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Abstract

Recent studies show that facial information contained in visual speech can be

helpful for the performance enhancement of audio-only blind source separa-

tion (BSS) algorithms. Such information is exploited through the statistical

characterisation of the coherence between the audio and visual speech us-

ing, e.g., a Gaussian mixture model (GMM). In this paper, we present three

contributions. With the synchronized features, we propose an adapted expec-

tation maximization (AEM) algorithm to model the audio-visual coherence

in the off-line training process. To improve the accuracy of this coherence

model, we use a frame selection scheme to discard nonstationary features.

Then with the coherence maximization technique, we develop a new sorting

method to solve the permutation problem in the frequency domain. We test

our algorithm on a multimodal speech database composed of different com-

binations of vowels and consonants. The experimental results show that our
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proposed algorithm outperforms traditional audio-only BSS, which confirms

the benefit of using visual speech to assist in separation of the audio.

Keywords: convolutive blind source separation (BSS), audio-visual

coherence, Gaussian mixture model (GMM), feature selection and fusion,

adapted expectation maximization (AEM), indeterminacy

1. Introduction1

Human speech perception is essentially bimodal as speech is perceived2

by the interactions of auditory and visual sensory processing [1, 2]. Looking3

at the speaker’s lips improves the intelligibility of human speech embedded4

in cocktail party noise due to the contribution of the complementary visual5

information [2]. There is a complex non-linear relationship between the au-6

ditory and visual streams, usually refered to as the audio-visual coherence or7

correlation [3]. In feature space, the coherence can be coded by audio-visual8

atoms or dictionaries [4, 5] with matching pursuit [6] techniques, or charac-9

terised statistically with models such as Gaussian mixture models (GMM)10

[7]. Exploiting these cross-modal interactions, the visual stream has proven11

a success in improving the robustness to noise in many fields of applica-12

tions, including automatic speech recognition [8], speaker localization [4, 9],13

speech enhancement or audio filtering [10, 11], and blind source separation14

[3, 5, 12–16].15

In traditional blind source separation (BSS) for auditory mixtures, typi-16

cally only audio signals are considered. Under the framework of independent17

component analysis (ICA) [17], the BSS problems have been extensively stud-18

ied and many classical algorithms have been proposed for the instantaneous19
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mixing model such as the “J-H” algorithm [18], JADE [19], Infomax [20],20

SOBI [21] and FastICA [22] algorithms. For the more complex convolutive21

mixing model, one can apply either the time domain deconvolution algo-22

rithms [23–25], or the frequency domain separation algorithms [12–15, 26–31],23

which often suffer from the permutation and scaling ambiguity problems.24

Considering the bimodal nature of human speech, we could potentially25

improve the separation of the source signals from their audio mixtures utiliz-26

ing the audio-visual coherence obtained by the integration of visual speech.27

This is known as audio-visual or bimodal BSS [3, 5, 12, 13, 15, 16], a recent28

development in multi-modal signal processing. Sodoyer et al. [3] addressed29

the separation problem for an instantaneous mixture of decorrelated sources,30

with no further assumptions on independence or non-Gaussianity. Wang et31

al. [13] implemented a similar idea by applying the Bayesian framework to the32

fused feature observations for both instantaneous and convolutive mixtures.33

Rivet et al. [12] proposed a new statistical tool utilizing the log-Rayleigh34

distribution for modelling the audio-visual coherence, and then used the co-35

herence to address the permutation and scaling ambiguities in the spectral36

domain. Casanovas et al. [5] detected temporal audio-visual structures rep-37

resented by atoms taken from redundant dictionaries, and extracted sources38

from a soundtrack. Naqvi et al. [16] utilized beamforming in the frequency39

domain for moving sources in the teleconference-like scenario, incorporating40

the geometrical model derived on the basis of the beamforming theory.41

Despite being promising, these approaches are also limited in some sit-42

uations. For example, the algorithm proposed in [3] was designed only for43

instantaneous mixtures. The method in [13] considered a convolutive model44
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with a relatively small number of taps for the mixing filters. The approach45

