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 A face recognition system is used to identify a human face after learning from a series 

of images. Accurate facial recognition has wide variety of applications such as, 

biometric identification, intrusion detection systems, anomaly detection systems and 
other security-related applications. Facial recognition in the unconstrained environment 

is a challenge. Many current works focus on extracting more number of features for 

better recognition. In this work, we propose a generic framework for accurate facial 
recognition. Our proposed work, uses alignment techniques to transform the image in 

the unconstrained environment to a fully frontalized image, which is fed to a neural 

network for developing a compact image representation for future classification. The 
proposed framework reduces the problem of facial recognition in the unconstrained 

environment to a problem in the constrained environment for accurate face recognition. 
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INTRODUCTION 
 

Face recognition is defined as recognizing the identity of a face in a given photograph. Accurate recognition 

of faces in a given photograph can have substantial implications, particularly in security applications.  Human-

level face recognition can enable development of better camera surveillance software. But current inability of 

algorithms to recognize faces in unconstrained environments, that is under variable lighting conditions, 

occlusions, and pose variations, have hindered the development of applications based on facial recognition. 

Recent works have focused on learning millions of features to accurately identify faces. This leads to learning of 

wrong features which leads to errors in recognition. Some research efforts have focused on neural networks for 

representation instead of well-engineered features (Cao et al., 2013, Barkan et al., 2013, Chen et al., 2013). This 

led to better results for the problem of face recognition in unconstrained environment as neural nets provided 

better and compact image representation. In this paper, we propose a generic face recognition framework which 

will aid in development of robust face recognition software. 

Face recognition for images in the wild is difficult because these images have pose variations, varying 

illumination and occlusions. This requires the images to be pre-processed before using learning methods for 

representation. This pre-processing usually done is alignment. Aligning the facial images takes care of pose 

variations.  

The alignment of faces on a 2D image has three steps involved. First, is the identification on fiducial points. 

Fiducial points are reference points for mapping from one coordinate system to another. Identification of 

accurate fiducial points results in better alignment. Second step, is to create a projection matrix on a 3D face 

model. In this, there are two approaches: 1) To generate 3D model of the person under training 2) To use a 

generic 3D model. It is observed that generic 3D models perform better compared to 3D models specific to the 

person. (Bengio, 2009, LeCun et al.,1998). After finding the projection matrix, using the fiducial points we can 

project the face onto the 3D face model and then frontalize it using symmetry. With the frontalized cropped face 

images with no background noise and no pose variations, we can train the neural network for learning the image 

representation.  
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1. Related Work: 

X. Zhu, D. Ramanan (Zhu and Ramanan, 2012), proposes a novel but simple approach to encoding elastic 

deformation and three-dimensional structure; it uses mixtures of trees with a shared pool of parts. It defines a 

“part” at each facial landmark and use global mixtures to model topological changes due to viewpoint; a part 

will only be visible in certain mixtures/views. It allows different mixtures to share part templates. This 

facilitates to model a large number of views with low complexity. Finally, all parameters of the model, 

including part templates, modes of elastic deformation, and view-based topology, are discriminatively trained in 

a max-margin framework.  

Subsequently Haoqiang Fan et al. (Fan et al., 2014), introduced Pyramid CNN, a new type of deep 

convolution neural networks, which uses a greedy-filter-and-down-sample operation which makes it training 

faster and computationally more efficient. The Pyramid CNN can also incorporate feature learning making it 

learn from multi-scale face representations. The proposed network achieves 97.3 percent accuracy in the 

Labelled Faces in the Wild dataset.  

The researchers Wolf et al. (Wolf et al., 2014) proposed an effective deep neural net (DNN) architecture 

and learning method that leverages a very large labeled dataset of faces in order to obtain a face representation 

that generalizes well to other datasets; It proposes an effective facial alignment system based on explicit 3D 

modeling of faces. The learned representations coupling the accurate model-based alignment with the large 

facial database generalize remarkably well to faces in unconstrained environments, even with a simple classifier. 

Tal Hassner et al. (Hassner et al., 2014) proposes the simple approach of using a single, unmodified 3D 

reference for all query faces, instead of a unique 3D face model for each subject, in order to produce frontalized 

views. The approach illustrates that faces remain easily recognizable despite this approximation. The frontalized 

faces obtained by this approach are aggressively aligned thereby improving performances over previous 

alignment methods. The approach verified the claims using the LFW benchmark for face recognition and the 

Adience benchmark for gender estimation.  

The authors G. Tzimiropoulos and M. Pantic (Tzimiropoulos and Pantic, 2013) argue Active Appearance 

Model fitting is essential for Landmark localization is of fundamental significance in many computer vision 

problems like face and medical image analysis. This paper proposes a robust AAM fitting algorithm for images 

in-the-wild. This algorithm decouples shape from appearance by projecting out appearance variation.  

M. Valstar et al., (Valstar et al., 2010) presents a method based on a combination of Support Vector 

Regression and Markov Random Fields to drastically reduce the time needed to search for a point’s location and 

increase the accuracy and robustness of the algorithm. The proposed point detection algorithm was tested 

on1855 images, the results of which showed it outperformed current state of the art point detectors.    

P. Viola and M. Jones, (Viola and Jones, 2004) makes three contributions namely, 1) Introduction of image 

representation called “Integral Image” 2) simple classifier based on Ada-Boost learning algorithm 3) a method 

for combining classifiers in a “cascade” which allows background regions of the image to be quickly discarded. 

Implemented on a conventional desktop, face detection proceeds at 15 frames per second. 

