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ABSTRACT 
Face recognition is a procedure of identifying one or more people in images or videos by analyzing and comparing patterns. 

Algorithms for face recognition normally extract facial features and compare them to a database to find the best match. In this 

work, a new approach is introduced by combining compact feature descriptor with semi supervised decision tree algorithm. 

Semi supervised decision tree algorithm used to classifying and matching the images. In the classification, we consider semi 

supervised learning, learning task from both labeled and unlabeled instances with in particular, self-training with decision tree 

learners as base learners. This work includes four different face recognition scenarios. These are face recognition in the wild, 

aging face recognition, matching near-infrared face images and optical face images, standard face recognition. 

 

KEYWORDS:  Face recognition, feature extraction, semi supervised decision tree classification. 

 
INTRODUCTION 

 
 A facial recognition system is a computer application able of  identifying or  verifying  a person from 
a digital image or a frame from a video source. Humans have been using physical characteristics such as face, 
voice, etc. to recognize each other for thousands of years. With novel advances in technology, biometrics has 
become an emerging technology for recognizing individuals using their biological qualities. Nowadays, 
biometrics is becoming part of day to day life, where in a person is recognized by his/her personal natural 
characteristics. Our objective is to develop an inexpensive security observation system will be able to detect and 
identify facial character. One of the ways to do this is by comparing preferred facial features from the image and 
facial database. Various facial recognition algorithms identify facial features with extracting landmarks and 
features, from an image of the subject's face. For example, an algorithm may analyze the relative location size 
and shape of the eyes, nose. These features are then used to explore for other images with matching features. 
Face recognition describes that an automated or semi automated procedure of identical facial images. 
 Feature representation and feature matching are two key stages in face recognition. The former refers to 
processes that obtain appropriate feature descriptors, such as SIFT and LBP while the latter use classification 
model, usually trained on a separate dataset, to match facial images to particular to subjects. The feature 
matching models used in practice fall into two categories. There are discriminative models and generative 
models. In particular the generative approaches, such as those described in construct generative models based on 
a variety of independence assumptions and can be used for classification following Bayesian rules. On the other 
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hand, discriminative approaches focus more directly on the classification task and thus can yield superior 
performance over the generative methods representative methods include. Discriminative models can be further 
classified into linear and nonlinear subtypes. The linear methods are often simple and robust but lack the 
capability to express nonlinear variations, while nonlinear methods overcome this limitation at the cost of more 
expensive training and a higher risk of over-fitting. 
 
Related Work: 
 Dense feature extraction is becoming increasingly trendy in face recognition tasks. Systems based on this 
approach have demonstrated impressive performance in a range of demanding scenarios. However, 
improvements in discriminative power come at a computational cost and with a danger of over-fitting. In this 
technique propose a new approach to dense feature extraction for face recognition, which consists of two 
stepladders. First, an encoding method is devised that compresses high-dimensional dense features into a 
compact representation by maximize the intra user correlation. Second, we develop an adaptive feature matching 
algorithm [1] for effective classification. This technique propose an effective compression encoding method that 
turns dense features into a compact feature representation, while at the same time enhancing the discriminative 
power. This is achieved by compressing facial features at the local feature level by encoding the long local 
features into a compact feature vector. 
 In biometrics research and industry, it is risky yet a challenge to match infrared face images to optical face 
images. The major difficulty deception in the fact that a great discrepancy exists between the infrared face image 
and related optical face image because they are captured by dissimilar devices. This method [2] presents a new 
approach called common feature discriminate analysis to decrease this great discrepancy and develop optical-
infrared face recognition performance. In this approach, a novel learning based face descriptor is first proposed 
to extract the frequent features from heterogeneous face images and an efficient matching method is applied to 
the resulting features to obtain the final result. Extensive experiments are conducted on two big and challenging 
optical infrared face data sets to show the superiority of our approach over the state-of-the-art. Vector 
quantization is an effective method in mapping vectors of continuous space into discrete system representations, 
and has been broadly used to create discrete image representations for object recognition. An image can be 
converted into an encoded image by converting each pixel into a accurate code using the vector quantization 
technique. 
 For several learning problems, estimates of the inverse population covariance are required and often 
obtained by inverting the model covariance matrix. Increasingly for current scientific data sets, the number of 
sample points is less than the number of features and the sample covariance is not invertible. In such positions, 
the Moore Penrose pseudo inverse sample covariance matrix [3] constructed from the eigenvectors equivalent to 
nonzero sample covariance eigen values is often used as an estimate to the inverse population covariance matrix. 
The reform error of the pseudo inverse sample covariance matrix in estimating the right inverse covariance can 
be quantified via the Frobenius norm of the difference. The reconstruction error is dominated by the smallest 
nonzero sample covariance eigen values and diverges as the ideal size becomes similar to the number of features. 
For high-dimensional data, we use random matrix theory methods and results to study the reconstruction error 
for a wide class of population covariance matrices. Bagging and random subspace methods can outcome in a 
reduction in the reconstruction error and can be combined to improve the accuracy of classifiers that develop the 
pseudo inverse sample covariance matrix. This work includes four different face recognition scenarios. These are 
face recognition in the wild, aging face recognition, matching near-infrared face images and optical face images, 
standard face recognition. Fig 1 shows the different type of face databases.  
 

