
	
REAL TIME FACE RECOGNITION SYSTEM FOR CHALLENGING ENVIRONMENTS 
CHAPTER 1
INTRODUCTION
	1.1 AREA OF INTEREST
	Real-World face recognition in unconstrained scenarios is still a major challenge for biometrics. The reasons are manifold. Among them is the fact that gallery (stored) enrolled face images are usually captured in controlled settings, using a predefined arrangement of subjects and capture devices, whereas the probes (test images) are captured in quite different settings. The latter usually present looser restrictions, which significantly increase intra, class variability, so that pose and illumination, as well as expression and occlusions, may become disturbing factors.
The goal for Face Analysis for Commercial Entities (FACE), the novel framework for automatic authentication of biometric face images that we present in this paper, is to address the existing challenges and to advance biometric identity management for real-world commercial applications. Illumination and pose variations are among the crucial factors that may and actually do hinder correct recognition within such operational scenarios. There are most popular and well-established algorithms for face recognition (principal component analysis (PCA), LDA, ICA, and SVMs) to assess the feasibility of real world face recognition in uncontrolled setting using data drawn from Face book. The cited work reports that none of the algorithms evaluated is robust enough to cope with the variations occurring during the data capture stage and that face recognition performance for real application is significantly lacking. A major issue in uncontrolled settings is the quest of performance invariance relative to the above mentioned factors. There is thus much need for a stepwise and robust quantitative assessment during biometric system operation regarding the following: 1) the quality of biometric samples; 2) the reliability of the recognition responses; and 3) their combined effect on the identification decisions made.
Such an assessment helps with decision making, including the choice for further guided biometric processing. FACE currently performs identification (1: N matching) using both closed- and open-set recognition assumptions. Among the possible variations affecting face recognition, it specifically addresses pose and illumination changes. Toward that end, FACE implements correction procedures to normalize the face biometrics captured to a frontal pose using uniform illumination. In addition, it implements a related strategy for the derivation of indices for image quality and their combined use (“data fusion”) during authentication. 
The experimental results reported show that this significantly reduces the impact of image variability on the accuracy of the face recognition system. The proposed procedures employ a cloud of interest points on the input face image, which are to correct the pose through affine transformations of their corresponding regions. After a pseudo frontal pose has been obtained, illumination is normalized as well. The located interest points allow FACE to further derive important additional information regarding the image quality achieved during the acquisition of the biometric sample. Two quality indices are defined for this purpose, which are inversely related to the “effort” that would be needed to correct the original biometric image. The Sample Pose (SP) index accounts for pose quality (which is inversely proportional to measured distortion), and the Sample Illumination (SI) index accounts for illumination quality (which is inversely proportional to measured variations). In both cases, a high index value indicates high quality; owing to these quantitative indices, some biometric samples can be discarded (a priori sample selection). In this case, resembling, possibly guided using ambient tuning, may take place, as, for example, in authentication applications, or manual intervention may be invoked, as in automatic tagging applications. After executing its recognition procedure, FACE further implements two alternative system response reliability (SRR) indices, SRR I and SRR II, which evaluate each single system response (identification result) by considering the overall composition of  the classifier gallery. 
Even in this case, alternative strategies may be adopted. In summary, we have a sample normalization phase, integrated with a sample quality assessment, and a matching phase, followed by the final response reliability assessment. The system integrating both quality and reliability indices is not only robust but also flexible. When either index does not reach satisfying values, it is possible to request a new capture, when this is feasible, or the system can follow a different protocol, by possibly asking user’s feedback. Answer correction is typical of many applications of this kind, but using FACE, it requires a lower workload for the user by automatically performing most of the job. In practice, FACE is composed of two modules. 
The first module is dedicated to sample distortion evaluation (with the possibility to discard the samples subject to large distortions) and normalization. The second module performs matching (with the possibility to disregard those responses found to lack in reliability). While the proposed normalization and image quality indices are biometrics specific, i.e., are only applicable to face, reliability evaluation is completely biometrics independent (given that the identification module returns the whole galley ordered by similarity with the probe). In particular, quality and reliability indices can be extensively used for data fusion and online identity management and can provide a high degree of interoperability. The obtained system is not only robust but also flexible. The face image elements used by FACE for normalization, as well as the precompiled items (features) used later on for the calculation of correlation with other images, are specific to each image and do not require any information on the rest of the gallery. Last but not least, the computation of reliability indices does not require sharing biometric information among enrolled samples. This makes enrollment particularly fast and efficient as it avoids retraining when adding new subjects.
The comparative performance evaluation was performed by integrating FACE in the framework made available by Becker and Ortiz. The data sets used to assess FACE include CelebrityDB (CDB), which is a data set of 1500 photographs of celebrities Labeled Faces in the Wild (LFW), SCface, and FERET. FACE is compared against SVM, incremental SVM (ISVM), PCA, incremental LDA (ILDA), ICA, and hierarchical multiscale local binary pattern (HMLBP). Although many of these algorithms do not represent the most recent state-of-the-art, they share a wide consensus regarding their strengths and limitations and are often used to provide firm and repeatable comparisons. HMLBP is chosen to compare FACE against a local matching technique. The results show that FACE is much better than the other algorithms listed, with a significant increment in accuracy versus the next ranked methods .The amount of increment depends on the complexity of the data set but is always worthy of consideration. The outline surveys normalization solutions to pose and illumination changes/distortions, and approaches for reliability evaluation and automatic facial image indexing and describes our approach to distortion evaluation and image normalization, matching and reliability estimation. 


