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Abstract— Face recognition has now achieved high 

performance under controlled image conditions. One of the 

main advantages of face recognition as compared to other 

biometric identification techniques is that it does not require 

the cooperation of participants. The important challenges in 

face recognition are to recognize faces across different 

poses, expressions and illuminations. In this paper, face 

recognition is performed by considering the pose variations. 

In this paper, an efficient method for the reconstruction of 

frontal views from nonfrontal face images using Markov 

Random Field is presented. In this approach the input face 

image is divided in to overlapping patches and a set of local 

warps are estimated corresponding to each patch inorder to 

synthesize the patches in frontal view. A set of warps 

corresponding to each patch is synthesized by aligning it 

with the images from the database of frontal images. Any 

face recognition techniques can be used for the recognition 

of reconstructed frontal face images. Feature Extraction is 

performed using SIFT algorithm. Scale Invariant Feature 

Transform is an efficient algorithm for feature extraction 

since it is independent of scale and orientation variations. 

The main advantages of the proposed method are that it does 

not require any manually selected facial landmarks or head 

pose estimation. 

Key words: Eigen Faces, Fisher Faces, Morphable Model, 

Active Appearance Model, Light Fields          

I. INTRODUCTION 

Face recognition is one of the prominent topics in computer 

vision and pattern recognition. It is an important biometric 

technique and has the advantage of being passive and 

natural as compared to other biometric techniques like 

finger print and iris recognition. The performance of most of 

the current face recognition techniques fails when there are 

variations in pose, expressions and illumination. Among 

this, pose variations was considered as most important and 

challenging problem in face recognition. Face recognition 

across pose refers to the recognition of face images in 

different poses by computers. If face recognition does not 

have a good pose tolerance the system requires cooperative 

subjects who look directly at the camera and face 

recognition is no longer passive and non-intrusive. Thus 

pose tolerance is an important ability of a face recognition 

system to achieve its advantage of being non-intrusive over 

other biometric techniques which requires cooperative 

subjects such as finger print and iris recognition. Due to 

complex 3D structures and surface reflectivity of human 

faces, pose variations becomes serious challenges in current 

face recognition systems. In most of the face recognition 

systems the pose of the probe and gallery images are 

different. The number of probe and gallery images may also 

different. For example, the gallery image may be a frontal 

image and probe image might be a ¾ view taken from a 

camera in the corner of a room. 

 Pose difference results in large variations in the 

appearance even for same person. The difference is more 

remarkable than that caused by the difference of identity 

under the same pose. The visual appearance of the human 

face under different view angles will varies significantly as 

the human face is considered as a 3D object. The facial 

appearance variations caused by different head poses is 

larger than the ones caused by different identities. Thus face 

recognition becomes difficult due to this large difference in 

the appearance when the pose of the face in the probe image 

differs from the one in the gallery image. These pose 

variations can be compensated by adding enough training 

samples that cover the pose space of the gallery set. This 

will slows down the system. A few promising methods have 

been proposed for solving the problem of recognizing faces 

in arbitrary poses such as tied factor analysis ,3D morphable 

model, Eigen light field etc. Face recognition algorithms 

like Eigen faces [1], Fisher faces can be applied to 2D faces. 

In Eigen faces approach face recognition is treated as a two-

dimensional recognition problem and the faces are described 

as a set of 2D characteristic views. Face images are 

projected to a face space which is defined by Eigen faces. 

This Eigen faces are the Eigen vectors of the set of faces. 

Face recognition is performed by projecting the new image 

in to the subspace and then classifying the face by 

comparing the position in the face space with the positions 

of the known individuals. The disadvantage of this method 

was that the recognition rate is low. 

 Another face recognition technique known as 

Fisher faces [2] which is a derivative of Fisher Linear 

Discriminant maximizes the ratio of between class scatter to 

that of within class scatter. Fisher faces are a class specific 

method and it shape the scatter to make it more reliable to 

for classification. This method appears as best for handling 

variation in lighting and expression. When shadowing 

dominates the performance of this method degrades and 

techniques that either model or mask the shadowed regions 

may be needed. Another approach proposed by Blanz and 

Vetter [3] fits a 3D model to an input face using the prior 

knowledge of human faces and image based reconstruction. 

This morphable model represents shape and textures of 

faces as vectors in a high dimensional face space. The 

disadvantage of this method is that it requires many 

manually selected landmarks for initialization. In the 

approach proposed by Cootes and Taylor [4] fits a statistical 

appearance model to the input image by learning the 

relationship between perturbations in the model parameters 

and the induced image errors. This algorithm is known as 

Active Appearance Model (AAM).The models were 

generated by combining a model of shape variation with a 

model of the appearance variations in a shape normalised 
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frame. The main disadvantage of this method is that each 

image requires large number of manually annotated 

landmarks. Gross and Baker [5] proposed the Eigen Light 

Field method which is a pose invariant recognition 

algorithm that uses as many images of the faces available 

from one upwards. All the pixels are treated equally and 

used to estimate the Eigen light field of the object. This is 

then used as the set of features on which to base the face 

recognition decision. The advantage of this approach is any 

number of images can be used in both gallery and probe 

sets. The disadvantage of this algorithm is that it discards 

the shape variations due to different identity and it requires a 

restricted alignment of the image to the light field space. 

