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Abstract. Face recognition is an important field that has received a lot
of attention from computer vision community, with diverse set of ap-
plications in industry and science. This paper introduces a novel graph
based method for face recognition which is rotation invariant. The main
idea of the approach is to model the face image into a graph and use
complex network methodology to extract a feature vector. We present
the novel methodology and the experiments comparing it with four im-
portant and state of art algorithms. The results demonstrated that the
proposed method has more positive results than the previous ones.
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1 Introduction

Face recognition is a field of investigation that has been become popular in the
science and also in the industry. It has gained increasing attention in the commu-
nity due to the successful applications in various areas, specially in the security
industry. Although face recognition is not the most accurate biometric method,
it is the most non invasive technology. This characteristic makes it suitable for
many special secure applications, such as crowd supervision in airports.

In the literature, there are two main approaches to facial feature extraction:
analytic and holistic approaches. The former extracts information based on struc-
tural face regions (e.g. eyes, mouth and nose), which contain important informa-
tion for human identification. The latter considers the whole face image in the
identification process. Holistic approach has some advantages to the analytic ap-
proach, such as: (i) it uses information of texture and shape which contribute to
face recognition and (ii) it does not require pre-segmentation methods. For both
approaches, most of the methods are not rotation invariant. This causes inaccu-
racy in real applications as it is very common for people to incline their head. In
this work, we considered the second approach and propose a novel methodology
based on complex network which are rotation invariant.

Complex network is a relatively recent field of research that combines graph
analysis and statistical physics. Complex network research is close to graph re-
search. In fact, the distinction between them is the approach. On one hand,
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graphs are quite traditional in computer science and mathematics. On the other
hand, complex networks emerge from physics and use a statistical approach to
perform the analysis. Complex networks have been popularized with works of
Watts and Strogatz [I] and Barabasi [2], and have been applied in different
fields of science, such as physics, biology, economy among others. Despite the
successful applications, there are few applications in computer vision and pat-
tern recognition. Some applications, such as texture classification [3] and pixel
clustering [4], can be found in the literature.

This paper introduces a novel method for face recognition which is based on
the complex network theory. Using the holistic approach, a face image is trans-
formed into multi-scale graphs and then, they are analyzed using the complex
network theory. In the analysis, measurements are extracted in order to compose
a feature vector that characterizes the face image. To assess the quality of the
proposed method, we conducted two experiments. The first experiment was per-
formed using face images from a public database, while the second experiment
test the proposed method by classifying rotate face images. For comparisons, we
selected four popular face recognition methods belonging to holistic approach.

The paper is organized as follows. Section 2 and 3 briefly review the com-
plex networks and their measurements, respectively. In Section 4, the proposed
method is described in detail for face recognition applications. The experiments
performed and the results are presented in Section 5. Finally, the conclusions
and improvement of the method are discussed in Section 6.

2 Complex Networks

Complex network is a recent area which joins graph theory and statistical physics
analysis. The complex networks are represented by graphs consisting of a set of
vertices connected by edges. The graph is described by G(V, E), where V =
{v1,v2,...,v,} is the set of vertices and E = {eq, ea,...,epr} is the set of edges.
The complex networks were classified according to their properties into three
main models: random networks, small-world and scale-free. Random networks,
proposed by Erdés e Rényi [5], are considered the simplest model. In this model,
the edges are added at random. Watts and Strogatz, who studied random net-
works in applications, concluded that networks have highly connected vertices
with closed paths of length three. Therefore, a complex network that has no
edges added completely at random, called small-world network, was proposed
[1]. Barabési and Albert proposed a scale invariant network namely scale-free
network [2]. In this model, the distribution of connectivity of vertices follows a
scale-free distribution given by P(k) ~ k=7, with y =3 and n — oo [2].

2.1 Measures

Once a system is modeled by a complex network, measures can be extracted
in order to analysis and characterize the network topology. A survey where the
reader can find a good discussion about different measurements is available in
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[6]. In this work, a network is used to model a face image and then, measures are
extracted for the pattern recognition proposal. The sections below describe mea-
sures related to connectivity and hierarchy, both presenting a good performance
in the topology characterization [7J6].

Connectivity. Complex networks present as main characteristic a set of vertices
and edges that forms particular topographic properties. These properties can
be measured by the number of connections among vertices [7]. For weighted
networks, the vertex degree kw; is obtained by kw; = Zj\;l w;j, where w;; is
the weight of the connection between vertex ¢ and j. Although simple, the vertex
grade performs well in characterizing the networks, as it provides information
about the topology and distribution of the connectivity throughout the network.

