INTERNATIONAL
JOURNAL
OF RESEARCH
IN COMPUTER
APPLICATIONS
AND
ROBOTICS
112
International
Journal of Research
in Computer
Applications And
Robotics,
x(x): xx-xx
www.ijrcar.in

Vol.2 Issue.2, Pg.: 112-117

February 2014

INTERNATIONAL JOURNAL OF
RESEARCH IN COMPUTER
APPLICATIONS AND ROBOTICS
ISSN 2320-7345
UNCONSTRAINED FACE RECOGNITION
FROM BLURRED AND ILLUMINATION WITH
POSE VARIANT FACE IMAGE USING SVM
C.Indhumathi1
2
N.Sai Gayathri

1

PG SCHOLAR, Sri Krishna College of engineering and Technology, Coimbatore, indhu14.12@gmail.com
2
PG SCHOLAR, Sri Krishna College of engineering and Technology, Coimbatore,
gayathri.polekar@gmail.com
Address: 37, C.T.O Colony, Industrial Estate Post, Coimbatore-641012,Tamilnadu, India
Phone: 0422-2670402
Mobile: +91 9677964199, 9597969216
Email ID: indhu14.12@gmail.com ,
gayathri.polekar@gmail.com

Abstract
Face recognition has been researched field of computer vision for the past twenty years. This work have
addressed the matter of recognizing blurred and poorly well-lighted faces. The set of all pictures obtained by
blurring a given image may be a umbellate set given by the umbellate hull of shifted versions of the image.
Supported this set-theoretic characterization, the work planned a blur-robust face recognition rule DRBF.
This rule will simply incorporate previous information on the kind of blur as constraints. Determining the
low-dimensional linear topological space model for illumination, the work showed that the set of all pictures
obtained from a given image by blurring and ever-changing its illumination conditions may be a bi-convex
set. Again, supported this set-theoretic characterization, this work planned a blur and illumination strong rule
IRBF. The face below completely different create are often detected and normalized by mistreatment
transformation parameters to align the input create image to frontal read. When finishing the said create social
control method, the ensuing final image undergoes illumination social control. This is often performed
mistreatment the SQI rule. Then face are often recognized mistreatment incorporating blur and illumination
by classifying coaching and testing knowledge by mistreatment SVM.

Keywords: Support Vector Machine, Pose Variation, Blurred And Illumination Face Image.

1. Introduction
FACE recognition vital strides are created in effort the matter in numerous controlled domains[1], and it's
going to have several vital challenges stay in determination it within the liberty domain. One such situation
happens whereas recognizing faces nonheritable from distant cameras, region motion, out-of-focus. The most
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factors that build this a difficult drawback are image degradations due to blur, noisy image, create variation
and totally different illumination of the face image. This work specifically address the matter of recognizing
faces across blur illumination and create variation.
An obvious approach to recognizing blurred faces would be to deblur the image first then
acknowledge it mistreatment ancient face recognition techniques [3]. However, this approach involves finding
the difficult downside of blind image deconvolution [4], [5]. This work tend to avoid this extra step and
propose an instantaneous approach for face recognition and tend to show that the set of all pictures obtained by
blurring a given image forms a convex set, and a lot of specifically, this shows that this set is that the convex
hull of shifted versions of the first image. So with every gallery image we will associate a corresponding
convex set. Supported this set-theoretic characterization, we tend to propose a blur-robust face recognition
algorithmic program. Within the basic version of our algorithmic program, this tend to cipher the gap of a
given probe image (which we wish to recognize) from every of the convex sets, and assign it the identity of
the nearest gallery image. The distance-computation steps area unit developed as convex improvement issues
over the area of blur kernels. It don't assume any constant type for the blur kernels; but, if this data is offered, it
is simply incorporated into our algorithmic program, leading to improved recognition performance. Further,
this tend to build our algorithmic program sturdy to outliers and little element mis-alignments by substitution
the euclidian distance by weighted L1-norm distance and comparison the photographs within the LBP (local
binary pattern) [6].
Though faces aren't specifically convex or Lambertian, they will be closely approximated by one. So
every face are often characterised by a low-dimensional subspace, and this characterization has been used for
coming up with illumination sturdy face recognition algorithmic programs [7], [9]. Based on this illumination
model, this may show that the set of all pictures of a face below all blur and illumination variations could be a
lenticular set. If the image fix the blur kernel then the set of pictures obtained by variable the illumination
conditions forms a bulging set; and if image have a tendency to fix the illumination condition then the set of all
blurred pictures is additionally bulging. Supported this set-theoretic characterization, this may have a tendency
to propose a blur and illumination face recognition algorithm. The fundamental version of our algorithmic
program computes the space of a given probe image from every of the bi-convex sets, and assigns it the
identity of the nearest gallery image. the space computations steps are often developed as quadratically affected
quadratic programs which we have a tendency to solve by alternately optimizing over the blur kernels and the
illumination coefficients.

