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Abstract 

 
An efficient method to reduce the amount of feature data for 

real-time automatic image-transform-based lipreading is 
proposed. Image-transform-based approach obtaining a 
compressed representation of image pixel values of speaker’s 
mouth is reported to show superior lipreading performance. 
However, since this approach produces many feature vectors 
relevant to lip information, it requires much computation time for 
lipreading even when principal component analysis (PCA) is 
applied. To reduce the computational load efficiently, we propose 
an algorithm that utilizes the symmetry of the lip. The proposed 
method reduces the amount of required feature vectors up to 51% 
compared to the original one. Also, it improves the recognition 
rates by compensating the variation of illumination. With our 
database (22 words, 70 talkers) recorded in a natural environment, 
our method achieved an accuracy of 53.5% for visual-only 
speaker independent word recognition task. The extracted 
features are modeled by hidden Markov models with Gaussian 
mixture distributions. 
 

1. Introduction 
 

A lot of research on automatic lipreading using the video 
sequence of the speaker’s mouth has recently attracted significant 
interest. Automatic lipreading under noisy circumstances is so 
effective in compensation for the decrease of speech recognition 
with an audio-only speech recognition (ASR) system [1]. 
Bimodal, an important part of the human-computer interface 
(HCI), focuses on ways of combining the video information with 
its audio counterpart, and makes an audio-visual ASR system 
superior than audio-only ASR [2]. Visual-only data is so robust 
under the bad signal noise ratio (SNR), but has a lower 
recognition rate than an audio-only one under the clean SNR. So, 
in bimodal, we allow the weighting value of visual data to be 
more than audio under a bad SNR but, on the contrary, audio to 
be more than visual under a clean SNR. It makes an audio-visual 
speech recognition system superior to audio-only under noisy 
circumstances. 
  In this paper, we concentrate on the image transform based 
approach for automatic lipreading in bimodal. This approach is 
known to be superior to a lip contour based method for visual-
only HMM recognition tasks. This approach, however, produces 
much more visual vectors than the lip contour based one. While 
the lip contour based approach needs only several visual data, for 
example, outer, inner lip contour and lip width, the image 
transform based approach requires the whole transformed image 
data of the speaker’s mouth. Thus the necessity of a fast 
algorithm has arisen. 

Overlooked by most researchers is the horizontally symmetric 
of the lip. Considering this symmetry, we have adopted a simple 
method that uses a horizontally folded mean image instead of the 
whole image. 

 
In Section 2, we explain the image sequence preprocessing. In  

the image sequence preprocessing, the gray-level transform and 
equalization were performed, and then binary transform for 

extracting the region of interest (ROI) containing the 
speaker’s mouth was performed. After that, we minimized 
the ROI pixel window by using downsampling for fast 
lipreading. 

Section 3, we explain how to extract feature data from the 
image sequences obtained in section 2. Also, we explain the 
proposed method how to reduce effectively the feature data 
by using the symmetry of lip. At first, the extracted ROI was 
linearly transformed with DCT. Then, Principal component 
analysis (PCA) was used for reducing feature vectors 
produced by image transform. PCA based projection is so 
useful for compressing the data into the most informative 
feature vectors for fast algorithm. We experimentally 
computed the number of feature vectors; ‘m’, has 80% or 
90% of the original visual information. To reduce those 
feature data more efficiently, we considered the simple but 
efficient method using the symmetry of the speaker’s mouth. 
According to our experiments, this simple method not only 
saves computation time for recognition, but also 
demonstrates better HMM recognition results than the 
original one. 

In all cases, the extracted visual features are appropriately 
preprocessed and used in visual-only HMM recognition tasks 
as described in Section 4. We showed visual-only HMM 
recognition results using three different techniques of DCT 
implementation. All HMM results are experimentally 
obtained with feature vectors (PCA 90%) containing delta 
parameter for improvement of HMM recognition results. 
 

2. Image Sequence Preprocessing 
 

For fast algorithm, each color video sequence containing 
the speaker’s mouth, 320 x 240 pixel sized window, was first 
downsampled to 160 x 120 pixels in our system. Then we 
transformed the color image to the gray-level image and 
performed histogram equalization for robustness in the 
variable illumination [3]. In order to obtain the ROI 
containing the speaker’s mouth, the speaker’s lip width is 
first needed. We first took into consideration that the pixels 
inside speaker’s mouth are generally darker than their 
neighbor pixels in gray-level image. If we obtain the 
threshold separating speaker’s inner lip from the image, we 
can display the speaker’s lip width in black with the binary-
level transform. 

