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Abstract

Face Recognition (FR) is a significant area in computer vision plus pattern recognition. The face is the easiest mode to discriminate the
specific individuality of every other. FR is a particular identification scheme that usages particular features of an individual to recognize
the individual's identity. The challenges in FR are aged, facial terms, variations in the imaging surroundings, illumination plus posture of
the face. Specially, in this study firstly we mark an outline of FR that includes definition, types and problems. Secondly, we provided a
complete related work of FR. The objective of this study is to provide a comprehensive outline on the work that has been carried out
over the previous spans in the progressing area of FR. This study offers an extensive view of theories, methodologies, up-to-date tech-

niques for FR.
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1. Introduction

Founding the individuality of an distinct is measured as a im-
portant constraint aimed at the many actions of the state. Three
methods are exists to show an individual's individuality plus to
afford the exact individual by the exact rights the exact contact by
the correct interval”. The individuality verifying methods to found
the legitimacy of the individuality are:

Somewhat you need: The related facility is received over the
performance of a physical entity like, keys, identity card in owner-
ship of the exact individual.

Somewhat you distinguish: predefined secret information like,
PIN allow to admission a facility.

Somewhat you exist: The contact to a facility can be attained
over the presentation of quantifiable biometric traits, for instance
biometric processes.
The last method has certain important benefits compare
to first and second methods.
Individuality document method that allow the carriers to verify
their individuality with a extraordinary mark of inevitability. In
reply to the threats impersonated by forged use of individuality
documents, an extensive series of biometric tools is evolving,
with face, fingerprint, iris, hand-geometry. Biometric identifiers
which remain theoretically distinctive qualities persist nowadays
showed as the solution to validate somebody’s individuality.
FR has stood a vigorous study field previous 35 years. This in-
vestigation extents various fields like digital image processing,
computer vision plus neural networks.

The difficulties of FR can be noted below: Assumed still images
otherwise video of a scene, finding individuals in the section by
consuming a database of faces [1]. The difficult is mostly a clas-

sification problem. Training the FR scheme through images since
the famous personalities plus categorizing the anew imminent
trial images keen on specific classes is the key point of the FR
schemes. This difficult appears to be simply resolved by persons
wherever incomplete memory is the key difficult; however the
difficulties of FR scheme are:

i Illumination variation

ii. Aging

iii.  Pose variation

iv.  Scaling feature

v.  Frontal versus profile

vi.  Presence plus lack of spectacles, beard.
Vii. Occlusion owed to scarf, mask.
viii.  Facial appearance variation

Furthermost FR algorithms can be classified into dual bins, first
bin is image template matching (TM) plus second bin is geome-
try feature-based. Figure 1 shows the types of Face Recognition
Approaches. The TM methods [2] calculate the association
among a face plus other classical templates to evaluate the face
individuality. Brunelli et al. [3] recommend the finest approach
for FR is universal plus relays to TM. Correlated a geometric fea-
ture centred system with a TM centred system plus specified an
accuracy of 90% for the rest one plus 100% for the following one
on a database of 97 persons. Statistical tools such as Support
Vector Machines [4, 5], Principal Component Analysis (PCA) [6,
7], Linear Discriminant Analysis [8], kernel approaches [9, 10],
plus neural networks [11, 12] essential used to produce a proper
set of face templates. Further, statistical plus neural network
methods are called as hybrid methods. Instances for hybrid sys-
tems contain the mixture of PCA plus Radial Basis Function neu-
ral network [13, 14]. Amongst further approaches, persons must
use variety of infrared scanned [15] images for FR. Though tem-
plates can be observed as features, they regularly take global fea-
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tures of the face image. Facial occlusion is frequently interesting
to handle in these systems.
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Fig.1. Types of Face Recognition Approaches

The geometry feature centred techniques explore categorical lo-
cal facial features, plus their geometric relations. Cootes et al.
[16] suggested an dynamic shape model in encompassing the
method by Yuille [17]. Wiskott et al. [18] recognized a mutable
group graph matching process for FR. Penev et al. [19] estab-
lished PCA into Local Feature Analysis (LFA). This practice is
the base for one of the best popular real-time FR systems.

TM s ideally connected to universal methods which efforts to
find face by global representations [20]. These forms of proce-
dures are tried to mine features from the entire face area plus cat-
egorize the image by relating a pattern classifier.

