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ABSTRACT
Most existing audio-visual speech enhancement (AVSE)

methods work well in conditions with strong noise, howev-
er when applied to conditions with a medium SNR, serious
performance degradations are often observed. These degra-
dations can be partly attributed to the feature-fusion(early fu-
sion etc.) architecture that tightly couples the audio infor-
mation that is very strong and the visual information that is
relatively weak. In this paper, we present a safe AVSE ap-
proach that can make the visual stream contribute to audio
speech enhancment(ASE) safely in conditions of various S-
NRs by late fusion.The key novelty is two-fold: Firstly, we
define power binary masks (PBMs) as a rough representation
of speech signals. This rough representation admits the weak-
ness of the visual information and so can be easily predicted
from the visual stream. Secondly, we design a posterior aug-
mentation architecture that integrate the visual-derived PBMs
to the audio-derived masks via a gating network. By this ar-
chitecture, the entire performance is lower-bounded by the
audio-based component. Our experiments on the Grid dataset
demonstrated that this new approach consistently outperform-
s the audio-based system in all noise conditions, confirming
that it is a safe way to incorporate visual knowledge in speech
enhancement.

Index Terms— speech enhancement, audio-visual, deep
learning, multimodal

1. INTRODUCTION

Speech enhancement (SE) aims to remove background noise
from noisy speech so that the intelligibility can be improved.
Traditional algorithms include Wiener filtering [1], spectral
subtraction [2], minimum mean squared error (MMSE) es-
timation [3]. These methods are easy to implement but not
well generalizable, due to the strong assumptions they hold.
Recently, deep learning based speech enhancement method
gained much attention and showed significant improvemen-
t over traditional methods [4, 5, 6, 7]. The key component
of these methods is a deep neural network (DNN) that learns
a complicated mapping function from noisy speech to clean
speech, in a way of noisy training. That is, construct a large
mount of noisy speech by mixing noise of various types with
clean speech, and the DNN is trained to recover the clean
speech from the noisy speech.

In spite of the great success of deep speech enhance-
ment, the audio-only approach is limited in some complex
situations, e.g., when there are multiple speakers, the back-
ground noise is very strong especially when the noise is

unknown to the audio-only methods. Visual information is
valuable in these situations: it can provide knowledge of
the target speaker with content information and aid to es-
timate the desirable time-frequency (TF) value. A number
of researches have been conducted towards this audio-visual
speech enhancement (AVSE). For instance, Almajai et al. [8]
introduced Visually Derived Wiener Filters based on the cor-
relation between visual signal and audio signal. Abdelaziz
et al.[9] showed twin hidden Markov model to improve the
performance of audio-only model when applied on low SNR.
Gabbay et al. [10] proposed an encoder-decoder architecture
where the encoder maps both audio (noisy speech) and vi-
sual signals (mouth images) into a shared embedding space,
and the decoder produces clean speech based on the shared
embedding. Ephrat et.al [11] introduced a Looking-to-Listen
model, where embeddings of audio and visual signals are
concatenated and are used to predict complex masks that can
be used to derive speech of target speakers. Gogate [12]
followed the same idea and presented an architecture called
CochleaNet. Hou et.al [13] built a similar model, however
the decoder reconstructs not only clean speech but also the
mouth images. .

All aforementioned methods, extracting features from
both visual and audio signal respectively and combining them
together in fusion part, are called feature-fusion and achieved
good performance in conditions with a low SNR, e.g., with
multiple speakers [11] or a strong background noise [13].
However, when we tried to apply these methods to conditions
with a medium SNR, serious performance degradation was
observed (see in the experiments). In other words, most of
existing deep AVSE methods are not consistently reliable in
various real-world environments. We hypothesize that this
degradation can be attributed to the weakness of the visual
information. Although the correlation between visual and au-
dio data does exist [14], the visual information is only related
to the envelope of the spectrum (not source), and the mapping
between visual and audio frames is not one-to-one, nor tem-
porally aligned [15]. The weak correlation between visual
and audio streams suggests that the visual stream can provide
only weak information for the SE task. Unfortunately, most
of existing models fuse the visual and audio streams at the
feature level, which tightly couples the audio information
which is essentially strong for SE and the visual information
which is intrinsically weak. This tight coupling works well
when audio information is unreliable (in the case of a low
SNR), however when the audio information is strong (in the
case of a medium and high SNR), involving the weak visual
information tends to be hurtful.