In this work, we focused an adaptive threshold for the 
balanced binary-level transform compensating for the 
variable illumination on the whole image. The gray-level 
image is divided into four squares has equal sized windows. 
Each divided square’s threshold is calculated for the balanced 
binary-level transform. To compute each square’s threshold, 
the multiple linear regressive analysis (MLRA) of each 
square’s mean illumination value is used. Let I be the mean 
illumination value of each square, and threshold Ti of each 
square be defined as 
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where .i , �1i , � 2i , � 3i and � 4i are the coefficients computed 
by MLRA (see Table 1). Then each divided square is 
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transformed into the binary-level. Black and white pixel is added 
and makes a binary-level image. The 160 x 120 pixel window, 
shows the pixels of the speaker’s lip inside in black successfully 
(see Fig. 1). Now we can calculate the ROI-square size of the 
speaker’s lip width computed by X-Y projection of the binary-
level image. We can seek the vertical and horizontal center point 
with X-Y projection and then obtain the ROI around the 
speaker’s mouth center. However, all the ROI windows differ 
with each other. The reason is because each speaker has a 
variable lip width and the distance between the speaker and 
camera is variable whenever each speaker says some word.  an 
adaptive ROI of each speaker and word is needed. 
  For the adaptive ROI, we computed the ROI size by speaker’s 
lip width x 1.1 at first video frame of each of the speakers and of 
each word. The extracted ROI windows containing the speaker’s 
mouths have variable sizes, so we obtained a 64 x 64 pixel 
window by using a linear interpolation algorithm.  
  Finally, the 64 x 64 pixel window was further downsampled to 
a 16 x 16 pixel window for fast algorithm (see Fig. 2). 
 

3. Data reducing by using the symmetry of lip 
 
3.1 Extracting feature data by 2-D DCT 
 

Given the preprocessed video sequence, we sought a linear 
transform to obtain the information relevant to lipreading in its 
elements. In this work, we considered DCT algorithm applied 
three different ways. The 2-D DCT pair is defined as 
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We implemented DCT to a 16 x 16 pixel window containing 
the speaker’s mouth to extract feature data. (see Fig. 3. (a)). 

 
3.2 Feature data reduction by conventional PCA 
 

To reduce the amount of DCT transformed data (256 data 
vectors), we considered a PCA algorithm that contains the most 
‘m’ informative principal components of 256 DCT data.  

Principal component analysis achieves the optimal information 
compression of automatic lipreading. This algorithm projects the 
data onto the directions of their greatest variance and can create a 
few artificial vectors containing the information in it as much as 
possible. First, the PCA projection based on the data covariance 
matrix was considered. Then the covariance matrix was 
diagonalized as 

EE ′∆=Σ        (3) 

where E = [ e1, e2, …, ep , p = MN ] has as columns the 
eigenvectors of � , and ¨ = diag[ δ1, δ2, …, δp ] is a diagonal 
matrix containing the eigenvalues of � . Let the ‘m’ largest such 
eigenvalues be { δ1, δ2, … , δm } , where δ1 > δ2  > … > δm  and 
such columns the eigenvectors be coupled Em = { e1, e2, …, em }. 
Given a data vector Xit = [ x1t, x2t, … , x pt ] , where i = 1, 2, … , 
p, p = MN, we obtain the ‘m’ most informative principal 
components of the orthogonal transform 

itmjt XEo ′=              (4) 

where j = 1, 2, … , m ( ≤ p) . If we let the sum of eigenvalues be 
tr(¨) = { δ1 + δ2 + … + δp } , the ‘m’ most informative principal 
components contain {(δ1+ δ2 + … + δm ) / tr(¨)} x 100(%) 
information of the original data vector Xit . We computed the ‘m’ 
most informative principal components experimentally with the 

data vectors of DCT algorithm. 
 
3.3 Efficient feature data reduction by the symmetry of lip 
 

The original 256 DCT data can be decreased to 9 and 23 
principal components by PCA at 80% and 90% information 
percentage of them. To obtain the better recognition rate, the 
number of principal components should be larger. For 
example, 23 components guarantees better performance than 
9 components. However, it is too many HMM parameters 
compared with lip contour based approach. This means more 
HMM recognition process time on real-time AVR system 
regardless of better recognition rate. For a faster algorithm, 
the amount of DCT data of each image frame containing the 
speaker’s mouth should be reduced.  

As a preliminary experiment, we obtained interesting 
results. As another way of DCT implementation, we derived 
4 squares of 8 x 8 pixel size from 16 x 16 pixel window (see 
Fig. 3. (b)), and, we got 9 and 23 principal components of 
80% and 90% information percentage, respectively. Also, the 
HMM recognition rates of both ways showed the similar 
results (see Table 2, 3). This means that we can process DCT 
implementation on equally divided sub-images without 
introducing performance degradation for HMM recognition. 

