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Abstract
This study evaluated a deep-neural-network denoising system using model-based design, comparing it with adaptive filtering
and beamforming across various noise types, SNRs, and hearing-aid fittings. A KEMAR manikin fitted with five audiograms was
recorded in reverberant and non-reverberant rooms, yielding 1,152 recordings. Speech intelligibility was estimated using the
HASPI from 1,152 KEMAR manikin recordings. Effects of processing strategy and acoustic factors were tested with model-
based within-device design that account for repeated recordings per device/program and fitting. Linear mixed model results
showed that the DNN with beamforming outperformed conventional processing, with strongest gains at 0 and +5 dB SNR,
moderate benefits at −5 dB in low reverberation, and none in medium reverberation. Across SNRs and noise types, the DNN
combined with beamforming yielded the highest predicted intelligibility, with benefits attenuated under moderate reverber-
ation. Azimuth effects varied; because estimates were derived from a better-ear metric on manikin recordings. Additionally,
this paper reports comparisons using metrics of sound quality, for an intrusive metric (HASQI) and the pMOS non-intrusive
metric. Results indicated that model type interacted with processing and acoustic factors. HASQI and pMOS scores increased
with SNR and were moderately correlated (r² ≈ 0.479), supporting the use of non-intrusive metrics for large-scale assess-
ment. However, pMOS showed greater variability across hearing aid programs and environments, suggesting non-intrusive
models capture processing effects differently than intrusive metrics. These findings highlight the promise and limits of
non-intrusive evaluation while emphasizing the benefit of combining deep learning with beamforming to improve intelligibility
and quality.

Keywords
hearing aids, deep neural networks, denoising, sound quality metrics, vent effects

Received: March 27, 2025; revised: September 6, 2025; accepted: October 28, 2025

Introduction
In our daily lives, we encounter sounds that help us perceive our
surroundings and navigate through them. Some sounds, such as
background noise, can also hinder speech clarity, increase listen-
ing effort, and reduce overall comfort (Krueger et al., 2017). For
individuals with hearing loss, these challenges are further exacer-
bated, and evenwhen using hearing aids, noisy environments can
compromise speech comprehension and substantially increase
cognitive load (Pichora-Fuller et al., 2016). To mitigate these
difficulties, hearing aids employ signal processing strategies
designed to attenuate unwanted noise and enhance desired
speech signals. These strategies include microphone array
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beamforming and/or single channel noise reduction techniques,
discussed further below.

Single-channel noise reduction (NR) algorithms have long
been a core component of hearing aid signal processing, aim-
ing to improve the signal-to-noise ratio (SNR) by attenuating
background noise without requiring spatial information.
These algorithms typically operate in the time-frequency
domain, where they apply gain reduction to or adaptive filtering
of time-frequency regions dominated by noise (Boll, 1979;
Scalart & Filho, 1996). Common approaches include spectral
subtraction, Wiener filtering, and minimum mean-square error
(MMSE) estimators. For a comprehensive review of single-
channel NR in hearing aids see (Lakshmi et al., 2021).

Although NR algorithms are widely implemented in hearing
aids with the goal of improving the listening experience, their
impact on speech understanding remains inconsistent across
studies and listening conditions (Keidser et al., 2007; Zaar
et al., 2019). While these methods can reduce the annoyance
of background noise (Brons et al., 2014) and have shown
some benefit in lowering listening effort (Bentler & Chiou,
2006; Desjardins, 2016), they often provide limited or no
improvement in speech intelligibility, particularly in non-
stationary noise environments (Brons et al., 2014; Rhebergen
et al., 2010). The main challenge lies in accurately distinguish-
ing speech from noise, especially when both occupy overlap-
ping frequency regions or fluctuate similarly over time. Thus,
the traditional single-channel NR methods face several limita-
tions, including slower response times (Scollie et al., 2016),
poor performance at low SNRs (Ohlenforst et al., 2018), and
a dependency on the characteristics of the input signal. As
such, the adaptive filtering (traditional noise reduction) meth-
ods in hearing aids are generally understood to not significantly
enhances speech intelligibility (Brons et al., 2014; Chong &
Jenstad, 2018; Völker et al., 2015).

One of the most effective strategies to enhance speech
perception for hearing aid users is the use of beamforming pro-
cessing. This technique involves utilizing the spatial character-
istics of incoming sound to improve the SNR, thereby
facilitating better access to speech signals in complex acoustic
scenes. In hearing aids, beamforming processing leverages
microphone arrays to enhance sounds arriving from a specific
direction, typically the front, while suppressing noise from
other directions. Key components of beamforming processing
systems in hearing aids include fixed or adaptive beamforming
microphones, gain control strategies that attenuate background
noise, and complementary digital noise reduction algorithms
aimed at improving the SNR (see reviews by Launer et al.,
2016 and Lansbergen & Dreschler, 2022). In early digital
beamforming hearing aids, this approach was shown to im-
prove the clarity of frontally presented speech by attenuating
noise from lateral and rear directions (Appleton & König,
2014; Boymans & Dreschler, 2000; Picou et al., 2014).
Although beamforming can significantly improve speech intel-
ligibility in noisy environments, it may also attenuate desired
sounds coming from off-axis directions or alter binaural

cues, particularly with monaural beamforming. As a result,
users may experience reduced spatial awareness and difficulty
following conversations in dynamic or multi-speaker scen-
arios. More recent developments to address these deficiencies
include adaptive, binaurally-linked, asymmetrical, and multi-
beam beamforming systems that offer increased flexibility
and spatial selectivity in dynamic acoustic environments
(Andersson et al., 2021; Folkeard et al., 2024).

In summary, common hearing aid noise reduction strat-
egies involve gain reduction and/or adaptive filtering, which
dynamically adjusts filter parameters to suppress time-varying
noise, and spatial filtering through beamforming, which en-
hances sound from desired directions while suppressing un-
wanted signals from non-target areas (Kollmeier &
Kiessling, 2018; Lansbergen & Dreschler, 2022). These pro-
cessors are widely implemented and demonstrate effective-
ness primarily in limited scenarios, such as with steady-state
background noise or when the speech source is spatially sepa-
rated and located in front of the listener as is the case in many
controlled laboratory settings (Kumar et al., 2023). Their
effectiveness diminishes substantially in diffuse or highly
dynamic environments where spatial separation is less dis-
tinct. As such, studies, e.g., (Picou, 2022), continue to high-
light the real-world challenges faced by hearing aid users,
emphasizing the need for effective noise reduction and
beamforming to improve speech intelligibility and listening
comfort in diverse acoustic environments.

Recent progress in deep learning has impacted numerous
areas (Abdel-Jaber et al., 2022; Sharifani & Amini, 2023).
Within the context of hearing aids, the advent of deep learning
has led to acoustic scene classification, which is a common fea-
ture that helps to automate multiprogram use in hearing aids
(Jiang et al., 2020; Ye et al., 2018). More recent applications
using DNN based models have been introduced in fields such
as speech recognition and enhancement (Ashkanichenarlogh
& Parsa, 2024; Diehl et al., 2022; Rojc & Mlakar, 2022).