 
 
Fig. 1: Different type of facial expression. 
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Design Methodology: 
 In face recognition method, we combine the feature extraction with semi supervised classification method. So 
we have to apply the semi supervised classification method for matching the faces. Semi supervised learning 
algorithms use not only the labeled data then also unlabeled data to construct a classifier. In a decision tree 
classifier the class distribution at the leaves is normally used as probability valuation for the predictions. The aim 
of semi-supervised learning is to use unlabeled instances also combine the information in the unlabeled data with 
the explicit classification statistics of labeled data used for improving the classification performance. Proposed 
work is divided in to four stages. They are preprocessing, segmentation, feature extraction and classification. Fig 
2shows that architecture diagram of proposed system. First step of this proposed work is preprocessing the input 
image. Gaussian filter is used for preprocessing. After preprocessing given input image is divided in to sub 
blocks. Then feature extraction is performed for local features of the sub blocks. Finally classification is 
performed for matching the given input image in to data set images.  

 
 
Fig. 2: Architecture diagram for face recognition using compact feature descriptor with decision tree           
     classification. 
  
Preprocessing:  
 Preprocessing is important step for face recognition technique. Preprocessing performed by removing the 
noise in input image. In this work, noise is removed by Gaussian filter. Given input image may be in the form of 
any size.  So we can resize the input image.  As the resized image will be in the uniform size, the given input 
image is divided into number sub blocks.  Each block can perform the feature extraction method. 
 
Segmentation: 
 Image segmentation is the procedure of segregating a digital image into multiple segments. The goal of 
segmentation is to make simpler and convert the representation of an image into something that is more 
meaningful and easier to analyze. Segmentation is normally used to place objects and boundaries in images. Line 
patch segmentation is the process of assigning a label to every pixel in an image such that pixels with the same 
label share certain characteristics.    
 
Feature extraction:  
 Feature extraction is used to extract the local features in the given input image. High-dimensional facial 
features generally result in high recognition performance. High dimensional facial features can be extracted 
using both dense sampling landmarks also multi scale techniques. High dimensional facial features contain much 
more information than low dimensional ones, which is important for boosting recognition performance. Here we 
use the high dimensional features are scale invariant feature transform (SIFT), local binary pattern (LBP), 
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histogram oriented gradients (HOG).First Scale invariant feature transform come under the shape feature. Shape 
feature gives outline of an image. The following steps are performed in this feature extraction. These steps are 
divide width and height by two. Then Take average of four pixels for each pixel. Repeat until image is tiny. Run 
filter over each size image and it is robust. Then Histogram oriented gradients come under the histogram feature. 
It provides the information about the nature of the image. This feature based on the histogram probability is 
mean, standard deviation, skew, energy and entropy. Here we find the mean value of divided blocks. This feature 
extraction provides the better illumination invariance like lighting and shadows. The following steps are 
performed in this feature extraction. First divide the image into small sub images. Then accumulate a histogram 
of edge orientations within that cell. Combined histogram entries to use as the feature vector describing the 
object. Finally Local binary pattern come under the texture feature extraction. Local binary pattern is one of the 
best performing texture descriptors. Assign a label to every pixel of an image through thresholding the 
neighborhood of an each pixel. Result of this feature extraction as a binary number. 
 
Classification: 
 Classification is a method in which individual items are grouped based on the similarity between the item and 
the description of the group. Classification step categorizes detected objects into predefined classes by using 
suitable technique that compares the image patterns with the target patterns. Semi supervised decision tree 
classification is Simple and computational efficiency is good. Supervised learning methods are effective when 
there are sufficient labeled instances. Decision trees are powerful and popular tools for classification and 
prediction. Decision trees represent rules, which can be understand by human and used in knowledge system 
such as database. Repeatedly partition the training data until all the samples in each partition belong to one class 
or the partition is sufficiently small. In semi-supervised learning there is a little set of labeled data and a large 
pool of unlabeled data. Data points are separated into the points Xl = (x1, x2..., xl), for which labels Yl = {+1, -
1} are provided, and the points Xu = (xl+1,xl+2; . . .; xl+u), the labels of which are not unknown. We assume 
that labeled and unlabeled data are drawn independently from the similar data distribution. We consider datasets 
for which nl<< nu, where nl and nu are the number of labeled data and unlabeled data respectively. 
 
