al., 2023). Recent study by

Ashkanichenarlogh et al. (2025) revealed a mere 47.9% connection between intrusive

Hearing-Aid Speech Quality Index(HASQI) and non-intrusive (pMOS) quality indicators.
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Meeting these specifications poses significant challenges, as optimizing performance while

maintaining device usability necessitates ongoing innovation in both hardware and software.

Unless these challenges are addressed, AI-powered hearing aids will not be practical for

everyday use or accessible to a wide range of consumers (Ismail, 2025).Thus, incorporating

AI into hearing aids could enhance the user experience and provide personalized management

options for hearing-impaired individuals.
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CHAPTER 3

METHODS

3.1 Study Design

The present study utilized an observational research design.

3.2 Participants

A total of twenty-five individuals (Males = 12, Females = 13) with hearing

impairment ranging from 50 -70 years of age(M=59.32 years , SD =4.57) participated in

the study. The mean PTA was 49.35 dBHL (SD=7.3) and 50.19 dBHL (SD=6.38) for the

right and left ears, respectively. The mean speech identification scores (SIS) were 92% (SD

= 6.35) and 92.64% (SD = 7.18) for the right and left ears, respectively. All participants

provided their informed consent before data collection. The study was conducted in

accordance with the ethical guidelines specified in the Ethical Principles for Bio-

Behavioural Research Involving Human Subjects (Venkatesan & Basavaraj, 2023). Ethical

clearance was obtained from the Institutional Review Board of the All India Institute of

Speech and Hearing (AIISH), Mysuru (Ref: SH/IRB/M.4/AUD.01/2025-26). Annexure I

provides the ethical approval letter.

Inclusion Criteria

Participants who met the following criteria were included in the current study

1. Individuals with bilateral moderate to moderately severe sensorineural hearing loss.

Figures 1 and 2 represent the mean and SD of the average hearing thresholds of the right

and left ear, respectively.

2. Native speakers of the Kannada language.

3. Individuals with speech identification scores(SIS) that were proportionate to the degree

of hearing loss.
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4. Individuals who had “A” or “As” type tympanogram.

5. Individuals who passed in Mini Mental State Examination.

Figure 1

Line plot illustrating the average hearing thresholds for the right ear across different

frequencies.

Note. Here, the x-axis shows frequency in Hertz (Hz), ranging from 250 to 8000 Hz. The y-

axis shows hearing level in decibels hearing level (dB HL), ranging from −10 dB HL

(better hearing) at the top to 120 dB HL (poorer hearing) at the bottom.
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Figure 2

Line plot illustrating the average hearing thresholds for the left ear across different

frequencies.

Note. Here, the x-axis shows frequency in Hertz (Hz), ranging from 250 to 8000 Hz. The y-

axis shows hearing level in decibels hearing level (dB HL), ranging from −10 dB HL

(better hearing) at the top to 120 dB HL (poorer hearing) at the bottom.

Exclusion Criteria

Participants were excluded if they had

1. Any recent history or complaint of middle ear pathology and neurological

conditions.

2. Prior experience with hearing aid usage.

3.3 Test Environment and Equipment

All experiments were carried out in acoustically treated room as per ANSI S3.1

standards (1991) at the Centre for Hearing Sciences at AIISH, Mysuru.
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The following instruments were used for the study:

 A personal computer equipped with a 13th Generation Intel® Core™ i5-13400F

processor

 To ensure high-fidelity sound output, the MOTU M2 audio interface was used.

 The auditory stimuli were delivered using Genelec 1020A active loudspeakers.

 The MedRx REM system was used to verify real ear insertion gain (REIG)

 Spyder version 6 was used for stimulus presentation

 GRAS 45BB KEMAR was used for recording the output of HA for objective analysis.

Stimuli

The target stimuli consisted of Kannada sentences from the standardized “Kannada

Sentence Identification Test” (Geetha et al. 2014) which was digitized at 44.1kHz. A four-

talker Kannada babble (Geetha et al, 2018) served as the primary masker. In order to simulate

ecologically valid conditions, traffic noise was also used as a masker. The traffic noise was

recorded using sound professional ASMR binaural microphones from a heavy traffic location

in Mysore. The recorded noise was then digitized at 44.1kHz sampling rate. The signals were

calibrated using sound level meter (SLM) to ensure that the intensity levels of presentation.