Earlier studies have shown that deep learning techniques for
denoising (Goehring et al., 2016; Zhao et al., 2018) and separ-
ating overlapping speakers (Bramsløw et al., 2018) can im-
prove speech clarity for users of cochlear implants (Goehring
et al., 2017) and those with severe to profound hearing loss un-
der constant SNR. Similarly, Bentsen et al. (2018) showed
early promise by combining deep neural networks with ideal
ratio mask estimation in computational speech segregation.
Their results suggested significant improvements in intelligibil-
ity for listeners, validating the integration of deep learning with
classical masking-based approaches. Recent research does sug-
gest that deep learning-based models hold considerable prom-
ise for reducing background noise and substantially improving
speech clarity for hearing aid users (Andersen et al., 2021;
Diehl et al., 2023). Numerous recent studies have demonstrated
that DNN-based algorithms can enhance speech intelligibility
for hearing-impaired listeners, including those using cochlear
implants, even in highly challenging environments such as
multi-talker babble and reverberant conditions.
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Keshavarzi et al. (2019) directly compared a Recursive
Neural Network (RNN)-based noise reduction algorithm with
spectral subtraction (SS) using both subjective ratings and
objective intelligibility measures. Mild-to-moderate hearing-
impaired listeners consistently preferred the DNN approach
over SS and unprocessed speech in terms of both intelligibility
and quality. Interestingly, SS did not offer significant benefit
over unprocessed speech, highlighting the limitations of trad-
itional methods in babble noise. Borjigin et al. (2024) also
showed that an RNN-based model significantly improved
speech intelligibility for cochlear implants users in both station-
ary and non-stationary noise conditions, settings where conven-
tional methods typically fail. Similarly, Gaultier and Goehring
(2024) evaluated DNN-based enhancement using multiple mi-
crophones and demonstrated significant improvements in
speech reception thresholds of up to 10.3 dB for cochlear im-
plants listeners in noisy-reverberant conditions, with greater
benefits observed when spatial cues were utilized.

Healy, Taherian et al. (2021) specifically addressed the
feasibility of causal DNN models for real-time applications.
Their Dense-UNet and temporal convolutional network
achieved a mean benefit of 46.4 percentage points for
hearing-impaired listeners in reverberant, talker-interference
scenarios, even after conversion to causal operation. The
loss of performance due to causality was statistically signifi-
cant in only the most complex conditions, underscoring the
real-world applicability of these models. In another study,
Healy et al. (2023) documented substantial progress in the
efficacy and generalizability of DNN-based noise reduction
over the past decade. By comparing a recurrent neural
network with traditional noise reduction methods, they
showed that even under causal (real-time) constraints and
mismatched training/testing conditions, the algorithm still
delivered intelligibility gains averaging 51 percentage points
for hearing-impaired listeners.

In the broader context of monaural speech enhancement,
Zheng et al. (2023) provided a comprehensive review of sixty
years of research, emphasizing the leap in performance and
robustness introduced by deep learning methods. Their work
illustrates how deep learning has transformed frequency-domain
approaches, enabling them to surpass traditional algorithms in
most relevant metrics. Thoidis and Goehring (2024) further
demonstrated that DNNs can enhance the intelligibility of a tar-
get speaker in noisy multi-talker environments for both normal-
hearing and hearing-impaired listeners. Their study supports the
generalization of DNN enhancement benefits across different
listener groups and listening conditions.

DNN-based models have required adaptation to work
within the limited computational power available during real-
time use on mobile and portable devices like hearing aids.
Recently, noise reduction methods for HAs have been devel-
oped using DNN-based algorithms (Andersen et al., 2021;
Schröter et al., 2022). For example, Christensen et al.
(2024) compared real-life listening experiences of experi-
enced hearing aid users wearing premium hearing aids with

traditional noise reduction and with DNN-based noise reduc-
tion. While overall satisfaction did not differ, the DNN device
provided more consistent sound satisfaction regardless of
background noise, whereas the satisfaction ratings for the
non-DNN device depended on ambient SNR.

Given that deep learning systems tend to scale effectively
with an increase in parameters and computational power (Tay
et al., 2022), downsizing them often leads to a decline in
output quality. As hearing aids evolve, the integration of
advanced, on-device denoising systems is becoming an in-
creasingly realistic goal. Evaluating the performance of cur-
rent first-generation denoising technologies is therefore a
critical step, not only to assess their immediate impact on
speech quality and listening comfort, but also to inform the
design and optimization of future, more powerful systems.
Early insights from these evaluations will help shape how
next-generation models are developed, implemented, and
ultimately integrated into everyday hearing aid use.
Numerous computational metrics have been developed to
evaluate speech and sound quality, with well-established ex-
amples including the perceptual evaluation of speech quality
(PESQ) (Falk et al., 2015) and the short-time objective intel-
ligibility (STOI) (Taal et al., 2011). However, these metrics
fall short in accurately evaluating signals processed by hear-
ing aids because they do not account for the specific impact
of hearing loss. To address this limitation, metrics that include
hearing loss models have been developed, such as the
Hearing-Aid Speech Quality Index (HASQI) (Kates &
Arehart, 2014) and the Hearing-Aid Speech Perception
Index (HASPI) (Kates & Arehart, 2021). HASQI is designed
to measure speech quality, while HASPI focuses on assessing
speech intelligibility. A significant limitation of most of these
metrics is that they are intrusive, meaning they require a clean
reference audio signal to compare against the processed
audio, in order to estimate the differences and assess the im-
pact of processing. This reliance on a reference signal can
pose challenges when a clean reference may not be available.
Non-intrusive metrics such as the pMOS (Diehl et al., 2022)
may provide alternatives for sound quality estimation.

This study evaluates a DNN-based noise reduction algo-
rithm implemented directly on Phonak Audéo I90-Sphere
receiver-in-the-canal hearing aids, building on prior work
(Diehl et al., 2022, 2023). All signal processing strategies
were tested on the same hearing aid hardware platform to
ensure consistency. The DNN-based algorithm was bench-
marked against standard methods, including a single-channel
Wiener filter algorithm, a binaural beamforming strategy,
and combinations thereof. A total of six processing conditions
were tested across three SNR levels (−5, 0, and 5 dB) and two
types of background noise: stationary speech-shaped noise and
multi-talker babble. Hearing-aid gains were fitted to four
standard audiograms (N2–N5) using Adaptive Phonak
Digital 3.0 with 100% prescribed gain. Both occluded and
vented conditions were evaluated. The novel DNN-based
algorithm investigated in this study may provide advantages
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by being less dependent on the signal type, and by functioning
effectively regardless of the noise source’s location, compared
to adaptive and beamforming filters. This approach has the
potential to enhance hearing aid performance in a broader
range of acoustic environments.

Methodology

Purpose
The primary aim of this study was to evaluate the performance
of a new DNN-based denoising algorithm for hearing aids
across different SNRs in listening environments with low
and medium reverberation, using objective metrics. The
evaluation considered the secondary effects of venting config-
urations, types of background noise, and signal azimuth.
Comparisons were made with adaptive filtering and
beamforming-based noise reduction methods. Objective
metrics were used to estimate both speech intelligibility and
sound quality, with a secondary aim of assessing the effective-
ness of intrusive and non-intrusive measures for evaluating
hearing aid denoising and/or beamforming algorithms. We
used the TRIPOD checklist when writing this report
(Collins et al., 2015).