2. EXISTING SYSTEM:
Face recognition from blurred image will be classified into four major approaches. The first approach, the
blurred image is deblurred and so used for recognition[10] and [3]. the downside of this approach is to unravel
the difficult drawback of blind image deconvolution. In the second approach, blur invariant features are
extracted from the blurred image and then used for recognition; [14] and [15]. In [14], the local phase
quantization (LPQ) [16] methodology is employed to extract blur invariant options.Though this approach
works fine for little blurs, it's not terribly effective for giant blurs [3]. In [15], a (blur) area is related to every
image and face recognition is performed during this feature space. It's been shown that the (blur) topological
space of a picture contains all the blurred version of the image.However, this analysis doesn't take under
consideration the convexity constraint that the blur kernels satisfy, and therefore the (blur) topological space
can embody several different pictures except the blurred pictures.
The third approach is that the direct recognition approach. In [17],artificially blurred versions of the
gallery pictures square measure created and therefore the blurred probe image is matched to them. Again, it's
unacceptable to capture the full area of blur kernels mistreatment this methodology. To avoid this drawback by
optimizing over the area of blur kernels. Finally, the fourth approach is to collectively deblur and recognition
the face image [18]. However, this involves determination for the first sharp image, blur kernel and identity of
the face image, and thence it's a computationally intensive approach.
There is a lot of want for a stepwise and sturdy quantitative assessment throughout biometric system
operation it includes: 1) the standard of biometric samples; 2) the responsibleness of the popularity responses;
and 3) their combined result on the identification choices created. Such associate assessment helps with higher
cognitive process, as well as the selection for additional target-hunting biometric process. FACE presently
performs identification (1:N matching) victimisation each closed- and open-set recognition assumptions.
Among the doable variations poignant face recognition, it specifically addresses cause and illumination
changes. Toward that finish, FACE implements correction procedures to normalize the face biometry captured
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to a frontal cause victimisation uniform illumination. Additionally, it implements a connected strategy for the
derivation of indices for image quality and their combined use (“data fusion”) throughout authentication. The
experimental results reported show that this considerably reduces the impact of image variability on the
accuracy of the face recognition system. The planned procedures use a cloud of interest points on the input face
image, that square measure accustomed correct the cause through affine transformations of their corresponding
regions. When a pseudofrontal cause has been obtained, illumination is normalized furthermore. The settled
interest points permits FACE to additional derive vital extra data relating to the image quality achieved
throughout the acquisition of the biometric sample. 2 quality indices square measure outlined for this purpose,
that square measure reciprocally associated with the “effort” that might be required to correct the initial
biometric image. The Sample position (SP) index accounts for cause quality and therefore the Sample
Illumination (SI) index accounts for illumination quality. In each case, a high index worth indicates top quality.
There are two approaches for recognizing faces across illumination variation. One approach relies on
the low-dimensional linear topological space model [7], [8]. During this approach, every face is characterised
by its corresponding low dimensional topological space. Given a quest image, its distance is computed from
every of the subspaces, and it's then appointed to the face image with the tiniest distance [7], [9]. The opposite
approach relies on extracting illumination insensitive options from the face image and exploitation them for
matching. Several options are planned for this purpose like selfquotient pictures [22], correleration filters [23],
Eigen phases technique, image pre-processing algorithms, gradient direction and ratio estimates [21].
An obvious approach to recognizing blurred faces would be to deblur the image first and then
recognize it using traditional face recognition techniques. However, this approach involves solving the
challenging problem of blind image deconvolution. This paper avoids this unnecessary step and proposes a
direct approach for face recognition. This shows that the set of all images obtained by blurring a given image
forms a convex set, and more specifically, that this set is the convex hull of shifted versions of the original
image. Thus with each gallery image can associate a corresponding convex set. Based on this set-theoretic
characterization, this paper proposes a blur-robust face recognition algorithm. The basic version of algorithm,
to compute the distance of a given probe image from each of the convex sets, and assign it the identity of the
closest gallery image. The distance-computation steps are formulated as convex optimization problems over
the space of blur kernels and do not assume any parametric or symmetric form for the blur kernels; however, if
this information is available, it can be easily incorporated into the algorithm, resulting in improved recognition
performance. Further, this make the algorithm robust to outliers and small pixel misalignments by replacing the
Euclidean distance by weighted L1-norm distance and comparing the images in the LBP space. It has been
shown that all the images of a Lambertian convex object, under all possible illumination conditions, lie on a
low-dimensional linear subspace. Though faces are not exactly convex or Lambertian, they can be closely
approximated by one. Thus each face can be characterized by a low-dimensional subspace, and this
characterization has been used for designing illumination robust face recognition algorithms. Based on this
illumination model, the set of all images of a face under all blur and illumination variations is a biconvex set. If
it fix the blur kernel then the set of images obtained by varying the illumination conditions forms a convex set;
and if it fix the illumination condition then the set of all blurred images is also convex.

