Kinship Veriﬁcation from Facial Images Under
Uncontrolled Conditions ∗
Xiuzhuang Zhou§,‡ , Junlin Hu∗ , Jiwen Lu† , Yuanyuan Shang§,‡ , Yong Guan§,‡
§

‡

College of Information Engineering, Capital Normal University, Beijing, China
Beijing Engineering Research Center of High Reliable Embedded System, Capital Normal University, China
∗
College of Information Science and Technology, Beijing Normal University, Beijing, China
†
School of Electrical and Electronics Engineering, Nanyang Technological University, Singapore
E-mail: zxz@xeehoo.com; hujunlin@msn.com; lujiwen@pmail.ntu.edu.sg; syy@bao.ac.cn;
guanyong@mail.cnu.edu.cn

ABSTRACT
In this paper, we present an automatic kinship veriﬁcation
system based on facial image analysis under uncontrolled
conditions. While a large number of studies on human face
analysis have been performed in the literature, there are a
few attempts on automatic face analysis for kinship veriﬁcation, possibly due to lacking of such publicly available
databases and great challenges of this problem. To this
end, we collect a kinship face database by searching 400+
pairs of public ﬁgures and celebrities from the internet, and
automatically detect them with the Viola-Jones face detector. Then, we propose a new spatial pyramid learning-based
(SPLE) feature descriptor for face representation and apply
support vector machine (SVM) for kinship veriﬁcation. The
proposed system has the following three characteristics: 1)
no manual human annotation of face landmarks is required
and the kinship information is automatically obtained from
the original pair of images; 2) both local appearance information and global spatial information have been eﬀectively
utilized in the proposed SPLE feature descriptor, and better performance can be obtained than state-of-the-art feature descriptors in our application; 3) the performance of our
proposed system is comparable to that of human observers.

Figure 1: Samples of our kinship database. From
top to bottom are the Father-Son (FS), FatherDaughter (FD), Mother-Son (MS) and MotherDaughter (MD) kinship relations, respectively.
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1. INTRODUCTION
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Facial image analysis have been widely investigated in the
computer vision and multimedia computing community, and
a large number of such methods have been proposed for various practical applications, such as face recognition [12], facial expression recognition [6], gender classiﬁcation [9], ethnic classiﬁcation [8] and human age estimation [7]. While
great successes have been made in these areas, there are a
few attempts on automatic face analysis for kinship veriﬁcation, possibly due to lacking of such publicly available
databases and great challenges of this problem.
Recently, Fang et al. [5] attacked the challenge of kinship
veriﬁcation by using facial feature extraction and selection
methods and their empirical results has veriﬁed this possibility. While encouraging results were obtained, there are
still two shortcomings of their method:
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• Their method was evaluated on a comparatively small
dataset (150 pairs), such a small dataset may be insufﬁcient to demonstrate the eﬀectiveness of face image
analysis-based kinship veriﬁcation.
• Facial images in [5] were collected under a controlled
environment such that only upright frontal images with
normal illumination and natural facial expression were
accepted for veriﬁcation. In many real world applications, there may be some variations on pose, expression, occlusion and illumination of the acquired face
images, and it is of great signiﬁcant to investigate kinship veriﬁcation under uncontrolled conditions.
Diﬀerent from previous work in [5], the main purpose of
this research is to drive the kinship veriﬁcation from facial
images research more towards real scenarios. Instead of being limited to well-cropped faces with costly manual annotations, we focus on fully-automatic kinship veriﬁcation from
face images under uncontrolled conditions that imposes no
restrictions in terms of pose, lighting, background, expression and ethnicity on the face images (Figure 1 shows several
example images), such that a fully automatic and real-time
system which takes general face images as inputs can be
achieved. Moreover, we further propose a new spatial pyramid learning-based (SPLE) feature descriptor for face representation. Since SPLE can utilize both local appearance
and global spatial face information for feature representation, better performance can be obtained than state-of-theart feature descriptors in our system. Experimental results
are presented to demonstrate the eﬃcacy of our proposed
approach.

2.

Figure 2: The sampling method used in our SPLE
method.
To make better use of the spatial information, we propose
a spatial pyramid learning-based (SPLE) feature descriptor
for face representation, works as below
Step 1 : For each pixel, we sample its neighboring pixels
in a ring-based pattern to form a low-level feature vector.
Similar to LE, we sample r ∗ 8 pixels at even intervals on
the ring of radius r. In our experiments, we empirically set
r0 = 0, r1 = 1 and r2 = 2, such that 25 (1+8+16) pixels
are sampled to construct a feature vector for each pixel, as
shown in Figure 2.
Step 2 : Normalize the sampled feature vector into unit
length such that it can be more robust to illumination variant.
Step 3 : Randomly select 2N1 pairs of face images to construct a training set, in which N1 pairs are with kinship
relations and the other N1 pairs are not with kinship relations, respectively.
Step 4 : Perform K-means on the the training set to quantize all feature vectors into M discrete types, and make the
simplifying assumption that only features of the same type
can be matched to one another. Now, for each face image
with size of p × q, it will be encoded as a 1 × M histogramtype feature vector.
Step 5 : Construct a sequence of grids at resolution 0, · · · , L,
such that the grid at level l has 2l cells along each dimension. We extract the LE feature in each cell and concatenate them into a long feature vector. In our experiments,
M and L are empirically set to be 200 and 2, respectively,
such that the ﬁnal feature vector is 4200-dimensional (200
+ 200*4+200*16).