Methods
In this study we have conducted experiments in three SNR
conditions (−5, 0 and 5 dB SNR), and two background noise
types: speech-shaped noise (SSN) and multi-talker babble
(MTB) noise, where The SSN was a stationary noise, spec-
trally shaped to mimic the shape of human speech, making
it particularly effective at obscuring speech when the back-
ground contains similar speech elements (Renz et al., 2018).
The MTB (Krishnamurthy & Hansen, 2009) was a six-talker
babble where the condition was specifically designed to in-
clude three unique sets of 2-talker babble, with each pair of
talkers consisting of one male and one female and described
below.

The SNR was measured separately in both the reverberant
room and the sound booth to account for the distinct acoustic
characteristics of each environment. In both cases, the mea-
surements were conducted with a KEMAR manikin posi-
tioned at the center of the room, and surrounded by four
loudspeakers placed at fixed angles. Prior to the SNR mea-
surements, a thorough calibration procedure was carried out
to ensure consistent output levels across all loudspeakers.
To determine the SNR, a speech signal was first presented
through the loudspeakers, and its level was adjusted to
achieve a calibrated sound pressure level (SPL) of 70 dB at
the position of the manikin’s ear, measured using
SpectraPLUS software. Following this, a multi-talker babble
or equivalent noise was introduced, and the SPL of the noise
was adjusted to 65 dB(A) at the same measurement point. The
SNR was then calculated as the difference between the speech

and noise levels, resulting in an SNR of +5 dB. This process
was repeated for both acoustic environments, ensuring con-
sistency in setup and measurement methodology.

In our experiments, Phonak Audéo I90-Sphere I90
receiver-in-the-canal hearing aids were used. Hearing-aid
gains were fitted using the Adaptive Phonak Digital 3.0 fitting
formula and set to 100% gain to standard audiograms N2-N5
(Bisgaard et al., 2010). This study evaluated six distinct hear-
ing aid signal processing strategies, with an emphasis on un-
derstanding the performance of a new DNN-based denoising
algorithm in comparison with conventional noise reduction
and beamforming microphone techniques. The DNN-based
speech denoising system designed to separate speech from
background noise in real time is previously described by
Diehl et al. (2023). Its commercial implementation within
the tested hearing aids is described by Hasemann and
Krylova (2024). Here, the DNN was implemented on a dedi-
cated 50 MHz co-processor chip that is activated within a pro-
gram dedicated to processing speech in loud noise. The
denoising network has a U-Net architecture and predicts a
complex-valued ideal ratio mask in 64 frequency bins from
the short-time Fourier transform of the noisy speech signals.
The extracted speech signal output of the co-processor chip
then is fed to standard audio processing path.

The tested signal processing strategies are summarized in
Table 1 and described in more detail below.

No Processing (Omnidirectional): This baseline condi-
tion involved no active noise reduction or beamforming
microphone modes. The microphone mode was set to omni-
directional, providing a baseline for comparing the effects
of other algorithms.

NoiseBlock (Omnidirectional): This condition used
Phonak’s default implementation of NoiseBlock, a single-
channel Wiener filter-based statistical noise reduction algo-
rithm. It operates by estimating the noise spectrum during
speech pauses and suppressing noise while preserving speech,
with the microphone mode maintained in omnidirectional
mode.

Beam (StereoZoom Beamforming): This condition
activated StereoZoom, a binaural adaptive beamforming algo-
rithm that uses information from both hearing aids to enhance
the signal from the front (0° azimuth) and suppress sounds from
other directions. NoiseBlock was disabled in this condition.

Beam+NoiseBlock: In this condition, StereoZoom
beamforming was combined with NoiseBlock statistical noise
reduction. This configuration reflects common clinical use
where beamforming processing and noise reduction are both
engaged.

DNN (Omnidirectional): This condition applied a propri-
etary deep-neural-network-based denoising algorithm that
operates in parallel to other signal processing within this hear-
ing aid. The DNN model was implemented within the hearing
aids and operated in real-time. The microphone mode re-
mained omnidirectional to isolate the effects of the DNN algo-
rithm from those of beamforming microphones.
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Beam+DNN (Monaural Beamforming Microphone):
In this condition, the DNN denoiser operated in series on
the beamforming microphone output. The microphone mode
was adjusted to a monaural beamforming mode with fixed
frontal directionality. This condition aimed to examine the im-
pact of combining machine learning-based denoising with
beamforming microphone processing versus other signal pro-
cessing strategies.

Venting: All audiograms were tested with earmolds custo-
mized for the KEMAR manikin’s ear to create a non-vented
control condition. Additionally, a vented fitting was created
for each of the audiograms. Vent configurations were adjusted
to simulate clinical vent assignments (N2: open dome; N3:
vented dome; N4 and N5: 1 mm vent). Details of the audio-
grams and venting conditions are displayed in Table 2.

To evaluate the performance of these hearing aids, they
were positioned on a KEMAR manikin equipped with the
G.R.A.S. KB0065 pinna for the right ear and the G.R.A.S.
KB0066 pinna for the left ear, both of which are designed
to represent large ear geometries in accordance with standar-
dized human ear models. The KEMAR was surrounded by
four speakers positioned at 0°, 90°, 180°, and 270°.

Azimuth of speech: Two different talker-azimuth config-
urations were employed: one with speech presented from the
front (00) and the other with speech presented from the side
(90°). Background noise was emitted from the other three
speaker locations (i.e., Configuration 1 – Speech at 00,
Noise from 900, 1800, 2700, Configuration 2 – Speech at
900, Noise from 1800, 2700, 00). Figure 1 illustrates the setup
of our experiments in the reverberant room.

SNR: Recordings were captured with speech presented at
65 dB SPL and SNRs set at 5 dB, 0 dB, and −5 dB. This
range of SNRs allowed evaluation of the hearing aids’ per-
formance under varying acoustic conditions representing dif-
ficult listening situations. These SNR values align with typical
noisy real-life situations faced by hearing aid users (Lelic
et al., 2022; Weisser & Buchholz, 2019; Wu et al., 2018).

The 5 dB SNR conditions corresponds to moderately noisy set-
tings, such as conversations in quieter public spaces where
background noise is present but speech remains somewhat
dominant, while 0 dB reflects highly challenging scenarios,
such as crowded areas or social gatherings, where the speech
and noise levels are comparable, and −5 dB represents difficult
listening conditions, such as heavy traffic or noisy restaurants,
where the background noise is louder than the target speech,
posing significant difficulties for understanding speech.

Stimuli: The speech stimuli used in the experiments con-
sisted of passages from the Connected Speech Test (CST:
Saleh et al., 2020), presented either in SSN or in MTB eman-
ating from the speaker locations described above. The babble
track was created from these talkers reading unused CST pas-
sages on the topics of “Umbrella,” “Vegetable,” “Camel,”
“Glue,” and “Cactus” (Saleh et al., 2020).

Acoustic environments and reverberation time: The ex-
periments were conducted in two distinct acoustic environ-
ments: an audiometric double-walled sound booth with
minimal reverberation and a room with moderate reverber-
ation. The reverberant room, depicted in Figure 1, had a mea-
sured reverberation time (T30) of 400 ms. These
environments were chosen to evaluate the DNN-based noise
reduction performance under varying acoustic conditions,

Table 2. Audiograms and Venting Conditions.

Audiograms Receiver Vented Closed

N2 M Open Dome Kemar Mold - no vent
N3 M Vented Dome Kemar Mold - no vent
N4 M Kemar Mold 1 mm Kemar Mold - no vent
N5 P Kemar Mold 1 mm Kemar Mold - no vent

Figure 1. Experimental Setups the KEMAR Manikin with Phonak
Audéo I90-Sphere I90 Hearing Aids in a Room with Moderate
Reverberation.

