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Abstract 

 
The low level acoustico-visual association reported by Yehia 
et al. (Speech Comm., 26(1):23-43, 1998) is exploited for 
audio-visual speech enhancement with natural video 
sequences. The aim of this study is to demonstrate that the 
redundant components of AV speech are extractible with a 
suitable representation which does not involve any 
categorization process. A comparative study is achieved 
between different types of audio features, including the initial 
Line Spectral Pairs (LSP) and 4-subbands envelope energy. A 
gain measure of the enhancement is applied for the 
comparison. The results clearly show that the coarse envelope 
features allows a better gain than the LSP. 
 

1. Introduction 
 
For speech, Yehia et al. [15] reported a high linear association 
between the movement of face markers, and acoustic 
parameters (Line Spectral Pairs). This shows that the audio 
and video features are physically coherent, thanks to the 
production mechanism, and that this coherence is measurable 
without appealing a higher level of abstraction, and a complex 
speech specific interpretation. The principle is to observe the 
relationship existing between mouth, face movements and 
formant trajectories represented by LSP and an additional 
RMS energy parameter. Two association matrices between 
synchronous audio and video parameters, Txy and Tyx were 
derived by multi-linear regression, using a rather small 
training database. All frames were pooled and there is no 
labeling of the data (phonetic or visemic), so this does not 
involve a categorization process.  
 

The strength of the association was quantified by the 
linear correlation coefficient between effective and predicted 
parameters from the other modality, in the test database. 
Moderate values were observed (significantly above 0.5), and 
this led to the conclusion that low-level acoustico-visual 
relationships are effective and observable. This suggests that 
low level associations might ground the perceptual audio-
visual coherence. 
 

After [1], we supposed this finding consistent with the 
Bregman’s approach of auditory scene analysis [7], in which 
the low level coherence between the acoustic features allows 
the application of grouping processes before object 
identification. Then, we replicated in [2] this observation of a 
moderate, but significant association between the LSP and 
geometrical lip parameters extracted using a lip makeup. A 
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recent study [12], with a wider dataset and four speakers 
ms well these observations. 

he low level AV association is a potential source of new 
ations. In the video-to-audio direction, Girin et al. [9] 
sed a method for audio speech enhancement from 
etrical lips parameters, which is based on spectral 
tion and Wiener filtering. For each frame, a filter is 
ted from the video parameters and then applied on the 
audio signal. However, the approximated filter is 

ted to carry fine spectral information of the target 
h. In the context of speech recognition, Goecke et al. 
proposed to enhance the audio features instead of the 
 signal. Conversely, in the audio-to-video direction, the 
tion of talking heads with speech sounds was performed 
ehia et al. [16]. Following the same way, I recently 
bed in [5] a simple but effective technique for 
ating directly a video sequence from the audio signal, 
 on the linear and instantaneous association existing 
en audio and video DCT features. 

he observation of the early AV coherence strongly 
ds on the adopted representation of the physical signals, 
 is more or less speech specific. In the previous studies, 
 implicitly admitted that the relevant features are those 
ting the vocal tract configurations, i.e., spectral and lips’ 
 parameters. The aim of this paper is to reconsider this a 
 by testing together different types of audio parameters 
e video-to-audio enhancement task. On the signal 

ssing point of view, the principle of the alternative 
entation is to achieve the generation of intermediate 
tude modulated signals which are correlated in time 
 modalities. Then, in the AV coherence computation, 
le of the spectral/lips’ shape relationships will be de-

asized, whereas the role of the synchrony between 
y variations and movement will be reinforced. The 
 of the video DCT parametrisation, which fulfils this 

ple, is fixed because the same material as in [5] is used.  

he choice of the audio parameter types is guided by 
us observations [3] based on spectrally reduced speech 
. As shown by the old Erber’s experiments [8], the 
h envelope cues carried by the RMS energy are weakly 
gible in isolation, but complementary to lip-reading. 
 the spectral reduction is not complete, the speech 
gibility is surprisingly good with just four subband 
pes modulating white noise [13]. In this case, the audio 

 speech complementarity continues to operate because 
ace of articulation is not well transmitted by the audio 
his is consistent with the lack of representation of the 
nt trajectories in the SRS. Considering that the 



acoustico-visual associations found by Yehia et al. [15] 
precisely implicate the redundant components, and not the 
complementary ones, a key point is to distinguish a priori two 
independent levels of processing for exploiting AV 
redundancy and AV complementarity. Then the redundant 
components will be characterized by their capacity to well 
support a low level processing. In this study, spectrally coarse 
parameters, as 4-subbands envelopes, and spectrally resolved 
parameters, as LSP, are compared using a gain measure. These 
are estimated from the same video features and their capacity 
to enhance audio speech in loud noise is measured. 
 