In this paper, we present a late fusion architecture to ad-



dress this problem. Firstly, we define power binary masks
(PBMs) as a rough representation of speech signals. The
roughness of this representation matches the weakness of the
visual information, and so the PBMs can be predicted from
the the visual stream. Secondly, we design a posterior aug-
mentation architecture which augments the visually-derived
PBMs to the audio-derived masks via a gating network. This
posterior augmentation architecture offers a loose coupling
between the audio and visual information, which is different
from the feature-fusion architecture taken by existing AVSE
methods. By this architecture, the entire performance is dom-
inated and lower-bounded by the audio-based system, and
the visual-based system provides only auxiliary contribution.
This is suited to the weakness of visual information and pro-
vides a safe way to make use of the visual knowledge for SE
in general conditions. Finally, our model is based on uni-
directional LSTM, which permits us performing online en-
hancement.

We evaluate the performance of our model in the percep-
tual evaluation of speech quality (PESQ) [16] under different
SNR conditions. The result on the Grid database demonstrat-
ed that the OVA approach consistently outperforms the audio-
based system in all experiment setups, and outperforms two
state-of-the-art AVSE models in conditions of medium SNRs.

2. MODEL ARCHITECTURE

In this section, we present the OVA architecture as shown in
Fig. 1, which involves the audio-based component, visual-
based component and the augmentation component.

2.1. Audio-based component

The audio-based component, shown in the red box in Fig. 1,
follows the design of Gao et. al. [17]. The speech feature
fed to the input layer is 257-dimensional log power spectrum
(LPS). Three LSTM layers are stacked, followed by a full-
connection (FC) layer. Each LSTM layer contains 1024 cells,
and the output of the FC layer contains 257 units, equal to
the dimension of the power spectrum(PS) feature. The role of
this network is to accept features of noisy speech signals and
predict ideal ratio masks (IRM) that are used to reconstruct
clean speech. The IRM is simply defined as the ratio between
the PS of clean speech and noisy speech which is expressed
as the PS of clean speech plus the PS of noise speech at each
time and on each frequency bin, i.e.,

IRMt[f ] =
ct[f ]

ct[f ] + nt[f ]
,

where c and n denotes the PS features of clean and noise
speech respectively, and t and f index time and frequency
bins respectively.

The audio-based component is trained following the tra-
ditional noisy training recipe. The neural net is trained us-
ing the noisy speech as the input and the IRM as the target.
Once the model has been trained, it will be frozen during the
following training steps for the visual-based component and
the augmentation component. By this frozen, we will keep
a strong audio-based system and keep the performance when
visual information is not available. We will denote the IRM

Table 1. The CNN structure for visual feature extraction.
CNN conv1 conv2 conv3 conv4 conv5 conv6
Filters 128 128 256 256 512 512
Size (5,5) (5,5) (3,3) (3,3) (3,3) (3,3)

Stride (2,2) (2,2) (2,2) (2,2) (2,2) (2,2)

produced by the audio-based component by aIRM and train it
with Mean-Square-Error(MSE) Loss with 5e-4 learning rate.

2.2. Visual-based component

As mentioned already, visual information is weak and can on-
ly be used to predict rough representations of speech signal-
s. In this study, we consider the distribution of the spectrum
power over frequency bins, and convert it to power binary
masks (PBMs) as the rough representation of speech. This
conversion is conducted by placing a threshold on each fre-
quency bin:

ξt[f ] =
xt[f ]∑K
f=0 xt[f ]

vPBMst[f ] =
{
0.1 if ξt[f ] ≤ γ

1 if ξt[f ] > γ

where x denotes the power spectrogram feature, and ξ de-
notes the power distribution. γ is a hyper-parameter and was
empirically set to 10−5 in this study. K is the quantity of
time-frequency-bins and set as 257 in experiment.Note that
for the sake of clarity, we have used vPBMs to denote that it
is produced by the visual component.