Hearing Aid Fitting and Verification

The participants were fitted bilaterally with Phonak Audeo Sphere Infinio i90 RIC

hearing aids, coupled with a power receiver and a power dome. The manufacturer was

corresponded for optimal processing of deep neural network (DNN) based algorithm. The

programming of the hearing aids was done according to the suggestions provided by the

manufacturer. To isolate the contribution of the DNN, all other features (soundrelax,

noiseblock, whistleblock) not linked to its operation was held constant across conditions in

the two programs. For perceptual evaluation, the HA fitting was based on manufacturer’s

fitting formula (Adaptive Phonak Digital 3.0) as per the individual’s hearing loss, using
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Phonak target 11.1.1 fitting software. Incase of objective evaluation, the HA was

programmed according to the standard N3 audiogram using the same fitting formula. The

prescription gain was kept at 100%. Two programs were added to the device : a speech in

noise program as Program 1( traditional-NR) and a Spheric Speech in Loud Noise as

Program 2(.DNN-NR). The ‘spheric speech clarity’ strength was set to ‘7’. The gain was

adjusted until the Real - Ear Insertion Gain(REIG) for the International Speech Test Signal

(ISTS) presented at 65dBSL matched the target REIG prescribed by the proprietary fitting

formula within a tolerance of ±5 dB in the real ear.

Test Conditions

Two hearing aid conditions was tested: traditional-NR and DNN-NR programs. Two

spatial configurations was also assessed: co-located (target and masker at 0° azimuth) and

spatially separated (target at 0° azimuth, masker at 60° azimuth).

Objective Analysis

Objective quantification of SNR improvement due to the DLA was carried out using

the modified phase-inversion technique (Souza et al., 2006). The masker intensity was held

constant at 70 dBSPL, and the intensity level of speech was 65dBSPL. The following

variations of the input stimulus was generated: (1) speech plus masker (+Sp +N), (2) speech

plus phase-inverted masker (+Sp –N), (3) phase-inverted speech plus masker (–Sp +N).

These stimulus were provided in both co-located and spatially separated conditions.

Inversions was implemented through Spyder software using python code by multiplying

signal’s amplitude value by -1. Stimuli was mixed at five input SNRs (–10, –5, 0, +5, +10

dB). Each trial began with chirp of 2sec followed by 0.05sec of masker and later speech–

noise mixture was be played. A delay of 50msec were provided between the two channels in

spatially separated condition.. The initial chirp stimulus was used for time alignment, which

was verified manually.
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The HA output was recorded for each SNR under the six input conditions under both

spatial conditions: HA(+Sp +N), HA(+Sp –N), HA(–Sp +N). Speech and noise components

was then extracted as:

Extracted speech = 0.5 × [HA(+Sp+N) + HA(+Sp–N)] …………………(1)

Extracted noise = 0.5 × [HA(+Sp+N) + HA(–Sp+N)] …………………. (2)

SNR = 20 × log10 (rms(Extracted speech) / rms(Extracted noise)) …… (3)

Speech Perception in Noise (SPiN) Procedure

The participants were instructed to listen carefully to speech sentences that were

presented along with the background masker and to repeat whatever they have heard, by

focusing on the target speech. In order to familiarize the participants with the task and

environment, a practice session was conducted using a sentence list comprising 10 sentences

in the spatially separated condition.

The main testing phase was then initiated and the speech-in-noise stimuli were

presented under eight randomized conditions as per the following combinations:

 Two spatial configurations: Spatially collocated (0° azimuth) and separated (60°

azimuth) configurations

 Two hearing aid program conditions: Traditional-NR and, DNN-NR

 Two noise types: Traffic noise and four talker speech babble

The background masker was presented continuously at a fixed level of 70 dB SPL,

while the speech sentence intensity was dynamically varied to achieve the threshold SNR .

