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ABSTRACT 

Recognition of natural lip movement from human faces is an interesting topic with a wide range of potential applications, such as 

human-computer interaction, automated tutoring systems, image and video retrieval, smart environments, and driver warning 

systems. Traditionally, facial lip movement recognition systems have been evaluated on laboratory controlled data, which is not 

representative of the environment faced in real-world applications. To robustly recognize the speech through lip movement, we 

propose an approach called extreme sparse learning, which has the ability to jointly learn a dictionary (set of basis) and a 

nonlinear classification model. The proposed approach combines the discriminative power of extreme learning machine with the 

reconstruction property of sparse representation to enable accurate classification when presented with noisy signals and imperfect 

data recorded in natural settings. In addition, this paper presents a new local spatio-temporal descriptor that is distinctive and 

pose-invariant.  
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1. INTRODUCTION 

Lip reading is used to comprehend or recognize speech 

without hearing it, a technique especially mastered by people 

with hearing difficulties. The capability to lip read makes 

possible a person with a hearing mutilation to communicate 

with others and to engage in social activities, which otherwise 

would be difficult. Recent progress in the fields of computer 

vision and signal processing has led to a growing interest in 

automating this challenging task of lip reading. Indeed, 

automating the human ability to lip read, a process referred to 

as visual speech recognition, could open the door for other 

application such as human-computer interaction, audio-visual 

speech recognition (AVSR), speaker recognition and video 

surveillance. Its main intend is to identify spoken word(s) by 

using only the visual signal that is produced during speech. 

Hence, VSR deals with the visual domain of speech and 

involves image processing, artificial intelligence, object 

detection, statistical modeling, etc [1] 

 

Figure 1-Typical VSR System 

A typical VSR system shown in Fig.1 consists of three major 

stages: detecting/localizing human faces, lips localization and 

lip reading. The accuracy of a VSR system is heavily 

dependent on accurate lip localization as well as the 

robustness of the extracted features. The lips and the mouth 

region of a face reveal most of the relevant visual speech 

information for a VSR system .Each signal is constructed by 

temporal measurements of its associated feature. The mouth 

mailto:E-mail%3Aindumathiselvam06@gmail.com


 
INTERNATIONAL JOURNAL FOR RESEARCH IN EMERGING SCIENCE AND TECHNOLOGY, VOLUME-3, ISSUE-5, MAY-2016                                   E-ISSN: 2349-7610 

VOLUME-3, ISSUE-5, MAY-2016                                                COPYRIGHT © 2016 IJREST, ALL RIGHT RESERVED                                                                                          46 

height feature, for instance, is measured over the time period 

of a spoken word. This approach is referred to as the “visual 

words” (VW) approach. A language model is an optional step 

that can be used to enhance the performance of the system. 

 

2. EXISTING WORK 

Visual Lip Contour Detection for the Purpose of Speech 

Recognition 

            A method for visual detection of lip contours in frontal 

recordings of speakers is described and evaluated. The 

purpose of the proposed technique is to facilitate speech 

recognition with visual features extracted from a mouth 

region.  This work employs an Active Appearance Model 

based method for visual detection and shape estimation of 

speakers‟ lips for the purpose of visual speech recognition. It 

furthermore analyzes a method for visual detection of 

speakers‟ lip contours for the purpose of speech recognition. 

The experimental results have shown that the achieved 

accuracy of the proposed is not sufficient for real time 

applications. [2] 

Lip Contour Extraction Scheme Using Morphological 

Reconstruction Based Segmentation 

In this work, a two stage lip contour extraction 

scheme is proposed, where at the primary phase, pixel 

intensity variation based information is used for obtaining an 

estimation of lip and in the second phase, morphological 

reconstruction based segmentation is performed to detect the 

final lip region. Experimental results demonstrate that the 

projected technique can provide a high level of accuracy with 

speaker and illumination variation in terms of sensitivity, 

specificity, positive predictive value, negative predictive 

value, and overall accuracy. [4] 

 Lip Contour Extraction Scheme Based on K-means 

Clustering in Different Color Planes 

A lip contour extraction scheme with K-Means 

clustering is proposed. At the first stage, k-means 

classification is employed to detect the lower lip region .In the 

second stage, the weighted color plane with k-means 

classification is employed to detect the lower lip region. 

Experimental results show that the proposed method provided 

a high level of accuracy achieved in terms of sensitivity, 

specificity, positive predictive value, negative predictive 

value, and overall accuracy. The experimental results have 

also shown that the achieved average accuracy for all samples 

is higher than existing methods. [6] 

A Visual Voice Activity Detection Method with 

Adaboosting 

A new visual voice activity detection (VAD) 

algorithm is proposed to overcome the vulnerability of 

conventional audio VAD techniques in the presence of 

background interference. First, a lip extraction algorithm with 

active contours is introduced. The visual features are then 

obtained from the extracted lip region. Second, with the audio 

voice activity vector used in training, adaboosting is applied to 

the visual features, to generate a strong final voice activity 

classifier by boosting a set of weak classifiers. The visual 

VAD is shown to offer low error rates. [3] 

 

Figure 2- Visual Voice Activity Detection Method with 

Adaboosting 

 

 The visual VAD algorithm applied to the low-resolution 

video demonstrates its good performance, offering low error 

rates.  

