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Abstract
The human auditory cortex contextually integrates audio-

visual (AV) cues to enhance the comprehension of speech in
noisy environments. Numerous studies have investigated the
effectiveness of AV integration for speech enhancement (SE).
This paper evaluates the effectiveness of the COG-MHEAR
AV SE Challenge baseline model using an out-of-domain free-
flowing corpus. Experimental results indicate that the COG-
MHEAR AV SE Challenge baseline model exhibits superior
performance when applied to an out-of-domain corpus.
Index Terms: Free-Flowing, Speech enhancement, Audio-
Visual

1. Introduction
The primary objective of speech enhancement (SE) is to en-
hance speech intelligibility and quality in noisy signals by at-
tenuating noise components. Over recent decades, numerous
SE methods have been proposed and demonstrated to signifi-
cantly improve sound fidelity. One prominent technique, spec-
tral restoration, involves estimating a gain function to suppress
noise components in the frequency domain and thereby re-
construct a cleaner speech spectrum from noisy input [1, 2].
More recently, deep learning models have been increasingly
employed in SE to achieve superior performance in noise re-
duction tasks. Deep learning-based SE methods generally sur-
pass conventional approaches in effectiveness. Approaches uti-
lizing recurrent neural networks and convolutional neural net-
works have particularly demonstrated promising results in this
domain.

Gogate et al. [3] propose a novel language, noise, and
speaker-independent audio-visual (AV) deep neural network ar-
chitecture for real-time SE. The model utilizes noisy acoustic
cues and robust visual cues to enhance speech intelligibility by
selectively focusing on the target speaker. Their approach ex-
hibits superior performance, as demonstrated on datasets such
as the GRID corpus and CHiME 3 noise conditions. In addition,
Gogate et al. [4] presented a deep neural network (DNN) based
on an AV mask estimation model. This model contextually in-
tegrates the temporal dynamics of both audio and visual fea-
tures for mask estimation and speech separation. The AV fea-
ture extraction and ideal binary mask estimation utilize a hybrid
DNN architecture that leverages the complementary strengths
of stacked long short-term memory (LSTM) and convolutional
LSTM networks. Initial simulation results demonstrate the su-
perior performance of this approach.

In this paper, we evaluate AVSEC baseline model using an
out-of-domain free-flowing corpus [5]. The free-flowing cor-
pus exhibits a more natural and less scripted quality compared
to the AVSEC data on which the model was initially trained.

This new dataset contains unscripted, free-flowing, AV conver-
sational data between three interlocuters of mixed hearing abil-
ity. In evaluating the AVSEC model using data with high levels
of realism, we aim to assess the model’s limitations when ex-
posed to naturalistic AV speech.

2. Methodology
This section describes the COG MHEAR AVSE challenge base-
line model.

2.1. Audio Feature Extraction

Audio features were extracted utilising a U-net network, com-
prising modified encoder and decoder blocks specifically de-
signed for AVSE. The input to the network is the magnitude of
the noisy speech short-time Fourier transform (STFT) spectro-
gram, characterised by frequency and time dimensions. This
input is processed through two convolutional layers with a fil-
ter size of 4 and a stride of 2, facilitating down-sampling of the
time-frequency dimensions until the time dimension is reduced
to 64. Subsequently, the down-sampled features are passed
through three convolutional blocks, each consisting of two con-
volutional layers with a filter size of 3 and a stride of 1, followed
by a frequency pooling layer that reduces the frequency dimen-
sion by a factor of two.

2.2. Visual Feature Extraction

The visual feature extraction component of the pipeline initi-
ates with a 3D convolutional layer, employing a filter size of
5 × 7 × 7 and a stride of 1 × 2 × 2, followed by the ResNet-
18 architecture [6]. The output features from the residual net-
work are subsequently processed by a temporal convolutional
network (TCN). The input to the network comprises a sequence
of lip-cropped images with dimensions N × 88 × 88, where N
represents the number of frames. For each lip image, the visual
feature network generates a 512-dimensional vector. These vi-
sual features are then upsampled to correspond with the audio
feature sampling rate.

2.3. Multimodal fusion

The upsampled visual and audio features are integrated and
fed into a U-Net decoder. The decoder consists of three up-
convolutional blocks, each comprising two upsampling layers
that double the time dimension, followed by convolutional lay-
ers with a filter size of 3 and a stride of 1. Subsequently, these
AV features are processed through two transposed convolutional
layers with a filter size of 4 and a stride of 2, progressively ex-
panding the time-frequency dimension to match the original in-
put size. A sigmoid layer is then employed to map the output to
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Figure 1: The FCN-based U-Net framework used to optimize the STOI-based audio-visual SE model

a range between 0 and 1. Finally, the predicted mask is applied
to the input spectrogram to produce the masked spectrogram as
the output. Figure 1 depicts the FCN-based U-Net framework
used for the COG-MHEAR AV SE baseline model.