PROPOSED APPROACH

To automatically classify kinship relation from facial images, we are facing two questions. First, what characteristics are crucial for kinship veriﬁcation? Second, how to
make decisions based on these characteristics? To answer
these questions, we will discuss several feature representation methods and present a new one in Section 2.1 together
the SVM classiﬁer in Section 2.2.

2.1

Representation

Raw pixel is the most straightforward representation for
face images. However, it may be not a good choice for face
analysis task because it usually suﬀers from the illumination
and expression variations. To overcome these eﬀects, many
local descriptors have been proposed in the literature. For
example, Ahonen et al. [1] proposed a local binary pattern
(LBP) method to describe the micro-structure of the face.
Since LBP is encoded by a handcrafted design, many LBP
variants [1, 11] have been proposed to improve the performance of the original LBP method. However, these methods
still apply the handcrafted strategy, and it is very diﬃcult to
obtain an optimal encoding method manually. To address
this problem, Cao et al. [3] recently proposed a learningbased method by using a unsupervised learning approach to
encode the local micro-structures of the face into a set of
discrete codes. While better performance can be obtained,
this feature descriptor still suﬀer from one shortcoming: the
spatial information were totally discarded in the LE method
because a conventional clustering technique, e.g. k-means,
was used to obtain the histogram and the spatial information
cannot be eﬀectively reﬂected in such feature histograms.

2.2

Classiﬁer

After obtaining feature representation of each face image,
diﬀerent classiﬁers can be applied. Since our kinship veriﬁcation is a binary classiﬁcation problem and support vector
machine (SVM) has demonstrated excellent performance for
such tasks, we here apply SVM for classiﬁcation. Diﬀerent
from the previous SVM-based face veriﬁcation approaches
which use the diﬀerence of any two positive or negative
face samples as features, we use an normalized absolute histogram diﬀerence (NAHD) of a pair of samples as features
for SVM learning.
Let F1 = [F11 , F12 , · · · , F1D ] and F2 = [F21 , F22 , · · · , F2D ]
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be two SPLE feature representations of two face images I1
and I2 , we deﬁne NAHD as follows:
|F1 − F2 |
V (I1 , I2 ) = D
t=1 |F1t − F2t |

(1)

We can observe that the elements in V (I1 , I2 ) are nonnegative and hence the histogram intersection kernel can be
used for calculate the similarity of two feature vectors V and
U , described below as:
sim(V, U ) =

D


min(Vt , Ut )

(2)

t=1

Having obtained the kernel matrix, we can apply the conventional SVM for kinship veriﬁcation. In our experiments,
the RBF kernel was used for similarity measure of each pair
of samples.

3.

EXPERIMENTAL RESULTS

3.1

Figure 3: Positive (left) and negative (right) samples
used in our experiments.

Dataset

Currently, there is no publicly available face image database
with kinship relations. In this study, we collected 1000 images from the internet through an online search for images of
public ﬁgures or celebrities and their parents or children. We
pose no restrictions in terms of pose, lighting, background,
expression, age, ethnicity and partial occlusion on the images used for training and testing. We adopt the Viola-Jones
face detector to detect the face region in each image, and
correctly detect 800+ face images, each is size of 64 × 64.
We selected 100 pairs of face images for each of the four
kinship relations (Father-Son (FS), Father-Daughter (FD),
Mother-Son (MS) and Mother-Daughter (MD)) to construct
the dataset, such that 800 images are totally used.
For each of the four subset, we construct 100 pairs of positive (true) samples and 100 pairs of negative (false) samples.
The positive samples are the true pairs and the false samples are each parent with a randomly selected child from
the children images who is not his/her true child. Figure 3
shows some positive and negative samples we used in our
experiments.

3.2

Table 1: The classiﬁcation accuracy (%) of diﬀerent
feature descriptors on diﬀerent subsets.
Method
PCA
LBP
HOG
LE
SPLE

F-S
59.00
62.50
57.50
61.75
63.50

F-D
51.50
59.75
50.50
58.50
61.50

M-S
61.50
63.25
59.50
68.75
72.50

M-D
61.50
60.75
58.00
69.50
73.50

Mean
58.38
61.56
56.38
64.62
67.75

• LE [3]: This method is a newly proposed face feature descriptor and shows better performance than
other popular face feature descriptors such as LBP and
HOG [3]. We used 200 bins for LE to encode a histogram feature for each image.