	CHAPTER 2
SYSTEM ANALYSIS


2.1 EXISTING SYSTEM
The Principal Component Analysis (PCA) is one of the most successful techniques that have been used in image recognition and compression. PCA is a statistical method under the broad title of factor analysis. The purpose of PCA is to reduce the large dimensionality of the data space (observed variables) to the smaller intrinsic dimensionality of feature space (independent variables), which are needed to describe the data economically. This is the case when there is a strong correlation between observed variables. The jobs which PCA can do are prediction, redundancy removal, feature extraction, data compression, etc. 
Because PCA is a classical technique which can do something in the linear domain, applications having linear models are suitable, such as signal processing, image processing, system and control theory, communications; etc. Face recognition has many applicable areas. Moreover, it can be categorized into face identification, face classification, or sex determination. The most useful applications contain crowd surveillance, video content indexing, personal identification (ex. driver’s license), mug shots matching, entrance security, etc. 
The main idea of using PCA for face recognition is to express the large 1-Dvector of pixels constructed from 2-D facial image into the compact principal components of the feature space. This can be called Eigenspace projection. 
Eigen space is calculated by identifying the eigenvectors of the covariance matrix derived from a set of facial images (vectors).problem due to the inefficiencies of the methods used to represent faces. The face representation was performed by using two categories. The First category is global approach or appearance-based, which uses holistic texture features and is applied to the face or specific region of it. The second category is feature-based or component-based, which uses the geometric relationship among the facial features like mouth, nose, and eyes. A feature-based approach was implemented by a geometrical model of a face by 2-D elastic graph. 
2.2 DISADVANTAGES OF EXISTING SYSTEM
Like all technology however, biometrics also comes with some disadvantages. One disadvantage of biometrics is cost. Different biometric technologies need the use of different devices that have a range of costs. Also the use of these biometric devices may cause delay in people’s day.
2.3 PROPOSED SYSTEM
2.3.1 Adaptive NL-Means Normalization
The function performs photometric normalization of the image X using the non-local means algorithm. The algorithm constructs a smoothed image based on a weighted sum of similar patches comprising the image. The smoothed image is then used to estimate the reflectance which should be illumination invariant.
The function is intended for use in face recognition experiments and the default parameters are set in such a way that a "good" normalization is achieved for images of size 128 x 128 pixels. Of course the term "good" is relative. The default parameters are set as used in the chapter of the AFIA book.
2.3.2 Accuracy Achieved by Local Correlation
In a first set of experiments, We used all data sets to compare the performances of the local correlation matching component of FACE, using the formula for s(A,B) in Section II, with the other techniques. In practice, for this set of experiments, the proposed normalization procedure is not exploited, and images are normalized using the technique this implies that only its local correlation module is used. For LFW, we only considered those identities with at least eight images, five of which were used for training (for those techniques like PCA which require it) and three for testing.
3.11 APPLYING ILLUMINATION CONE TO FACE RECOGNITION
In earlier work, it is shown that the images under arbitrary combination of light sources form a convex cone in image space. This cone, called illumination cone, can be constructed from as few as three images. Figure.3.6 (ii) demonstrates the process of constructing the illumination cone. Figure.3.6 (i) show seven original images with different illumination cone. Figure.3.6 (iii) shows the basis images of illumination cone. They can be used to generate images under arbitrary illumination condition. Figure.3.6 (b) shows the synthesized images from illumination cone of one face. 
The reconstructed 3D face surface and illumination cones can be combined together to synthesize images under different illumination and pose. In Georghiades et al. use prior knowledge about the shape of face to resolve the generalized bas-relief (GBR) ambiguity. Once the GBR parameters are calculated, it is a simple matter to render synthetic images under different illumination and pose. Figure 3.6 shows the reconstructed face surface. Figure 3.6(a) shows the synthetic images of a face under different pose and illumination. Note that these images are generated from the seven training images in figure 1a where the pose is fixed and only small variation in illumination. In contrast, the synthetic images exhibit not only large variation in pose but also in illumination. They performed two sets of recognition experiments. There are a total of 450 images (45 illumination conditions × 10 faces). These images are divided into four groups (12°, 25°, 50° and 77°) according to the angle between light source and camera axis. Table 5 shows the results. Cones-attached means that illumination cone was constructed without cast shadow and cones-cast means that the reconstructed face surface was used to determine cast shadow.