Hierarchical Degree. Hierarchy performs an important role in the complex
network approach. The hierarchical level can be defined as a graph dilatation
4(g), resulting in a sub graph containing the vertices from g and the vertices
directly connected to g. The graph dilation can be iterative. The d-dilatation
process, which means that, a graph g is dilated d times, is shown below:

da(g) = 5(3(..-(9)---)) (1)

~ 4
d
The d-ring of a subgraph g is defined as R4(g) and it is composed by the
vertices and edges according to:

Ra(g) = V(da(g)) — V(0a-1(9)) (2)

where V() is the set of vertices and — is the subtraction operation between sets.

The hierarchical degree k¢ can be defined by the number of edges that connect
the rings R, (i) and Ry_1(i) to the vertex i. The weighed hierarchical degree kw¢
is calculated similarly by summing the weights.

3 Face Recognition Using Complex Networks

The proposed method can be split into two stages: network modeling and feature
extraction. To model an image as a network G = (V, E), each pixel is mapped
to a vertex of the set V. Two vertices ¢ and j, related to the pixels p; and p;, are
connected if the distance between the pixels is less than a given radius r. The
connection weight is defined by the pixel intensity difference (see Equation [3]).

[ H(pi) = I(py))l, if dist(ps, pj) <
Wig = {0, otherwise (3)

where w;; is the edge weight, I(z) is the pixel intensity of the pixel z, dist is the
Euclidean distance and r is the radius of neighborhood.

The next step is to transform the graph into a complex network, with a rich
structure and topology. In this work, the authors demonstrated that a simple



A Rotation Invariant Face Recognition Method Based on Complex Network 429

regular graph similar to the one obtained until now can be transformed into
a small world complex network. The transform, defined as (¢, G), consists of
the selection of edges according to their weights and a threshold ¢, which can
vary from 0 < ¢ < max(W) (see Equation Hl). Figure [l illustrates the transform

Y(t, G).

o wij,ifwij St
Wij = {0, otherwise (4)

Fig. 1. Transformation ¢ in a complex network

The transform (¢, G) can be considered as a multi-scale network analysis.
For each value of ¢ the original network is transformed into a t scaled network.
Thus, the ¢ scaled network presents different properties and reveals the structure
and topology related to its scale. For small values of ¢, the network provides
information of image details, presenting better small sets of pixels or regions
and as t increases, it presents better global information. For high values of ¢, the
network can provide the image edges. The proposal of our method is to combine
measures from some values of ¢ achieving a multi-scale analysis.

3.1 Feature Vector Extraction

The face characterization is performed by extracting measures from networks
G: = 9¥(t,G) varying the thresholding ¢. The values are between the interval
tg <t <ty and incremented by a constant ¢;,.. The metrics discussed in Section
BTl are calculated for each vertex of Gy. Then, a vector f; is carried out by
calculating the mean, variance and kurtosis from each metric. If n metrics are
used, the feature vector f; for a given scale ¢ is a 3n vector (mean variance and
kurtosis for each metric). Equation[Blshows how to calculate f:, where i is related
to each metric. The final feature vector f for a given face is the concatenation
of the individual feature vectors f; at different scales, according to Equation

m; = [mean(Gy) variance(Gy) kurtosis(Gy)]
fe=1Imo ... my ... my]

()
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F=1[fto fitortine) -+ fts] (6)

4 Face Recognition Experiments

In order to validate the proposed method, a set of experiments was carried out
using a well-known public face database - ORL database [8]. This database has 10
images of 40 subjects, with changes in illumination, facial details and expressions.
Two experiments were conducted: parameter analysis and comparison with other
methods. For both experiments, 10-folds cross-validation was carried out using
K-neighbor nearest [9], with & = 1. A simple statistical classifier was chosen in
order to show evidence of the feature role in pattern recognition.

4.1 Analysis of the Method Parameters

This subsection presents a study of the proposed method parameters and its
consequences on the pattern recognition performance. The parameters consid-
ered are: (i) the radius influence for the transformation which converts the image
to the network, (ii) the thresholds used for the multi-scale transform, (iii) the
measures considered to compose the feature vector. The objective of this analysis
is to present the method behavior and determine the best set of parameters.

The main parameters of the method are the neighbor radius r and the initial
threshold tg. Both parameters are related to the network structure and changes
in them can directly influence the face recognition performance. The param-
eter analysis starts choosing a range for r and ¢y where the method achieves
its optimum performance. For this, we evaluated various combinations of these
parameters and the method achieved the best performance for r ~ /73 and
to &~ 10. These values can be combined with the other parameters to find the
optimal parameter set of the method.

