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Abstract
Despite significant progress in speech enhancement (SE), im-
proving speech intelligibility and perceptual quality in noisy en-
vironments for hearing-impaired individuals remains challeng-
ing. This paper presents an individualized speech-enhancement
(ISE) framework that integrates noise reduction (NR) and sound
amplification for hearing loss compensation within a unified
system. Our fully differentiable, closed-loop design incorpo-
rates biophysically realistic auditory models. The framework
features two pathways: one simulating the auditory response
of a normal-hearing (NH) system to denoised speech and the
other modeling a hearing-impaired (HI) system’s response to
noisy speech. The ISE model is trained by minimizing the dif-
ference between NH and HI auditory responses. Experimental
results show that the ISE model enhances speech intelligibility
and perceptual quality in noisy conditions for HI listeners, of-
fering a promising foundation for advancing personalized noise
reduction strategies.
Index Terms: Individualized speech enhancement, hearing-aid
processing, closed loop, deep neural network

1. Introduction
Speech enhancement (SE) plays a crucial role in speech com-
munication by improving the perceptual quality and intelligi-
bility of speech signals degraded by noise, reverberation, and
distortion. Enhancing speech quality benefits a wide range of
applications, including automatic speech recognition (ASR),
speaker identification, and hearing-aid design.

Recent advancements in deep neural networks (DNNs)
have significantly improved SE performance. However, most
SE models are developed under the assumption that listeners
have normal hearing [1, 2, 3, 4]. Research has shown that DNN-
based SE models provide only limited speech intelligibility im-
provements for individuals with hearing impairment [5]. Hear-
ing loss substantially degrades auditory perception, making it
difficult for affected individuals to understand speech in noisy
environments. Conventional SE models alone are insufficient
for improving speech intelligibility for this population, as sim-
ple noise reduction does not address the underlying auditory
deficits. Amplification is often necessary to compensate for the
reduced sensitivity and impaired speech perception in hearing-
impaired listeners.

Despite progress in DNN-based hearing-aid technologies
[6, 7, 8, 9], two key challenges remain. First, current hear-
ing aids primarily compensate for outer-hair-cell (OHC) loss
and elevated hearing thresholds but do not adequately address
other aspects of sensorineural hearing loss (SNHL), such as
cochlear synaptopathy (CS), which involves damage to auditory
nerve synapses. Recent studies have introduced differentiable

frameworks that aim to compensate for both OHC and CS-
related hearing deficits [10, 11], but improvements in speech
intelligibility in noisy environments remain marginal [10]. Al-
though a closed-loop hearing-aid model was proposed recently
[12] that integrates noise reduction and amplification, it did not
account for CS-related deficits. Second, existing approaches
typically implement noise reduction and amplification as sep-
arate modules, leading to increased computational complex-
ity and processing latency. The requirement for multiple deep
learning models can make real-time processing in hearing de-
vices impractical. Addressing these challenges requires an in-
tegrated approach that simultaneously performs noise reduction
and hearing loss compensation within a unified framework.

To address these challenges, we propose a framework for
designing individualized speech enhancement (ISE) models that
integrate noise reduction and hearing loss compensation within
a unified system. The framework is built upon dCoNNear [11],
a DNN-based biophysical model of human auditory process-
ing. A key feature of this framework is its adaptability to an
individual’s specific hearing impairment profile. Since ambi-
ent sound plays a crucial role in environmental awareness, we
introduce a coefficient parameter to regulate the level of denois-
ing thereby ensuring an optimal balance between noise suppres-
sion and situational awareness. The ISE models are optimized
by leveraging biophysical differences in auditory processing
between normal-hearing and hearing-impaired pathways. The
main contributions of this paper are as follows: 1) developing
a biophysically-inspired framework for individualized speech
enhancement that integrates noise reduction and sound ampli-
fication for hearing-impaired listeners in a single DNN-based
model, 2) evaluating the effectiveness of the proposed approach
in restoring speech intelligibility and quality in noise for indi-
viduals with OHC loss and CS, and 3) examining the impact of
varying noise reduction levels on perceptual quality and intelli-
gibility.