The main role of the visual-based component is to predict
vPBMs of an audio stream given the associated visual stream.
This is implemented as a CNN-LSTM network, where the C-
NN layers extract visual features from the input image and
the LSTM layers deal with the audio-visual alignment and
dynamic smoothing. More specially, the mouth image is first-
ly cropped from the input image, and the visual features are
extracted by a CNN network whose architecture is the same
as the one used in [10] and has been shown in Table 1. The
extracted visual features are propagated to an LSTM network
with five layers, where each layer contains 1024 LSTM cells.
The recurrence speed of the first layer is the same as the sam-
pling rate of the visual frames, while this speed is 4x times
for the 2-4 layers, in order to meet the sampling rate of the
audio stream. The output of the 4th LSTM layer is converted
to a 257-dimensional vPBMs vector by a FC layer. Note that
due to the memorial capability of LSTM, this architecture can
deal with the time-shift problem between the visual and au-
dio streams, and can smooth the vPBMs prediction by learn-
ing the dynamic property of speech signals. The Visual-based
component is trained with video stream and vPBM generated
by clean speech with Cross-Entropy loss with 5e-4 learning
rate.

2.3. Augmentation component

Once the rough speech patterns vPBMs have been predicted
by the visual-based component, we need augment them to the
output of the audio-based output (aIRM). As shown in Fig. 1,



Fig. 1. The online visual augmented (OVA) SE architecture. The red-box represents the audio-based component, which
produces audio-based IRM (aIRM); the green box represents the visual-based component, which produces visual-based PBMs
(vPBMs). The yellow box is the augmentation component, which augments vPBMs to audio features to form avIRM, and
outputs gated IRM (gIRM) via a gating network.

the vPBMs multiplied in element-wise by audio features pro-
duced by a stacked FC layer that has two dense layers from
concatenated aIRM and noisy LPS(nLPS), and the resulting
avIRM is fed to the gating network together with aIRM, pro-
ducing the gate λ. This gate is used to integrate avIRM and
aIRM and produce gIRM where formally written by:

avIRMt = f([aIRMt; nLPSt])� vPBMst
λt = g(avIRMt)

gIRMt = λt × aIRMt + (1− λt)× avIRMt

where f is postprocessing network to enhance aIRM pre-
diction with noisy speech signal features, which involving 2
stacked 1024 cells LSTM layers and 257 cells dense layer
output, � is element-wise multiply and g is the gating net-
work that consists of an LSTM layer and a FC layer. The rea-
son why we use gating network instead of feed aIRM and
avIRM together into postprocessing network is that when
visual signal is unavailable the vPBM switches to 1-matrix
and gIRM becomes aIRM and keeps model performance
lower-bounded by audio-based component. The Augmenta-
tion component is trained with MSE Loss with 5e-4 learning
rate after other two components converge.

3. EXPERIMENTS

3.1. Experimental Setup

3.1.1. Data Collection

The experiment is conducted with the Grid dataset, which
contains speech signals associated with the video of the fron-
t face of the speaker. The full dataset contains 32 speaker-
s, each contributing 1000 video segments. We divide these
videos into a Training set which contains 30 speakers and
900 videos per speaker; a Test (S) set which contains the same
30 speakers as the training set and 100 videos per speaker not

in the training set; and an Test (U) set which contains 2 s-
peakers that are not in the training set, each with 1000 videos.

The noise signals are from two datasets: the CHiME back-
ground noise and the AudioSet noise. The noise in CHiME
is categorized into 4 types: Cafe, Street, Bus and Pedestrian.
For each type, part of the noise signals (80% ) will be used to
corrupt the training data and the rest are used to corrupt the
test data. The Audioset involves 18,000 human speech seg-
ments, all of which are used to corrupt the test data. In other
words, the CHiME noise can be regarded as known while the
Audioset human noise is unkown.

3.1.2. Visual data preparation

All the videos are re-sampled into 25 FPS and are cutted into
short segments of 3 seconds. The mouth anchors are detect-
ed by the MTCNN[18] and is cropped from the image. This
mouth image is then resized to an image of 160x160 pixel-
s, which is used as the input of the visual-based component.
This process is identical for both the training set and the two
test sets.