Table 1. Hearing Aid Signal Processing Conditions. All Signal
Processing Conditions Were Tested at Their Default Settings for
N2, N3, N4, and N5 Audiograms.

Signal Processing Description

No Processing No noise reduction method has been applied.
Microphone mode: Omni

NoiseBlock A statistical noise-canceling method has been
applied. Microphone mode: Omni

Beam Adaptive binaural beamforming (Stereo Zoom)
has been applied.

Beam+
NoiseBlock

Statistical noise canceling with adaptive binaural
beamforming (Stereo Zoom) has been applied.

DNN DNN denoising has been applied. Microphone
mode: Omni

Beam+DNN DNN denoising has been applied. Microphone
mode: Monaural beamforming

Ashkanichenarlogh et al. 5



with a particular focus on the effects of reverberation, signal
azimuth, and acoustic coupling.

Metric computation and statistical analyses: For each
test condition, segments pertaining to individual sentences
from the CST passage recordings from the left and right hear-
ing aids were extracted. The HASPI and HASQI scores for
each of these extracted segments were calculated using the
procedures outlined by (Kates & Arehart, 2022) averaged
across all 9 sentences from each speech sample. The pMOS
score was computed by uploading the extracted segments to
the metric website (https://metric.audatic.ai/, Diehl et al.,
2022) and retrieving the cloud-computed pMOS value.
Metric values were chosen as the highest value obtained
from either ear, referred to as “better-ear” values henceforth.
The HASPI, HASQI, and pMOS values averaged across the
sentence segments were used for statistical analyses.

To assess the performance of the DNN-based noise reduc-
tion algorithm in comparison to alternative hearing aid signal
processing strategies, we conducted both primary and second-
ary statistical analyses on the metric data. The primary ana-
lysis focused on examining the effects of processing
program and SNR within each listening environment. The
secondary analyses explored the influence of noise type,
sound source azimuth, and venting condition across the
same program and SNR combinations. All data were analyzed
using Linear Mixed Models (LMM) implemented in IBM
SPSS Statistics (v29.0). Fixed effects included program,
SNR, noise type, azimuth, and venting, while random effects
accounted for repeated measures within audiograms. Model
diagnostics included inspection of QQ plots of the residuals
and scatter plots of predicted values versus residuals (please
see the supplemental data in the repository link). The QQ
plots indicated approximate normality of residuals. The
effects of heteroscedasticity were checked using cluster-
robust standard errors (clustered by audiograms). Bonferroni
corrections were applied to control for multiple comparisons,
with an experiment-wise type 1 error rate of 0.05.
Furthermore, in paired comparisons results discussed in the
following section, differences in HASPI values between two
processing conditions were reported only when they reached
statistical significance (p < 0.05).

Results
As described above, statistical analyses were conducted inde-
pendently for the HASPI, HASQI, and pMOS outcome mea-
sures. Among these, the HASPI data demonstrated greater
sensitivity across test conditions and program settings, yield-
ing a higher number of statistically significant main effects
and interactions. This finding aligns with expectations, as
HASPI values tend to exhibit greater variability across pro-
cessing conditions within the range of SNRs examined in
this study (see Kates & Arehart, 2022, for representative
data). Consequently, the Results section emphasizes the ana-
lysis and interpretation of HASPI outcomes, while findings

related to HASQI and pMOS are presented in a more concise
manner. The interested reader is referred to the supplemental
data in the repository link for statistical analyses outputs for
HASQI and pMOS data.

Effects of Hearing Aid Processing across SNR, per
Listening Environment:

Low-Reverberation: The LMM was fitted for the HASPI
scores for testing completed in the low-reverberation listening
environment (Figure 2 (a)). It is noticeable that in all figures,
each bar represents the mean and standard deviation across
n = 9 sentences of each speech sample. Program and SNR
were considered the Fixed Effects, and Audiogram was a ran-
dom effect. Results revealed significant main effects of SNR
and program type (p < .05), along with a statistically signi-
ficant interaction between these factors (F(10, 555)= 4.175,
p < .001). Under the most adverse SNR condition, beamform-
ing plus DNN program significantly outperformed non-DNN
processing conditions, yielding HASPI improvements of
11–13%, but did not differ from the DNN-alone condition
(Supplemental Sound Booth Output). At 0 dB SNR, the
beamforming plus DNN configuration outperformed all other
programs, including DNN alone, by 18–33%, while DNN
alone exceeded non-beamforming/non-DNN programs by
12%. At +5 dB SNR, the pattern was similar: beamforming
plus DNN outperformed all but traditional beamforming,
with gains of 16–30%, and DNN alone outperformed non-
beamforming conditions by 20%. Traditional beamforming
programs (Beam and Beam+NoiseBlock) also outperformed
baseline at 0 and +5 dB SNR, whereas NoiseBlock alone
showed no significant advantage at any SNR.

Medium-Reverberation: The LMM was fitted for the
HASPI scores for testing completed in the medium-
reverberation listening environment (Figure 2 (b)). Program
and SNR were treated as fixed effects, with audiogram in-
cluded as a random effect. Results revealed significant main
effects of both SNR and program type (p < .05), along with
a significant two-way interaction between SNR and hearing
aid program type (F(10, 555)= 2.219, p= .016). In contrast
to the findings in the low-reverberation room, post-hoc ana-
lyses for the −5 dB SNR condition showed no significant dif-
ferences between any of the signal-processing schemes (p >
.05), including comparisons between DNN alone, beamform-
ing plus DNN, and the other programs (Supplemental Reverb
Room Output). At the 0 dB SNR condition, the beamforming
plus DNN program achieved the highest HASPI scores, out-
performing all other processing conditions by 23–25%. The
DNN-alone program also exceeded all non-DNN configura-
tions, including both traditional beamforming and noise
reduction programs, by 14–17%. At the +5 dB SNR condi-
tion, the beamforming plus DNN program achieved the high-
est HASPI scores, outperforming all non-DNN configurations
by 16–18%. The DNN-alone program also exceeded all
non-DNN conditions by 11–14%. In contrast to the low-
reverberation results, none of the traditional noise-reduction
or beamforming programs (NoiseBlock, Beam, or Beam+
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NoiseBlock) showed significant improvements over the no-
processing baseline at any SNR.

Effects of Hearing Aid Processing across Vent Types and
SNR:

The LMM was fitted for the HASPI scores for testing com-
pleted in both listening environments, by SNR and Vent Type
(see Figure 3). Program, SNR, and Vent Type were considered
as Fixed Effects, and Audiogram was a random effect. As
expected, the main effects of SNR and Vent Type were signifi-
cant (p < 0.05), with lower HASPI scores for lower SNRs or
more open hearing aid styles (Supplemental Venting
Output). These two factors also interacted F(6,1076.99)=

9.94, p < 0.001), with HASPI scores that were not only lower
but also more similar across vent types at the lowest SNR; this
result is not unexpected (Wolfe et al., 2009) nor is it specific to
the aims of this study. Results revealed a significant main
effect for the program setting (p < 0.05), as well as a two-way
interaction between venting and hearing aid program type
(F(15, 1077)= 3.47, p < .001).