2. Framework
The closed-loop framework for designing individualized speech
enhancement (ISE) models is illustrated in Figure 1. It consists
of two pathways: one representing the auditory nerve (AN) re-
sponse rf of a normal-hearing (NH) auditory system to a de-
noised speech signal, and the other representing the response r̂f
of a hearing-impaired (HI) system to a noisy speech signal. The
framework is based on dCoNNear [11], which simulates audi-
tory processing stages for both pathways, including cochlear,
inner hair cell (IHC), and auditory nerve fiber (ANF) responses.
The ISE model takes two inputs: a noisy speech signal x and
a coefficient parameter, called the “target SNR,” which controls
the level of noise reduction. The enhanced speech output ŷ from
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Figure 1: Diagram of the closed-loop framework for designing individualized speech-enhancement (ISE) models.

the ISE model is then processed through the HI pathway, while
the target enhanced speech samples y are sent through the NH
pathway. The ISE model is trained by minimizing a predefined
loss function that quantifies the difference between the simu-
lated NH and HI responses, ensuring that the enhancement pro-
cess aligns with the auditory characteristics of normal hearing.

2.1. Individualized speech enhancement model

The ISE model is built upon the dCoNNear architecture [11],
which consists of a sequence of stacked FIR-like memory
blocks with exponentially increasing dilation factors [13]. This
design enables the network to capture long-term dependencies
in the speech signal. Specifically, M memory blocks with di-
lation factors 2m−1 are repeated R times, resulting in a total
of N = M × R blocks. To facilitate learning and mitigate
the vanishing gradient problem, residual connections are incor-
porated between the memory blocks. Additionally, skip con-
nections are introduced to aggregate outputs from each memory
block through a weighted summation. The aggregated values
are then passed through a non-linear activation function and a
convolutional layer to produce the final model outputs. The hy-
perparameters of the ISE model are summarized in Table 1.

Table 1: Hyperparameters of the ISE model. K represents the
kernel length of the 1D dilated convolutional layer in each mem-
ory block, while H denotes the number of channels in the hidden
layers.

M 6
R 2
K 32
H 200

Activation PreLu
Param. (million) 1.5

GMACs 9.72

2.2. Individualisation of auditory elements

Both normal-hearing (NH) and hearing-impaired (HI) auditory
peripheries utilize biophysically inspired CNN-based models to
accurately simulate human cochlear, inner hair cell (IHC), and
auditory nerve fiber (ANF) processing. These models include

dCoNNearcochlear, dCoNNearIHC, and dCoNNearANF [11]. To
individualize the hearing-impaired auditory elements, the NH
auditory modules were modified to simulate varying degrees of
outer hair cell (OHC) loss and cochlear synaptopathy (CS) in
the HI pathway. OHC loss was modeled by retraining the NH
cochlear model using transfer learning, incorporating a specific
gain-loss profile or an individual audiogram [14]. The NH au-
ditory nerve (AN) response (rf ) was computed as a weighted
sum of the three ANF responses, with parameters HNH = 13,
MNH = 3, and LNH = 3 representing the distribution of ANF
types. To simulate CS, the model was adjusted by modifying
the weights HHI , MHI , and LHI accordingly [10].

3. Training
The training procedure involved two main stages: first, indi-
vidualizing the auditory modules to match specific hearing-
impaired profiles, and second, training the ISE model within
the closed-loop framework to minimize the difference between
NH and HI auditory pathways. In this study, two types of hear-
ing loss were simulated. The first, “flat30” represents a uniform
30 dB loss across all frequency bands. The second, “CS7,0,0” ,
simulates cochlear synaptopathy (CS), characterized by a com-
plete loss of low spontaneous rate (LSR) and medium sponta-
neous rate (MSR) auditory nerve fibers (ANFs), with HHI = 0
and MHI= 0, along with an approximate 46% loss of high spon-
taneous rate (HSR) ANFs, where LHI = 7. Once the auditory
elements were individualized, the ISE models were optimized
within the closed-loop system, while the auditory module pa-
rameters remained fixed throughout training.