in [12] modelled the audio-visual coherence in a high dimensional feature46

space, which often results in an over-fitting problem and therefore is sensi-47

tive to outliers. Cross-modal correlation was not exploited in the separation48

stage in [5], where visual information was used only for voice activity detec-49

tion. In [16], the video provided the position information about the distance50

and azimuth angles between the moving speakers and the microphone array,51

however, source separation was still performed in the audio domain.52

In this paper, we attempt to address some of these limitations. Moti-53

vated by the work in [12, 13], we follow a similar two-stage framework which54

includes off-line training and online separation. In particular, we consider a55

convolutive mixing model and address the permutation problem associated56

with the frequency domain BSS (FD-BSS). In the off-line training stage, we57

build a model to statistically characterise the audio-visual coherence in the58

feature space. This coherence is built on the audio-visual features extracted59

from the target speech. Mel-frequency cepstral coefficients (MFCCs) are used60

as the audio features, and the lip width and height as visual features, which61

are synchronised with the audio features on a frame-by-frame basis before62

statistical training. In the separation stage, coherence maximization is ap-63

plied for the alignment of the ICA-separated spectral components. Different64

from [12, 13], however, we have proposed three new techniques to improve65

the training and separation processes. First, a frame selection scheme is pro-66

posed to remove the non-stationary features which consequently improves67

the robustness and accuracy of the estimation of the audio-visual coherence.68

Second, the classical expectation maximisation (EM) algorithm is modified69
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to take into account the different influences of the audio features, resulting in70

an adapted EM (AEM) algorithm, which further improves the estimation of71

the joint audio-visual probability. Third, a novel sorting scheme is proposed72

to address the permutation problem. A preliminary version of this work was73

presented in [15]. Different from [15], in this paper, we have developed a ro-74

bust feature selection scheme for audio-visual modelling as mentioned above.75

In addition, we have further improved the audio feature representation as76

described in Section 3.1. Moreover, here we have performed systematic eval-77

uations on real recordings, and compared the performance of the proposed78

method with the state-of-the-art methods.79

The remainder of the paper is organised as follows. An overview of tradi-80

tional frequency domain convolutive BSS and the framework of the proposed81

audio-visual BSS system are presented in Section 2. Then Section 3 in-82

troduces the feature extraction and fusion method for the modelling of the83

cross-model correlation, including a new frame selection approach and an84

adapted expectation maximisation algorithm to improve the accuracy of this85

model. The proposed de-permutation algorithm exploiting the audio-visual86

coherence is presented in Section 4. The simulation results are analysed and87

discussed in Section 5, followed by the conclusions.88

2. BSS for Convolutive Mixtures89

2.1. Convolutive Model90

BSS aims to recover sources from their mixtures without any or with little

prior knowledge about the sources or the mixing process. Consider a cocktail

party scenario, the observation at each sensor is the sum of K filtered source
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signals, which can be approximated by the convolutive model:

xp(n) =
K∑
k=1

+∞∑
m=0

hpk(m)sk(n−m) + ξp(n),

x(n) = H ∗ s(n) + ξ(n),

(1)

where hpk represents the room impulse response filter from source k to sensor91

p. We denote x(n) = [x1(n), ..., xP (n)]T as the observation vector at the92

discrete time index n; s(n) = [s1(n), ..., sK(n)]T the source vector and ξ(n) =93

[ξ1(n), ..., ξP (n)]T the additive noise vector, where T is vector transpose. H is94

the mixing matrix whose elements are filters hpk and ∗ denotes convolution.95

Convolutive BSS aims to find a set of separation filters {wkp} that satisfy:

ŝk(n) = yk(n) =
P∑

p=1

+∞∑
m=0

wkp(m)xp(n−m),

ŝ(n) = y(n) = W ∗ x(n),

(2)

where W is the separation matrix whose entry wkp is the impulse response96

filter from observation p to the estimate of source k (y(n) or ŝ(n) repre-97

sents the estimated version of s(n)). We consider a time-invariant system98

where both the mixing filter H and separation filter W are assumed to be99

time-invariant. In practice, a finite impulse response (FIR) filter is used to100

implement hpk and wkp.101

2.2. Frequency domain BSS102

Convolutive BSS can be directly performed in the time domain [23–25]

by deconvolution, but the computational complexity is high especially when

the mixing filters have long taps. Based on the short-time stationarity of

the speech signals and the linear time-invariance of the mixing process, an
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alternative is to perform convolutive BSS in the frequency domain by apply-

ing the short-time Fourier transform (STFT) to the observations. In each

frequency bin f , we get an instantaneous mixing model ignoring the noise:

X(f, t) = H(f)S(f, t), (3)

whereX(f, t) = [X1(f, t), ..., XP (f, t)]T is the observation vector in frequency103

bin f and time frame t, and H(f) is the Fourier transform of H.104

Then in each frequency bin f , separate ICA [17] algorithms for instan-

taneous models are applied to obtain the independent outputs Y (f, t) =

[Y1(f, t), ..., YK(f, t)]T , assumed to be the source estimates:

Y (f, t) = W(f)X(f, t) = Ŝ(f, t). (4)

The technique of the frequency domain BSS is depicted in the upper dashed105

box of Figure 1. In this paper, a determined system is considered, i.e.,106

K = P = 2.107

2.3. Scaling and Permutation Indeterminacy108

However, the ICA algorithms can estimate the sources only up to a per-

mutation matrix P(f) and a diagonal matrix D(f):

Ŝ(f, t) = Y (f, t) = P(f)D(f)S(f, t). (5)