In the occluded condition, the beamforming plus DNN out-
performed the non-DNN conditions by 20–28%, and the
DNN only condition by 11%. The DNN only program outper-
formed all non-DNN programs by 9–16%. In general, the pro-
grams with beamforming had smaller mean differences from

Figure 2. Effects of Hearing Aid Processing across SNR per Listening Environment. (a) Low Reverberation, and (b) Moderate
Reverberation. Each Bar Represents the Better-Ear Average HASPI Score Calculated Across 9 Sentences of Each CST Passage. Error Bars
Represent Standard Deviations Across Sentences.
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the beamforming plus DNN, compared to those that did not.
For vented conditions, small differences between the DNN
and non-DNN programs were observed. For example, at
the 1 mm vented condition, the beamforming plus DNN out-
performed the non-DNN programs by a similar magnitude
(14–19%). For the vented dome conditions, the beamforming
plus DNN was significantly better than No Processing and
NoiseBlock programs, and statistically similar to others.
With an open dome fitting, none of the differences were stat-
istically significant. Across conditions, the beamforming plus
DNN was able to outperform a No Processing condition for
the occluded, 1 mm, and vented dome fittings. In contrast,
the traditional beamforming and noise reduction program set-
tings outperformed the no processing condition only when
fully occluded. The DNN only program performed in between
the two conditions, outperforming the no processing condi-
tion when occluded and with 1 mm of venting, but not for
the other vent conditions.

Effects of Hearing Aid Processing across Noise Types and
SNR:

The LMMwas fitted for the HASPI scores for testing com-
pleted in both listening environments, by SNR and Noise
Type (Figure 4), Program, SNR, and noise type were consid-
ered as fixed effects, and audiogram was a random effect. As
expected, the main effects of SNR and noise type were signifi-
cant (p < 0.05), with lower HASPI scores for lower SNRs
or more modulated background noises (Supplemental
Noise Type Output). These two factors also interacted
(F(2,1113.0)= 5.48, p= 0.004). In addition, there was a

significant main effect of the hearing aid program setting
(p < 0.05), and a two-way interaction between noise type
and hearing aid program setting (F(5, 1113)= 5.78, p <
.001). Performance varied depending on the type of noise
and processing strategy. Specifically, adaptive noise filtering,
DNN alone, and DNN combined with beamforming all
showed reduced effectiveness in MTB compared to SSN.
The traditional beamforming settings (Beam and Beam+
NoiseBlock) did not differ from the No Processing setting
in the SSN condition but were significantly better than No
Processing in MTB environments. The highest performance
was observed with DNN and beamforming plus DNN in the
SSN condition. These programs differed by about 30% with
the most improvement for beamforming plus DNN, compared
to the No Processing condition.

Effects of Hearing Aid Processing across Azimuth and
SNR:

The LMMwas fitted for the HASPI scores for testing com-
pleted in both listening environments, by SNR and Azimuth
(Figure 5). Program, SNR, and Azimuth were considered as
fixed effects, and audiogram was a random effect. The
main effects of Program, SNR and Azimuth were significant
(p < 0.05), and all had two-way interactions as well
(Supplemental Azimuth Output). These three factors inter-
acted significantly (F(10, 1113)= 6.341, p < .001). At the
lowest SNR, the beamforming plus DNN outperformed the
non-beamforming programs by about 10%, and there were
no significant differences between the other conditions. At a
90-degree azimuth, the difference increased, with significant

Figure 3. Effects of Hearing Aid Processing Across Different Vent Types. Each Bar Represents the Better-Ear Average HASPI Score
Calculated Across Sentences of the CST Passage for That Test Condition. Error Bars Represent the Corresponding Standard Deviations.
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beamforming plus DNN outperformance over the non-DNN
programs by about 10–12%. DNN alone also outperformed
the non-beamforming programs when the signal was at 90
degrees. At higher SNRs, more of the processing-based pro-
grams outperformed the no-processing condition, and the
magnitude of the DNN advantage increased as follows. The

beamforming plus DNN was 35% better than the non-
beamforming programs at 0 degrees, and at 90 degrees
DNN programs outperformed all other programs by more
than 20% (with beamforming) and by about 15–20% (without
beamforming) at 90 degrees. Similar benefits with higher
overall HASPI scores were observed at the +5 dB SNR. At

Figure 4. Effects of Hearing Aid Processing Across Noise Types and SNR. Each Bar Represents the Better-Ear Average HASPI Score
Calculated Across Sentences of the CST Passage for That Test Condition. Error Bars Represent the Corresponding Standard Deviations.

Figure 5. Effects of Hearing Aid Processing Across Azimuth and SNR. Each Bar Represents the Better-Ear Average HASPI Score
Calculated Across Sentences of the CST Passage for That Test Condition. Error Bars Represent the Corresponding Standard Deviations.
“Note: HASPI Values Reflect a Better-Ear Metric; Lateral (90°) Advantages may be Amplified by Head-Shadow and Should Not Be Taken to
Imply Superior Bilateral Performance”.
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the zero degrees condition, the benefit for DNN was observed
when it was combined with the beamformer, and poorer per-
formance when used with omnidirectional processing.
Figure 5 also highlights the performance of program settings
involving traditional beamforming. With speech incidence at
0 degrees, the Beam and Beam+NoiseBlock settings were
significantly better than the No Processing setting at 0 dB
and 5 dB SNRs. At the same SNRs, however, their perform-
ance was degraded compared to the No Processing setting
when speech emanated from the 90 degrees azimuth. These
results are in line with previous studies [e.g., Hornsby and
Ricketts (2007)] where the front-facing beamformer resulted
in reduced recognition scores for speech stimuli in the pres-
ence of background noise, when the speech was presented
from 90 degrees azimuth.

Effects of Hearing Aid Processing across Audiograms and
SNR:

Figure 6 illustrates the impact of various hearing aid pro-
cessing programs on HASPI scores across three SNR condi-
tions (−5 dB, 0 dB, and 5 dB) and different audiograms
(N2–N5). Consistent with analyses already presented above,
performance is dependent upon SNR, and the DNN provided
higher HASPI scores both overall and at lower SNRs com-
pared to traditional processing. This study did not have an ad-
equate sample of simulated listeners to perform a statistical
analysis of the effects of audiogram. However, the descriptive
data shown in Figure 6 illustrates a decline in HASPI scores
with increasing hearing loss severity. The combined effect
of increased severity and low SNR lead to low HASPI scores,

and this effect is expected based on the broader hearing aid
literature and the inclusion of a hearing loss model within
HASPI (Kates & Arehart, 2021).

Comparative Analysis Using a Non-Intrusive Metric
In evaluating the performance of signal processing ap-
proaches, it is informative to consider both intelligibility
and sound quality. Sound quality can be predicted by the
HASQI or by alternative metrics that use non-intrusive meth-
ods. Therefore, we estimated sound quality using the HASQI
and pMOS, a non-intrusive model (Diehl et al., 2022). By
analyzing the data using both HASQI and pMOS, and then
evaluating the correlation between them, we aimed to assess
the extent to which a non-intrusive model can approximate
perceptual quality as measured by a validated intrusive metric.
This approach is valuable because while HASQI requires a
clean reference signal often unavailable in real-world applica-
tions, pMOS can be applied directly to degraded signals with-
out the need for a reference. Demonstrating a strong
correlation between HASQI and pMOS supports the use of
non-intrusive models as practical, scalable alternatives for as-
sessing speech quality, especially in large-scale or real-time
systems where reference signals are impractical to obtain.
This comparison also helps validate the pMOS model’s reli-
ability in approximating human-like perceptual judgments un-
der realistic acoustic conditions. Figure 7 provides a
scatterplot comparing the raw values obtained from each

Figure 6. Effects of Hearing Aid Processing Across Audiograms and SNR. Each Bar Represents the Average HASPI Score Calculated
Across n= 9 Sentences of the CST Passage for that Test Condition. Error Bars Represent the Corresponding Standard Deviations.
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model, using the same recordings and signal processing set-
tings described above for the HASPI analyses.

