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Abstract—This paper presents a lip reading technique to classify 
the discrete utterances without evaluating the acoustic signals. 
The reported technique analysis the video data of lip motions by 
computing the optical flow (OF). The statistical properties of 
the vertical OF component were used to form the feature 
vectors for training the support vector machines (SVM) 
classifier. The impact of the variation in speed/velocity of 
speaking on the performance of the system was minimized by 
removing the zero energy frames and normalizing the number 
of frames by interpolation. The resulting system is an efficient 
visual viseme classifier with high accuracy (95.9%), specificity 
(98.1%) and sensitivity (66.4%). The results of the experiments 
demonstrate the developed technique is insensitive to inter 
speaker variations. 
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I. INTRODUCTION 
Speech command based systems are useful as a natural 
interface for users to interact and control computers. Such 
systems provide more flexibility as compared to the 
conventional interfaces such as keyboard and mouse. 
However, most of these systems are based on audio signals 
and are sensitive to signal strength, ambient noise and 
acoustic conditions [8]. To overcome this limitation, speech 
data that is orthogonal to the audio signals such as visual 
speech information can be used. The systems that combine 
the audio and visual modalities to identify utterances are 
known as audio-visual speech recognition (AVSR) system. 
Visual speech recognition (VSR) system refers to the 
systems which utilizes the visual information of the 
movement of the speech articulators such as the lips, teeth 
and somehow tongue of the speaker. The advantages are that 
such a system is not sensitive to ambient noise and change in 
acoustic conditions, does not require the user to make a 
sound, and provides the user with a natural feel of speech and 
dexterity of the mouth. 

There are a number of options that have been proposed, 
such as visual, mechanical sensing of the facial movement 
and movement of palate, recording facial muscle activity, 
facial plethysmogram and measuring intra oral pressure [21]. 
Kumar et al. [9] have reported on a speech recognition 
method based on surface Electromyography (EMG) signals 
of the speaker’s facial muscles that shows the movement of 

these muscles during speech. However, such techniques 
require mounting of electrodes on the face of the user. 
Speech recognition based on visual data is the least intrusive 
[3] and thus the most attractive. 

The VSR systems can be broadly categorized into two; 
shape-based [3] and pixel-based approaches. The shape-
based approaches identify specific shape features of the 
contour of the mouth to classify the utterances. A shape-
based VSR system has been proposed by Petajan et al. [2] 
uses features such as height, width and area of the mouth.  

A typical method to extract pixel based features are 
image transforms such as Discrete Cosine Transforms (DCT) 
[3][4][16][7], Principal Component Analysis (PCA) 
[3][4][5][7][17], Discrete Wavelet Transforms (DWT) [18] 
and Linear Discriminate Analysis (LDA) [4] have been 
employed for lip reading. Other feature extraction methods 
utilize motion analysis of image sequences to represent the 
dynamics of the lip while speaking. Yau et al. [1] proposed a 
lip reading approach using the dynamic visual speech 
features named as motion history image (MHI) or Spatio-
Temporal Templates (STT). MHI is a gray scale image that 
shows where and when movements of speech articulators 
occur in the image sequence. Iwano et al. [6] and Mase et al. 
[4] reported their audio visual lip-reading system for 
recognizing connected English digits using OF analysis. 
Other researchers combined the shape-based and pixel-based 
visual features, such as pixel-based or non-geometric 
parameters such as the wavelet transform of the mouth 
images to form a joint feature vector for lip reading [4]. In 
[17], a system called “image-input microphone”, analyze the 
lip features such as mouth width and height, and compute the 
corresponding vocal-tract transfer function. The transfer 
function was then used to synthesize the speech waveform.  

One common difficulty in audio visual speech recognition 
systems is sensitivity of the system to the inter-speaker 
variations. As a result, the systems are only suitable for 
subject dependent applications. A system that is subject 
independent, reliable and easy to train for a user is desired. 
The system needs to be insensitive to factors such as variation 
of speed of the speech and inter-subject variations. 

In this paper, we report a VSR system which is based on 
the optical flow analysis for motion estimation of lips. Each 
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frame of OF vertical component was sub-divided into 
columns to obtain the statistical features of the visual motion. 
To overcome the difference in speed of speaking, the number 
of frames was normalized using interpolation. A matrix with 
each row corresponding to the frame number and each 
column representing the mean values of the vertical 
component in the corresponding column forms the template 
for the utterance and was used to train the support vector 
machine (SVM). 

II. MATERIALS AND METHODS 
This section gives the details about the dataset used to 

validate our scheme, methodology and the theory behind the 
components we have used. 