In this work, based on the preliminary results, we 
considered a different way of DCT implementation on 16 x 
16 ROI containing speaker’s mouth. If we assume the 
speaker’s mouth to be an ideal symmetric model horizontally, 
we can symmetrically fold the 16 x 16 ROI containing the 
speaker’s mouth into an 8 x 16 half-sized image (see Fig. 3. 
(c), (d)). Then two divided images, 8 x 16 pixel window, are 
added to each of the symmetrical pixels and produce a mean 
half-sized image (see Fig. 4. (e)). We then implemented 8 x 8 
DCT on only two 8 x 8 pixel windows (see Fig. 3. (d)). 

In our method, 8 x 8 DCT on only 2 squares (same size as 
8 x 8 pixel window) had 128 DCT data vectors which was a 
half size compared to 256 vectors, the size of 16 x 16 DCT. 
Also, by folding the lip images, the ‘m’ most informative 
principal component after PCA 80, 90% and 95% reduced to 
7, 15 and 23 from 9, 23 and 47 of 16 x 16 DCT, respectively. 
In other words, this way of folding 16 x 16 ROI 
symmetrically has about a 22%, 35% and 51% data reducing 
result on PCA 80, 90% and 95% (see Figure 5). 

In addition, symmetrical pixel pairs were added and 
produced the mean pixel value causing robustness for 
unbalanced side illumination and visual noise. This improved 
visual-only HMM recognition tasks. 

Therefore, as an efficient data reducing method of 
lipreading algorithm, which shows not only fastness but also 
robustness to a various illumination in a real-time audio-
visual recognition system, we folded the ROI containing the 
speaker’s mouth at the center of ROI horizontally and then 
implemented DCT on the folded mean half-sized image. 

  
4. The HMM based Recognition System 

 
For every video field, an observation feature vector ojt is 

acquired, as described in Section 2. In addition, we consider 
the delta parameter to increase the recognition rate. 

)()( )2()2(2)1()1(1 −+−+ −+−= tjtjtjtjjt RRkRRkD , 

j = 1, 2, … , m ( ≤ p = MN)     (5) 
where 1k , 2k  is 2, 4 as weighting values, t is an instance 

video field number, Rj is the j th principal component, Djt is 
the delta parameter. We added this delta parameter on every 
ojt , the resulting the number of ojt is doubled [4]. 
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5. Experimental Results 
 
  In this paper, visual-only recognition tasks by using the 
speaker-independent HMM are reported. We used color images 
captured by SONY digital camera at 30 frame/sec, of 22 words, 
from 52 male speakers. Randomly selected 18 speakers were 
captured again, then we added the 18 speakers’ image data on 52 
data. We first trained 52 speakers’ feature vectors relevant to 
automatic lipreading, then tested with 18 speakers’ data captured 
again. Whole word is tested in the 3 - 6 state, 3 - 6 mixtures per 
state. In Section 2, we considered the linear transform algorithm 
as DCT, applied within three different sized windows. 
Experimental HMM results on three ways are depicted in table 2, 
3 and 4. You can see that DCT of 16 x 16 and 8 x 8 pixel 
windows resulted in similar recognition rate. 

As shown in Figure 5, our method using the mean half-sized 
ROI had smaller visual feature vectors compared with the others. 
Compared to original DCT on16 x 16 pixels value, the proposed 
folding method reduces the required number of principal 
components from 9 to 7 and from 23 to 15, under 80% and 90% 
information percentages, respectively (see Figure 5). Our method 
reduced the number up to 51% (47->23) under 95% information 
percentage (not shown in Figure 5). On real-time AVR system, 
data reducing was certainly an efficient method for fast algorithm. 
In HMM recognition tasks, processing time for recognition 
showed relation with the number of parameters. Less visual 
feature vectors relevant to automatic lipreading can save 
recognition time. 

In addition, a mean pixel value of a pair of pixel symmetrically 
decreases the effect of side illumination and visual noise, and 
results in similar or superior HMM outcomes. The result of 
HMM using 8 x 8 DCT implementation on the mean half-sized 
image, 8 x 16 pixels, had similar or superior recognition rates to 
the others (see Figure 6 and Table 2, 3 and 4). It seems to come 
from the compensation of unbalanced illumination of test images 
by using the symmetry of lip. 