3.3 Results and Analysis
Table 1 shows the classiﬁcation accuracy of diﬀerent feature descriptors on diﬀerent kinship subsets. As can be seen
from this table, the proposed SPLE method outperforms
PCA, LBP, HOG and LE with gains in accuracy of 4.50%,
1.00%, 2.00%, and 1.25% on the F-S subset, 10.00%, 1.75%,
11.00%, and 3.00% on the F-D subset, 11.00%, 9.25%, 13.00%,
and 3.75% on the M-S subset, and 12.00%, 12.75%, 15.50%,
and 4.00% on the M-D subset, respectively. Moreover, we
can also observe from this table that all feature descriptors
obtain worse performance on the Father-Daughter subset
than those on the Mother-Son and Mother-Daughter subsets, which indicates that it is more challenging to recognize
the Father-Daughter relation than others from facial images.
Now, we investigate the parameter sensitivity of the proposed SPLE feature descriptor. There are two important
parameters: the discrete types M and the spatial pyramid
L. Figures 4 & 5 show the classiﬁcation accuracy of SPLE
versus diﬀerent number of discrete types and diﬀerent spatial pyramid levels, respectively. We can easily see from the
two ﬁgures that SPLE is stable to varying parameters. This
shows the relative insensitivity of M and L and hence it is
easy to select appropriate values of SPLE to obtain good
performance.

Experimental Settings

For each of the four kinship subsets, we perform 5-fold
cross validation for the 100 pairs positive and 100 pairs negative samples. We compared the performance of SPLE with
the following four face feature descriptors:
• PCA [10]: This method has been widely used for a
large number of face analysis tasks, and it can also
work for the scenario when the face images are collected under uncontrolled conditions. The feature dimension for PCA was empirically set to be 100 in our
experiments.
• LBP [1]: We followed the parameter setting of LBP
in [1] and used 59 bins to describe each face image.
• HOG [4]: HOG (histogram of gradient) was originally
proposed for human detection and was recently applied
to face recognition [2]. Here, we followed the parameter setting of HOG in [3] and used a b-bin HOG descriptor for face representation.
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Table 2: The classiﬁcation accuracy (%) of human
ability on kinship veriﬁcation on diﬀerent kinship
subsets.

80

Classificationaccuracy (%)

75

Method
HumanA
HumanB

70

F-D
60.00
66.00

M-S
68.00
76.00

M-D
72.00
78.00

Mean
65.75
72.00

65

some other cues such as hair, skin color, and background
also contribute to kinship veriﬁcation.

60
Father−Son
Father−Daughter
Mother−Son
Mother−Daughter

55

50
50

100

150

200
250
300
Number of discrete types

350

4. CONCLUSION
To the best of our knowledge, this paper is the ﬁrst attempt to investigate kinship veriﬁcation from facial images
under uncontrolled conditions. Our method does not require
manual human annotation of face landmarks and the kinship information is automatically obtained from the original
pair of images. Moreover, we further proposed a new spatial pyramid learning-based (SPLE) feature descriptor for
face representation, and experimental results have shown
that the performance of SPLE is not only signiﬁcantly better than that of the state-of-the-art feature descriptors, but
also comparable to that of the human observers.

400

Figure 4: Classiﬁcation accuracy (%) of SPLE versus
diﬀerent number of discrete types.
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Figure 5: Classiﬁcation accuracy (%) of SPLE versus
diﬀerent number of spatial pyramid levels.

As an important baseline, the human ability in kinship
veriﬁcation from facial images is also tested. From each of
the above four subsets, we randomly selected 100 pairs of
face samples, 50 are positive and the other 50 are negative, and presented them to 20 human observers (10 males
and 10 females) with age of 20 to 30 years old. None of
them received training on the task before the experiment.
There are two stages in the experiment. The diﬀerence is
that, in the ﬁrst stage (HumanA), only the cropped face regions are shown, while, in the second stage (HumanB), the
whole original color images are shown. HumanA intends
to test kinship veriﬁcation purely based on face, while HumanB intends to test kinship veriﬁcation based on multiple
cues including face, hair, skin color, and background. Note
that the information provided in HumanA is the same as
that provided to the algorithms. Table 2 shows the classiﬁcation accuracy of human ability on kinship veriﬁcation on
diﬀerent kinship subsets. We can observe from Tables 1 & 2
that our proposed automatic kinship veriﬁcation approach
can obtain better performance than HumanA, and performs
slightly worse than HumanB, which further indicates that
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