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Abstract—There is an urgent need to organize and manage images of people automatically due to the recent explosion of such data on the
Web in general and in social media in particular. Beyond face detection and face recognition, which have been extensively studied over the past
decade, perhaps the most interesting aspect related to human-centered images is the relationship of people in the image. In this work, we focus
on a novel solution to the latter problem, in particular the kin relationships. To this end, we constructed two databases: the first one named UB
KinFace Ver2.0, which consists of images of children, their young parents and old parents, and the second one named FamilyFace. Next, we
develop a transfer subspace learning based algorithm in order to reduce the significant differences in the appearance distributions between
children and old parent’s facial images. Moreover, by exploring the semantic relevance of the associated metadata, we propose an algorithm to
predict the most likely kin relationships embedded in an image
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I.

INTRODUCTION

Kin relationships are traditionally defined as ties
based on blood and marriage. They include lineal
generational bonds (children, parents, grandparents, and
great-grandparents), collateral bonds (siblings, cousins,
nieces and nephews, and aunts and uncles), and ties with inlaws. An often-made distinction is that between primary kin
(members of the families of origin and procreation) and
secondary kin (other family members). The former are what
people generally refer to as ―immediate family,‖ and the
latter are generally labeled ―extended family.‖ Marriage, as
a principle of kinship, differs from blood in that it can be
terminated.With the development of technology in modern
multimedia society, image acquisition and storage by digital
devices have never been easier than today. Storage unit like
GB or TB is not qualified already in storing images from the
Internet
The study is divided into sub-objectives which
when combined will give an emergency response system.
Using virtual globe, visualization of study area is done in 3D
along with it real time tracking of relief vehicle is done, so
as to know where the relief vehicles are. The system is
providing emergency intimation facility by call or message;
by using the relief vehicle’s location and emergency spot,

the system is providing with the shortest route. It is also
providing with the information about the nearest hospital.
[1]
For example, as the most popular social network
website around the world, Facebook has already hosted over
20 billion images, with more than 2.5 billion new photos
being added each month [1]. However, how to successfully
and automatically manage the substantial images captured
by people is a real challenge since it pushes the computer to
its limit of image understanding—it requires both largescale data analysis and high accuracy. In the first problem,
identities are what we are most concerned with and
intuitively faces are critical clues.

II.
R E L A T E D WORK
The main endeavor of kinship verification was
distributed. To use local data, they initially confined key
parts of confronts, so facial elements, for example, skin
shading, dim quality, histogram of inclination, and facial
structure data, are extricated. At that point K-nearest
neighbor (KNN) with Euclidean metric was received to
arrange faces. Such basic system works sensibly well for
online gathered information. Not quite the same as the
confirmation issue of the same individual, connection
check may not expect every component pair is precisely
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the same, on the grounds that hereditary varieties regularly
exist from guardians to youngsters. More-over, likenesses
or elements on appearances between kinfolks are for the
most part situated at eyes, nose, mouth, and so forth., as
per hereditary qualities ponders. We hence separate these
neighborhood highlights acquired from guardians as
opposed to all encompassing ones. In spite of the fact that
considering this instinctive in-arrangement, the connection
check is as yet difficult because of re-markable contrasts
between the question and exhibition pictures. The most
critical corrupting variable, as
far as
face
acknowledgment, is maturing. Guardian pictures utilized
as a part of family relationship check frequently contain
the senior citizens, yet inquiries are generally youthful
guys or females. Surface circulations of these
countenances are entirely distinctive because of the
maturing impact, not to mention the structure minor
departure from appearances from changed characters. In
the interim, other wild calculates are apparent this present
reality, as depicted in . These components to-gether lead to
a complex new issue in biometrics.
Web-archive arrangement, WiFi information renovating
and feeling order in view of client surveys. The
fundamental issue is the manner by which to reuse the
information gained from other information or highlight
spaces. In particular, exchange learning as we specified
here can be further sorted into two classes, inductive
exchange learning and transductive exchange learning. For
the previous one, the spaces in which two arrangements of
information inserted are either the same or diverse, yet
learning targets are constantly distinctive. Then, the last
one can endure diverse appropriations between
information sets, yet learning targets are very
indistinguishable. In this paper, for our connection check
issue, three disseminations exist, i.e., kids, youthful
guardians and old guardians., we present young–parent
information set as a transitional dispersion to encourage
exchange learning and plainly our methodology falls into
the transductive exchange learning classification.
Bregman uniqueness was embraced into minimize the
dispersion disparity in the subspace by looking for a
typical sub-space. This work has been connected to the
cross-space age estimation and enhanced the exactness on
one information set by the learning exchanged from the
other information set. Some of the time, how-ever,
exchange learning may fizzle because of the expansive
disparity between the source and target information sets ,,
for example, kids and old guardians pictures. We in this
way think about presenting as a middle of the road
information set as a connection to compress the
dissimilarity between the source and target spaces. These
middle of the road tests, i.e., face pictures of youthful
guardians, are near both youngsters and old guardians, and
suitably intended for our definition.