Automatic Lip-Contour Extraction and Mouth-Structure 

Segmentation in Images 

[7]Lip-contour extraction has great potential for 

human-machine interface and communication systems, but 

most existing techniques are inappropriate for changing poses, 

malformations, or whole-mouth descriptions. The proposed 

method dealt with a new scheme for mouth-structure 

segmentation in images. The scheme aims for speed and 

accuracy. This approach consists of three stages; a fast 

classifier based on Gaussian mixture models (GMMs) is used 

to obtain an initial pixel color classification and enhanced 

classification  approach is used for segmentation refinement 

.Finally, in the third stage, an outer-lip-contour extraction 

technique to restrict the mouth‟s region of interest (RoI) and 

exclude any remaining spurious regions.Advantage of 
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proposed scheme is‟ low computational complexity. It makes 

them suitable for developing real-time video applications. 

 

Enhanced Snake Model and Modified for Lips Contour 

Detection and Tracking 

An automatic lips contour detection and tracking using an 

enhanced snake model and modified is presented in this work. 

A new external force based on watershed approach is 

proposed and absorbed into the conventional snake model to 

deal with the presence of tongue and teeth. Furthermore, a 

modified tracking system is proposed to keep track on the 

succeeding lips feature points as the initialization of the snake 

model to detect the lips contour.  

 Enhanced snake model and modified H filtering for automatic 

lips contour detection and tracking are proposed in this paper. 

The enhanced snake model successfully detects the lips 

contour from the image sequences even with the presence of 

teeth and tongue. Furthermore, the proposed modified H 

tracking algorithm which fulfills the LST condition provides a 

better tracking performance on the lips feature points 

compared to the conventional H approach. From the 

simulation results, the proposed lips contour detection and 

tracking has revealed an appreciable result. The overall 

simulation results have shown an appreciable performance. [5] 

 

Speaker Identification using Optimal Lip Biometrics 

A method of reducing the visual feature set used in a speaker-

recognition system is proposed by authors. Geometric features 

extracted from the lip contour are reduced using the Minimum 

Redundancy Maximum Relevance method. It is observed that 

MRMR features give a best accuracy rate compare with 

existing work. This work also focuses on reducing the visual 

feature vector for use of lip biometrics in a speaker 

recognition system. They proved that MRMR features with the 

added advantage of reduced computation and storage 

overheads. [8] 

 

3. PROPOSED METHODOLOGY 

3.1Spatio-Temporal Features  

Four pose-invariant features are proposed for encoding the 

motion information of facial components. The first feature is 

the divergence of the flow field, which measures the amount 

of local expansion or contraction of the facial muscles.                                      

Div(U(P, ti)) = [∂u(P, ti )/∂x] +  [∂v(P, ti )/∂y] 

Where ∂u(P, ti )/∂x and ∂v(P, ti )/∂y are the partial derivatives 

of u and v components of the OF along the x and y directions, 

respectively. We used a simple Prewitt operator to compute 

the gradient of the OF. 

The second feature captures the local spin around the axis 

perpendicular to the OF plane and is referred to as Curl. It is 

useful to measure the dynamics of the local circular motion of 

the facial components. 

Curl(U(P, ti )) = [∂v(P, ti )/∂x] – [∂u(P, ti )/∂y] 

where ∂v(P,ti )/∂x and ∂u(P,ti )/∂y are the partial derivatives of 

v and u components of the OF along the x and y directions, 

respectively. 

The third feature is the scalar projection of the OF vector U 

onto the unit position vector ˆP,  

      Proj (U(P, ti )) = U . ˆP = u ˆ px + v ˆ py 

This Proj feature captures the amount of expansion or 

contraction of each point with respect to the nose point. For 

example, the “happy” and “sad” emotions can be distinguished 

by this feature clearly. Fig. 2(a) shows how the sign and 

magnitude of the Proj feature changes for a sample lip point 

(the magnitude is exaggerated for better illustration) 

depending on the facial emotion. 

The rotation (Rot) feature is the defined as the cross product of 

the unit position vector ˆP and OF vector U as follows: 

    Rot (U(P,ti)) = ˆP× U = v ˆ px − u ˆpy 

Since both ˆP and U lie on the image plane, their cross product 

is a vector perpendicular to the image (x-y) plane. For 

simplicity, we consider only the coefficient of this cross 

product vector and treat it as a scalar quantity. The Rot feature 

measures the amount of clockwise or anti-clockwise rotation 

of each facial point movement with respect to the position 

vector.  