Prior to formal data collection, participants underwent a familiarization and practice

session using a dedicated list of 10 practice sentences presented in the spatially separated

condition. This ensured complete comprehension of the task requirements and adaptation to

the laboratory environment.
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The main experimental phase commenced with an initial ascending search phase for

the first sentence. The first sentence was presented at an unfavorable speech level of 65 dB

(-5 dBSNR). If the participant failed to meet the intelligibility criteria, the sentence was

repeated with progressive 2 dB increments until a positive response was elicited.

Once the initial threshold region was identified, a 1-down, 1-up adaptive staircase

tracking procedure was initiated for sentences 2 through 10. The speech level varied by a

fixed step size of 2 dB based on the accuracy of the preceding trial:

 Positive Response: The SNR for the subsequent sentence was decreased by 2 dB.

 Negative Response: The SNR for the subsequent sentence was increased by 2 dB.

Each sentence contained exactly four target keywords. A lenient “2 out of 4” keyword

criterion was strictly adopted to define a successful sentence-level trial. A response was

scored as “correct” (1) if the participant accurately repeated two or more keywords (50%

word accuracy), and "incorrect" (0) if they repeated one or fewer keywords.

This specific operational threshold was chosen to account for the reduced speech

recognition capabilities and the prominent floor/ceiling effects observed in hearing-impaired

cohorts during pilot trials when strict (e.g., 4/4) scoring criteria are enforced. By lowering the

required keyword threshold, the paradigm mitigated participant fatigue and cognitive load,

focusing instead on functional comprehension.

Mathematically, this procedure was modeled as a cumulative binomial distribution

where the probability of a positive sentence response, P(Y), is defined as P(k ≥ 2) for n = 4.

Under this binomial model, the 50% speech reception threshold (SRTn) tracks the exact point

where the underlying probability (p) of identifying an individual keyword is approximately

37.8%.
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The final SRTn for each condition was computed using the mid-run averaging method.

Reversal points, defined as individual trials where the staircase shifted trajectory from

ascending to descending or vice versa, were tracked. To eliminate any initial convergence or

search-phase artifacts, the first reversal point was excluded from analysis. The SRTn was

calculated by averaging the midpoints of all subsequent peak and trough intensity levels.
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CHAPTER 4

RESULTS

The aim of study was to analyse the benefit of DLA based noise reduction program in

enhancing the speech perception in noise in hearing-impaired individuals. This was evaluated

both perceptually as well as objectively.

4.1 Perceptual Analysis

The SRTn scores, which indicates the lowest value to perceive speech in the presence

of background noise, were obtained across the following conditions: co-located (00 azimuth)

and spatially separated (600 azimuth) using traffic noise and four talker Kannada babble. The

hearing aids were programmed as having traditional speech in noise condition (program 1)

and DNN based spheric speech in loud noise (program 2). These programs were switched

across conditions. In all the conditions, noise level were set to a constant level of 70dBSPL

and the initial speech level was set at 65dBSPL. The speech intensity was varied in 2dB steps

adaptively as per the subject’s response, to obtain the SRT value. The values obtained were

statistically analyzed to determine main and interaction effects.

All statistical analyses were carried out using RStudio (2026.04.0). The ‘glmmTMB’

package was used for fitting generalized linear mixed models (GLMMs). For residual

diagnostics and assumption checks, the diagnostics for hierarchical modeling (DHARMa)

package was used. The type-II Wald Chi-Square test was used to investigate the main effects,

which was performed using ‘car’ package. The ‘emmeans’ package was used to compute

estimated marginal means (EMMs) and to conduct pairwise comparisons, which were

adjusted using Bonferroni correction. The ‘ggplot2’ package was used to plot probability

density function.
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SRTn was analysed using a generalized linear mixed model (GLMM) with a Gaussian

distribution and identity link function. The model included Spatial condition (co-located vs.

separated), noise reduction program (Traditional-NR vs. DNN-NR), and noise type (babble

vs. traffic) as fixed effects, along with all possible two-way and three-way interaction terms.

Participant ID was included as a random intercept to account for repeated measures within

individuals. The random intercept for ParticipantID accounted for meaningful between-

subject variability (σ² = 6.68), while residual within-subject variance was 4.37.