Imageries of faces, indicated as high-dimensional pixel arrays,
frequently apt near a manifold of inherently low dimension. FR
study has observed an emergent attention in methods that exploit
on this reflection, plus relate algebraic plus statistical techniques
for extraction plus analysis of the principal manifold. The ap-
proaches that recognize, parameterize plus analyze linear subspac-
es are defined. Further linear subspaces are particular statistical
FR approaches which are built on nonlinear subspaces, transfor-
mation plus Support Vector Machine. Artificial Neural Network
[21, 22] is a principal tool for pattern recognition problems. The
use of neural networks in faces has identified numerous difficul-
ties: gender classification, FR plus classification of facial expres-
sions.

The paper is structured as follows. Section | covers the overview
of FR System. Section Il covers the literature review of various
FR algorithms. Section Il covers the conclusion.

2. Related Work

Illustration built on classification procedure has acknowledged
enough consideration plus attained outstanding performance in FR
[23]. Though, various studies has proved that learning a preferred
dictionary learning (DL) since training information in its place of
using standard origins could lead to up to date results in numerous
real-world applications, like FR [24], de-noising [25], clustering
[26], image super-resolution [27], image de-blurring [28] plus
image segmentation [29]. That is, the originate dictionary shows a
significant part in the accomplishment of the sparse illustration,
which permits an input sign to be truly and discriminatively de-
noted as a sparse direct grouping of particles. So, many DL proce-
dures must exist suggested for diverse applications. The character-

istics of sparse coding plus DL procedures must exist in the previ-
Oous years.

Elad [30] has given a ephemeral demonstration of sparse plus
redundant demonstration modelling plus defined ten main forth-
coming study guidelines for sparse coding. Rubinstein et al. [31]
defined the development procedure in what way to attain a dic-
tionary by using mathematical and learned models.

Tosic et al. [32] suggested an outline of DL procedures. It is used
in numerous uses, like audio-visual coding plus stereo image cal-
culation. Specially, they argued the expressive power of sparse
demonstrations and drawn the aids of DL in classification plus it
uses.

Cheng et al. [33] offered an analysis of algorithms on sparse rep-
resentation, learning plus modelling with an importance on visual
recognition, which addressed both concept plus application as-
pects.

Gangeha et al. [34] delivered a study of DL plus sparse representa-
tion then separated the dictionaries into six groups built on the
technique by label data in learning the dictionary and sparse repre-
sentation.

Zhang et al. [35] given a broad survey on sparse representation,
précised numerous existing sparse representation approaches,
discoursed their motivations, mathematical illustrations.

M. A. Abuzneid et al. [36] suggested an improved technique to
expand human FR consuming a back-propagation neural network
(BPNN) plus features extraction built on the association among
the training images. A crucial impact of this report is produced a
novel set called the T-Dataset from the unique training data set,
which is used to train the BPNN and generated the T-Dataset us-
ing the relationship among the training images without using a
communal system of image density. The correlated T-Dataset
deals a great dissimilarity layer among the training images, which
aids the BPNN to encounter earlier and extent improved accurate-
ness. Information and structures reduction are vital in the FR pro-
cess, and scholars have just focused the neural network plus local
binary pattern histogram descriptor to display that, potential de-
velopment even using traditional approaches. They used five dis-
tance measurement procedures plus integrated them to attain the
T-Dataset, which is served into the BPNN and attained greater FR
accurateness with low computational rate related with the modern
approach by using compact image types.

C. Qi et al. [37] suggested a novel expression recognition tech-
nique is obtainable built on cognition plus mapped binary patterns.
This method is built on the LBP operator to excerpt the facial
outlines and further the formation of pseudo-3-D method is used
to fragment the face space into six facial expression sub-spaces.

M. Mahmoud Al Rahhal et al. [38] suggested an innovative de-
scriptor for ear recognition. The recommended descriptor, i.e.,
dense local phase quantization (DLPQ) is built on the phase re-
sponses, which is produced by the recognized LPQ descriptor.
Similarly, local dense histograms are mined from the horizontal
stripes of the stage plans monitored by a sharing process to report
viewpoint deviations then, lastly, integrated into an ear descriptor.
A. Mallikarjuna Reddy et al. [39] offered an innovative method by
deriving Motifs on a 3*3 neighborhood. This paper separated the
3*3 neighborhood into cross and diagonal neighborhoods of 2*2
pixels. And on this cross and diagonal neighborhood complete
Motifs are derived. The complete Motifs are diverse from initial
Motifs, where the initial PSM locations are not stable. These
whole Motifs results 24 diverse Motifs on a 2*2 gird. This study
resulting cross diagonal complete Motifs matrix (CD-CMM) that
has qualified frequencies of cross and diagonal complete Motifs.
The GLCM features are resulting on cross diagonal complete Mo-
tifs texture matrix for effective FR . The recommended technique
CD-CMM is calculated FR frequency on well-known FR data-
bases and the FR frequency is related with other standard local
feature based methods. The investigational outcomes indicate the
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efficacy of the suggested technique over the other previous meth-
ods.