 

3.2 Spatio Temporal Descriptor Construction: 

A spatio-temporal descriptor is obtained by concatenating the 

spatio-temporal features extracted at each local region in the 

video. The local regions are determined by dividing the 

volumetric data into M 3D blocks (could be overlapping or 

non-overlapping).To preserve the geometric information of 

descriptors, each block is further divided into N 3D cells. 

Two types of histograms, namely, weighted histogram (WH) 

and un-weighted histogram (UWH), are used to aggregate the 
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features in each cell. The weighted histogram characterizes the 

magnitude of emotion, i.e., it differentiates a subtle emotion 

from an exaggerated emotion. Each WH consists of two bins - 

positive and negative bins, and the magnitude of the 

associated features is used to vote for each bin. The un-

weighted histogram ignores the magnitude of the emotion and 

attempts to characterize its dynamics. It involves three bins 

related to positive, negative, and zero features. Equal vote is 

assigned for each bin, which means that the total number of 

positive, negative, and zero features are counted. The UWH 

minimizes the effect of changes in the emotion speed by 

considering only the sign (positive, negative, or zero) of the 

features and ignoring their magnitude. Thus, the two 

histograms (WH and UWH) encode complementary 

information that can potentially improve the classification 

performance. WH and UWH are computed for each cell based 

on the four spatio-temporal features (Div, Curl, Proj, and Rot) 

described earlier. 

 

3.3 Extreme Learning Machine (ELM) and Extreme 

Sparse Learning (ESL) 

 ELM is considered to be a state-of-the-art 

classification technique, especially for multi-class 

classification problems. 

 ELM requires fewer optimization constraints, which 

results in simple implementation, fast learning, and 

better generalization performance. 

 ELM is a good choice for the problem of facial 

emotion recognition.  

 Combining ELM with sparse representation and 

dictionary learning can lead to further improvement 

in recognition performance. 

 Extreme Sparse Learning (ESL) is to recognize facial 

emotions in real-world natural situations.  

  

 3.3.1 Recognition Framework 

The proposed approach combines the discriminative power of 

Extreme Learning Machine (ELM) with the reconstruction 

capability of sparse representation. In this section, a 

dictionary-based classification method called Extreme Sparse 

Learning (ESL) is proposed to recognize facial emotions in 

real-world natural situations. The key motivation behind the 

use of sparse representation is its inherent ability to 

reconstruct the original signals from noisy and imperfect 

samples (in this context, imperfect data may refer to cases 

with large pose variations, occlusion, and illumination 

changes) based on a learned dictionary. By simultaneously 

learning a dictionary for sparse representation and a 

classification model, the proposed ESL algorithm is able to 

implicitly handle illumination and occlusion changes. 

 

3.3.2 Sparse Representation and Dictionary Learning 

The basic assumption underlying sparse representation is that 

natural signals or images can be efficiently approximated by 

linear combination of a few elements (so called atoms) of a 

dictionary. One of the critical issues in sparse representation is 

the choice of the dictionary. The dictionary can be obtained by 

either applying predefined transforms to the data (e.g., Fourier 

transforms) or directly learning from training data. 

 

3.3.3 Extreme Sparse Learning (ESL) 

Separating the classifier training from dictionary learning may 

lead to a scenario where the learned dictionary is not optimal 

for the classification task. Therefore, we propose to jointly 

learn the dictionary and the classification model for better 

performance. Outline of the proposed ESL frame work is 

shown in Fig.3 

 

Figure 3-outline of the proposed ESL framework. 

 

When kernels are incorporated in the above framework, we 

refer to it as Kernel ESL (KESL). Kernel is used to enhance 

the learning ability. Performance of ESL is compared with the 

performance of the KESL classifier in term of recognition 

accuracy. It is shown in Fig.4. 
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Figure 4-Recognition Rate 

 

It results in the highest classification accuracy among the other 

method. 

 

4. CONCLUSION 

In this work various techniques have been analyzed to 

recognize the speech through Lip Movement. It further 

explores the Pros and cons of the schemes proposed by many 

researchers. Furthermore, it proposes an idea for future 

research directions in this area. The proposed method 

investigated different lip motion representations. For testing 

the performance, we used images from video frames. The 

recognition of the speech through lip movement is proposed 

by an approach called extreme sparse learning, which has the 

ability to jointly learn a dictionary (set of basis) and a 

nonlinear classification model. The proposed approach 

combines the discriminative power of extreme learning 

machine with the reconstruction property of sparse 

representation to enable accurate classification when presented 

with noisy signals and imperfect data recorded in natural 

settings. In addition, this paper presents a new local spatio-

temporal descriptor that is distinctive and pose-invariant. The 

proposed framework is able to achieve the state-of-the-art 

recognition accuracy on both acted and spontaneous 

databases. 
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