3.1. Dataset

Step 1: To individualize auditory models, a subset of 2,860 ran-
domly selected utterances from the TIMIT speech corpus [15]
was employed to train cochlear models corresponding to spe-
cific hearing profiles. The dataset was partitioned into 2,310
samples for training and 550 for validation. The training was su-
pervised using target outputs derived from biophysical models
of cochlear processing [16], which simulates basilar membrane
(BM) vibrations, inner hair cell (IHC), and auditory nerve fiber
(ANF) at 201 center frequencies spanning 100 Hz to 12 kHz.

Step 2: To train the ISE models based on the closed-loop
framework shown in Figure 1, we used the INTERSPEECH
2021 DNS Challenge dataset [17, 18], which consists of speech
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recordings from 11,350 speakers and over 600 diverse noise
scenarios. For noise dataset, Audioset [19] was used for train-
ing, while Freesound [20] was utilized for testing. Noisy speech
samples were synthesized by randomly selecting noise seg-
ments and mixing them with clean utterances at signal-to-noise
ratios (SNRs) ranging from -5 dB to 5 dB, with 1 dB incre-
ments. The target dataset, representing denoised speech, was
generated by applying a randomly chosen target SNR within
the range of 10 dB to 30 dB. The dataset used for model train-
ing comprised 100 hours of speech, with an additional 5 hours
reserved for validation. For performance evaluation, a test set of
1 hour was generated for each SNR condition (-5 dB, 0 dB, and
5 dB). The corpus was upsampled to 20 kHz to align with the
frequency range of the human hearing model in the closed-loop
system, and normalized to 70 dB sound pressure level (SPL)
with reference p0 = 2× 10−5.

3.2. Training configurations

To optimize cochlear model individualization, we adopted the
training methodology from [11], using mean absolute error
(MAE) as the optimization criterion. The trained dCoNNear-
based modules simulate cochlear responses across 201 cen-
ter frequencies (100 Hz–12 kHz). For ISE model training,
we selected 21 equally spaced frequency channels to im-
prove efficiency and optimized the model by minimizing the
mean squared error (MSE) between normal-hearing (NH) and
hearing-impaired (HI) auditory nerve responses. The frame-
work was implemented in PyTorch using a fixed learning rate
of 0.0001 and the Adam optimizer [21].

4. Evaluation

To evaluate the effectiveness of the proposed ISE models, we
conducted a comparative analysis against a generic noise re-
duction (NR) model and a closed-loop hearing-aid (HA) model.
The models are defined as follows:

1) NR: A generic noise reduction model based on the pro-
posed ISE model but trained independently, without in-
corporating the closed-loop framework. This model was
optimized using the widely adopted scale-invariant signal-
to-distortion ratio (SI-SDR) loss function [22].

2) HA: A closed-loop hearing-aid model derived from [11],
designed to compensate for hearing loss profiles “flat30”
(HAflat30) and “CS7,0,0” (HACS700).

3) ISE: The proposed ISE model, which conducts noise
reduction and compensates for “flat30” (ISEflat30) and
“CS7,0,0” (ISECS700) simultaneously.

Evaluation was conducted using a 1-hour test set generated from
the DNS Challenge dataset, with an SNR of 0 dB at 70 dB SPL.
For the “flat30” OHC loss condition, speech quality was as-
sessed using the Hearing-Aid Speech Quality Index (HASQI)
version 2, as proposed by Kates and Arehart [23]. Speech intel-
ligibility was evaluated using the Hearing-Aid Speech Percep-
tion Index (HASPI) version 2 [24].