These are the so-called permutation (P(f)) and scaling (D(f)) ambiguities,109

which present severe problems when reconstructing the separated sources in110

the time domain. The scaling ambiguity can be greatly mitigated by the111

normalization of the separation matrices based on the minimal distortion112

principle (MDP) [29] which is also used here. In this paper, we only113
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consider the permutation problem, where the order of the recovered source114

components at each frequency bin may not be consistent with each other115

(e.g.
[
Y1(f1,t)
Y2(f1,t)

]
=

[
S1(f1,t)
S2(f1,t)

]
,
[
Y1(f2,t)
Y2(f2,t)

]
=

[
S2(f2,t)
S1(f2,t)

]
,
[
Y1(f3,t)
Y2(f3,t)

]
=

[
S1(f3,t)
S2(f3,t)

]
, . . .116

).117

To address the permutation problem, many algorithms [26–28, 30–33]118

have been proposed. For example, the approach in [26, 30] utilizes the conti-119

nuity of the spectral components in adjacent frequency channels while [27, 28]120

use direction of arrival estimation, [31] combines both previous techniques,121

and [32] utilizes statistical signal models. However, the performance of these122

algorithms can be degraded by acoustical noise. Information from the video123

has been shown to be useful for improving the performance of automatic124

speech recognition systems [8]. The potential of using visual information for125

audio source separation problems, such as the permutation problem, has not126

been fully investigated, which motivates this study, as now discussed.127

2.4. Overview of the Proposed System128

To address the permutation problem in FD-BSS, we use an audio-visual129

BSS system, shown in Figure 1. As mentioned in Section 1, the system con-130

tains two stages: training stage and separation stage. The training stage is131

shown in the lower dashed box of Figure 1, which includes feature extrac-132

tion and feature fusion. First, we extract the audio features a(t) from the133

training audio data s(t), and some geometric-type features v(t) from the134

training video stream v(t). Second, we use the GMM to statistically charac-135

terise the audio-visual coherence p(a(t),v(t)), and then an AEM algorithm136

is applied to estimate the parameters of the GMM model. The separation137

stage is shown in the upper dashed box, which is performed in the audio138

8



 

Training audio 
stimulus 

( )tv

 

( )ta

 

( ( ), ( ))p t ta v  

( )tv  

( )ta  

( )v t  

( )s n  

( )fW

 

( , )f tY  

( )nx  

 

STFT 
Observations 

( )nx  

( , )f tX  

ICA 
( , ),    ( )f t fY W  Permutation 

alignment 

IDFT 

( )nW  

 

Source estimates 

ˆ( ) ( )n ny s  

 

 

Training visual 
stimulus 

Audio 
feature 

extraction 

Visual 
feature 

extraction 

Features 
fusion 

Audio-Visual 
coherence 

 
Recorded visual 

stimulus 

 

Traditional convolutive BSS 

in the frequency domain  

 

( )v t  

Off-line training process  

Figure 1: Flow of the proposed audio-visual BSS system. The upper dashed box illustrates

the traditional audio-only BSS in the frequency domain. The lower dashed box shows the

training process, which aims to estimate the parameters for the audio-visual coherence after

audio-visual fusion. Before the reconstruction of the recovered signals in the time domain,

we resolve the permutation indeterminacy by audio-visual coherence maximization using

the feature vectors a(t) and v(t) in dashed lines (with arrows).

domain. To address the permutation problem in the separation stage, we use139

the information (i.e. the audio-visual joint probability) obtained from the140

training stage. Specifically, we align the permutations across the frequency141

bands based on a sorting scheme which iteratively re-estimates the audio-142

visual coherence probability from the separated source components at each143

frequency bin based on the trained audio-visual model.144
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3. Feature Extraction and Fusion145

Our algorithm is based on the fact that there is a relationship between146

the video signal and the corresponding contemporary audio signal, which is147

the so-called audio-visual coherence. We model the coherence in the feature148

level, for which the features are extracted from the audio and video data re-149

spectively. Since the two types of signals are recorded with different sampling150

rates and dimensions, we need to extract the features from them separately.151

3.1. Extraction of Audio and Visual Features152

We take the Mel-frequency cepstral coefficients (MFCCs) as audio fea-153

tures as in [13] with some modifications. The MFCCs exploit the non-linear154

resolution of the human auditory system across an audio spectrum, which155

are the Discrete Cosine Transform (DCT) results of the logarithm of the156

short time power spectrum on a Mel-frequency scale. We then apply a lifter157

for the reweighing of cepstral coefficients and obtain a (L + 1)-dimensional158

MFCC vector [c0(t), c1(t)..., cL(t)]T , where t is the time frame index, as in159