Another approach proposed by Prince and Elder [6] model 

the measured feature vector as being generated by a linear 

transformation of the identity variable in the presence of 

Gaussian noise. This model is called as tied factor analysis. 

This approach uses an affine mapping and poses information 

to generate the observation space from the identity space. In 

an approach proposed by Chai and Gao [7] generates the 

virtual frontal view from a given nonfrontal face image by 

using a method called Locally Linear Regression method. In 

this method dense sampling of the nonfrontal image is done 

to obtain overlapped local patches. Then the linear 

regression technique is applied to each small patch for the 

prediction of its virtual frontal patch. The virtual frontal 

view is generated by combining all these patches. 

II. PROPOSED METHOD 

This method consists of two phases-training phase and 

testing phase. In the training phase features are extracted for 

the frontal face images using SIFT algorithm. These features 

are stored in trained database. During testing phase the input 

images, which are nonfrontal are preprocessed for removing 

the noise. Then virtual frontal images are reconstructed   

from nonfrontal images using Markov Random Field. The 

frontal features are detected by using Lucas Kanade 

algorithm. The features of this frontal images are extracted 

using SIFT algorithm. These features are stored in test 

database. The features of both testing and training images 

are compared .If there is a match occurs, that image is 

recognized. 

A. Markov Random Field 

In the proposed algorithm, lattice points whose local patches 

are inside the image form a set of MRF nodes. The set of 

warps Pi can be considered as the set of possible labels for 

node i .A 4-connected neighbourhood system is then created 

by edges E of the MRF.The single node potential Ei(Pi) 

penalizes the cost of assigning the warp p(k) to node i.The 

pairwise potential Ei,j(pi,,pj) is the cost of label discrepancy 

between two neighbouring nodes i and j.In otherwords,this 

smoothness term measures how to reduce the effect of 

illumination changes ,the local patches are normalized by 

subtracting the means and dividing by the standard 

deviations before estimating the sum of the squared 

difference in the overlapping region. Ei,j(pi,,pj) can be written 

as  

Ei,j= (Ii(x:pi)-Ij(x:pj))
 2                          

 (1.1) 

Where pi   Pi, pj   Pj and Ii (x:pi) denotes the 

intensity value at the location x in Ii (pi).  

 The second improvement is the use of message 

scheduling to determine the transmitting order for a node 

based on the confidence of that node about its label. The 

node most confident about its label should be the first one to 

transmit outgoing messages to its neighbours. 

B. Frontal Face Reconstruction 

The patches are sampled with some amount of 

overlap inorder to reduce the blocking effect. In this 

approach the intensity of the pixel in the overlapping region 

is computed as the average of the intensities of the 

overlapped patches in the same position. The Poisson solver 

can be used to remove the intensity gradients along the seam 

created by two overlapping patches. The missing regions in 

the reconstructed frontal face image are filled using the 

facial symmetry constraint. 

C. Feature Extraction 

Feature Extraction is done by using SIFT algorithm. Scale 

Invariant Feature Transform [8] is a popular feature 

extraction algorithm. This algorithm has the capability to 

capture the main gray level features of an objects view by 

means of local patterns extracted from a scale space 

decomposition of an image. SIFT algorithm is usually used 

to extract local features of an image and has several 

advantages. SIFT features maintain a certain degree of 

stability on perspective changes, affine transformations and 

robustness to noise. The features keep invariant on rotation, 

scale and illumination change of images. SIFT features are 

unique and more informative. The features are highly 

distinctive so that a single feature can be correctly matched 

with high probability against a large database of features 

from many images. There are four stages used to generate 

the set of image features. These are scale-space extrema 

detection, keypoint localization, orientation assignment and 

keypoint descriptor. 

III. EXPERIMENTAL RESULTS 

A set of test images which are nonfrontal are given as input 

to Markov Random Field which is the proposed method 

used for frontal reconstruction. The nonfrontal images are 

transformed to frontal images using Markov Random Field. 

Figure 1 shows the input image. 

 
Fig. 1: Input Image 

Mesh output is shown in fig.2 
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Fig. 2: Mesh Output 

Lucas Kanade algorithm is used to detect the 

frontal regions of the output frontal images. The LK output 

is shown in figure .3 

 
Fig. 3: LK Output 

Frontal features are extracted using SIFT algorithm 

.This is shown in figure 4 

 
Fig. 4: SIFT Features 

The output of the face recognition system is shown in figure 

5 

 
Fig. 5: Recognized Output 

IV. CONCLUSION AND FUTURE SCOPE 

In this paper reconstruction of the virtual frontal view from 

nonfrontal face images using Markov Random Field is 

developed. By dividing the input image in to overlapping 

patches, a globally optimal set of local warps can be 

estimated to transform the patches to the frontal view. Each 

patch is aligned with images from a training database of 

frontal faces inorder to obtain a set of possible warps for that 

node. The advantage of the proposed approach is that the 

computation time is reduced.Markov Random Field based 

reconstruction is less precise and less accurate. As a future 

work Hidden Markov Models can be used for frontal 

reconstruction of the nonfrontal images. This Hidden 

Markov Model based reconstruction is more accurate and 

precise. 
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