To evaluate the performance of ISE models for “CS7,0,0”,
the effectiveness of the simulated restoration was quantified us-
ing three objective metrics: speech-to-reverberation modulation
energy ratio (SRMR) [25] and normalized root-mean-square er-
ror (NRMSE) [10]. The NRMSE is defined as: Let yi and ŷi
denote the population responses of the NH and HI auditory re-

sponses, where

yi =

K∑
j=1

ri,j , ŷi =

K∑
j=1

r̂f i,j (1)

We then compute the root-mean-square error

RMSE =

√√√√ 1

N

N∑
i=1

(
yi − ŷi

)2
, (2)

and normalize it by the maximum true value:

NRMSE =
RMSD

max
1≤i≤N

yi
. (3)

Here, i indexes the time frames, j indexes the center frequen-
cies, N is the total number of frames, and K is the number of
frequency channels.

5. Results
The performance of the ISE models was evaluated for outer
hair cell (OHC) loss “flat30” and cochlear synaptopathy (CS)
“CS7,0,0”, focusing on sound quality and speech intelligibility.
The evaluation metrics were computed for each test sample and
subsequently averaged across the test dataset derived from the
DNS Challenge.

5.1. Our-hair-cell loss

Table 2 presents HASPI scores for different methods un-
der varying denoising levels, evaluated for simulated normal-
hearing and hearing-impaired listeners with “flat30” OHC loss.
For simulated normal-hearing listeners, the generic NR model
exhibited increased HASPI scores across all denoising lev-
els, with scores increasing as the target SNR decreased. This
trend suggests that reducing noise suppression levels can en-
hance speech intelligibility. For simulated hearing-impaired lis-
teners with “flat30” OHC loss, while the generic NR model
also demonstrated improved HASPI scores compared to unpro-
cessed samples when target SNRs were below 20 dB, the HA
model outperformed the NR model for all denoising levels. The
ISE model, particularly at a target SNR of 10 dB, achieved the
highest performance, yielding approximately a 10% improve-
ment in intelligibility compared to the unprocessed system. The
performance of the ISE model declined as noise reduction in-
creased, with intelligibility scores decreasing at higher target
SNRs. However, when the target SNR was below 20 dB, the
ISE model outperformed the HA model. These findings indi-
cate that selecting an optimal denoising level is crucial for the
ISE model, as excessive noise suppression may inadvertently
degrade speech components, leading to reduced intelligibility.

Table 3 presents HASQI scores for different models, eval-
uated for both simulated normal-hearing and hearing-impaired
listeners with “flat30” OHC loss. For simulated normal-hearing
listeners, the generic NR model consistently increased HASQI
scores across all target SNR levels, with higher denoising lev-
els yielding higher scores. This trend suggests that increasing
noise reduction improves perceived sound quality. For simu-
lated hearing-impaired listeners with “flat30”, the NR model
demonstrated an improvement in HASQI scores compared to
unprocessed samples, with scores increasing as the denoising
level increased. However, the HA model showed lower (worse)
HASQI scores than unprocessed speech. This outcome can be
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Table 2: Comparing the HASPI scores (%) of different methods
for simulated normal-hearing and hearing-impaired listeners
with target SNRs from 10 to 30 dB. Higher scores correspond
to better performance.

Loss types Models 10 dB 15 dB 20 dB 25 dB 30 dB

NH
Noisy 82.9

NR 88.84 86.10 85.58 84.92 84.23

HI
flat30

Noisy 73.19
NR 76.34 75.87 73.69 72.16 71.17
HA 77.35
ISE 82.46 79.16 76.73 74.52 73.22

attributed to the compressive amplification characteristics of the
HA model, which adjust gain dynamically by amplifying quiet
sounds while compressing louder ones. As a result, background
noise becomes overamplified, degrading overall speech quality.
The ISE model exhibited improved HASQI scores relative to
the unprocessed system, with scores rising as the target SNR
increased. Notably, the ISE model outperformed the NR model
when target SNRs exceeded 20 dB. These findings indicate that
an optimal target SNR is critical for maximizing speech quality
for hearing-impaired listeners.