3.1.3. Audio data preparation

We follow the pipeline used in the previous study [17, 11] to
prepare the audio data. It involves mixing various types of
noise into clean speech to produce noisy speech. Before the
mixing, noise signals is firstly clipped to 5-second segments,
and then a random truncation is applied to produce 3-second
segments to meet the length of the clean speech segments.

For the training set, the noise is from CHiME, and the
mixing is conducted at 3 SNR levels (-5,0,5), leading to
243,000 utterances in total. For the two test sets, the noise is
from the either CHiME or AudioSet, and the mixing is con-
ducted at 6 SNR levels (-5,0,5,10,15,20). This leads to 18,000
utterances for Test(S) and 12,000 utterance for Test(U) after
mixing.



The speech signals are re-sampled to 16 kHz, and LPS
features are extracted using the Scipy and Librosa packages,
with the window length set to 400, hop size to 160, and the
FFT length to 512. The LPS features are used as the input of
the audio-based component.

3.2. Experimental Results

We compare our model (OVA) with two state-of-the-art AVSE
models: the visual speech enhancement (VSE) [10] and the
Looking-to-Listen (L2L) model [11]. All these methods
showed good performance in low-SNR conditions, especially
in condition with human noise. We use the code published
by the original authors to reproduce VSE, and implement the
L2L model following the original paper [11]. For a better
comparison, we also report the results with the original noisy
speech (Org) and that of our audio-based component, i.e., an
audio-only (OA) baseline. The metrics used for performance
valuation is PESQ.

(a) CHiME

(b) AudioSetHuman

Fig. 2. PESQ results on seen speakers with CHiME noise
(top) and AudioSet noise (bottom).

We first investigate performance on Test (S), where the
speakers have been seen during model training. The results
are shown in Fig. 2, where the results with the CHiME noise
(known) and the AudioSet human noise (unknown) are report-
ed separately. It can be seen that in all the noise conditions,
the OVA approach outperforms the AO baseline, which mean-
s that OVA is a safe way to make use of the weak but useful
information within the visual stream. In contrast, both L2L
and VSE contribute only in conditions with a low SNR. This
is more clear in the case with the CHiME noise, where L2L
and VSE provide significant performance gains when SNR =
-5.

Compared to L2L, VSE seems more visual-dependent,
i.e., when the visual information is the most useful (i.e., S-
NR is low), it offers the most benefit, however when the vi-
sual stream is less useful (i.e., SNR is high), it causes the
most damage (compared to the OA baseline). This indicates

that the audio-visual information coupling with VSE is the
strongest among all the three audio-visual enhancement meth-
ods.

Comparing the two noise types (CHiME and AudioSet),
it can be seen that the AVSE approaches provide more signif-
icant gains in conditions with AudioSet human noise. This
is expected as the human noise possesses similar spectral pat-
terns as the target speech, thus difficult for the audio-only sys-
tem to identify and remove.

(a) CHiME

(b) AudioSetHuman

Fig. 3. PESQ results on unseen speakers with CHiME noise
(top) and AudioSet noise (bottom).

In the second experiment, we test the performance on Test
(U), where the speakers are not in the training set. This is a
more practical but more difficult scenario. The PESQ results
are reported in Fig. 3. Once again, the OVA approach outper-
forms the AO baseline in all the test conditions, and it beats
L2L and VSE on average. A particular observation is that
the VSE approach is less effective in this unknown-speaker
condition. For example, with the AudioSet human noise, it
performs worse than L2L at SNR=5, however in the known-
speaker condition, it performs the best even with SNR=10.
This may imply that VSE tends to overfit to seen speakers.

4. CONCLUSION AND FUTURE WORK

We presented an online visual Audio (OVA) SE model, which
predicts rough speech patterns from visual stream and the pre-
diction is augmented to the output of an audio-based sys-
tem, leading to a conservative but robust utilization of the
weak information embedded in the visual stream. Our ex-
periments demonstrated that the proposed method can con-
sistently outperform the audio-only baseline at different S-
NR levels. This is contrast to the conventional stream-fusion
methods that work well in low-SNR conditions but miserably
fail when the SNR is medium or high. Future work will in-
vestigate combing the OVA approach and the stream-fusion
approach so that we can boost the performance on low-SNR
conditions.
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