3. PROPOSED SYSTEM
In the proposed approach it can be seen that both blur and illumination with pose variation are taken together.
At first the blur portion alone is considered. It can be resolved with the help of direct recognition of blurred
faces algorithm. Later on it is checked with the illumination correction algorithm. Basically a blurred image
consists of sharp image and a blur kernel. Also it does not consider any characteristics for the particular blur.
Then faces under different pose has been recognized by normalized it using affine transformation. Here an
input face image is normalized to frontal view using the irises information. Use Affine transformation
parameters to align the input pose image to frontal view. After completing the aforementioned pose
normalization process, the resulting final image undergoes illumination normalization. This is performed using
the SQI algorithm. Finally Support vector machine classifier is adapted to uniquely identifying facial
characteristics by classifying the face feature in training and testing set.
DIRECT RECOGNITION OF BLURRED FACES
Blurred image is taken as a input image and find the LBP features for the probe image, calculate the distance
for that probe image. Now consider the database image apply the blurness to all image that is present in the
database and find the minimum value of blurness after finding the blurness amount it should be apply to all
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images in the database. Now calculate the LBP features for all database images that are blurred.Compare the
LBP features of both probe as well as database image and find the closest match image.
ILLUMINATION-ROBUST RECOGNITION OF BLURRED FACES
Corresponding to every sharp well-lit gallery image I j , j = 1, 2, . . . , M,obtain the 9 basis pictures I j,m,m = 1,
2, . . . , 9. Given the vectorized probe image ib, for every gallery image I j realize the best blur kernel hj and
illumination coefficients αj,m. Then rework (blur and re-illuminate) every of the gallery pictures I j
mistreatment the computed blur kernel hj and therefore the illumination coefficients αj,m. Next, calculate the
LBP options from these reworked gallery pictures and compare it with those from the probe image Ib to search
out the nighest match. the most important procedure step of the rule is that the optimisation drawback, that may
be a non-convex drawback. to unravel this drawback use Associate in Nursing alternation rule within which it
alternately minimize over h and αm, i.e. in one step we tend to minimize over h keeping αm fastened and
within the alternative step it minimize over αm keeping h fastened and ingeminate until convergence. every
step is currently a convex drawback the optimisation over h for fastened αm reduces to an equivalent
drawback and therefore the optimisation of α given h is simply a linear statistical method drawback. The
complexness of the general alternation rule is O(T (N + K3)) wherever T is that the range of iterations within
the alternation step, and O(N) is that the complexness within the estimation of the illumination coefficients.
POSE AND ILLUMINATION NORMALIZATION
Pose normalization is often employed to improve classification accuracy. In principle, it allows us to
simultaneously correct for both pose and illumination changes. This comes, however, at a significant
computational cost, particularly when processing a high number of faces (regardless of their distribution within
images). FACE exploits a less complex yet equally effective approach to pose normalization.Pose and
illumination normalization can be done by Self-Quotient Image algorithm.
Self-Quotient Image algorithm
The SQI technique has been proposed for synthesizing an illumination normalized image from a
single face image.
FACE RECOGNITION ACROSS BLUR AND ILLUMINATION USING SVM
Face recognition is a tricky mission because of the changeable illumination conditions. For example, the
illumination changes between indoor and outdoor environments are an unsolved problem for face recognition.
Moreover, it is a multi-class problem. It can be solved by two familiar approaches. N is the number of classes
(e.g. N different individuals). The first proposal is ″one against the rest approach″. This technique includes N
binary classifiers, and each of them separates a single class from all the remaining classes. The final output is
the class that corresponds to the binary classifier with the highest output value. The second proposal is ″one
against one approach″. This technique includes N (N-1)/2 binary classifiers, and each of them separates a pair
of classes. The final output is decided by voting, or decision tree.
The main idea of SVM comes from a nonlinear mapping of the input space to a high dimensional feature
space, and given two linearly separable classes, designs the classifier that leaves the maximum margin from
two classes in the feature space. SVM displays good performance, has been applied extensively for pattern
classification and handwriting recognition.