The visual inspection of the plot revealed an approximately normal distribution and

hence using a Gaussian GLMM with identity link SRTn ~ Spatial condition * Noise

Reduction programs * Noise + (1 | PatientID), the dependent variable was analyzed. In

addition, DHARMa diagnostics confirmed that the residuals were uniformly distributed (D =

0.06, p = 0.45) as ascertained by the Kolmogrov-Smirnov test. The dispersion test revealed

no evidence of over- or under-dispersion (dispersion = 1.03, p = 0.82). Moreover, Levene’s

test confirmed homogeneity of variance across all the conditions, (F(7,192) = 0.61, p = 0.75).

Type II Wald chi-square tests were used to investigate the main effects of spatial

condition, noise reduction programs conditions and types of noise, as well as their interaction

on SRTn. The analysis revealed significant main effects of spatial condition (χ²(1) = 122.88,

p < .001), noise reduction programs (χ²(1) = 20.88, p < .001) and noise type (χ²(1) = 130.22,

p < .001). A significant interaction between spatial condition and noise type was also

revealed by the analysis (χ²(1) = 17.97, p < .001). There was no significant two-way

interaction between spatial conditions and noise reduction programs (χ²(1) = 0.01, p =0.91),

as well as noise reduction programs and noise type (χ²(1) = 0.02, p =0.89). The three-way

interaction, spatial condition x noise reduction programs x noise type (χ²(1) = 0.74, p = 0.39),

was also not significant.
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Estimated marginal means are presented in Table 1 and Table 2. Overall, higher SRTn

values, indicating poorer speech recognition performance and a greater SNR requirement for

understanding speech, were observed in the co-located condition compared to the separated

condition and were generally higher under babble noise than traffic noise. To further examine

the significant condition × noise interaction, Bonferroni-corrected pairwise comparisons were

conducted separately for babble and traffic noise conditions.

4.1.1 Babble Noise

Under babble noise, the traditional-NR program yielded significantly higher SRTn

than the DNN-NR program in the co-located condition (difference = 1.69 dB, z = 2.86, p =

0.03), indicating poorer speech recognition performance with traditional-NR when speech

and noise originated from the same spatial location. However, in the separated condition, the

difference between traditional-NR and DNN-NR did not reach significance (difference = 1.09

dB, z = 1.85, p = 0.39), suggesting that spatial separation reduced the performance difference

between the two noise reduction programs.

Within the traditional-NR program, the co-located condition resulted in significantly

higher SRTn than the separated condition (difference = 4.83 dB, z = 8.17, p < .001),

demonstrating a substantial benefit of spatial separation for speech recognition. Similarly,

within the DNN-NR program, the co-located condition also produced significantly higher

SRTn than the separated condition (difference = 4.23 dB, z = 7.16, p < .001) As depicted in

Table 1, the spatial separation reduced the SRTn for both traditional-NR(76.5 to 71.7 dB) and

DNN-NR (74.9 to 70.6) across the both spatial listening conditions These findings indicate

that spatial cues substantially improved speech recognition in babble noise irrespective of the

noise reduction program, although the DNN-NR program provided additional benefit in the

co-located listening condition. The figure 2 illustrates the distribution of speech reception
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threshold(SRTn) values across the co-located and separated spatial conditions for the two NR

programs.

Table 1

Estimated marginal means (EMMs) and 95% confidence intervals for SRTn (dB) across all

Condition × Program for babble noise

Spatial

Condition
Program EMM SE 95% CI

Co-located

Separated

Traditional-NR

DNN-NR

Traditional-NR

DNN-NR

76.5

74.9

71.7

70.6

0.67

0.67

0.67

0.67

[75.2, 77.8]

[73.6, 76.2]

[70.4, 73.0]

[69.3, 71.9]

Note. EMMs are derived from the GLMM with PatientID as a random intercept. SE =

standard error. CI = confidence interval.
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Figure 3

Raincloud plot of SRTn values for babble noise type across spatial and noise reduction

conditions

Note. This raincloud plot represents the distribution of speech reception threshold (in dB)

values for babble noise type across programs in co-located and separated spatial conditions.