A. Mallikarjuna Reddy et al. [40] offered a feature extraction
technique named “stable uniform local pattern (SULP)”, a refined
variant of ULBP operator, for vigorous FR . The SULP directly
applied on gradient face images of a particular image for capturing
significant fundamental local texture patterns to construct up a
feature vector of a face image. Histogram orders of SULP images
of the dual gradient images are finally integrated to form the “sta-
ble uniform local pattern gradient (SULPG)” vector for the input
image. The SULPG scheme is experimented on Yale, ATT-ORL,
FERET, CAS-PEAL and LFW face databases and the outcomes
are equated with the LBP model and numerous variants of LBP
descriptor. The outcomes display that the present descriptor is
more dominant against a extensive variety of challenges, like il-
lumination, expression plus pose variations.

B. F. Wu et al. [41] addresses the problem in what way to modify
the basic prototype without label information from the testing
samples. Weighted Center Regression Adaptive Feature Mapping
(W-CR-AFM) is mostly recommended to change the feature dis-
tribution of testing trials into that of qualified samples. Decreasing
the error among every property of testing sample plus the center of
the furthermost suitable category, W-CR-AFM can bring the fea-
tures of testing samples about the verdict edge to the centers of
appearance sets; then, their expected tags can be adjusted. When
the system which is adjusted by W-CR-AFM s verified on com-
prehensive Cohn-Kanade (CK+), Radboud Faces database, plus
Amsterdam dynamic facial appearance set, it can progress the
recognition accurateness by around 3.1%, 0.50%, and 5.34%,
correspondingly.

X. Chen et.al.[42] suggested a method for eyes-to-face fusion plus
individual recognition for human-centered surveillance. An end-
to-end network built on provisional generative adversarial net-
works (GAN) is intended to yield the face data built simply on the
existing data of eyes area. To get photorealistic faces plus individ-
uality conserving data, a fusion cost purpose built on feature loss,
GAN cost, plus total deviation cost is suggested to monitor the
training procedure. Together the subject plus objective investiga-
tional outcomes confirmed that the recommended technique can
reserve the identity built on eyes-only data, plus afford a possible
resolution for the identification of person even in the instance of
face occlusion.

M. Mei et al. [43] developed a data dimension decrease technique
built on tensor-multi-linear discriminant subspace prediction. The
procedure openly defines the face by tensor plus projects the ten-
sor information into the vector discriminant subspace done a orig-
inal forecast mode tensor to vector projection (TVP). This process
discovers a fixed of orthogonal prediction vector groups to exploit
the diffusion among the data classes plus reduce the intra-class
diffusion in the discriminant subspace. Formerly, the high dimen-
sional tensor data is plot to low level vector data by TVP. These
vector types later dimension decrease will be the utmost usual
feature data in the entire face data beneath the suitable restriction
situation. Lastly, these feature data are categorized by the K-
nearest neighbor classifier. Experimentations on ORL database
then FR systems verify the efficacy of this technique.

J.Gu et al. [44] offered a new local vigorous sparse representation
(LRSR) to challenge the problematic of probe images by several
intra class disparities like expressions, illuminations plus occlu-
sion. FR with SSPP is an appropriate inspiring owed to missing of
info to guess the likely intra-class dissimilarity of the probe imag-
es. The significant indication of the recommended system is to
association a local sparse representation plus a patch based generic
variation DL system to guess the probable facial intra class differ-
ence of the probe images. The investigational conclusions on the
AR database, Extended Yale B, CMU-PIE plus LFW database

display that the recommended procedure is vigorous to intra class
differences in FR through SSPP.