III ARCHITECTURE OF KIN RELATIONSHIP

Figure 3.1. Architecture Of Kin Relationship

IV GABOR FILTER ALGORITHM OF KIN
RELATIONSHIP
In image processing, a Gabor filter, named after Dennis
Gabor, is a linear filter used for edge detection. Frequency
and orientation representations of Gabor filters are similar
to those of the human visual system, and they have been
found to be particularly appropriate for texture
representation and discrimination. In the spatial domain, a
2D Gabor filter is a Gaussian kernel function modulated by
a sinusoidal plane wave.
Simple cells in the visual cortex of mammalian brains
can be modeled by Gabor functions.[1][2] Thus, image
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analysis with Gabor filters is thought to be similar to
perception in the human visual system.
A set of Gabor filters with different frequencies and
orientations may be helpful for extracting useful features
from an image.[7] In the discrete domain, two-dimensional
Gabor filters are given by,
G_c[i,j]=B
e^{\frac{(i^2+j^2)}{2\sigma^2}}\cos(2\pif(i\cos\theta+j\sin\th
eta))
G_s[i,j]=C
e^{\frac{(i^2+j^2)}{2\sigma^2}}\sin(2\pif(i\cos\theta+j\sin\th
eta))
where B and C are normalizing factors to be determined.
2-D Gabor filters have rich applications in image
processing, especially in feature extraction for texture
analysis and segmentation.[8] f defines the frequency being
looked for in the texture. By varying \theta, we can look for
texture oriented in a particular direction. By varying
\sigma, we change the support of the basis or the size of the
image region being analyzed.
Gabor filter architecture

gravity of each blob is used to extract a sample image
representative of that particular texture.
V. KNN ALGORITHM
In pattern recognition, the k-Nearest Neighbors
algorithm (or k-NN for short) is a non-parametric method
used for classification and regression.[1] In both cases, the
input consists of the k closest training examples in the
feature spacek-KNN is a type of instance-based learning, or
lazy learning, where the function is only approximated
locally and all computation is deferred until classification.
The k-NN algorithm is among the simplest of all machine
learning algorithms. The neighbors are taken from a set of
objects for which the class (for k-NN classification) or the
object property value (for k-NN regression) is known. This
can be thought of as the training set for the algorithm,
though no explicit training step is required.
This research work describes how a data mining
technique,―K-Nearest Neighbor (KNN)‖ is used to develop
a system that uses numeric historical data to forecast the
climate of a specific region, city. K-Nearest Neighbor
(KNN)[4] which is based on Euclidian Distance formula is
used to find the hidden patterns inside the large dataset so
as to transfer the retrieved information into usable
knowledge for prediction of temperature and humidity
values and classifying climate condition as Hot, Warm or
Cold based on the predicted values.
Although classification remains the primary application
of KNN, we can use it to do density estimation also. Since
KNN is non parametric, it can do estimation for arbitrary
distributions. The idea is very similar to use of Parzen
window . Instead of using hypercube and kernel functions,
here we do the estimation as follows – For estimating the
density at a point x, place a hypercube centered at x and
keep increasing its size till k neighbors are captured. Now
estimate the density using the formula,
p(x) = \frac{k/n}{V}

Figure 4.1. Architecture Of Gabor filter

Gabor Transformation
A two-dimensional Gabor function consists of a
sinusoidal plane wave of some frequency and orientation,
modulated by a two-dimensional Gaussian. The
convolution of an image with a bank of Gabor filters
creates a set of filtered images containing features that
responded to the particulate filter.
Feature Extraction
The contiguous region of unique texture enhanced by the
Gabor filters and identified by the segmentation algorithm
are then isolated and extracted. Blob filtering is used in
order to remove the smaller clustered areas. The center of

Where n is the total number of V is the volume of the
hypercube. Notice that the numerator is essentially a
constant and the density is influenced by the volume. The
intuition is this : Lets say density at x is very high. Now,
we can find k points near x very quickly .

VI.