Here, SRTn values indicates the lowest value to perceive speech in the presence of

background babble noise; Traditional- NR = Traditional Noise Reduction; DNN-NR = Deep

Neural Network Noise Reduction. Significance comparisons: * p < .05. *** p <.001.

4.1.2 Traffic Noise

In contrast, under traffic noise, differences between the Traditional-NR and DNN-NR

programs were not significant in either spatial condition. In the co-located condition, SRTn

did not differ significantly between Traditional-NR and DNN-NR (difference = 1.10 dB, z =



29

1.86, p = .378). Likewise, in the Separated condition, the difference between the two

programs also failed to reach significance (difference = 1.52 dB, z = 2.57, p = .061). These

findings indicate that the DNN-NR program did not significantly outperform the Traditional-

NR program under the traffic noise condition.

Despite the absence of significant noise reduction program-related differences, spatial

separation continued to provide benefit under traffic noise. Within the Traditional-NR

program, the co-located condition yielded significantly higher SRTn than the Separated

condition (difference = 1.81 dB, z = 3.07, p = .013), indicating poorer performance when

speech and noise were co-located. Similarly, within the DNN-NR program, SRTn remained

significantly higher in the co-located condition compared to the Separated condition

(difference = 2.24 dB, z = 3.78, p = .001). Table 2 depicts the estimated marginal

means(EMMs) of SRTn across the spatial conditions and NR programs with 95% confidence

intervals. However, the magnitude of spatial benefit under traffic noise was smaller than that

observed under babble noise, suggesting that spatial cues were more effective for overcoming

the informational masking associated with babble noise than the predominantly energetic

masking characteristics of traffic noise. The figure 3 illustrates the distribution of speech

reception threshold(SRTn) values across the co-located and separated spatial conditions for

the two NR programs.
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Table 2

Estimated marginal means (EMMs) and 95% confidence intervals for SRTn (dB) across all

Condition × Program for traffic noise

Spatial

Conditions
Program EMM SE 95% CI

Co-located

Separated

Traditional-NR

DNN-NR

Traditional-NR

DNN-NR

71.6

70.5

69.8

68.3

0.67

0.67

0.67

0.67

[70.3, 72.9]

[69.2, 71.8]

[68.5, 71.1]

[67.0, 69.6]

Note. EMMs are derived from the GLMM with PatientID as a random intercept. SE =
standard error. CI = confidence interval.
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Figure 4

Raincloud plot of SRTn values for traffic noise type across spatial and noise reduction

conditions

Note. This raincloud plot represents the distribution of speech reception threshold (in dB)

values for traffic noise type across programs in co-located and separated spatial conditions.

Here, SRTn values indicates the lowest value to perceive speech in the presence of

background traffic noise; Traditional- NR = Traditional Noise Reduction; DNN-NR = Deep

Neural Network Noise Reduction. Significance comparisons: * p < .05. *** p <.001.
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4.2 Objective Analysis

Figure 5

Input SNR and output SNR across Traditional-NR and DNN-NR conditions in babble

and traffic noise in co-located condition

Note. The input and output signal to noise ratio (SNR) of the babble and traffic noise in

spatially co-located condition is indicated in panel A and panel B, respectively. The dashed

diagonal line (unity line) represents equal input and output SNR Traditional-NR = Traditional

Noise Reduction; DNN-NR = Deep Neural Network Noise Reduction.

In the spatially collocated condition, both Traditional-NR and DNN-NR provide

substantial SNR improvement under babble noise at negative input levels, elevating a -10

dB input to an output of approximately 0 dB. As the input SNR increases, the output for

both algorithms converges to the unity line, indicating neither further improvement nor

degradation, with no discernible performance difference between the two algorithms.

Conversely, performance in traffic noise is significantly poorer. Both algorithms generally
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fail to improve SNR in traffic noise at -5 dB input and above. Traditional-NR strictly tracks

or falls below the unity line across all input levels.