4. EXPECTED RESULTS
The blurred input image and the database image are paried together in an efficent manner to get better results
using support vector machine. The existing method and the proposed method is compared and the graph is
plotted based on the recognition results.
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5. CONCLUSION
In this research, this paper proposed robust face detection algorithm for recognizing faces in a distant image.
Prior to this work, the effectiveness of this blur insensitive operator was experimentally shown on texture
images without blur or with artiﬁcial blur.
This method analyzed the applicability of the operator for the very challenging task of face
recognition and showed that it reaches higher recognition rates than the widely used local binary pattern
operator. The problem of remote face recognition has addressed the problem of recognizing blurred and poorly
illuminated faces. This paper has shown that the set of all images obtained by blurring a given image is a
convex set given by the convex hull of shifted versions of the image. Based on this set-theoretic
characterization, proposed a blur-robust face recognition algorithm DRBF. This algorithm can easily
incorporate prior knowledge on the type of blur as constraints. Using the low-dimensional linear subspace
model for illumination, then showed that the set of all images obtained from a given image by blurring and
changing its illumination conditions is a bi-convex set. Again, based on this set-theoretic characterization, this
paper proposed a blur and illumination robust algorithm IRBF.

REFERENCES
[1] W. Zhao, R. Chellappa, P. J. Phillips, and A. Rosenfeld, “Face recognition: A literature survey,” ACM Comput. Surv.,
vol. 35, no. 4, pp. 399–458, Dec. 2003.
[2] J. Ni and R. Chellappa, “Evaluation of state-of-the-art algorithms for remote face recognition,” in Proc. IEEE 17th Int.
Conf., Image Process., Sep. 2010, pp. 1581–1584.
VAGEESWARAN et al.: BLUR AND ILLUMINATION ROBUST FACE RECOGNITION 1371
[3] M. Nishiyama, A. Hadid, H. Takeshima, J. Shotton, T. Kozakaya, and O. Yamaguchi, “Facial deblur inference using
subspace analysis for recognition of blurred faces,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 33, no. 4, pp. 838–845, Apr. 2011.
[4] D. Kundur and D. Hatzinakos, “Blind image deconvolution revisited.”
[5] A. Levin, Y. Weiss, F. Durand, and W. T. Freeman, “Understanding blind deconvolution algorithms,” IEEE Trans.
Pattern Anal. Mach. Intell.,vol. 33, no. 12, pp. 2354–2367, Apr. 2011.
[6] T. Ojala, M. Pietikäinen, and T. Mäenpää, “Multiresolution gray-scale and rotation invariant texture classification with
local binary patterns,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 7, pp. 971–987, Jul. 2002.
[7] R. Basri and D. W. Jacobs, “Lambertian reflectance and linear subspaces,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 25, no. 2, pp.
218–233, Feb. 2003.
[8] R. Ramamoorthi and P. Hanrahan, “A signal-processing framework for reflection,” ACM Trans. Graph., vol. 23, no. 4,
pp. 1004–1042, 2004.
[9] K.-C. Lee, J. Ho, and D. J. Kriegman, “Acquiring linear subspaces for face recognition under variable lighting,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 27, no. 5, pp. 684–698, May 2005.