Figure 7 suggests a positive association between the
HASQI scores and the pMOS metric across all conditions
and processing methods. As the HASQI scores increase, indi-
cating better speech quality, the pMOS metric also tends to
increase, suggesting that both metrics generally agree on the
relative performance of the processing methods. In both fig-
ures, in the −5 dB SNR condition (red symbols), both
HASQI and pMOS scores are generally lower, but as the
SNR increases to 0 dB (blue symbols) and 5 dB (green sym-
bols), both HASQI and pMOS scores increase. This is consist-
ent with sound quality estimates varying systematically with
SNR, as would be expected. However, metrics from both
the low and high reverberation environments indicate that
there is some variability across processing conditions, where
the pMOS metric shows a wider range of values. As one
example, the beamforming plus DNN approach (asterisks)
appears to yield higher pMOS scores compared to the
HASQI scores. In contrast, the No Processing condition (cir-
cles) has a smaller range of variance. This relationship was
further investigated by submitting these results to a hierarch-
ical linear regression (SPSS v29), using two blocks and a step-
wise method with variable entry and removal criteria of 5 and
10%, respectively. The HASQI values were entered as the
predictor into the first block of a multiple linear regression,
and with the pMOS values as the dependent (predicted)

variable. The correlation was significant (F(1, 1150)=
1061.31, p < .001), accounting for 47.9% of the variance. In
the second block, the residual variance was the dependent
variable, and the predictors were SNR, Azimuth, and
Program Type in combination with the HASQI, accounting
for 58.4% of the variance. These variables were added to
the model in the order of SNR (adjusted R2 change= 5.1%)
and hearing aid program type (adjusted R2 change= 5.3%),
with each of these contributing significant changes in variance
(p < .001). These results appear to indicate that the non-
intrusive pMOS (Diehl et al., 2022) and HASQI metrics
both index sound quality but respond differently to factors
such as hearing aid program type and environmental
variables.

Discussion
This study detailed the electroacoustic evaluation of a
deep-neural-network-based denoising algorithm implemented
in a hearing aid. Speech-in-noise recordings were collected
with different hearing aid signal processing settings under a
variety of fitting and environmental conditions. Speech intel-
ligibility and quality predictors, namely HASPI and HASQI,
were extracted from these recordings for benchmarking the
signal processing feature performance. The HASQI and
HASPI were chosen as they incorporate auditory models
and are better suited for hearing aid assessments compared

Figure 7. Raw Values for the HASQI and pMOS Non-Intrusive Metrics (Diehl et al., 2022), for Recordings Taken in the (a) Reverberant
Room and (b) Sound Booth (Across all Conditions Mentioned in This Paper). Colors Indicate the Input SNR: Red: −5, Blue: 0, and Green:+
5 dB.
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to traditional metrics like PESQ and STOI (Kates & Arehart,
2014, 2021). Indeed, the HASPI and HASQI metrics were
also the metrics of choice for performance evaluation in the
recent clarity prediction and enhancement challenges for hear-
ing aids (e.g., Akeroyd et al., 2023 and Barker et al., 2024).
Additionally, a non-intrusive speech quality estimator,
namely the pMOS, was also computed from the hearing aid
recordings as it offers a promising alternative for evaluating
speech quality in practical applications (Diehl et al., 2022).

Summary of DNN Effects
The findings of this study demonstrate potential advantages of
DNN-based hearing aid processing, particularly when com-
bined with beamforming, in improving speech intelligibility
across diverse acoustic conditions (see Figures 2–6).
Between 0- and 5-dB SNR, in a low reverberation environ-
ment, the DNN processor provided about 40–70% predicted
speech intelligibility when combined with beamforming,
while traditional noise reduction with and without beamform-
ing provided only about 20–55% predicted speech intelligibil-
ity, across azimuths. This type of pattern was also observed in
moderate reverberation, with better performance for more oc-
cluded fittings, for speech arising from the side, and better ab-
solute performance for lesser degrees of hearing loss.

Some simulated cases had absolute predicted speech intel-
ligibility above 80% in the beamforming plus DNN condition
at a 5 dB SNR. Lower performance was associated with lower
SNRs (below 20% at −5 dB SNR) and for more open fittings,
with occluded fittings at about 50% versus about 20–35% for
open and vented fittings. Consistent with previous findings
(Andersen et al., 2021; Diehl et al., 2023) the DNN-based sys-
tem enhanced predicted speech intelligibility for speech from
a non-frontal location and at low SNRs. These improvements
may address known limitations in traditional methods, includ-
ing variable response times and reduced effectiveness at low
SNRs, especially in reverberation (Ohlenforst et al., 2018;
Reinhart et al., 2020; Scollie et al., 2016). Notably, the adapt-
ability of the DNN algorithm to different noise types without
relying on beamforming inputs suggests that it may offer an
additional solution compared to beamforming, which in the
past has primarily benefitted frontal sound sources
(Kollmeier & Kiessling, 2018). Recent advances in adaptive
and/or multiple parallel beamforming also show potential
for improvement from multiple directions or multiple talkers
(Andersson et al., 2021; Folkeard et al., 2024). Combination
of DNN and multibeam adaptive beamforming may hold
even further promise in the future.

The results demonstrate that DNN-based denoising con-
sistently outperforms traditional adaptive filtering methods
across different hearing aid fitting and listening conditions.
It is pertinent to note that these benefits were observed even
using the default DNN settings. Future research should inves-
tigate how adjusting the strength or configuration of DNN

features influences intelligibility and quality outcomes, as tun-
ing may yield further improvements.

These findings contribute to the growing body of evidence
supporting the use of deep learning for noise reduction in
hearing aids (Healy et al., 2021; Goehring et al., 2016;
Zhao et al., 2018). In particular, they suggest that DNN pro-
cessing can improve performance without requiring complex
spatial assumptions. Beyond denoising, other signal process-
ing strategies such as acoustic scene classification and auto-
matic program switching also play a key role in real-world
noise management. Prior work has shown the value of such
approaches (Jiang et al., 2020; Ye et al., 2018), and future
work could explore how these methods might be integrated
with DNN-based systems for adaptive, context-aware
processing.

Effects of Reverberation and Venting
As mentioned earlier, across SNRs, the combination of DNN
processing with beamforming consistently outperformed trad-
itional beamforming and adaptive filtering methods. The most
pronounced benefits were observed at 0 dB and +5 dB SNR
in low-reverberation environments, where predicted speech
perception improvements reached up to 33%, based on the
HASPI data. In medium-reverberation conditions, although
the DNN-based approach was less effective at the lowest
SNR (−5 dB), it continued to yield significant benefits at
higher SNRs. Analysis across venting conditions further
demonstrated that the beamforming plus DNN configuration
achieved high objective scores, with improved performance
associated with reduced venting-consistent with trends
observed in other hearing aid signal processing strategies.