Figure 6

Input SNR and output SNR across Traditional-NR and DNN-NR conditions in babble

and traffic noise in separated condition

Note. The input and output signal to noise ratio (SNR) of the babble and traffic noise in

spatially separated condition is indicated in panel A and panel B, respectively. The dashed

diagonal line (unity line) represents equal input and output SNR Traditional-NR = Traditional

Noise Reduction; DNN-NR = Deep Neural Network Noise Reduction.The dashed diagonal

line (unity line) represents equal input and output SNR.

In the spatially separated condition, the DNN-NR algorithm demonstrates a clear

advantage over Traditional-NR across both noise types. Under babble noise, DNN-NR

consistently yields higher output SNRs across all tested input levels. While both algorithms

successfully improve SNR at negative input levels (-10 dB and -5 dB), Traditional-NR
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degrades the signal at positive input SNRs (+5 dB and +10 dB). In contrast, DNN-NR

maintains an SNR improvement at +5 dB before falling slightly below unity at +10 dB.

Similarly, in traffic noise, DNN-NR consistently provides higher output SNRs than

Traditional-NR across the entire input range. Traditional-NR degrades the SNR at all tested

input levels, whereas DNN-NR successfully improves SNR at negative input levels (-10 dB

and -5 dB), although it still results in SNR degradation at 0 dB input and above.
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CHAPTER 5

DISCUSSION

The primary aim of this study was to investigate the efficacy of a deep learning-based

noise reduction algorithm (DNN-NR) in a commercially available hearing aid for improving

the SNR in listeners with moderate to moderately severe sensorineural hearing loss. The

study evaluated the perceptual advantage of this algorithm on SRTn across spatially separated

and co-located conditions, utilizing both traffic noise and four-talker babble.

Overall, the findings demonstrated that the DNN-NR algorithm significantly

improved SRTn in the spatially co-located condition when exposed to babble noise. However,

this perceptual advantage over traditional-NR was not observed in the spatially separated

condition. Spatial separation itself consistently improved SRTn across all noise types.

Furthermore, neither the traditional NR nor the DNN-NR obscured the natural benefits of

spatial hearing. Finally, listeners consistently demonstrated poorer SRTn in babble noise

compared to traffic noise, irrespective of the algorithm used.

5.1 Algorithm Efficacy Across Noise Environments

The effectiveness of the DNN-based noise reduction varied significantly depending

on the background noise characteristics. In co-located babble noise conditions, the DNN-NR

program yielded significantly better SRTn than traditional-NR. Traditional rule-based

algorithms, which rely on spectral subtraction and frequency-domain gain reduction, struggle

in these environments because competing talkers share core spectral and temporal

characteristics with the target speaker (Loizou, 2013). In contrast, DNN-based algorithms are

trained on large multi-talker datasets, allowing them to learn complex temporal-spectral

representations of acoustic features, such as fundamental frequency, spectral envelope, and
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articulation patterns, which enables talker-specific source segregation (Anderson et al., 2021;

Kinoshita et al., 2020). Additionally, the DNN architecture can process temporal context to

track the target speaker over time by exploiting speech-specific amplitude modulation

patterns (4–8 Hz) to differentiate the target from competing talkers (Dau et al., 1999;

Drullman et al., 1994).

An important consideration when interpreting the algorithm’s performance across

these environments is the ecological validity of the noise stimuli and the geographic origin of

the device. The hearing aids evaluated in this study are manufactured in Europe, and their

DNN algorithms were likely trained on acoustic datasets representative of Western

environments. The robust performance of the DNN-NR in local babble suggests that the

fundamental acoustic features of speech utilized for source segregation are sufficiently

universal to allow for effective cross-linguistic generalization. The algorithm successfully

tracked and enhanced the target speech despite potential phonetic differences in the

competing babble.

Conversely, in traffic noise, there were no significant differences between the DNN-

NR and traditional NR programs. This lack of DNN advantage can be attributed to the

region-specific nature of environmental noise. The acoustic characteristics of traffic noise in

the Indian subcontinent are likely heterogeneous, high volume fluctuations, more dynamic,

erratic, highly non stationary with more spectro-temporal variations and rich in high-intensity,

broadband impulsive sounds (e.g., diverse vehicle horns, varied engine types) compared to

the European settings. Because the DNN was likely not trained on the specific temporal and

spectral complexities of this highly dynamic traffic environment, it failed to recognize these

distinct acoustic signatures. Consequently, its advanced feature-extraction capabilities

became ineffective, and the system performed no better than traditional spectral subtraction,
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which simply treats the interference as steady-state energetic masking (Goehring et al., 2019).