H. Wang et al. [45] presented method to effectively compress FV
plus hold its vigour. Major phase a novel Compact FV (CFV)
descriptor. The CFV is found by zeroing out minor posteriors,
computing first-order statistics plus reweighting its elements cor-
rectly. Next phase in light of Iterative Quantization (ITQ) system,
and untaken a Generalized ITQ (GITQ) technique to binarize CFV.
Lastly, applied CFV plus GITQ to translate convolutional stimu-
lations of convolutional neural networks plus calculated on FER-
ET, LFW, AR, and FRGC 2.0 datasets, plus the experimentations
tell the improvement of such a framework.

J. Liang [46] suggested a new bilateral 2-D neighbourhood pre-
servative discriminant embedding for supervised linear dimen-
sionality decrease for FR. It openly excerpts discriminative face
structures from images built on graph embedding plus Fisher's
principle. The recommended system is a diverse learning proce-
dure founded on graph embedding principle, which can efficiently
determine the simple nonlinear face data structure. Together with-
in neighbouring plus between neighbouring data are reserved for
justification to pursue a best projection matrix by reducing the
intra class scatter plus exploiting the inter class scatter built on
Fisher's principle. The performance of the recommended system is
measured on the Yale, PICS, AR, and LFW databases.

G. Muhammad et al. [47] a FR scheme is suggested to expand the
facility of the healthcare in a smart city. The suggested scheme
relates a bandlet convert to a face image to mine sub bands. Then,
a weighted, Center Symmetric LBP is useful to every sub band
block by block. The CSLBP histograms of the blocks are integrat-
ed to yield a feature vector of the face image. An possible feature
selection method chooses the utmost leading features, which are
then fed into following classifiers: first one is Gaussian mixture
system plus next one is support vector machine. The scores of
these classifiers are attached by mass to yield a confidence score,
which is castoff to mark judgments about the facial expression's
category. Numerous experimentations are done using a huge set of
data to confirm the suggested scheme. Investigational outcomes
display that the recommended scheme can identify facial expres-
sions 99.96% accurateness.

G. Hermosilla Vigneau [48] analyse the difficulties created by
temporal differences of infrared face images when used in FR
systems. The temporal differences extant in thermal face images
are mostly owed to varied environmental situations, physiological
variations of the subjects, plus variances of the infrared detectors'
responsively at the period of the capture, which interrupt the per-
formance of infrared FR systems. Formed binary thermal face
databases that contain capture sessions with real plus inconstant
situations. Then also propose binary criteria to quantify the tem-
poral disparities among data sets. The thermal FR systems need to
be established using the following approaches: local binary pattern
(LBP), Weber linear descriptor (WLD), Gabor jet descriptors,
scale invariant feature transform, plus speeded up vigorous fea-
tures. The outcomes show that the local matching built systems
are typically resistant to temporal variants.

S. Nagpal [49] suggested a regularize-based methodology to study
weight invariant FR using binary diverse deep learning architec-
tures, such as sparse stacked denoising auto encoders plus deep
Boltzmann machines. They integrate a body-weight aware regular-
ization parameter in the loss function of these architectures to
support learns weight-aware features. The investigates accom-
plished on the extended WIT database display that the introduc-
tion of weight aware regularization progresses the identification
accurateness of the architectures both with and without dropout.

A. Mallikarjuna Reddy et al. [50] originates a child and adulthood
classification method by incorporating the statistical plus structur-
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al methodologies. The structural systems are resulting on a 3 x 3
window built on LBP method. The recommended system splits the
LBP in to dual structural patterns. They derive dual dissimilar
patterns called Left Diagonal (LD) plus Right Diagonal (RD)
LBP's. The probe image is transformed into binary by equating the
average value of the 3 x 3 neighborhood with its neighbors. Then
LD-LBP and RD-LBP codes are calculated. The choice of these
code values will be 0 to 2°-1.Constructed on LD and RD-LBP
they resultant left and right diagonal-GLCM (LRD-GLCM) plus
features are calculated. To overwhelm the data reliance difficult,
the recommended system is applied on three dissimilar facial da-
tabases like FG-NET, Google plus scanned images.