equation 3. Compared to our early work in [15], where the first compo-160

nent is the logarithmic power, we remove the first coefficient c0(t) to avoid161

the influence of the magnitude, and obtain the L-dimensional audio feature162

a(t) = [c1(t), ..., cL(t)]T . For simplicity, we denote the training audio feature163

vector as a(t) = [a1(t), ..., aL(t)]T .164

Unlike the appearance-based visual features used in [8, 13], which are165

sensitive to the lighting conditions, we use the same front geometric visual166

features as in [3, 12]: the lip width (LW) and height (LH) from the in-167

ternal labial contour. The geometric features v(t) = [LW(t),LH(t)]T are168
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Figure 2: The audio-visual features of four vowels /a/,/i/,/o/,/u/. The vowels are obtained

by selecting and concatenating the first several frames in each audio sequence in the data

corpus. (a) Each curve corresponds to one time frame, associated to the time frame in the

right half plot. We choose L = 5, therefore the audio feature is 5-dimensional. (b) The

visual features last about 60–80 frames at 50 Hz.

low-dimensional and robust to luminance, which mitigates the over-fitting169

problem encountered in complex systems with a large number of parameters170

and greatly reduces the computational complexity. Figure 2 shows the typ-171

ical features extracted from four vowels: /a/, /i/, /o/ and /u/, which were172

obtained from the multimodal database, as depicted in Section 5, which is173

also used in Figures 3 and 4. After the feature extraction process, we concate-174

nate synchronized audio and visual features to build the (L+ 2)-dimensional175

audio-visual space u(t) = [v(t); a(t)], which will be used for training.176
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3.2. Robust Feature Frame Selection177

If someone utters an isolated speech sound such as /a/, the visual features178

will likely be stationary with minimal fluctuation. However in the transition179

periods from one phone to another in fluent speech, the visual parameters180

fluctuate drastically with a large variance, which can produce ambiguous181

visual features typical of another speech sound or phone. For instance, in182

the transition process from /a/ to /b/, several frames of the mouth shape183

may look like the utterance of /o/. Also, these transitions are not stationary184

in the audio signal. Therefore, to improve the estimate of audio-visual co-185

herence, we propose a feature frame selection scheme based on the dynamic186

characteristics [34] of the visual features.187

At each time frame centred by the visual feature v(t) = [LW(t),LH(t)]T ,

we extract a short time period with 2Q+ 1 frames, then calculate

γLW(t) = σ(LW(t)) + αLW‖LW(t+Q)− LW(t−Q)‖, (6)

where σ(·) is the standard deviation and αLW is a weighting coefficient, cho-

sen between 0 and 1. Then we define a Boolean variable to determine the

stationarity of this frame

FLW(t)
def
=

 1, γLW(t) < δLWLW(t)

0, otherwise
(7)

where δLW is a comparison coefficient, typically chosen as 0.5, and LW(t) is

the mean over the 2Q+1 frames, defined as LW(t) = 1
2Q+1

∑Q
q=−Q LW(t+q).

Then, we smooth the binary variable between adjacent frames

Fs
LW(t) = FLW(t− 1) ∨ FLW(t) ∨ FLW(t+ 1), (8)
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Figure 3: Visual frame selection scheme. Each dot (or cross) represents a two dimensional

visual feature vector at one time frame. After frame selection, the transitions from one

syllable to another have been removed. In other words, the features are better clustered

(denoted by crosses), as compared to the original scatter plot of all the features (denoted

by dots).

where ∨ denotes disjunction, i.e., a logical OR operator. In the same way,

we can determine Fs
LH(t), and the final decision is

F(t) = Fs
LW(t) ∧ Fs

LH(t), (9)

where ∧ denotes conjunction, i.e., a logical AND operator.188

If F(t) = 1, the frame will be chosen, otherwise it will be discarded. The189

audio-visual features associated with the selected frames are used in both190

the training and separation stages. Figure 3 shows an example of the visual191

features before (dot) and after (cross) selection. The feature selection has192

essentially removed the redundant unstable features and hence improves the193

spatial distribution of the clusters of the lip features.194
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Figure 4: The audio-visual kernels for four vowels: /a/, /i/, /o/ and /u/. (a) Distributions

of audio features described by mean (solid line) and the variance of one standard deviation

(bar). (b) The visual kernels show the spacial distributions of the four vowels.