Table 3: Comparison of the HASQI scores (%) of different meth-
ods for simulated normal-hearing and hearing-impaired listen-
ers with target SNRs from 10 to 30 dB. Higher scores corre-
spond to better performance.

Loss types Models 10 dB 15 dB 20 dB 25 dB 30 dB

NH
Noisy 18.82

NR 24.02 25.73 27.86 28.82 30.61

HI
flat30

Noisy 21.65
NR 30.59 31.38 31.45 32.95 33.78
HA 18.1
ISE 26.56 27.87 31.49 33.88 34.65

5.2. Cochlear synaptopathy

Table 4 presents the NRMSE and SRMR scores for cochlear
synaptopathy “CS7,0,0”, a condition for which most conven-
tional hearing aids lack targeted treatments. Across both met-
rics, the ISE model (target SNR = 10 dB) achieved the best
performance among all compared systems. Additionally, the
HA model exhibited lower NRMSE scores than the unpro-
cessed samples, consistent with findings from [10], which re-
ported that the HA model performed worse in terms of NRMSE
for speech-in-noise. This result may be attributed to the HA
model’s tendency to overamplify background noise, which dis-
rupts the restoration of the auditory nerve (AN) population. A
similar pattern was observed in the NR model, likely because it
focuses solely on noise reduction without addressing AN popu-
lation restoration, thereby limiting its effectiveness. These find-
ings highlight the ISE model’s potential to effectively compen-
sate for “CS7,0,0” in speech-in-noise scenarios.

5.3. Disscussion

In this study, the ISE model was trained using the MSE between
the NH and HI outputs. However, given the complex interaction

Table 4: Comparing the performance of different methods
for CS using the objective measures NRMSE and SRMR. For
SRMR, higher scores correspond to better performance and
lower scores correspond to better performance for NRMSE.

Noisy HA NR ISE (10 dB)
NRMSE (%) 22.35 20.88 25.63 19.26

SRMR 4.91 4.52 8.82 6.94

between denoising and amplification in the ISE model, as well
as the highly nonlinear nature of auditory processing [10], ex-
ploring more effective loss functions could lead to more precise
hearing loss compensation and improved sound quality. Future
work will investigate loss functions that better capture the per-
ceptual characteristics of impaired hearing.

A key feature of the proposed framework is the introduc-
tion of the target SNR parameter, which regulates the level of
noise reduction. The results indicated that increasing the de-
noising level led to a decline in intelligibility scores while im-
proving speech quality. This trade-off suggests that excessive
noise suppression may compromise essential speech compo-
nents, thereby reducing intelligibility. Additionally, ambient
sounds play a vital role in helping listeners maintain awareness
of their surroundings. To further investigate this balance, a lis-
tening test will be conducted to examine how users select the
optimal target SNR, considering intelligibility, sound quality,
and environmental perception.

6. Conclusion
This study proposed a framework for designing individualized
speech enhancement (ISE) models that integrate both noise re-
duction and sound amplification. The framework was evaluated
for two types of hearing loss: outer hair cell (OHC) loss and
cochlear synaptopathy (CS). The results demonstrated that the
ISE models effectively enhanced speech intelligibility and qual-
ity in noisy environments for hearing-impaired listeners across
both loss types. A coefficient parameter was introduced to reg-
ulate noise reduction levels, enabling a balance between speech
intelligibility, sound quality, and environmental awareness. Ad-
ditionally, by integrating denoising and amplification within a
unified system, the ISE model reduces computational complex-
ity compared to conventional multi-module approaches. This
efficiency makes it well-suited for real-time applications in low-
resource hearing devices. Overall, the proposed ISE framework
offers a promising direction for precise, DNN-based individu-
alized speech enhancement, paving the way for future advance-
ments in hearing aid technology.
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