Figure [ presents an analysis of all the parameters. In Figure 2(a) the plot
ratio r versus classification rates is shown. Notice that the classification rate
achieves its maximum 98% for r = v/73. Figure Bi(b) shows a plot of ¢y versus
classification rates. The maximum classification rate is achieved for ty5 = 10. For
low values of tg, such as those less than 5, the network can be highly disturbed
by noise. On the other hand, for high values of ¢y, the network cannot present the
face details and lose important face information. Figures [(c) and 2ld) present
respectively ¢;,. versus classification rates and ¢y versus classification rates. To
compute the plots t = tg + x * t;,. was used, where x is the number of times of
tinc. This function makes ¢4, and ty correlated values. In the first analysis, z = 7
(see Figure 2(d)) was used. The plot shows that the best results are achieved
for high values of ¢;,.. It is expected as, for high values of t;,. the method can
explore a better range of scales for the multi-scale analysis. In Figure 2l(d), the
plot shows the classification rates versus the number of thresholds, given by x
which determines ¢y. Notice that the curve achieves its maximum when x = 7
and it maintains stabilized. Using these four plots, we can determine the best
chosen parameters, which are r = \/73, to = 10, tinec = 10 and ty = g + 7 * tipc.
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Fig. 2. (a) Comparison results for different radius, (b) Threshold ¢, X Correct percent,
(c¢) Threshold tine X Correct percent and (d) Threshold ¢y X Correct percent

The feature vector consists of metrics extracted from the transformed net-
works. Three measurements were evaluated: the degree, two level hierarchical
degree and three level hierarchical degree. Table [[l compares performance of the
three combined feature vector (Full) to each individual metric in terms of clas-
sification rate, the false acceptance rate (FAR) and false rejection rate (FRR).
The best individual metric was the degree which achieved a correct percentage of
94.75%. The combined feature vector (full) has the best correct percentage and
the smallest FRR and FAR, which suggests that the individual metric extracts

different information from the networks.

Table 1. Comparison results for measures and the three combined feature vector (Full)

Correct Percentage FAR FRR

Full 98.5% 0.00045 0.015
Degree 94.75% 0.00145 0.053
Hier. D. 2 93.75% 0.00178 0.063
Hier. D. 3 91.5% 0.00233 0.085

4.2 Comparing with Other Methods

The results of the proposed method are compared to the results of the eigenfaces
[10], fisherfaces [11], laplacianfaces [12] and neighborhood preserving embedding
- NPE [13] in Table 2 It is important to notice that various combinations of
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parameters and numbers of descriptors were carried out for all methods. Only
the best result achieved was considered in the comparison. The proposed method

proved to be better than the others in the classification rates and also in the
FAR and FRR.

Table 2. Results of the proposed method and state of the art methods

Correct Percentage FAR FRR

Proposed Method 98.5% 0.0005 0.015
FisherFaces 95.73% 0.0011 0.042
NPE 94.75% 0.0014 0.053
EigenFaces 94.55% 0.0014 0.0545
LaplacianFaces 94.25% 0.0014 0.0575

The performance of most face recognition algorithms are influenced by the
position of the face in the image. Usually, the faces must be carefully aligned to
extract the features relative to a fixed coordinate system. In order to evaluate the
rotation invariance of the proposed method, each image from the ORL database
was rotated in four directions (—60°, —30°,30°,60°), totaling 2000 images.

The proposed method results in the increased database are compared with
other methods in Table[3l In this experiment, the cross-validation strategy with
2-folds was performed to increase the amount of images in the test step (50%
of the images are used to test the model in the 2-folds cross-validation). The
proposed method had more positive results than the others in the classification
rates and also in the FAR and FRR. The method achieved a correct percentage
of 93.65% compared to only 58.45% achieved by the Fisherfaces.

Table 3. Results of the methods in the increased ORL database

Correct Percentage FAR FRR

Proposed Method 93.65% 0.0019 0.064
FisherFaces 58.45% 0.0168 0.415
LaplacianFaces 54.45% 0.0202 0.456
EigenFaces 42.75% 0.0197 0.573
NPE 41.8% 0.0171 0.582

5 Conclusion

This paper presented a novel approach to face recognition based on the complex
network theory. In the proposed method, the face image is mapped onto a regular
graph and then it is transformed into a small-world network. Using the complex
network theory, various features are extracted, providing a feature vector that
can identify faces.
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The method was compared with popular and the state-of-art methods. The

proposed method proved to be better than the others in the classification rates
and also in the FAR and FRR measures. Moreover, according to the nature of
the graphs, the proposed method is rotation invariant, which differs from most
of the holistic face recognition methods. As part of the future work, we plan to
focus on evaluating the proposed method in large scale face image data sets.
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