A. Data 
The dataset used in this study was recorded by Yau et al. 

[1]. The datasets contains discrete English phonemes. The 
phonemes correspond to the visemes defined in the Facial 
Animation Parameters (FAP) of MPEG-4 standard. MPEG-4 
defines a face model using FAP and Facial Definition 
Parameters (FDP). Visemes are the smallest visually 
distinguishable facial movements when articulating a 
phoneme. The motivation of using visemes as the recognition 
unit is because visemes can be concatenated to form words 
and sentences. The total number of visemes is much less than 
phonemes because speech is only partially visible [15]. Table 
I shows the visemes used in our experiment which are 
originally defined in MPEG-4 standard. 

Video data was recorded by an inexpensive web camera in 
a typical office environment. The camera focused on the 
mouth region of the speaker and was kept stationary 
throughout the recordings. Factors such as window size 
(240x320 pixels), view angle of the camera, background and 
illumination were kept constant for each speaker. To validate 
the proposed method, 7 subjects (4 males and 3 females) were 
used. Each speaker recorded 14 phonemes at a sampling rate 
of 30 frames/sec and every phoneme was recorded 10 times to 
generate sufficient variability. 

TABLE I.  FOURTEEN VISEMES DEFINED IN MPEG-4 

Visemes 
Number 

Corresponding 
phonemes 

Vowel/ 
Consonant 

1.  /p/, /b/, /m/ Consonant 
2.  /f/, /v/ Consonant 
3.  /th/, /d/ Consonant 
4.  /t/, /d/ Consonant 
5.  /g/, /k/ Consonant 
6.  /ch/, /j/, /sh/ Consonant 
7.  /s/, /z/ Consonant 
8.  /n/, /l/ Consonant 
9.  /r/ Consonant 
10.  /A/ Vowel 
11.  /E/ Vowel 
12.  /I/ Vowel 
13.  /O/ Vowel 
14.  /U/ Vowel 

B. Proposed methodology 
Fig. 1, gives the flow chart of the proposed visual speech 

recognition system. 

The reported technique consists of automatic temporal 
segmentation (i.e to compute the start and end frames of an 
utterance) of isolated utterances, that was achieved by Pair-
wise pixel comparison (also called template matching) 
method [19], which evaluates the differences in intensity of 
corresponding pixels in two successive frames. As a first step, 
we converted the color images to binary images and then the 
mean difference of accumulative frames were computed and 
squared to get the absolute and prominent values using (1). 1 , ,  (1) 

The resulting signal was smoothed using linear 
interpolation method and further smoothed by Gaussian 
filtering. Using an appropriate threshold resulted in required 
temporal segmentation.  

After evaluating the start and end frame of an utterance 
the accumulative image frames were fed to the VSR system. 
Where the system extracted the salient visual speech features 
from the image data that were fed into the SVM for 
classification. The lip movement features were represented 
using statistical properties of vertical OF component.  
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Figure 1.  Visual speech recognition system. 

Feature extraction: A video stream of 30 frames/sec and the 
resolution of 240x320 pixels were given as input to the 
system. Similar subsequent frames which result in zero 
energy difference of frames are filtered out using mean square 
error (MSE) method (2). This reduces computational burden 
while calculating optical flow. Vertical motion features were 
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extracted from the videos using optical flow analysis. Each 
frame of vertical motion was divided into 8 non overlapping 
columns of size 240x40 and the average intensity of each 
column is computed, which was represented as first row of 
motion template of an utterance, and similar rows of 
subsequent OF were stacked to develop the template matrix. 1 , ,  (2) 

There are large inter and intra subject variations in speed 
of utterance and this results in difference in the number of 
frames (i.e rows) for each utterance. The number of frames 
for each utterance was normalized such that the template size 
for each of the utterances was the same. This normalization 
was achieved using linear interpolation to obtain 10 frames 
for each utterance; finally this 10x8 size template i.e. 80 
dimensional feature vector was used for classification using 
SVM. 

C. Optical flow feature estimation  
Optical flow is the measure of visually apparent motion of 

objects in video data. It measures the spatio-temporal 
variations between two subsequent images. 

 For a 2  dimensional case a pixel at location , ,  
with intensity , ,  will have moved by ,  in  
between the two image frames, and the following image 
constraint (3) can be given: , , , ,  (3) 

By simplifying the above equation (3) by Taylor series the 
equation becomes (4). 

 0 (4) 

if we let, 

     

where u and v are the x and y components of the velocity 
or optical flow of , ,  and ,  and are the 
derivatives of the image at , ,  in the corresponding 
directions. ,   and  can be rewritten for the derivatives in 
the following (5). 