These results indicate that while DNN-based noise reduction generalizes well to universal

speech patterns, its efficacy in environmental noise is highly dependent on how closely the

real-world acoustic environment matches its training data.

5.2 Speech Reception Limitations in Multi-Talker Babble

Participants performed better in traffic noise than in four-talker babble, independent

of the algorithm. This difference is caused by the large overlap in acoustics and time between

the target speech and the masking speech in babble situations. Recognizing similar-sounding

signals is a core constraint of human speech processing in competing-speech conditions,

reflecting a perceptual challenge that exceeds what can be predicted by the signal-to-noise

ratio alone (Brungart, 2001). Even with optimal noise removal, this perceptual limitation

cannot be completely overcome (Bronkhorst, 2000).

In contrast to traffic noise, which concentrates acoustic energy in frequency regions

distinct from target speech consonants and fricatives, babble contains competing talkers with

spectral distributions nearly identical to those of the target. Thus any suppression of

competing speech energy is likely to cause some level of attenuation of target speech energy

in the same frequency range (Loizou, 2007). In addition, babble imposes substantial temporal

difficulties. Modulation of speech amplitude is usually within the frequency range from 4–8

Hz and has been shown to play a key role for intelligibility (Drullman et al., 1994; Dau et al.,

1999). In multi-talker babble, overlapping modulation patterns occur from competing talkers

within this critical band and therefore segregation is much more difficult than separating

speech from traffic noise.
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Last but not least, babble noise is heavy on cognitive load. Specifically, it is the

intelligible content of speech from competing talkers that captures attentional resources,

increases listening effort; and draws on engaged linguistic systems in ways that non-speech

traffic noise seems to do not (Brungart & Simpson, 2003; Hornsby, 2013). These combined

acoustic, perceptual, and cognitive factors explain the consistently elevated thresholds

observed in babble noise.

5.3 Impact of Spatial Separation on Speech Recognition

Spatial separation of the target speech and masker provided substantial benefits across

both noise types and algorithm conditions. In babble noise, spatial separation significantly

reduced SRTn for both traditional and DNN-based NR. Significant, though more modest,

spatial benefits were also observed in traffic noise.

Notably, while the DNN-based algorithm demonstrated superiority in co-located

babble, this advantage disappeared when the target and masker were spatially separated. In

co-located conditions (0° azimuth), listeners cannot rely on interaural timing differences

(ITD), interaural level differences (ILD), or head shadow cues (Bronkhorst, 2000;

Middlebrooks & Green, 1991). Consequently, the DNN’s feature-based segregation becomes

the primary mechanism for improving speech recognition. However, when sounds are

spatially separated, spatial cues alone provide substantial masking release, allowing effective

segregation even with traditional noise reduction (Kidd et al., 1994; Culling et al., 2004).

This suggests that while DNN processing is highly effective for feature-based segregation, it

becomes less necessary when robust spatial information is naturally available to the listener.
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5.4 Preservation of Binaural Cues and Spatial Hearing

A critical finding of clinical importance is that neither NR program obscured or

distorted spatial hearing benefits. Aggressive signal processing can paradoxically impair

spatial hearing by introducing artifacts that distort interaural relationships, even if it improves

the monaural SNR (Peissig & Kollmeier, 1997). In this study, both programs maintained the

binaural coherence essential for spatial hearing. The algorithms appear to utilize bilateral

processing that synchronizes or minimizes latency mismatches between ears, preserving the

ITD and ILD cues critical for localization and spatial release from masking (Akeroyd et al.,

2007).