3.3. Feature-Level Fusion195

The audio-visual coherence can be statistically characterized by a GMM

with I kernels:

pAV (u(t)) =
I∑

i=1

γiN (u(t) | µi,Σi), (10)

where γi is the weighting parameter, µi is the mean vector and Σi is the

full covariance matrix of the i-th kernel. Every kernel of this mixture repre-

sents one cluster of the audio-visual data modelled by a multivariate normal

distribution:

N (u(t) | µi,Σi) =
exp{−1

2
(u(t)− µi)

TΣi
−1(u(t)− µi)}√

(2π)L+2 | Σi |
. (11)

We denote λi = {γi,µi,Σi} as the parameter set, which can be estimated196

by the expectation maximization (EM) algorithm. In the traditional EM197
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training process, all the components of the training data are treated equally198

whatever their magnitudes. Nevertheless, some components of the audio199

vector with large magnitudes are actually more informative about the audio-200

visual coherence than the remaining components (consider, for instance, the201

case of lossy compression of audio and images using DCT where small com-202

ponents can be discarded). For example, the first component of the audio203

vector (a1(t)) should play a more dominant role in determining the proba-204

bility pAV (u(t)) than the last one. Also, the components of the audio vector205

having very small magnitudes are likely to be affected by noise. Therefore,206

considering these factors, we propose an adapted expectation maximization207

(AEM) algorithm.208

I. Initialize the parameter set {λi} with the K-means algorithm.209

II. Run the following iterative process:210

i. Compute the influence parameters βi(·) of u(t) for i = 1, ...I.

βi(u(t)) = 1− ‖ u(t)− µi ‖∑I
j=1 ‖ u(t)− µj ‖

, (12)

ii. Calculate the probability of each cluster given u(t).

pi(u(t)) =
γipG(u(t) | µi,Σi)βi(u(t))∑I

j=1 γjpG(u(t) | µj,Σj)βj(u(t))
. (13)

iii. Update the parameter set {λi}:

µi =

∑
t u(t)pi(u(t))∑

t pi(u(t))
, γi =

∑
t pi(u(t))∑

t 1
,

Σi =

∑
t(u(t)− µi)(u(t)− µi)

Tpi(u(t)) + c{Σp}i∑
t pi(u(t)) + c

,

(14)

where ‖ · ‖ denotes the squared Euclidean distance, and c is a constant211

chosen to be proportional to the number of samples and {Σp}i is the penalty212
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term. Different from the traditional EM algorithm, we have added an in-213

fluence parameter βi(u(t)) in the expectation step of the AEM algorithm,214

where βi(u(t)) takes into account the various distance between the sample215

(i.e. the vector u(t)) to different kernel centres, similar to the idea used in216

the classical K-means algorithm. Therefore, the different distance between217

the vector u(t) and a candidate cluster µi will have a different impact on218

the probability pAV (u(t)). In addition, unlike our preliminary work in [15],219

we have added the penalty term Σp to avoid the covariance matrix becom-220

ing singular, which can occur when a kernel converges on one or two sample221

points (typically outliers). This has a similar effect to a variance floor. With-222

out such a safeguard, the probability would approach infinity in such cases,223

leading to numerical stability problems in practical implementation. The pa-224

rameter Σp can be chosen as a diagonal matrix and the subscript p denotes225

penalization.226

Figure 4 shows the audio-visual kernels for the vowels used in Figure227

2. It can be observed that the visual kernels of /o/ and /u/ overlap with228

each other, but the related audio kernels differ greatly. On the other hand,229

the audio kernels of /i/ and /u/ look similar, but their visual kernels do230

not have overlap at all. This implies that the audio and visual features are231

complementary to each other.232

4. Resolution of Permutation Problem233

As yk(n) is the estimate of sk(n), yk(n) will have a maximum coherence

with the corresponding video signal vk(t). Therefore we can maximize the

following criterion in the frequency domain to address the permutation prob-
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lem:

P̂(f) = arg max
P(f)

∑
t

K∑
k=1

pAV (uk(t)), (15)

where uk(t) = [ak(t); vk(t)] is the audio-visual feature extracted from the pro-

file Ŝk(·, t) = Yk(·, t) and the recorded video associated with the k-th speaker.

If we are only interested in an estimate of s1(n) from the observations, we

can get the first separation vector p(f) by maximizing:

p̂(f) = arg max
p(f)

∑
t

pAV (u1(t)). (16)

Since the permutation problem is the main factor in the degradation of234

the recovered sources, we focus on permutation indeterminacy cancellation235

for a two-source two-mixture case (i.e., K = P = 2). Assuming the spectral236

analysis window employs an fast Fourier transform (FFT) size of N samples237

from the audio mixture signal, based on the symmetry property, we will only238

need to consider the positive M = N/2 bins. We denote v1(t) as the visual239

feature that we have extracted from the recorded video signal associated240

with the target speaker. We also generate a complementary variable Y †1 (f, t)241

spanning the same frequency and time-frame space as Y1(f, t). The proposed242

sorting scheme for the alignment of the permutation is summarized in the243

following table, and also shown in Figure 5.244

Input: spectral components Y(f, t), separation matrix W(f), GMM pa-245

rameter set {λi}, and visual feature v1(t).246

Output: aligned W(f) and Y(f, t).247

Initialize the degree of frequency division Imax = 5.248

For each i = 1, 2, ..., Imax, do249
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Figure 5: Diagram of the sorting scheme. The j-th loop in the i-th iteration. Spectral

components of Y †1 (f, t) come from Y1(f, t) (denoted by the dots) except those in the band

Fj which are from Y2(f, t) (denoted by the curves). We compare the coherence of Y1(f, t)

and Y †1 (f, t) to determine whether to swap components of Y1(f, t) and Y2(f, t) in Fj .