In all experimental results shown in Table2, 3 and 4, PCA’s 
information percentage was 90%. Also 16 x 16 and 8 x 8 DCT 
had 46 feature vectors including delta parameter, but DCT using 
8 x 16 mean half-sized image had 30. 
 

6. Conclusions 
 

In this paper, a more efficient method of reducing the image 
transform based visual features was considered for fast algorithm. 
The image transform based features is superior than lip contour 
based, since significant speech reading information lies within 
the oral cavity which can not be captured by the lip contours. In 
addition, lip contour estimation errors decreased the recognition 
accuracy. But transform on the whole image containing the 
speaker’s mouth resulted in so many visual features. This caused 
low efficiency in the sense of fast algorithm. When using DCT 
implementation on 16 x 16 pixel window and 90% principal 
components of PCA, 46 feature vectors including delta 
parameters were obtained. To reduce these vectors, we folded 16 
x 16 into 8 x 16 pixel windows assuming symmetry of the 
speaker’s mouth and then obtained the mean half-sized image  

By implementing DCT on this mean half-sized image, we 
reduced the effect of side illumination and visual noises, resulting 
in a higher HMM recognition rate with reducing the required 
number of principal components of data vectors up to 51% (47 -> 
23) for fast algorithm. Also, with our data of 22 words by 70 
talkers, our proposed method showed an accuracy of 53.5% for 
visual-only speaker independent word recognition task. 

For future works, we are going to experiment with lager word 
database and optimize the algorithm of image transform which 
process so many visual feature vectors in real-time mode. 
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       (d)                (e)              (f) 
 
Figure 1: ROI extraction (a) Original video frame (b) Binary 
image (c) Y-projection on binary image (d) Histogram on 4 
squares (e) X-projection on binary image (f) ROI on original 
video frame 
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(a)              (b)         (c) 
 

Figure 2: (a) Extracted ROI (b) 64 x 64 downsampled ROI (c) 
Final, 16 x 16 downsampled ROI 
 
 

 
        (a)            (b)         (c)       (d) 
 
Figure 3: (a) 16 x 16 ROI (b) 8 x 8 DCT on 16 x 16 ROI (c) 
Symmetrically folding ROI (d) 8 x 8 DCT on 8 x 16 folded ROI 
 
 

                
       (a)              (b)                (c) 

                    
         (d)               (e)                (f) 
 
Figure 4: Magnified images of 16 x 16 linear image transform (a) 
Downsampled 16 x 16 ROI (b) 16 x 16 DCT  (c) 8 x 8 DCT (d) 
Vertically divided ROI (e) Mean half-sized image produced by 
adding divided image (f) 8 x 8 DCT on the mean half-sized 
image 
 
 

Figure 5: Information percentage of PCA 80%, 90% 
 
 
 
 
 

 

Figure 6: Visual-only HMM recognition results on mixture 4 
compared with three different ways of DCT implementation.  
 
 
Table 1: Coefficients of threshold for Binary-level transform 
 

 α β1 β2 β3 β4 

1T  -100.228 0.691 0.441 0.110 0.094 

2T  -59.469 0.286 0.686 0.014 0.127 

3T  -85.124 0.223 0.233 0.528 0.280 

4T  -50.496 0.213 0.226 0.094 0.545 

 
 
Table 2: HMM recognition results (%) on PCA 90%, 16 x 16 
DCT ( 52 speakers training / 18 speakers testing ) 
 

DCT St. 3 St. 4 St. 5 St. 6 

Mix. 3 42.93 47.98 49.24 51.26 

Mix. 4 42.93 47.47 47.72 51.01 

Mix. 5 47.47 46.72 45.71 51.52 

Mix. 6 44.70 47.22 46.97 51.52 

 
 
Table 3: HMM recognition results (%) on PCA 90%, 8 x 8 
DCT ( 52 speakers training / 18 speakers testing ) 
 

DCT St. 3 St. 4 St. 5 St. 6 

Mix. 3 45.20 47.22 46.97 51.26 

Mix. 4 38.38 45.96 48.74 52.02 

Mix. 5 43.18 45.45 48.23 47.47 

Mix. 6 48.99 47.22 48.48 51.52 

 
 
Table 4: HMM recognition results (%) on PCA 90%, 8 x 8 
DCT with 8 x 16 mean half-sized image ( 52 speakers 
training / 18 speakers testing ) 
 

DCT St. 3 St. 4 St. 5 St. 6 

Mix. 3 39.90 49.24 49.24 53.28 

Mix. 4 44.70 46.21 50.00 54.04 

Mix. 5 46.72 52.02 49.49 52.78 

Mix. 6 43.94 47.47 48.74 53.54 
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