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Abstract— Objective: Individuals with hearing impair-
ments face challenges in their ability to comprehend
speech, particularly in noisy environments. This study ex-
plores the effectiveness of audio-visual speech enhance-
ment (AVSE) in improving the intelligibility of vocoded
speech in cochlear implant (ClI) simulations. Methods: We
propose a speech enhancement framework called Self-
Supervised Learning-based AVSE (SSL-AVSE), which uses
visual cues such as lip and mouth movements along
with corresponding speech. Features are extracted using
the AV-HUBERT model and refined through a bidirectional
LSTM. Experiments were conducted using the Taiwan Man-
darin speech with video (TMSV) dataset. Results: Objective
evaluations showed improvements in PESQ from 1.43 to
1.67 and in STOI from 0.70 to 0.74. NCM scores increased
by up to 87.2% over the noisy baseline. Subjective listening
tests further demonstrated maximum gains of 45.2% in
speech quality and 51.9% in word intelligibility. Conclusion:
SSL-AVSE consistently outperforms AOSE and conven-
tional AVSE baselines. Listening tests with statistically sig-
nificant results confirm its effectiveness. In addition to its
strong performance, SSL-AVSE demonstrates cross-lingual
generalization: although it was pretrained on English data,
it performs effectively on Mandarin speech. This finding
highlights the robustness of the features extracted by a
pretrained foundation model and their applicability across
languages. Significance: To the best of our knowledge,
no prior work has explored the application of AVSE to CI
simulations. This study provides the first evidence that
incorporating visual information can significantly improve
the intelligibility of vocoded speech in Cl scenarios.

Index Terms— Audio-visual speech enhancement,
cochlear implants, self-supervised learning, cross-lingual
generalization.
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[. INTRODUCTION

Voice is essential for communication and psychological
blending with society [1]. The advancement of digital tech-
nologies has led to the emergence of various voice-related
applications in the field of information and communications
technology. According to the World Health Organization
(WHO), one in four adults over 60 years of age and 15% of
the general adult population experience hearing loss. Untreated
hearing loss can lead to feelings of loneliness and result in
isolation for the elderly while severely impairing learning
ability in young children [2], [3]. Research on hearing loss
and the development of innovative techniques to support those
affected has become a significant area of focus. According to
the WHO’s classification of hearing impairment [4], cochlear
implants (CIs) are groundbreaking devices that restore hearing
in individuals with severe-to-profound hearing loss [5]—[8] and
may also contribute to improved cognitive functioning [9],
[10]. CIs comprise an external sound processor and an internal
component that delivers precisely timed electrical pulses to
stimulate the auditory nerve. They have significantly improved
the quality of life for hundreds of thousands of individuals with
severe to profound hearing loss. Approved by the Food and
Drug Administration (FDA) for individuals aged 12 months
and older, CIs provide a highly effective means of restoring
auditory perception.

Previous studies have confirmed that under quiet conditions,
CI can effectively enhance the hearing capability of recipients,
especially for speech recognition [5], [11]-[13]. However,
it has been reported that speech recognition performance
degraded considerably when the target speech signals are
distorted [14]-[17]. In real-world scenarios, there are several
distortion sources, including background noise, reverberation,
and interfering speech. To address speech distortion issues, a
speech enhancement (SE) unit is usually adopted as a front-
end processing unit in CI devices [18], [19]. Various tech-
niques, including single-channel SE algorithms like spectral
subtraction [20], [21], subspace methods [22], optimized gain
functions [23], and commercial solutions [24], [25], have all
been applied to improve CI performance. Furthermore, multi-
microphone and beamforming approaches have been explored
for SE in CI users, taking advantage of spatial filtering to better
isolate speech signals from background noise [26]-[29].
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In recent years, SE techniques have improved significantly
thanks to advances in machine learning algorithms. Notable
examples include non-negative matrix factorization [30], [31],
sparse coding [32], [33], compressive sensing [34], and robust
principal component analysis [35]. More recently, further
advancements have been achieved through the powerful re-
gression capabilities of deep learning—based models [36]-[52].
For these approaches, deep neural networks are often used
as a mapping function to carry out enhancement filtering
on noisy input to attain high-quality speech signals. Several
extensions have been made to these deep-learning models.
One direction is to use a more suitable objective function
to train the SE system. In [42], [53]-[58], speech metric-
oriented objective functions are derived, which can be divided
into two categories. The first category directly considers a
particular metric to form the objective function, such as [53]—
[55], [59]. The second uses another neural network model to
form the objective function, such as [42], [56]-[58]. Exper-
imental results confirm that when a speech-metric oriented
objective function is used, the SE system can be guided to
achieve desirable output with optimal speech metric scores. In
addition to designing more suitable objective functions, some
researchers have attempted to incorporate information from
other modalities as auxiliary inputs to the SE model, enabling
exploitation of additional contextual information. Visual clues
are one important modality that carries complementary in-
formation to speech signals during everyday communication.
Numerous audio-visual multi-modal SE approaches, termed
AVSE, have been proposed [60]-[69]. These studies clearly
show that visual cues can successfully enhance the perfor-
mance of audio-only speech enhancement (AOSE).