Equally divide M bins into 2i−1 parts.250

For each j = 1, ..., 2i−1, do251

1) Let the j-th frequency band Fj span {f M

2i−1 (j−1)+1, ..., f M

2i−1 j
}. For252

f ∈ Fj, let Y †1 (f, ·) = Y2(f, ·); otherwise, Y †1 (f, ·) = Y1(f, ·).253

2) Extract the audio feature a1(t) and a†1(t) from Y1(·, t) and Y †1 (·, t),254

respectively. Let u1(t) = [a1(t); v1(t)], u†1(t) = [a†1(t); v1(t)].255

3) Calculate the audio-visual probability pAV (u1(t)) and pAV (u†1(t)) re-256

spectively, based on the GMM model in equation (10) and the pa-257

rameter set {λi} that has been estimated by the AEM algorithm.258

4) If
∑

t pAV (u1(t)) >
∑

t pAV (u†1(t)), do nothing; otherwise, swap the259

rows of W(f) and Y(f, ·) for f ∈ Fj.260

End j261

End i262
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This scheme can reach a high resolution, which is determined by the num-263

ber of partitions 2Imax−1 at the final division, and the larger the number Imax,264

the higher the resolution. However, most permutations occur contiguously265

in practical situations, therefore even if we stop running the algorithm at a266

very ‘coarse’ resolution (corresponding to a small Imax), the permutation267

ambiguity can still be substantially reduced (e.g. stop the iteration when the268

algorithm has divided the positive frequency bins into 16 parts, i.e. Imax = 5269

and a frequency band of 500Hz).270

5. Experimental Results271

5.1. Data, Parameter Setup and Performance Metrics272

Very similar to the database used in [3, 12], the corpus4 used in our273

research contains sequences of “V1-C-V2”, where “V1”and “V2” are vowels274

from /a/, /i/ ,/o/, /u/, and “C” stands for the consonant from /p/, /t/,275

/k/, /b/, /d/, /g/ or no plosive (in the case of no plosive, the sequences are276

“V1-V2”). There are 112 combinations recorded twice, one for training and277

another for testing. The audio sequences are sampled at 16 kHz in mono, 16278

bit PCM wave files, while the video sampling rate is 50 Hz and the associated279

visual features are extracted by a chrome based system with 2496 frames for280

training and another 2547 frames for testing.281

In our experiment, the audio data were obtained by concatenating in-282

dependent sequences, with each sequence lasting an integer multiple of 20283

ms. We concatenated the 112 isolated sequences to obtain approximately284

4Thanks to Bertrand Rivet in GIPSA-Lab for providing us with this multimodal

database.

19



50 seconds audio for training. In the same way, we chose the beginning 400285

frames (approximately 8 s) of the testing data to demonstrate our algorithm.286

128 ms sliding Hamming window (2048 taps) with 108 ms overlap (20 ms287

step size, to be synchronised with the visual features) was applied in STFT.288

5-dimensional (L = 5) MFCCs as audio features were computed from 24289

Mel-scaled filter banks, thus the audio-visual feature was 7-dimensional. We290

set the FFT size as 2048 (i.e., M=1024). In the frame selection process,291

we reserved 62% of features by assigning δLW = 0.35, δLH = 0.5, Q = 2,292

and αLW = αLH = 1. For simplicity, we only used 20 (I = 20) kernels to293

approximate the audio-visual coherence.294

The algorithm was tested on convolutive mixtures synthesized on com-295

puter. We used the real room recordings from the binaural room impulse296

response database (i.e. AIR database) [35] for the mixing filters. The mea-297

surements were recorded with or without dummy head in a low-reverberant298

studio booth, an office room, a meeting room and a lecture room respectively,299

of which we chose the meeting room scenario5. For a 2×2 mixing system, we300

chose two positions for two source signals, and used the corresponding room301

impulse responses as mixing filters. As a result, C2
5 = 10 combinations of302

mixing filters were used in the following performance evaluations. The two303

source signals, one was the previously mentioned 8-second truncated segment304

5In the meeting room scenario, a dummy head was placed on a fixed position and the

room impulse responses were captured for five different positions opposite of the head.