[10] H. Hu and G. De Haan, “Adaptive image restoration based on local robust blur estimation,” in Proc. Int. Conf. Adv.
Concep. Intell. Vis. Syst., 2007, pp. 461–472.
[11] W. H. Richardson, “Bayesian-based iterative method of image restoration,” J. Opt. Soc. Amer., vol. 62, no. 1, pp. 55–
59, Jan. 1972.
[12] A. Levin, “Blind motion deblurring using image statistics,” in Proc. Adv. Neural Inform. Process. Syst. Conf., 2006,
pp. 841–848.
[13] R. Fergus, B. Singh, A. Hertzmann, S. T. Roweis, and W. T. Freeman, “Removing camera shake from a single
photograph,” in Proc. ACM SIGGRAPH Conf., 2006, pp. 787–794.
[14] T. Ahonen, E. Rahtu, V. Ojansivu, and J. Heikkilä, “Recognition of blurred faces using local phase quantization,” in
Proc. 19th Int. Conf. Pattern Recognit., Dec. 2008, pp. 1–4.
[15] R. Gopalan, S. Taheri, P. K. Turaga, and R. Chellappa, “A blur-robust descriptor with applications to face
recognition,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 34, no. 6, pp. 1220–1226, Jun. 2012.
[16] V. Ojansivu and J. Heikkilä, “Blur insensitive texture classification using local phase quantization,” in Proc. 3rd Int.
Conf. Image Signal Process.,2008, pp. 236–243.
[17] I. Stainvas and N. Intrator, “Blurred face recognition via a hybrid network architecture,” in Proc. Int. Conf. Pattern
Recogn., 2000, pp. 809–812.
[18] H. Zhang, J. Yang, Y. Zhang, N. M. Nasrabadi, and T. S. Huang, “Close the loop: Joint blind image restoration and
recognition with sparse representation prior,” in Proc. IEEE Int. Conf. Comput. Vis., Nov. 2011, pp. 770–777.
[19] P. Combettes, “The convex feasibility problem in image recovery,” in Proc. Adv. Imag. Element. Phys., 1996, pp.
155–270.

C.Indhumathi et al

Page 116

INTERNATIONAL
JOURNAL
OF RESEARCH
IN COMPUTER
APPLICATIONS
AND
ROBOTICS
117
International
Journal of Research
in Computer
Applications And
Robotics,
x(x): xx-xx
www.ijrcar.in

Vol.2 Issue.2, Pg.: 112-117

February 2014

[20] H. Trussell and M. Civanlar, “The feasible solution in signal restoration,” IEEE Trans. Acoust., Speech Signal
Process., vol. 32, no. 2,
pp. 201–212, Apr. 1984.
[21] P. Combettes and J. Pesquet, “Image restoration subject to a total variation constraint,” IEEE Trans. Image Process.,
vol. 13, no. 9, pp. 1213–1222, Sep. 2004.
[22] H. Wang, S. Li, Y. Wang, and J. Zhang, “Self quotient image for face recognition,” in Proc. Int. Conf. Image Process.,
Oct. 2004, pp. 1397–1400

A Brief Author Biography
C.Indhumathi – Completed B.E(INFORMATION TECHNOLOGY) in Avinashilingam University For Women. Now
pursuing M.E (SOFTWARE ENGINEERING) in Sri Krishna College of Engineering and Technology under Anna
University, Chennai. My research interests include Image Processing and Networks.
N.Sai Gayathri – Completed MSc (SOFTWARE SYSTEMS) 5Years Integrated Course in VLB Janakiammal College of Arts
and Science from Barathiar University Coimbatore. Now pursuing M.E (SOFTWARE ENGINEERING) in Sri Krishna
College of Engineering and Technology under Anna University, Chennai. My research interests include Image Processing
and Data Mining.

C.Indhumathi et al

Page 117