Developing an efficient AVSE system with limited train-
ing data is a critical challenge in real-world applications.
Following [68], we address this issue by leveraging self-
supervised learning (SSL) in AVSE. SSL models are trained by
reconstructing the original input at the output, thereby learning
to effectively analyze and resynthesize the data without requir-
ing labels. Across numerous tasks, SSL has demonstrated its
ability to extract more representative features, thereby boosting
performance in downstream classification and regression tasks
[70], [71]. For example, the well-known Bidirectional Encoder
Representations from Transformers (BERT) model generates
contextual language representations from large text corpora.
As a versatile Al pretraining model originally developed for
Natural Language Processing (NLP), BERT has demonstrated
substantial performance improvements over previous super-
vised approaches across a wide range of tasks, including
language understanding and speech recognition [72]-[74]. In
speech processing, HuBERT—a BERT-derived model based
on hidden units [75]—has shown strong effectiveness for the
SE task [76], [77]. Building on these advances, we propose a
novel SSL-AVSE framework that leverages AV-HuBERT [78],
an audio-visual extension of HuBERT.

In the past decade, deep learning-based SE techniques have
been applied to CI systems [79]-[84], enabling more adaptive
and robust processing methods tailored to the diverse auditory
environments experienced by CI users. While the benefits
of incorporating visual cues into the SE process are well-
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Fig. 1. Overview of our proposed system: Noisy speech and video are
input into our SSL-based AVSE model, which outputs enhanced speech
for Cl users.

established, their specific advantages for CI devices have,
to our knowledge, not yet been explored. In this study, we
aim to evaluate the effectiveness of the proposed SSL-AVSE
system for CI, with the implementation and user test scenario
illustrated in Fig. 1. As shown in the figure, the SSL-AVSE
system processes the combined noisy speech and video as
inputs and outputs enhanced speech, which is then provided
to a CI device. In this study, we employ a 16-channel speech
vocoder to process enhanced utterances, simulating CI audio
and calculating relevant performance metrics. Additionally, a
listening test with 80 subjects is conducted to assess subjective
speech quality and word intelligibility. Results indicate that the
proposed SSL-AVSE model achieves maximum improvements
of over 45% in speech quality and 50% in intelligibility
compared with the original noisy signals, and over 25% and
45% improvements, respectively, compared with the baseline
AVSE system.

[I. METHODS

In this section, we first formulate our problem and then
present the SSL-AVSE network used in this study. We then
demonstrate our training criteria and inference procedures,
including the mathematical theories involved.

A. Problem Formulation

Given a speech signal s(t) and a noise signal n(t), the noisy
signal X(t) can then be denoted as:

X(t) = s(t) + n(t) ey

The noisy signal X(t) is transformed into the spectral feature
X. The model predicts a ratio mask M to extract the clean
speech signal for the corresponding target speaker from X.
M is estimated from our SSL-AVSE model, which uses the
noisy signal X(t) and additional visual cues v(t) composed
of the lip image sequence. The enhanced speech can then be
obtained by the following formula:

S=X M 2)

where “ ” indicates an element-wise multiplication. From the
above, we can then use the enhanced representation, é to
reconstruct the waveform signal $(t), also known as enhanced
speech.