A. Mallikarjuna Reddy et al. [51] originates significant local in-
formation by deriving a new combined matrix using fuzzy based
texture unit and GLCM for effective FR . The features derived
from this integrated matrix afford detailed and complete texture
information of about the human faces. Local binary pattern (LBP)
operator is a prevailing operator to extract the discriminative facial
features plus this system may comprise to notice the illumination
variation plus facial expressions exactly. Noise is the serious diffi-
cult related to systems based on LBP also. To discourse these
issues, they develops a fuzzy logic on texture unit to discriminate
the local information precisely than LBP and to reduce the dimen-
sionality. The performance of the recommended scheme is con-
firmed using complex facial datasets, namely Yale plus american
telephone and telegraph company (AT&T) and it is equated with
approaches based on LBP and the outcomes specify the efficacy of
the recommended technique.

3. Conclusion

In this In this survey, we provided a current analysis of the Vari-
ous FR methodologies like TM, Geometry based ,DL algorithms,
Kernel Eigen faces, Convectional Neural Network approach, Ra-
dial Basis Function Network as Classifier, Elastic Bunch Graph
Matching, Deformable Templates, Detection Strategies, shared,
Class specific, particularity, auxiliary plus domain adaptive DL
procedures, LBPH Descriptor, Multi-KNN, Back-Propagation
Neural Network, Cross Diagonal Complete Motif Matrix, stable
uniform patterns, Compressing Fisher Vector, Convectional Neu-
ral Network, Thermal Image Processing and Regularized Deep
Learning approaches and Additionally, investigational outcomes
of diverse DL and sparse coding algorithms with diverse numbers
of atoms in face databases. Experimental outcomes display that
the specific class DL procedures are less sensitive to the variation
of the number of atoms than the shared DL algorithms and the
commonality and particularity DL algorithms. This review offers
significant philosophies plus clues for designing various ap-
proaches for FR.

References

[1] R. Chellappa, C. L. Wilson, and S. Sirohey. Human and Machine
Recognition of Faces: A Survey. Proc. of the IEEE, 83(5):705-740,
May 1995.

[2] Robert J. Baron. Mechanisms of Human Facial Recognition. Inter-
national Journal of Man-Machine Studies, 15(2):137-178, 1981.

[3]1 R. Brunelli and T. Poggio. FR : Features versus Templates. IEEE
Tran. on Pattern Analysis and Machine Intelligence,
15(10):1042{1052, October 1993.

[4] E. Osuna, R. Freund, and F. Girosi. Training Support Vector Ma-
chines: An Application to Face Detection. In IEEE Conference on
Computer Vision and Pattern Recognition, pages 193-199, 1997.

[5] Vladimir N. Vapnik. The Nature of Statistical Learning Theory.
Springer Verlog, Heidelberg, DE, 1995.

[6] L. Sirovich and M. Kirby. Low-dimensional Procedure for the
Characterization of Human Faces. Journal of Optical Society of
America, 4(3):519-524, March 1987.

[71 Matthew Turk and Alex Paul Pentland. Eigenfaces for Recognition.
Journal of Cognitive Neuroscience, 3(1):71-86, 1991.

[8] Peter N. Belhumeur, Joao P. Hespanha, and David J. Kriegman.
Eigenfaces vs. Fisherfaces: Recognition Using Class Speci ¢ Lin-
ear Projection. IEEE Tran. on Pattern Analysis and Machine Intel-
ligence, 19(7):711-720, Jul. 1999.

[9]1 Bernhard Scholkopf, Alex J. Smola, and Andre Bernhardt. Nonlin-
ear Com-ponent Analysis as a Kernel Eigenvalue  Problem. Neu-
ral Computation, 10(5):1299-1319, 199

[10] M. H. Yang. Kernel Eigenfaces vs. Kernel Fisherfaces: FRus-ing
Kernel Methods. In IEEE International Conference on Face and
Gesture Recognition, pages 215-220, Washington, May 2002.

[11] A. Jonathan Howell and Hilary Buxton. Invariance in Radial Basis
Func-tion Neural Networks in Human Face Classi cation. Neural
Processing Letters, 2(3):26-30, 1995.

[12] Steve Lawrence, C. Lee Giles, Ah Chung Tsoi, and Andrew D.
Back. FR : A Convectional Neural Network Approach. IEEE Trans.
on Neu-ral Networks, 8(1):98-113, 1998.

[13] M. J. Er, S. Wu, and J. Lu. FRusing Radial Basis Function (RBF)
Neural Networks. In 38th Conference on Decision & Control, pages
2162-2167, Phoenix, Arizona USA, 1999.

[14] C. E. Thomaz, R. Q. Feitosa, and A. Veiga. Design of Radial Basis
Function Network as Classiffer in FRusing Eigenfaces. In Vth Bra-
zilian Symposium on Neural Networks, pages 118-123, 1998.