2. Database and parameter types 
 
2.1 The audio-visual database 
 
The database was recorded for developing an audio-visual 
speech recognition system [11] based on natural images. This 
is a repetition of a subset of Numbers95 (OGI) by a single 
female speaker. The mouth region is well centered and fixed. 
In the database content, 64*78 RGB images are available after 
spatial sub-sampling, and at 50ips. The audio is down-sampled 
from 22KHz to 11KHz. For the present study, the dataset is 
composed of about 40000 BMP images taken in the same 
continuous sequence. The first half is used for training and the 
second half for testing. 
 

The task is to enhance the intelligibility of English 
numbers in speech and non speech (crowd noise) background 
interference. The sequences are composed of continuous 
sentences of English digits and numbers, among 30 different 
words. A set of 9 different noisy audio sequences in the [-
18,6]dB SNR range, degraded by step of -3 dB, is built in the 
two conditions. The non speech interference is additive crowd 
noise. The speech interference is constructed by adding 
together 3 other sections (of the train database) at the same 
level. The interfering speech is produced by the same speaker, 
and then the target signal is very difficult to segregate in the 
audio only condition. 
 
2.2 Video parameters 
 
The video parameters are extracted using the DCT of the 
initial 64*78 images stored in the database, converted in gray-
levels. The audiovisual speech recognition study [11] 
demonstrated that a small number of DCT parameters, of 
about thirty, are enough for reaching an optimal video 
recognition score. These are low frequency domain 
coefficients, which are distributed more vertically than 
horizontally. This indicates that the phonetic information is 
well carried by the small subset of DCT parameters having 
the largest variability. However, this has the great advantage 
to avoid the use of any marker. For the present study, the 
block of first 24*12 (288) DCT parameters have been 
selected as video parameters.  
 
2.3 Audio parameters 
 
For the LSP model, we take 12 pairs and the global RMS 
energy expressed in dB (number of parameters per frame, 
nbp=25). For the other parameter types, the speech signal is 
decomposed with a Barkscaled filterbank, and in every 40ms 
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lculated in dB. In the first spectrally coarse form (Sb4), 
 was used for the SRS synthesis [3], the filterbank has 
quasi rectangular filters (Figure 1). For a spectrally 
ed representation, the DCT is calculated with the 
ts of a 16 filters filterbank (this is equivalent to a 

), and a second type of coarse representation is derived 
ncation of the same DCT at four coefficients (DCT4).  
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e 1: Filterbank design for Sb4. The four quasi-
gular filters have their high frequency cutoff frequency 
515 Hz, 2) 1175 Hz, 3) 2440 Hz, 4) 5250 Hz. 

3. Acoustico-visual processing 

near estimation stage 

inear transformation matrix Tyx from video data Y to 
 data X is estimated from the centered synchronous data 
 training section of the database (about 20000 frames):  

1)))((())(( −−−−−= TyyTyxyx YYYXT µµµµ  

ize of Tyx is nbp*288. The means are also calculated over 
ining section of the database. Then, the estimation of the 

 parameters, with the video part of the test section, 
s a linear rule:  

xyyx YTX µµ +−= )(~
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e 2: Typical output of the linear estimation process for 
he value of the linear correlation coefficients between 
ted and clean audio signal energy parameters are 
ted for each subband. 



Yehia et al. [15] evaluated the quality of this prediction by 
calculation of the linear correlation coefficient with the same 
time series of parameters extracted from the original signal. In 
Figure 2, a typical output of the linear estimation stage shows 
that, despite high values of these correlation coefficients, the 
levels are not accurately reconstructed during the speech 
periods and the dynamic is flattened. However, many temporal 
details are present. I assume that these correlation coefficients 
are difficult to interpret in a comparative study, and this is 
better achieved with task dependent indexes. 

Synchronously with the video parameters, the prediction is 
performed at 50fps and each coefficient is filtered temporally 
with a 4th order butterworth filter having a cutting frequency 
(6.25Hz) above the vocal tract motion range, this is order to 
reduce the large deviations we observe otherwise.  

3.2 Wiener filtering of the noisy audio 

Then, there is a specific processing for each parameter type. 
For the LSP method, the polynomial evaluated from the 12 
estimated Line spectral Pairs is stabilized with respect to the 
unit circle and the signal is filtered with 1/A(z). The global 
gain is determined independently by the estimate of the RMS 
level. For Sb4, DCT and DCT4, the Wiener filtering stage 
consists in decomposing the noisy signal with the related 
filterbank, and then, the amplitude of each subband time frame 
is modulated with the related audio RMS estimate. A 
reference noted Sb4ref is allowed by the weighting of the 
noisy signal first decomposed with the quasi-rectangular 
filterbank (Figure 1), by the RMS envelope of the clean signal. 
Let remark that the Wiener filtering is coarse for Sb4 and 
DCT4, and that fine spectral details are not recoverable. 
Conversely, the LSP method, as well as the full DCT method, 
which is formally equivalent to a 16 subbands method, allows 
the estimation of some fine details. 