.
In the second experiment, they are evaluating the recognition performance under variation in pose and illumination. There are a total of 4,050 images (9 poses × 45 illumination conditions × 10 faces). Figure 3.6 shows the results. Their algorithm has very low error rate for all poses except on the extreme lighting condition. We can draw the following conclusions from their experiment results: 1) we can achieve pose/illumination invariant recognition by using small number of images with fixed pose and slightly different illumination, 2) the images of face under variable illumination can be well approximated by a low-dimensional subspace.    
	Unlike all other papers using HE, in this chapter, a region-based histogram equalization is used to enhance the contrast. Histogram equalization of the approximation coefficients is applied separately on each segmented region and not on the whole image to avoid over lighting the already normally lit regions or under lighting the dark regions. 
The regions of an image are produced by the edge map generation and region segmentation algorithms described. If there is no sub-region in one image, i.e., the segmentation method does not result in more than one region, which means the image is evenly illuminated, then, of course, the image is processed holistically. The reason why we do histogram equalization on the approximation coefficients is because illumination variations mainly lie in the low-frequency band. 
	CHAPTER 6
CONCLUSIONS & FUTURE ENHANCEMENTS


In this project, in order to solve the varying illumination problem, especially the side lighting effect problem in face recognition, we propose a novel adaptive region based image preprocessing scheme that enhances face images and facilitates the illumination invariant face recognition task. The proposed method first segments an image into different regions according to its different local illumination conditions, then both the contrast and the edges are enhanced regionally so as to alleviate the side lighting effect.
6.1 CONCLUSION
This project has, a new framework foreface analysis including classification. It improves accuracy performance compared to state-of-the-art methods, for uncontrolled settings when the image acquisition conditions are not optimal. This is typical of applications such as photo tagging over social networks like Face book or cataloguing of celebrities’ images in a magazine editorial office. This project has access to multiple gallery instances for each subject and does not require expensive training to learn the face space, using instead straightforward correlation of local regions after proper pose and illumination normalization. This project also has access to pose (SP) and illumination (SI) image quality indices, respectively, which can be used to a priori discard images whose quality is not sufficient to guarantee an accurate recognition response. Confidence in the system response is further assessed using SRR I and SRR II, two reliability indices based on the analysis of system responses in relation to the composition of the gallery. Experimental results show that project outperforms competing methods, with a significant increment in accuracy versus the next ranked methods. The improvement depends on the complexity of the data set at hand but is always worth of consideration. 
A number of research issues are still open. One of them regards scaling, i.e., the efficient use of our reliability measures with galleries consisting of millions of images, where such procedures can be very expensive. Another alternative is to perform preliminary clustering/binning of the gallery templates in order to reduce the search space without reducing accuracy below inacceptable level. The possible recognition applications are, of course, of very different nature. At present, many mass screening applications of face recognition require to process a large amount of data despite uncontrolled settings. An example of such application is the automatic clustering of real-world images for tagging purposes. More specifically, one may consider the organization of databases, which collects photographs of interesting in different contexts, poses, and environmental conditions, and automatically cluster them according to the subjects’ identity. 
This classification activity is very useful, for example, in the organization of the work of an editorial staff when a repertoire of photograph material must be assembled for a news report. Such applications represent a significant challenge for face recognition algorithms. Some proposals for clustering users’ personal collections of images are Polar Rose, photo, and Google Picasa. This implies that the user refines the results from a query by providing relevance feedback, i.e., by discriminating significant images from uninteresting ones. Due to its characteristics, FACE can be considered as a good candidate to support tagging.
6.2 FUTURE ENHANCEMENTS
· Our future work will focus on reducing illumination variations caused by shadows and secularities.
· Furthermore, higher frequency facial features are more difficult to extract while poses and expressions change and we can exploring an efficient feature extraction method to make good use of higher frequency facial features.
· In future I significantly reduced by discarding low-frequency DCT coefficients in the logarithm domain.
· We can improve the system  fast and it can be easily implemented in a real-time face recognition system variations mainly lie in the low-frequency ban
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