     (5) 

This is an equation with two unknowns and cannot be 
solved as such. To find the optical flow another set of 
equations is needed. For other set of equations, assumption of 
brightness constancy and spatial smoothness underlie most 
optical flow estimation methods. In this paper we used the 
Deqing Sun’s [10] novel method, which is based on Black & 
Anandan [11] approach. Horn and Schunck [20] introduced 
both the brightness constancy and the spatial smoothness 
constraints for optical flow estimation; however their 
quadratic formulation assumes Gaussian statistics and is not 

robust to outliers caused by reflection, occlusion, motion 
boundaries etc. 

To estimate flow fields with large displacements, [10] 
adopted an incremental multi-resolution technique (e.g., 
[11][12]). The optical flow estimated at a coarser level is used 
to wrap the second image toward the first at the next finer 
level and the flow increment is calculated between the first 
image and the warped second image. The final result 
combines all the flow increments. At the first stage where 
α=1, It uses a 4-level pyramid with a down sampling factor of 
0.5. At other stages, it uses a 2-level pyramid with a down 
sampling factor of 0.8 to make full use of the solution at the 
previous convexification stage. 

D. Support vector machine classifier 
Support vector machine (SVM) classifier for linear and 

separable case is capable to find the optimal separating hyper 
plane between classes in sparse high-dimensional spaces with 
relatively few training data. SVM maximizes the distance of 
the separating hyper plane from the closest training data point 
called the support vectors [13]. SVMs were selected due to 
the ability of SVMs to find a globally optimum decision 
function to separate the different classes of data. The 
LIBSVM toolbox (Chang & Lin, 2001) [14] was used in the 
experiments to design the c-SVMs. The one-vs-all multi-class 
SVM technique is adopted in the training of SVM classifier. 
One SVM was created to learn each viseme. The gamma 
parameter and the error term penalty parameter C, of the 
kernel function were optimized using iterative experiments 
(grid search). The SVM kernel function used was radial basis 
function (RBF). The SVMs were trained with 784 training 
samples and were tested using the 196 remaining samples (2 
samples from each viseme) for all 7 speakers. This process 
was repeated 5 times for each viseme. 

III. RESULTS AND DISCUSSION 
For evaluating the proposed classification method, 

accuracy, sensitivity and specificity were used. They are 
defined in (6), (7) and (8) respectively. 
 100% (6)  

100% (7)  

100% (8)  

 
Where TP=True Positive, TN=True Negative, FP=False 

Positive, and FN=False Negative. The results are summarized 
in table II. As it can be seen from the table II, the results are 
very promising and show that the developed system is able to 
identify the speech with high accuracy, sensitivity and 
specificity using visual features only. The outcomes of the 
experiments also demonstrate that the system is not subject 
sensitive. 
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TABLE II.  AVERAGE CLASSIFICATION RESULTS OF 14 VISEMES IN 
TERMS OF SPECIFICITY, SENSITIVITY AND ACCURACY. 

 Visemes Specificity 
% 

Sensitivity 
% 

Accuracy 
% 

1. /A/ 98 65.7 95.7 

2. /ch/ 99.2 85.7 98.3 

3. /E/ 95.7 54.3 92.8 

4. /g/ 97.7 61.4 95.1 

5. /th/ 98.4 65.7 96 

6. /I/ 96.9 60 94.3 

7. /m/ 99.9 80 98.5 

8. /n/ 97.5 52.9 94.3 

9. /O/ 97.5 65.7 95.2 

10. /r/ 97.9 61.4 95 

11. /s/ 99 52.9 95.7 

12. /t/ 99.1 74.3 97.3 

13. /U/ 97.8 61.4 95.2 

14. /v/ 99.7 88.6 98.9 

 

IV. CONCLUSIONS 
This paper describes a lip-reading technique based on 

motion capturing using optical flow analysis and SVM. The 
experimental results demonstrate that the inter and intra 
subject speed of speech variations can be overcome through 
normalization using linear interpolation and MSE, and the 
vertical component of optical flow can be used for speech 
recognition. A robust feature selection technique based on 
non overlapping fixed size column is used. The features are 
classified using SVM. The results indicate that the reported 
technique can produce very high success rates. Overall 
accuracy of 95.9%, Specificity of 98.1% and Sensitivity of 
66.4% has been obtained. Such a system may be applied to 
drive computerized machinery in noisy environments, and can 
be used for the rehabilitation of speech impaired peoples. 
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