3. Experimental Results and Discussions
In this section, we provide an overview of the free-flowing
corpus, the objective evaluation metrics, and the experimental
setup, followed by a discussion of the results.

3.1. Free Flowing Corpus

Participants with mixed hearing abilities were recruited from
the Edinburgh area and invited to participate in groups of three
for short (2-3 minute) prompted conversations. Each group con-
sisted of one bilateral hearing aid user and two non-hearing
aid users. Conversations were conducted in both quiet and
noisy environments in a sound attenuated room. For the pur-
pose of this investigation, conversations held in a multilayered
soundscape comprising multi-talker babble, music, and envi-
ronmental sounds at 76 dBA were used. Conversation prompts
were designed to evoke discursive conversation, aiming to fa-
cilitate inclusive turn-taking and to avoid topic-related mono-
logue or withdrawal (extending [7, 8]. The corpus data collec-
tion included audio recordings from lavaliere lapel microphones
(Zoom F2) worn by each participant, and 2D video recordings
of each participant’s face and shoulders, as well as video cap-
tured from the hearing aid user’s perspective (video recorded us-
ing ELP USB Webcams at 1920x1080 dpi and 30 fps, collated
using OBS recording software). Audio and visual recordings
were synchronized and segmented using Audacity and Open-
Shot video editing software (version 3.1.1 ). Corpus design
and data collection are presented in greater detail in [5]. This

Figure 2: Example visual outputs from free-flowing conversa-
tion corpus.

dataset presents novel multi-talker speech data recorded with
high levels of realism, not currently available in existing AV
speech datasets.

3.2. Objective testing on synthetic mixtures

The evaluation of speech processing quality often involves sub-
jective listening tests. In our experimental framework, we uti-
lize various evaluation metrics, namely PESQ, STOI, and SI-
SDR, to approximate subjective evaluations. PESQ computes a
linear combination of average disturbance values and asymmet-
rical disturbance values between a reference signal and its mod-
ified counterpart. However, PESQ primarily assesses one-way
speech distortion and noise speech quality, lacking representa-
tion of interactive effects such as loudness, loss, delay, sidetone,
and echo. Scores for PESQ range from [-0.50, 4.50], indicating
the potential range of reconstructed speech quality [9]. STOI
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quantifies the correlation of short-time temporal envelopes be-
tween clean and modified speech, with values ranging from
[0, 1], where higher values denote enhanced intelligibility [10].
Lastly, SI-SDR, a scale-invariant variant of SDR, measures the
distortion introduced by the separated signal relative to clean
signal energy. Higher SI-SDR values reflect superior speech
separation performance [11].

3.3. Experimental Results

We investigated the impact of using an out-of-domain free-
flowing corpus on the AV SE challenge baseline model in terms
of PESQ, STOI, and SI-SDR. Table 1 summarises the results.
After model application, the PESQ is 2.41 compared to 1.12
prior to AVSE. The STOI is 0.83 following AVSE, compared
to 0.61 before enhancement. Finally, the SI-SDR rose to 8.06
from -0.47 before model application. These experimental find-
ings demonstrate that the free-flowing out-of-domain corpus
achieved better performance following AVSE challenge model
application.

Table 1: Results for out-of-domain Free-Flowing corpus

PESQ STOI SI-SDR
Noisy 1.12 0.61 -0.47
Free-Flowing out-of-domain 2.414 0.83 8.06

4. Discussion
Previously, the AVSE challenge model has been trained and
tested using raw and pre-processed datasets generated using
AV single utterances extracted from TED and TEDx videos
[12]. Testing with out-of-domain data allows evaluation of how
well the model generalises to previously unseen conditions, not
covered in the training scenarios. In this instance, the AVSE
challenge model was evaluated using novel recordings of free-
flowing multi-talker conversations held in complex noise envi-
ronments.

Applying the AVSE method to the out-of-domain data
resulted in improved scores for measures of speech quality
(PESQ), intelligibility (STOI), and noise distortion (SI-SDR).
The increase in PESQ score following AVSE application, shows
a notable improvement in perceptual speech quality. Further-
more, the observed rise in STOI score suggests a substantial
improvement in speech intelligibility due to the AVSE model.
Additionally, we observed a substantial rise in SI-SDR value,
demonstrating a notable reduction in signal distortion after ap-
plying the AVSE model to the free-flowing corpus data. As
such, the AVSE model can be seen to generalise well to unseen
AV speech data with high levels of realism.

These findings highlight the effectiveness of incorporating
visual elements of conversation when enhancing speech sig-
nals, particularly in challenging environments where traditional
audio-only methods might falter. This is consistent with find-
ings in the field that highlight the benefits of multimodal ap-
proaches to speech processing [13][14]. .

5. Conclusion
In this paper, we assess and evaluate the COG-MHEAR AV
SE baseline model using an out-of-domain free-flowing corpus.
The initial experimental results demonstrate that the baseline
model achieves promising results. As ongoing future work, we

intend to evaluate the model’s performance using different lan-
guages and conversation settings to understand its generalisa-
tion capabilities.
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