Each room impulse has 10923 taps (approximately 700 ms) where sampling frequency is

16 kHz, and the reverberation time (T60) is about 300 ms.
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from the test audio, and another source signal 6 was continuous speech from305

the XM2VTS database [36]. Gaussian white noise was added to both mix-306

tures at different signal to noise ratios (SNRs). Figure 6(a) shows the source307

signals used in our experiments (note that only 2 s are shown here).308

In the frequency domain we use the global filters and signal to interference

and noise ratio (SINR) as criteria to evaluate the performance of our bimodal

BSS algorithm at different signal to noise ratios (SNRs). Suppose s1(n) is

the target source, then in the 2× 2 case:

G(f) =
[
G11(f) G12(f)
G21(f) G22(f)

]
= W(f)H(f), (17)

SINR = 10 log
Ps1

Pŝ1−s1
= 10 log

∑
n ‖

∑P
p=1w1p ∗ hp1 ∗ s1(n) ‖∑

n ‖ ŝ1(n)−
∑P

p=1w1p ∗ hp1 ∗ s1(n) ‖
. (18)

5.2. Experimental Results309

5.2.1. An example310

In the first experiment, we show the effectiveness of our algorithm by311

comparing it with the FD-BSS method without any permutation alignment312

(denoted as “No Alignment”). For the FD-BSS, the joint approximate313

diagolization method proposed in [30] is used for source separation314

at each frequency bin. Note that the same ICA algorithm was used here315

for the contrast methods [30] and [33] in our comparisons in Section 5.2.2.316

In addition, the scaling problem is addressed based on the minimal317

distortion principle [29] for all these methods before performing the318

permutation alignment. We used the same parameter set-up as described319

6The source signals can also be chosen from a same dataset as done in our work [15].
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(a) Source signals (b) Mixtures

(c) Estimates (no alignment) (d) Estimates (audio-visual)

Figure 6: Spectrograms of the sources (a), the mixtures (b) and the estimated sources

without permutation alignment (c) where SINR=0.48 dB and the estimated sources by

the proposed algorithm (d) where SINR=7.91 dB. The upper sub-plot in (a) is the target

signal.
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in Section 5.1. The room impulse responses obtained from the AIR database320

are used as mixing filters, where the sources are placed respectively on the321

first and fourth position of the meeting room. Each filter has 10923 taps,322

and the reverberation time (T60) of the meeting room is about 300 ms. We323

set N = 2048 and Imax = 5. No noise is added to the mixtures. The324

generated mixtures are shown in Figure 6(b). Figure 6(c) and 6(d) show325

the separated sources from the mixtures without and with our proposed326

algorithm respectively, where it can be clearly observed that the audio-visual327

approach has improved the quality of the separated speech.328

Figure 7 shows typical global filters obtained from this experiment. Ide-329

ally the global filter should be an identity matrix for each frequency bin.330

From this figure, it can also be seen that the permutation problem is well ad-331

dressed by the audio-visual approach, as the magnitudes of G12 and G21 have332

been reduced considerably. Alternatively, based on the diagonal property of333

the global filter matrix, we can also use the criterion |G11| · |G22|−|G12| · |G21|334

to evaluate the consistency of the permutations across the frequency bins,335

as shown in Figure 8. By comparing Figure 8(d) with Figure 8(a),336

it can be observed that our algorithm successfully corrected the337

permutation ambiguities at most frequency bins, as the values of338

|G11| · |G22|−|G12| · |G21| are consistently positive across the frequency339

bins. In addition, our algorithm performs better than the two base-340

line methods shown in Figures 8(b) and 8(c). To observe the effect341

of noise on the permuation errors, we have also plotted the quan-342

tity |G11| · |G22|−|G12| · |G21| for the case where 10 dB white Gaussian343

noise was added to the mixtures, as shown in Figure 9, both the344
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Figure 7: Global filters in the frequency domain obtained by the FD-BSS without permuta-

tion alignment (a) and the audio-visual alignment (b). The same mixtures and parameters

as those in Figure 6 were used. The permutation ambiguities occur in many frequency

bands in (a). Therefore, the spectrum of the recovered signal y1(t) contains distortions

from the other source signal s2(t), which can also be observed in Figure 6(c). With audio-

visual alignment, the permutation ambiguities have been significantly reduced, as shown

in (b) as well as Figure 6(d).
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Figure 8: The plot of |G11| · |G22| − |G12| · |G21| for the noise-free case, when no

permutation alignment is conducted (a) and the permutations are aligned by

Audio-only1 (b) in [30], Audio-only2 (c) in [33] and the audio-visual approach

(d). |G11| · |G22| − |G12| · |G21| should be consistently larger or smaller than 0, if the

permutations across the frequency bins are correctly aligned.
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Figure 9: The plot of |G11| · |G22| − |G12| · |G21| for the case where 10 dB Gaus-

sian white noise was added to the mixtures. The meanings of the sub-plots

correspond similarly to those in the noise-free case shown in Figure 8.
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audio-only methods failed to group the spectral components accu-345