Characteristics

50 fps, gray levels

288 DCT, 50fps

288*nbp+nbp

nbp, 50fps

Butterworth 4th, fc=6.25 Hz

11 KHz

Video-signal

DCT parameters
Tyx, means

Linear 
estimation

Temporal 
filtering

Wiener filtering

Noisy audio 11 KHz

Output  
Figure 3: Block diagram and data format of the enhancement 
process. 

4. Evaluation 
 
4.1 Reconstruction accuracy and gain indexes 
 
As in [4,14], we define a spectral distance using the clean 
speech signal as reference: the Reconstruction Accuracy (RA) 
measure. We fix the time-frame duration analysis at 40ms, and 
the target speech silences are excluded. A full-band spectral 
distance is calculated between the reference R, which is the 
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speech, and a signal S. All the spectra are normalised at 
emoving the effect of global amplitude differences: 
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A is a useful index for comparative studies, but the 
ive gain is the difference between the output RA (S is an 
t) and the input RA (S’ is an input): 

)S'RA(R,-S)RA(R, =  

spectral gain estimate removes the overall amplitude 
thanks to the normalisation, and it is sensitive to the 
al distortions. These measures well matches the audible 
y of the enhancement.  

sults 

he crowd background interference, the ranking is by 
e DCT4>Sb4>DCT>LSP, and this does not vary 

icantly with the SNR (Figure 4, Table 1). We observe a 
positive gain below 3dB SNR for the two spectrally 
 methods (Sb4, DCT4), and these are between the two 
nces, Sb4ref, built using the clean speech and RA(R,S’), 
ated with the noisy speech. 
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e 4: Variation of the RA (in dB) with the input SNR, in 
n speech interference condition. 

ra(r,s’) Sb4ref Sb4 LSP DCT DCT4 
12.45 11.89 10.65 6.37 8.54 11.43 
11.08 11.91 11.00 6.70 8.87 11.97 
7.99 10.78 9.68 7.00 8.45 9.84 
6.80 9.41 8.09 6.10 7.12 8.23 
4.48 7.72 6.67 5.48 6.62 6.61 
3.47 6.89 5.88 5.52 6.04 5.64 
2.39 5.28 4.73 5.08 5.52 4.61 
1.84 4.09 3.56 3.79 4.07 3.28 
1.37 2.73 2.38 2.74 3.12 2.33 
5.76 7.85 6.96 5.42 6.48 7.10 

- 2.09 1.20 -0.34 0.72 1.34 
 1: Values of the RA (in dB) in the non speech 
rence condition. The last row indicates the average 



For the speech interference, the ranking of the methods is the 
same: DCT4>Sb4>DCT>LSP, for all SNR levels (Figure 5, 
Table 2). All methods are below Sb4ref, and DCT4 is close to 
this, attesting a very good estimation. The too high input RA 
is an artifact due to the many residual input clean frames. 
Thus, the gain evaluation is not significant in this situation. 

-20 -15 -10 -5 0 5 10
0

5

10

15

20

25

30

SNR (dB)

R
A 

(d
B)

ra(r,s')
Sb4ref  
Sb4     
LSP     
DCT     
DCT4    

 
Figure 5: Variation of the RA (in dB) with the input SNR, in 
the speech interference condition. 
 
SNR ra(r,s’) Sb4ref Sb4 LSP DCT DCT4 

6 25.73 10.97 9.58 5.50 7.59 10.54 
3 22.52 10.66 9.85 5.94 7.94 11.08 
0 19.27 9.54 8.55 5.80 6.69 9.46 
-3 23.07 10.46 8.83 5.04 6.46 9.76 
-6 20.01 9.14 7.96 4.46 6.13 8.67 
-9 17.50 8.95 7.67 4.74 5.91 8.37 

-12 14.45 7.84 7.25 4.42 5.68 7.96 
-15 6.93 4.54 3.83 2.18 3.20 4.49 
-18 7.60 5.34 4.59 2.56 3.49 5.35 

mean 17.45 8.60 7.57 4.52 5.90 8.41 
Table 2: Values of the RA (in dB) in the speech interference 
condition.  
 

5. Conclusion 
 
The summary results, Figure 6, show that the two methods 
based on a coarse spectral estimation from the video, DCT4 
and Sb4, clearly outperform the two others, DCT and 
remarkably LSP, which attempt to predict the full spectrum.  
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Figure 6: Averaged RA for the different methods compared to 
Sb4ref. Blue/left bar: speech interference; Brown/right bar: 
non speech interference. 
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ow level acoustico-visual association is better captured 
the audio components are represented by coarse spectral 
eters, as the 4-subbands envelopes of SRS, and this 
to the conclusion these carry the redundant components. 
esult is new in the AV speech processing domain, but 
 in line with previous works [4,14], and with robust 

h recognition techniques [6] in which an advantage for 
 subband processing was found.  
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