WORKING ON KIN RELATIONSHIP

Kinship Classiﬁcation
First, a kinship classiﬁcation experiment is performed.
Here in terms of biometrics, classiﬁcation means ﬁnding a
proper identity for the query. Speciﬁcally, in this section,
our aim is that given a child’s facial image, we will seek
and return his/her parent’s image, either young or old. In
this process, children images are used as queries while
young parents and old parent’s images are used as gallery.
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Euclidean distance metric is adopted for this task and
results.

Figure5.1: Types of relationship and illustrates the
statistics from the perspective of race and kin relations.
Kinship Veriﬁcation:
We conduct kinship veriﬁcation to further prove our
hypothesis: given two images of faces, determine if they
are the true child–parent pair. In these experiments, rather
than direct comparisons between children and their parents,
feature discrepancy that measures the difference between
the child and the parent is used. For the purpose of training
and testing, we use 200 true child–old parent pairs and 200
false child–old parent pairs. Both anthropometric model
and proposed method are evaluated. In order to classify the
image pairs into the true and false child–parent pairs, we
use Euclidean distance and KNN classiﬁer with ﬁve-fold
cross validation where 40 positive sample pairs and 40
negative sample pairs are used as test set at each round.
Particularly, the positive samples are the true pairs
containing children and parents and negative ones are
children with randomly selected parents who are not their
true parents.
Kinship Veriﬁcation with Transfer Learning
In the training phase of the transfer subspace learning
based veriﬁcation, the inputs are 320 2 samples (for ﬁvefold cross validation). Half of inputs (320 samples) are
child–old parent pairs while the rest of them are child–
young parent pairs. As DLA [10] is a supervised method,
both 320 child–old parent pairs and child–young parent
pairs consist of 160 true kinship pairs and 160 false ones.
For the ﬁrst part of (3), we initialize with the one generated
only by the source, namely, the true and false child–young
parent pairs

Kinship Veriﬁcation by Human
Few works have been done to evaluate human
performance on child–parent kinship veriﬁcation though
individual identiﬁcation and sibling relationship
veriﬁcations. To extensively evaluate our method and
probe the feasible learning strategy by which human being
perceive kin relationship, we proceed with two groups of
human tests on kinship veriﬁcation.
The ﬁrst group has 40 training samples (20 true child–
old parent pairs as well as 20 false child–old parent pairs)
and 40 test samples (20 true child–old parent pairs as well
as 20 false child–old parent pairs, not overlapped with the
training ones). In the second group, however, 20 extra
corresponding true child–young parent pairs are added as
supplement of training samples and all other sets are
identical with the former ones.
Feature Extraction and Slicing
Two typical features that can distinguish true child–
parent pairs from the false ones are explored in this section.
One is based on appearance and extracted by Gabor[12]
ﬁlters. Particularly, we ﬁrst partition each face into two
regions:
One horizontal with three vertical layers.
One vertical with three horizontal layers.
Then we impose Gabor ﬁlters on each local region.
Intuitively, kinship veriﬁcation is also a process on local
regions. For instance, when people are talking about
kinship, they often compare regions on faces between
children and their parents and wonder whether they share
similar eyes, noses, or mouths. Another feature is based on
the anthropometric model which essentially considers
structure information of faces. Structured information is
believed to inherit largely from parents, and therefore
might be promising for kinship veriﬁcation. However, due
to aging process the old parents face structures are
deformed from the ones when they were young. Since
images obtained from the Web are under arbitrary
environment, we ﬁrst take advantage of ―total variation‖ to
remove lighting effects. Total variation, as ﬁrst used in
image denoising, has been successfully applied to
illumination free face recognition. After removing the
lighting effect, we partition faces according to the layers
mentioned above.
Feature Matching
In this step calculations are done based on three
parameters namely, mean, feature and projected image.
Initially these parameters are calculated and the child
image is trained accordingly and stored in a mat file. Later
on the parent image is taken and the same procedure is
repeated and this parent image is compared with the mat
file of child image inorder to calculate the distance between
the salient facial features.
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CONCLUSION
This project focus on the kinship verification problem
through face images. This investigation the problem of
kinship verification through face image as well as the
impact of context and semantic. First, UB kinface v2.0 was
collected from the web. Second, purpose a transfer
subspace learning method using young parents. Result
demonstrate hypothesis on the role of young parent is valid
and transfer learning can take advantage of It to enhance
the verification accuracy.

[13]

S. J. Pan and Q. Yang, ―A survey on transfer learning,‖
IEEE Trans. Knowledge Data Eng., vol. 22, no. 10, pp.
1345–1359, Oct. 2010.
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