[15] Y. Yoshitomi, T. Miyaura, S. Tomito, and S. Kimura. Face ldenti
cation using Thermal Image Processing. In IEEE International
Workshop on Robot and Human Communication, pages 374-379,
1997.

[16] Andreas Lanitis, Christopher J. Taylor, and Timothy Francis Cootes.
Auto-matic Interpretation and Coding of Face Images using Flexi-
ble Models. IEEE Tran. on Pattern Analysis and Machine Intelli-
gence, 19(7):743-756, 1997.

[17] Alan L. Yuille. Deformable Templates for FR . Journal of Cog-
nitive Neuroscience, 3(1):59-70, 1991.

[18] Laurenz Wiskott, Jean-Marc Fellous, Norbert Kruger, and Chris-
toph von der Malsburg. FRby Elastic Bunch Graph Matching. IEEE
Tran. on Pattern Analysis and Machine Intelligence, 19(7):775-779,
July 1997.

[19] P. Penev and J. Atick. Local Feature Analysis: A General Statistical
Theory for Object Representation. Network: Computation in Neural
Systems, 7:477-500, 1996.

[20] J. Huang. Detection Strategies for FRUsing Learning and Evo-
lution. PhD thesis, George Mason University, May 1998.

[21] B.Yegnanarayana. Arti cial Neural Networks. Prentice-Hall of India,
New Delhi, 1999.

[22] Simon Haykin. Neural networks: A Comprehensive Foundation.
Prentice-Hall International, New Jersey, 1999.

[23] J. Wright, A. Y. Yang, A. Ganesh, S. S. Sastry, and Y. Ma, ~'Ro-
bust FRvia sparse representation,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 31, no. 2, pp. 210-227, Feb. 2009.

[24] K.-K. Huang, D.-Q. Dai, C.-X. Ren, and Z.-R. Lai, ~"Discriminative
ker nel collaborative representation with locality constrained dic-
tionary for FR ," IEEE Trans. Neural Netw. Learn. Syst., vol. 25, no.
5, pp. 1082_1094, May. 2017.

[25] R. Giryes and M. Elad, *“Sparsity-based poisson denoising with
dictionary learning," IEEE Trans. Image Process., vol. 23, no. 12,
pp. 5057-5069, Dec. 2014.

[26] Y. C. Chen, C. S. Sastry, V. M. Patel, P. J. Phillips, and R.
Chellappa, ““In-plane rotation and scale invariant clustering using
dictionaries,” IEEE Trans. Image Process., vol. 22, no. 6, pp. 2166-
2180, Jun. 2013.

[27] J. Yang, Z. Wang, Z. Lin, S. Cohen, and T. Huang, “"Coupled dic-
tionary training for image super-resolution,” IEEE Trans. Image
Process., vol. 21, no. 8, pp. 3467-3478, Aug. 2012.

[28] S. Xiang, G. Meng, Y. Wang, C. Pan, and C. Zhang, "‘Image
deblurring with coupled dictionary learning," Int. J. Comput. Vis.,
vol. 114, no. 2, pp. 248-271, Sep. 2015.

[29] K. Cao, E. Liu, and A. K. Jain, "Segmentation and enhancement of
latent fingerprints: A coarse to RidgeStructure dictionary," IEEE
Trans. Pattern Anal. Mach. Intell., vol. 36, no. 9, pp. 1847-1859,
Sep. 2014.

[30] M. Elad, ““Sparse and redundant representation modeling_What
next?" IEEE Signal Process. Lett., vol. 19, no. 12, pp. 922-928, Dec.
2012.

[31] R. Rubinstein, A. M. Bruckstein, and M. Elad, “"Dictionaries for
sparse representation modeling," Proc. IEEE, vol. 98, no. 6, pp.
1045-1057, Jun. 2010.

[32] I. Tosic and P. Frossard, “"Dictionary learning," IEEE Signal Pro-
cess.Mag., vol. 28, no. 2, pp. 27-38, Mar. 2011.

[33] H. Cheng, Z. Liu, L. Yang, and X. Chen, “Sparse representation
and learning in visual recognition: Theory and applications," Signal
Process., vol. 93, no. 6, pp. 1408-1425, 2013.