However, the beamforming plus DNN conditions appear to
provide higher metric values for predicted speech intelligibility
across a broader range of vent sizes, particularly in the fully oc-
cluded condition. This advantage was observed even under
1 mm venting conditions. Previous research (Magnusson
et al., 2013) indicates that the additive speech reception thresh-
old benefits of combining beamforming with traditional adap-
tive noise reduction are only significant under occluded
conditions. The current findings suggest that DNN-based de-
noising may extend benefit in noise to a broader range of fitting
configurations, by allowing beamforming and denoising to
work effectively together across a broader range of venting
conditions.

Effects of Noise Type, Azimuth, and Audiogram
Further analyses across noise types, azimuths, and audio-
grams evaluated the impact of the DNN-based approach
across listening situations and degrees of hearing loss.
While performance was reduced in babble relative to perform-
ance in steady-state noise, the beamforming plus DNN still
outperformed traditional methods by up to 30%.
Beamforming benefits were evident, with the beamforming
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plus DNN condition providing greater advantages at 0° and
90° azimuths, especially at higher SNRs. However, the mag-
nitude of these benefits varied with hearing loss severity.
Cases with more severe hearing loss (N4, N5 audiograms) de-
monstrated consistently lower HASPI scores across all condi-
tions, with particularly poor performance at low SNRs,
suggesting that the effectiveness of noise reduction and beam-
forming processing may be limited by auditory capacity. This
result is expected based on the broader literature and because
of the specific hearing loss model implemented in the HASPI
(Kates & Arehart, 2021), which simulates reduced audibility,
broadened auditory filters, and impaired temporal envelope
processing. These factors likely contribute to diminished per-
ceptual benefit from both noise reduction and beamforming
processing in listeners with more severe hearing loss.

For speech from the side in a surround of noise, the
DNN-alone system provided significantly better performance
than traditional noise reduction and non-adaptive beamform-
ing algorithms. This suggests that DNN denoising may en-
hance the ability to perceive speech from side angles
without relying solely on beamforming microphone process-
ing. This finding may be important for real-world listening en-
vironments where speech sources are not always positioned in
front of the listener. Interestingly, the strategy with no signal
processing performed better in the 90° condition than in the
zero-degree condition. Recall that we selected the better-ear
metric for all analyses. Therefore, the relative differences be-
tween these two azimuths likely represent better metric values
in the ear receiving head shadow and may or may not reflect
how a human listener performs in this condition.

While the current model-based results offer promising in-
sights, further investigation using a larger number of test cases
and behavioral data from human listeners is needed to deter-
mine whether individuals with greater degrees of hearing loss
show increased candidacy for DNN-based processing.
Importantly, our findings also revealed limitations in the pre-
dicted benefit of both traditional and DNN-based algorithms
under challenging acoustic conditions-specifically in environ-
ments with moderate reverberation and in the presence of tem-
porally modulated noise. These outcomes suggest that current
DNN models may require further optimization to maintain ef-
fectiveness across a wider range of real-world listening envir-
onments. Nonetheless, the results underscore the potential of
combining deep learning approaches with traditional signal
processing strategies to improve speech perception, offering
a foundation for the development of more robust and adapt-
able hearing aid technologies.

Sound Quality Predictions. This study also investigated the cor-
relation between a non-intrusive speech quality metric,
pMOS, and an intrusive speech quality metric, HASQI.
While several non-intrusive estimators exist, the pMOS met-
ric was chosen for comparison in this study because it was
employed in training of the DNN architecture implemented
within the tested hearing aids (Hasemann & Krylova, 2024).

It is pertinent to note here that the pMOS itself has been opti-
mized to predict speech quality judgments from listeners with
normal hearing (Diehl et al., 2022) and does not account for
hearing loss effects. In contrast, HASQI integrates a compre-
hensive auditory peripheral model that simulates hearing loss
and has been validated against subjective ratings from listen-
ers with hearing impairment (Kates & Arehart, 2014; Kates &
Arehart, 2022). We were therefore interested in understanding
the relationship between these two metrics when the DNN op-
erates alongside other hearing aid features, across a range of
audiograms, hearing aid fitting configurations, and acoustic
environments.

In general, the pMOS and HASQI metrics varied with one
another, indicating cross-metric agreement across SNRs and
across overall sound quality. They also varied in their re-
sponse to specific hearing processing conditions and auditory
scene factors. However, despite statistically significant corre-
lations, the strength of the linear relationship between pMOS
and HASQI varied considerably across different SNRs and re-
verberant environments, as reflected in the fluctuating
amounts of variance explained by the regression models.
These findings suggest that while both the non-intrusive
pMOS metric and the intrusive HASQI metric capture aspects
of sound quality, they exhibit distinct sensitivities to variables
such as hearing aid program settings and environmental con-
ditions. Further validation or extension of pMOS is needed to
improve its ability to predict speech quality for hearing aid
users.

Beyond pMOS, more recent research efforts have focused
on developing improved non-intrusive metrics for hearing aid
speech quality using speech foundation models (SFMs),
which leverage large-scale, pre-trained speech feature embed-
dings to support downstream tasks such as automatic speech
recognition (Ahlawat et al., 2025). For instance, (Cuervo &
Marxer, 2024) utilized SFMs to predict HASPI values from
a database of hearing aid recordings, while (Chiang et al.,
2024) developed HASA-Net+, an SFM-based model trained
to estimate HASPI and HASQI values from simulated hearing
aid data. More recently, (Ashkanichenarlogh et al., 2025)
have developed a SFM based structure using automatic
speech recognition and self-supervised learning trained using
HASPI and HASQI values collected by commercialized HAs
to predict speech quality and intelligibility indices for com-
mercialized hearing aids, trained on custom noisy speech da-
tasets and validated against intrusive measures and listener
data. Future research could explore the use of these advanced
non-intrusive metrics to evaluate hearing aids incorporating
DNN denoising, ensuring that assessment methods keep
pace with technological advancements.

Study Limitation. A key limitation of our findings lies in the re-
liance on objective metrics as proxies for subjective intelligi-
bility and quality, particularly in the context of
noise-reduction processing. While objective metrics such as
HASPI, and HASQI are widely used due to their convenience
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and reproducibility, recent evidence suggests that these me-
trics may not reliably predict actual human perception, espe-
cially when evaluating speech signals enhanced through deep
learning methods. Notably, Gelderblom et al. (2023) demon-
strated that none of the commonly used objective intelli-
gibility metrics reliably predicted subjective intelligibility

improvements for speech signals processed by both single-
and multi-channel deep complex convolution recurrent net-
work (DCCRN)-based systems. Similarly, López-Espejo
et al. (2023) showed that even when intelligibility and quality
metrics are used as objective/loss functions in the training of
the end-to-end neural networks, the resulting enhanced speech

Table 3. Occluded and Vented Averaged Results in Different Acoustic Conditions Using Different Processing Methods.