Furthermore, the robust spatial benefits observed indicate that the algorithms

preserved the spectral relationships encoded in head-related transfer functions (HRTFs),

which are necessary for identifying source location (Middlebrooks & Green, 1991; Blauert,

1997). Consistent with recent literature, these findings confirm that neural networks can

enhance speech perception in noisy environments without compromising binaural cues

(Tokala et al., 2023), underscoring the preservation of spatial hearing as a vital component of

real-world hearing aid efficacy (Bentler et al., 2008).
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CHAPTER 6

SUMMARY AND CONCLUSIONS

This study investigated the efficacy of an AI-based deep learning noise reduction

algorithm (DNN-NR) implemented in a commercially available hearing aid (Phonak Audéo

Sphere Infinio i90) in enhancing speech perception in noise among individuals with

sensorineural hearing loss. Twenty-five adults aged 50–70 years with bilateral moderate-to-

moderately severe sensorineural hearing loss, all native Kannada speakers, participated in the

study. Both objective and perceptual evaluations were carried out across co-located and

spatially separated conditions using two ecologically valid noise types - four talker Kannada

babble and locally recorded traffic noise. The performance of the DNN-NR program was

compared against a traditional noise reduction (Traditional-NR) program.

Objectively, SNR improvement was quantified using the modified phase-inversion

technique, while perceptually, speech reception thresholds in noise (SRTn) were measured

using an adaptive staircase procedure with standardized Kannada sentences. The hearing aids

were fitted bilaterally and programmed with two programs with all other processing features

held constant across conditions.

The DNN-NR algorithm enhanced the signal-to-noise ratio(SNR) in the negative SNR

till when the speech and noise levels were equal and reduced further with increasing SNR.

This reveals that in case of noise dominated signal, there was better performance of the

algorithm. The results revealed that DNN-NR algorithm provided a statistically significant

perceptual benefit over Traditional-NR only under babble noise in the co-located condition,

with a mean SRTn difference of approximately 1.69 dB. In the spatially separated babble

condition, this advantage was no longer significant, suggesting that spatial cues

independently facilitated adequate source segregation. Under traffic noise, no significant

difference was observed between the two programs in either spatial condition. In addition,
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76% of participants subjectively preferred the DNN-NR program, when they provided with

dichotomous preference scale.

6.1 Clinical Implications of the Study

• Hearing aid fitting and device selection: The DNN-NR algorithms benefit patients mainly

in co-located multi-talker situations. For environments with spatial separation or stationary

noise, traditional algorithms may be equally effective.

• Programming strategies and feature prioritization: DNN processing should be

isolated from other noise reduction features to avoid interference. Real-ear verification is

essential to confirm gain targets are maintained when DNN is active.

• Spatial Listening Strategies, Counseling and Expectation Management: Patients should

be given realistic counseling about when DNN-NR algorithms provide meaningful benefit

and when they may not. Spatial separation of speech and noise provided 4–5 dB benefit in

babble and ~2 dB in traffic, so patients should be encouraged to optimize seating and room

layout alongside technology use.

• Population-specific considerations and linguistic diversity: The present study is one of

the first to evaluate DNN hearing aids using authentic Indian speech materials. Algorithm

validation across diverse languages and populations is essential before generalizing

manufacturer claims.

6.2 Limitations and Future Directions

• Sample size and participant characteristics: In the current study, 25 participants with

moderate-to-moderately severe hearing loss were included. Larger and more diverse samples

are needed to explore effects across age, gender, and hearing loss type.

• Device-specific findings and algorithm generalization: The results obtained in this study,

apply only to the Phonak Audéo Sphere Infinio i90 and its proprietary DNN algorithm. For
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determining broader applicability, comparative studies across multiple brands and DNN

configurations are needed.

• Ecological validity and real-world listening environments: Since laboratory conditions

do not fully replicate the dynamic acoustics of real-world environments, future field studies

and longitudinal designs using ecological momentary assessment would improve real-world

relevance.

• Noise types and masking mechanisms: Only two maskers (babble and traffic noise) were

tested, limiting conclusions about other masking conditions. Future research should include a

wider range of noise types and talker counts.

• Listener factors : Working memory and attention were not assessed, though these

modulate speech perception. Future research should incorporate these factors to understand

individual differences.
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