rately in the frequency band between approximately 1700 Hz and346

3000 Hz, which lies in the range of frequencies that are essential to347

human intelligibility of speech. The audio-visual method provides348

more accurate alignment in this case. The results and comparisons349

in terms of SINR measurements are provided in the next section.350

The magnitude spectra in Figures 7, 8, and 9 appear somewhat351

peaky, which implies that a certain amount of scale ambiguity re-352

mains despite having applied the MDP-based post-processing to353

the unmixing filters. However, our informal listening tests show354

that the effect of the peakedness of the frequency spectrum on the355

perceptual quality of the recovered speech signals is negligible. In356

other words, we didn’t observe strong distortions of the signal as357

a result of the residual spectral peaks.358

5.2.2. Comparisons359

First, we compare the effect of different frequency partitions (i.e. the360

choice of Imax) on the performance of the proposed method for permutation361

alignment. To this end, we used the same experimental set-up as described362

in Sections 5.1 and 5.2.1, except the following two changes. First, we change363

the values of Imax by selecting it from [3 4 5 6]. Second, we perform 10 exper-364

iments in each of which the mixing filters were selected from the 10 sets of the365

room impulse responses described in Section 5.1. The average results over366

the 10 different sets of mixtures are shown in Table 1. From this table, it can367

be observed that the different number of frequency partitions does influence368

the separation performance. In general, Imax = 4 or 5, which corresponds369
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Table 1: The effect of the choice of Imax on the separation performance measured by SINR

in dB

Imax 3 4 5 6

SINR(dB) 6.39 8.98 8.21 6.40

to 8 or 16 partitions respectively, gives reasonably good performance.370

More partitions however do not increase the system performance. We choose371

Imax = 5 for subsequent performance comparisons.372

We then compare our algorithm with other de-permutation methods us-373

ing only audio signals. We use the method in [30] (denoted as “Audio-374

only1”) and the approach in [33] (denoted as “Audio-only2”) as contrast375

algorithms for permutation alignment. Audio-only1 integrates information376

across different frequencies with the assumption that signal profiles in differ-377

ent bins undergo interrelated changes, even for distant frequency channels.378

Audio-only2 exploits the cross-frequency correlation between neighbouring379

frequency bands based on a hierarchical structure.380

We evaluate the performance of our algorithm and the above baseline al-381

gorithms with respect to different signal to noise ratios (SNRs) and different382

FFT sizes. First, we fix the parameters as used in above sections, and only383

change the values of FFT size among [512 1024 2048 4096]. For each FFT384

size N , ten independent tests were run on the ten different sets of mixtures385

for each of the algorithms under comparison. No noise was added to these386

mixtures. The average SINR (dB) results are shown in Table 2. From this387

table, it can be observed that the choice of N has impacts on the separation388

performance. For example, a smaller N , such as N = 512, gives relatively389

lower performance for almost all the tested algorithms. Our proposed algo-390
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rithm offers competitive performance in all the test cases. N = 4096 appears391

to offer better performance for the majority of the algorithms. However, a392

higher computational cost is usually involved for a larger N when performing393

permutation alignment.

Table 2: SINR measurements for different FFT size (i.e. N).

N 512 1024 2048 4096

No alignment 2.19 1.85 3.53 3.87

Audio-only1 4.23 6.36 6.12 7.55

Audio-only2 2.38 2.76 8.69 8.88

Audio-visual 4.15 4.56 8.21 8.98

394

Then, we changed the SNR level from 5 dB to 30 dB while maintaining395

N = 2048, Imax = 5, and other parameters as set in the above two sections.396

For each SNR, again ten independent sets of tests were run for each of the397

algorithms under comparison. The average results measured by SINR are398

shown in Figure 10. It is shown from this figure that the proposed algorithm399

tends to offer better performance for a higher noise level. For example, when400

SNR = 10 dB, our algorithm provides 0.73 dB improvement over Audio-401

only1 and 1.75 dB over Audio-only2. For the noise-free case (not plotted on402

this figure), our algorithm gains 2.08 dB improvement over Audio-only1, but403

is 0.48 dB lower than Audio-only2. This suggests that the advantage of the404

audio-visual method is more prominent for noisy mixtures than the noise-free405

ones.406
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Figure 10: Average SINR computed over the independent tests for the 4 algorithms, where

N = 2048 and Imax = 5.

6. Conclusions407

We have presented a new audio-visual convolutive BSS system. In this408

system, we have used the MFCCs as audio features, which were combined409

with geometric visual features to form an audio-visual feature space. We410

have considered using some dynamic features in video for robust feature411

selection in audio-visual space. An adapted EM algorithm has been proposed412

by exploiting the different influences of the audio features for statistically413

modelling the audio-visual coherence. A new recursive sorting scheme based414

on the maximization of the audio-visual coherence has also been developed415

to solve the permutation problem.416
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