Acoustic
environments Speech from

No Processing
(%)

Noise Block
(%)

Beam
(%)

Beam+Noise
Block (%)

DNN
(%)

Beam+
DNN (%)

HASQI Reverb 0° Occluded 9.36 10.6 21.05 23.25 14.41 26.36
Vented 8.14 8.82 13.39 13.71 10.79 16.28

90° Occluded 21.41 23.69 11.83 14.13 30.86 29.11
Vented 18.61 19.09 11.43 12.70 22.24 20.13

Sound Booth 0° Occluded 10.35 11.80 23.60 25.41 18.73 33.81
Vented 11.38 12.04 18.57 18.85 15.79 24.15

90° Occluded 18.71 20.72 18.55 20.53 29.53 33.73
Vented 18.74 18.83 17.68 18.82 22.77 25.76

HASPI Reverb 0° Occluded 11.16 10.55 29.67 30.86 25.35 44.07
Vented 10.90 10.77 20.73 19.36 18.06 28.04

90° Occluded 30.39 34.47 14.74 16.85 51.06 45.97
Vented 29.97 30.64 17.40 20.06 37.76 33.09

Sound Booth 0° Occluded 8.80 8.80 29.49 28.54 24.92 44.72
Vented 9.80 10.54 23.71 22.64 18.84 31.47

90° Occluded 23.13 22.61 30.25 23.49 38.71 50.28
Vented 21.25 21.73 27.37 27.78 29.37 37.91

Figure 8. HASQI and HASPI Scores in Reverberant Room for Speech in 0° for the N2 Audiogram with Different Conditions.
Reverb room results for speech in 0°:
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Figure 9. HASQI and HASPI Scores in Reverberant Room for Speech in 0° for the N3 Audiogram with Different Conditions.

Figure 10. HASQI and HASPI Scores in Reverberant Room for Speech in 0° for the N4 Audiogram with Different Conditions.

Ashkanichenarlogh et al. 15



Figure 11. HASQI and HASPI Scores in Reverberant Room for Speech in 0° for the N5 Audiogram with Different Conditions.
Reverb room results for speech in 90°:

Figure 12. HASQI and HASPI Scores in Reverberant Room for Speech in 90° for the N2 Audiogram with Different Conditions.
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Figure 13. HASQI and HASPI Scores in Reverberant Room for Speech in 90° for the N3 Audiogram with Different Conditions.

Figure 14. HASQI and HASPI Scores in Reverberant Room for Speech in 90° for the N4 Audiogram with Different Conditions.
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Figure 15. HASQI and HASPI Scores in Reverberant Room for Speech in 90° for the N5 Audiogram with Different Conditions.
Sound booth results for speech in 0°:

Figure 16. HASQI and HASPI Scores in Sound Booth Room for Speech in 0° for the N2 Audiogram with Different Conditions.
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Figure 17. HASQI and HASPI Scores in Sound Booth Room for Speech in 0° for the N3 Audiogram with Different Conditions.

Figure 18. HASQI and HASPI Scores in Sound Booth Room for Speech in 0° for the N4 Audiogram with Different Conditions.
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Figure 19. HASQI and HASPI Scores in Sound Booth Room for Speech in 0° for the N5 Audiogram with Different Conditions.
Sound booth results for speech in 90°:

Figure 20. HASQI and HASPI Scores in Sound Booth Room for Speech in 90° for the N2 Audiogram with Different Conditions.
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Figure 21. HASQI and HASPI Scores in Sound Booth Room for Speech in 90° for the N3 Audiogram with Different Conditions.

Figure 22. HASQI and HASPI Scores in Sound Booth Room for Speech in 90° for the N4 Audiogram with Different Conditions.
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is not always characterized by better subjective intelligibility
and quality. These findings suggest that such metrics may fail
to fully capture perceptual dimensions introduced by modern
processing approaches, including non-linear and context-
sensitive transformations typical of DNNs. Thus, results sug-
gest that while objective metrics remain useful for initial eva-
luations, their limitations must be acknowledged, and
subjective listening tests should be incorporated when asses-
sing real-world system performance. Consequently, while
the present study provides a robust set of electroacoustic mea-
surements and our findings show strong predicted benefits for
DNN-based processing, these predictions must be interpreted
cautiously and validated through behavioral testing with
hard-of-hearing listeners. Such evaluations are essential for
validating the real-world effectiveness of DNN denoising in
improving speech intelligibility and sound quality.
Gathering data from human listeners across hearing loss pro-
files will provide deeper insights into user experience and help
refine DNN-based algorithms for broader clinical application.

Conclusion
This study demonstrates that implementing DNN-based de-
noising systems in commercially available hearing aids can
substantially improve predicted speech intelligibility and
sound quality across a wide range of listening conditions.
Using objective auditory-model metrics (HASPI for

intelligibility, HASQI for quality), the DNN approach consist-
ently outperformed traditional adaptive filtering and
beamforming-based noise reduction, with the greatest benefits
observed at lower SNRs, in steady-state noise, and for non-
frontal speech sources. The integration of DNN processing
with beamforming yielded the highest predicted intelligibility
scores, particularly under low-reverberation conditions, with
occluded fittings, and at SNRs of 0 and +5 dB. The
DNN-alone configuration also demonstrated measurable im-
provements over non-DNN programs, notably for lateral
speech presentations, indicating its potential to mitigate lim-
itations of beamforming in multi-directional listening envir-
onments. Although performance gains were attenuated in
medium-reverberation and multi-talker babble conditions,
they remained evident, underscoring both the promise and
current constraints of the tested system. It is important to
note that HASPI estimates are based on a better-ear metric;
thus, the observed advantages at 90° azimuth are likely attrib-
utable to head-shadow effects and may not reflect superior bi-
lateral listener performance. Significant interactions between
program type and factors such as noise type, venting config-
uration, and azimuth indicate that the magnitude of DNN
benefit depends on both the acoustic environment and the
physical fitting of the device. These results suggest that
DNN-based denoising may serve as a valuable signal-
processing option for challenging listening conditions that
are not optimally addressed by conventional methods.

Figure 23. HASQI and HASPI Scores in Sound Booth Room for Speech in 90° for the N5 Audiogram with Different Conditions.
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While the pMOS non-intrusive quality metric and the intru-
sive HASQI showed similar trends across SNRs, differences
in their sensitivity to program type and environmental factors
underscore the need for careful metric selection in future eva-
luations. Importantly, as this work relied solely on objective
measures, further behavioral studies with hearing-impaired
listeners are essential to validate whether these predicted ben-
efits translate into perceptual gains in everyday listening.

As an appendix, the rest of this section has been provided to
give more comprehensive insight to the readers. In this section
Table 3, demonstrates the averaged occluded and vented results
in percentage to conclude about the effects of occluded and
vented fittings on the performance of different processing meth-
ods. This table presents the results of various signal processing
techniques on speech quality (HASQI) and intelligibility
(HASPI) across different acoustic environments, including re-
verb and sound booth conditions, with speech coming from 0°
and 90° angles. The data demonstrates that the combination
beamforming plus DNN consistently enhances both HASQI
and HASPI scores across all conditions. Notably, occluded con-
ditions, which initially show lower speech quality and intelligi-
bility, benefit the most from this advanced processing, with
significant improvements observed, particularly in challenging
environments like low reverberation condition. Moreover, in
this section Figures 8–23 presents a visualization of the
HASQI and HASPI scores using different signal processing pro-
grams for all audiograms (N2, N3, N4, and N5) separately in dif-
ferent noisy (SSN, andMTB) conditions with different SNRs for
the speech in 0° scenarios in both a reverberant room and sound
booth. In these figures the x-axis shows the program or signal
processing methods, while the y-axis illustrates the HASQI or
HASPI values.
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