International Journal of Engineering & Technology 121

[34] M. J. Gangeh, A. K. Farahat, A. Ghodsi, and M. S. Kamel. “*Su-
pervised DL and sparse representation-a review."Feb.2015.

[35] Z. Zhang, Y. Xu, J. Yang, X. Li, and D. Zhang, A survey of
sparse representation: Algorithms and applications,” IEEE Access,
vol. 3, no. 1, pp. 490-530, May 2015.

[36] M. A. Abuzneid and A. Mahmood, "Enhanced Human FRUsing
LBPH Descriptor, Multi-KNN, and Back-Propagation Neural Net-
work," in IEEE Access, vol. 6, pp. 20641-20651, 2018.

[37] C. Qi et al., "Facial Expressions Recognition Based on Cognition
and Mapped Binary Patterns,” in IEEE Access, vol. 6, pp.18795-
18803,2018.

[38] M. Mahmoud Al Rahhal, M. L. Mekhalfi, M. Guermoui, E. Othman,
B. Lei and A. Mahmood, "A Dense Phase Descriptor for Human
Ear Recognition," in IEEE Access, vol. 6, pp. 11883-11887, 2018.

[39] A. Mallikarjuna Reddy, V. Venkata Krishna, L. Sumalatha,"
FRbased on Cross Diagonal Complete Motif Matrix", International
Journal of Image, Graphics and Signal Processing(lJIGSP), Vol.10,
No.3, pp. 59-66, 2018.

[40] A. Mallikarjuna Reddy, V. Venkata Krishna, L. Sumalatha,"
FRbased on stable uniform patterns” International Journal of Engi-
neering & Technology, Vol.7 ,No.(2),pp.626-634, 2018.

[41] B. F. Wu and C. H. Lin, "Adaptive Feature Mapping for Customiz-
ing Deep Learning Based Facial Expression Recognition Model,"
in IEEE Access, vol. 6, pp. 12451-12461, 2018.

[42] X. Chen, L. Qing, X. He, J. Su and Y. Peng, "From Eyes to Face
Synthesis: a New Approach for Human-Centered Smart Surveil-
lance," in IEEE Access, vol. 6, pp. 14567-14575, 2018.

[43] M. Mei, J. Huang and W. Xiong, "A Discriminant Subspace Learn-
ing Based FRMethod," in IEEE Access, vol. 6, pp. 13050-13056,
2018.

[44] J. Gu, H. Hu and H. Li, "Local robust sparse representation for
FRwith single sample per person," in IEEE/CAA Journal of Auto-
matica Sinica, vol. 5, no. 2, pp. 547-554, Mar. 2018.

[45] H. Wang, J. Hu and W. Deng, "Compressing Fisher Vector for Ro-
bust FR ," in IEEE Access, vol. 5, pp. 23157-23165, 2017.

[46] J. Liang, C. Chen, Y. Yi, X. Xu and M. Ding, "Bilateral Two-
Dimensional Neighborhood Preserving Discriminant Embedding
for FR ," in IEEE Access, vol. 5, pp. 17201-17212, 2017.

[47] G. Muhammad, M. Alsulaiman, S. U. Amin, A. Ghoneim and M. F.
Alhamid, "A Facial-Expression Monitoring System for Improved
Healthcare in Smart Cities," in IEEE Access, vol. 5, pp. 10871-
10881, 2017.

[48] G. Hermosilla Vigneau, J. L. Verdugo, G. Farias Castro, F. Pizarro
and E. Vera, "Thermal FRUnder Temporal Variation Conditions,"
in IEEE Access, vol. 5, pp. 9663-9672, 2017.

[49] S. Nagpal, M. Singh, R. Singh and M. Vatsa, "Regularized Deep
Learning for FRWith Weight Variations," in IEEE Access, vol. 3,
pp. 3010-3018, 2015.

[50] A. Mallikarjuna Reddy, K. SubbaReddy and V. V. Krishna, "Clas-
sification of child and adulthood using GLCM based on diagonal
LBP," 2015 International Conference on Applied and Theoretical
Computing and Communication Technology (iCATccT), Da-
vangere, 2015, pp. 857-861.

[51] A. Mallikarjuna Reddy, V. V. Krishna, L. Sumalatha and S. K. Ni-
ranjan, "Facial recognition based on straight angle fuzzy texture
unit matrix," 2017 International Conference on Big Data Analytics
and Computational Intelligence (ICBDAC), Chirala, 2017, pp. 366-
372.