 

2. Framework for Facial Recognition: 

The proposed framework for face recognition is given in Figure.1. The frame work comprises of two major 

phases of activities viz.  Alignment and Neural Network Representation.  

 

2.1 Alignment: 

A face represented in an unconstrained environment presents us various challenges such as varied lighting, 

occlusion and often accompanied with extreme postures. It is important that we need to tackle those challenges 

and represent the face in a simple and clear way for accurate representation and recognition. The following four 

stages helps us to tackle those challenges. 

 

Stage 1: Localization: 

In a typical image, cropping of face is necessary so that the learning algorithm does not learn features from 

the background which are irrelevant for facial recognition. Also, detection of facial points without localization 

makes the whole process computationally inefficient. We use Viola-Jones Detector (Viola and Jones, 2004) 

algorithm to detect various faces in the image and crop them to serve as input to the next stage. 
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Fig. 1: Generic 3-D Assisted Framework for Facial Recognition 

 

Stage 2: Fiducial Point Detection: 

Typical detection involves using shape-based models such as Active Shape Model (ASM) along with  

Support Vector Regression (SVR) to detect basic facial features. An improved facial feature detection 

proposed by M Valstar et al (Valstar et al., 2010) uses Boosted Regression along with Markov Network to 

identify 22 facial points. On this framework we propose using Fast-SIC and Fast- Forward algorithms for Active 

Appearance Model (AAM) fitting by G. Tzimiropoulos and M. Pantic (Tzimiropoulos and Pantic, 2013). These 

algorithms helps in accurate detection of facial points and is computationally efficient. 

 

Stage 3: 2D – 3D Mapping: 

Given a generic 3D model of the face, the facial points are identified using the previous step is projected 

onto this model using a projection matrix Cm . 

 

Cm  =  TmRmAm        (Hassner et al., 2014) 

 

where  Cm  is the projection matrix, Am  is intrinsic matrix, Rm  is rotation matrix,  Tm is translational 

vector. We select the rotation matrix and translational matrix to produce the frontal view of the model. Facial 

features detected in the previous stage is used to estimate the projection matrix (Hassner et al., 2014). Final 

frontalized pose is produced by projecting query facial features back onto the 3D model using the geometry of 

the 3D model (Hassner et al., 2014). Bilinear interpolation is used to sample intensities of original image onto 

the 3D model. 

 

Stage 4: Symmetry Corrections: 

Due to pose variations, there may be visibility issues while trying to obtain the frontalized image. Hence, 

symmetry of the face can be exploited to render parts of the face which are not visible. But, in a scenario where 

the face is occluded by some object which is not part of the face, then it will lead to a wrong frontalized image. 

As an example, suppose a person has one hand placed on his cheeks, while applying symmetry it will be 

reflected on the other side.  

Even facial expressions which make the face unsymmetrical poses a problem for frontalization. To avoid 

this, we should employee restricted symmetry that is, ignoring symmetry for eyes and any occluding object on 

the face. These are just some suggested techniques. A better way to choose whether to apply symmetry or not, 

may be calculated from classifiers trained on patches of the frontalized images. The patches extracted from 

symmetry-applied frontalized images is given as input to the classifiers and if the patches are successfully 

identified by the classifiers, we can apply symmetry. 

Alignment phase outputs the frontalized image which is suitable for training. Training for learning facial 

representation has been improved with many research efforts in descriptor engineering.  

But with more data being available to train, neural networks have been recently a popular choice for 

achieving, state-of-art facial recognition. 

 

2.2 Neural Network Representation: 

The aim of this component is to produce a compact representation for the image input for later 

classification. The various stages involved in representation component are Image Pre-processing, Feature 

Extraction and Classification.  
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Image Pre-processing: 

In this stage, we convert the images to grayscale so that RGB pixel values don’t interfere with the 

classification results. 

 

Feature Extraction: 

Initially, numerous works extracted large number of features for recognition. This led the models developed 

during training learn wrong features. For example, training with large features may cause the model to bias the 

facial recognition based on background. This, obviously, will result in poor recognition results. Hence, the need 

for better learning representations was in order. Deep Neural Networks (DNN) are known to develop compact 

complex representations.  

Recent state-of-the-art facial recognition (Wolf et al., 2014) algorithms use convolutional neural networks 

or a modified version of convolutional neural networks. Hence for better image representation, our architecture 

proposes to use a deep neural network. Learning from only frontalized images, the DNN, is capable of 

producing accurate representations. Essentially, frontalization step converts the problem of face recognition in 

the unconstrained environment to a problem of face recognition in the constrained environment, which is far less 

challenging. 

 

Classification: 

Thus, with such precise representation, classification using various classifiers can be experimented with to 

see which yields better results. Popular classifiers like Bayesian, SVM have already been used to yield good 

results and various others can be tested to improve upon the accuracy on the classification side. An ensemble of 

classifiers can also be used for better results. 

With availability of large data for training and with immense computational power at our disposal, neural 

networks have proved to work well in image recognition. Hence, use of neural networks to the task of face 

recognition is natural as it is robust and performs better than engineered descriptors for representation. 

 

Conclusion: 

In this paper we tackled the challenging problem of facial recognition in unconstrained environment. Our 

proposed work, aims to increase the robustness of facial recognition techniques against occlusions, varying 

lighting etc. The proposed framework exploits the idea of reducing a difficult problem of detecting faces in the 

unconstrained environment to a less difficult problem of detecting faces in the constrained environment through 

frontalization techniques for obtaining frontalized images for training better models with compact 

representation. 
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