Algorithm: 
 Self-training algorithm used for semi supervised decision tree classification. The self-training algorithm 
wraps around a base classifier and uses its hold predictions through the training process. A base learner is first 
trained on a small number of labeled examples the primary training set. The classifier is then used to predict 
labels for unlabeled examples based on the classification confidence. Next, a subset S of the unlabeled examples, 
together with their predicted labels, is selected to train a latest classifier. Typically, S consists of a few unlabeled 
examples with high confidence predictions. The classifier after that retrained on the new set of labeled examples, 
and the procedure is repeated until it reaches a stopping condition. As a base learner, we employ the decision 
tree classifier in self-training. 
Algorithm as follows, 
Initialize: L, U, F, T; L: Labeled data; U: Unlabeled data; 
F: Underlying classifier; T: Threshold for selection; 
Itermax: Number of iterations; {Pl}Ml=1: Prior probability; t ← 1; 
While(U! = empty) and (t <Itermax)do 
      -Ht−1 ← Base Classifier (L, F); 
for each xi ∈ U do 
-Assign pseudo-label to xi based on  
classification confidence 
-Sort Newly-Labeled examples based on 
the confidence 
-Select a set S of the high-confidence 
Predication nl∝ Pl  
and thresholdT // Selection Step 
-Update U = U - S; L = L U S; 
-t ← t + 1 
-Re-Train Ht−1 by the new training set L 
end while 
Output: Generate final hypothesis based on the new training set 
 Decision trees are one of the techniques used for classification. They are fast and effective in many domains. 
They work well with small or no tweaking of parameters which has made them a popular tool for many domains. 
This has motivated us to find a semi-supervised technique for learning decision trees. The following algorithm 
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presents the main structure of the self training algorithm. The objective of the selection step in Algorithm is to 
find set unlabeled examples with high confidence predictions above a threshold T. 
 
Experimental And Result: 
 A series of analysis were done to show the efficiency of algorithm. All the experiments were performed on 
the laptop with Pentium IV 2.4 7GHz processor, Hard Disk of 350 GB and RAM 2GB. We express the 
effectiveness of our approach in four popular face recognition scenarios such as matching faces in the wild, 
cross-age face recognition, near infrared face recognition, and the standard face recognition task. Previous 
method adaptive matching framework used for matching the images. In this work semi supervised decision tree 
technique used for classifying and the matching the images. 
 
The LFW Dataset:  
 The LFW database contains 13,233 images from 5,749 various subjects, with every face labeled with the 
name of the person pictured. The number of images for every subject varies from 1 to 530. All the images are 
collect from the Internet and have large intra personal variability. 
 
CUHK Infrared-Optical Dataset:  
 The CUHK Infrared Optical face dataset consists of together optical and infrared photos from 2800 various 
people, each having one optical picture and one corresponding infrared picture. 
 
Morph Album 2 Dataset: 
 The Morph Album 2 dataset is the biggest face aging dataset available in the public domain. This dataset is 
composed of about 78,000 face images from 20,000 various subjects capture at different ages, ranging from 16 
to 77. 
 
FERET Dataset:  
 The FERET dataset is a standard face database. It has numerous subsets. Fa subsets have frontal images of 
1196 persons. Fb subset has 1195 face images with expression variations. Fc subsets have 194 face images with 
lighting variations. Dup 1 has 722 face images with an age gap to the gallery set. Dup 2 is a subset of Dup 1, 
containing 234 face images. There is a standard training set for FERET database. 
 
A. Experimental Environment: 
 Our experiments were run in MATLAB. The algorithm run for semi supervised decision tree method. The 
experimental results based on the different type of facial dataset. The result shows semi supervised decision tree 
algorithm gives better performance comparing to adaptive matching frame work.  
 

 
 
Fig. 3: Comparison of adaptive matching framework and semi supervised decision tree classifier. 
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Conclusion: 
 The major contribution of this paper is the observation that when a learning algorithm is used as the base 
learner in self training, it is very important that the assurance of prediction is correctly estimated, probability 
estimation. The standard technique of using the distribution at the leaves of decision tree as probability 
estimation does not allow self-training with a decision tree learner to benefit from unlabeled data. The accuracy 
is the same as when the decision tree learner is useful to only the labeled data. If a modified decision tree learner 
is used which has an improved technique for estimating probability. The experimental results confirm our 
algorithm achieves a better feature set in terms of classification accuracy and selected number of features. 
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