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Abstract. Complex network is a topic related with a plurality of knowl-
edge from various areas and has been applied with success in all of them.
However, it is a recent area considering its application in image pattern
recognition. There are few works in the literature that use the complex
networks for image characterization following its analysis and classifica-
tion. An image can be interpreted as a complex network wherein each
pixel represents a vertex and the weighted edges are generated accord-
ing to the location and intensity between two pixels. Thus, the present
paper aims to investigate this type of application and explore different
measurements that can be extracted from complex networks to better
characterize an image. One special type of measure that we applied were
those based on motifs, which are employed in several areas. However, to
the best of our knowledge, motifs were never explored in complex net-
works representing images. The results demonstrate that our proposed
methodology presented great potential, reaching up to 89.81% of accu-
racy for the classification of public domain image texture datasets.
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1 Introduction

In the last decade, there was a great interest regarding the potential of com-
plex data (e.g. image, videos, among others). In several areas, these types of
data are daily generated, increasing in a great extent their volume. Thus, to
cope with such data deluge, it is important to propose techniques capable to
automatically characterize and classify them. To perform such task, a classical
theory based on complex networks has been emerged as a notable paradigm. For
instance, the use of complex networks to perform image characterization and
recognition is becoming highly relevant [2]. However, there is still a lot to be
explored considering the complex network theory applied to images.

Hence, the present paper proposes a new methodology based on complex
networks to better characterize an image. To do so, we consider an image as a
complex network wherein each pixel represents a vertex and the weighted edges
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are generated according to the location and intensity between two pixels. Over
the generated complex network, special measures based on motifs were exploited
to describe the images. It is important to highlight that the experiments testify
the notable results achieved by the proposed methodology.

2 Background

The Complex Network theory is a topic related with a diversity of knowledge
from several areas. Besides, it has been applied with success in all of them, due
to its flexibility and generality, allowing the representation of different structures
as a graph [1,3,10,16,17]. The network can be analyzed, classified and modeled
through its topology and measurements [4,7]. The network features can be used
as descriptors to distinguish different patterns, and thereby originating pattern
recognition techniques.

2.1 Complex Networks Measurements

There are several measures in the literature that can be applied to describe an
complex network. The main measures are explained in the present section, where
ei,j is an edge connecting the vertices i and j, and |V | is the total number of
vertices in the network.

– Vertex Degree: the degree of a given vertex i is the number of vertices
connected to it (i.e. its neighbors).

– Average Degree: the average degree (φµ) is the sum from the graph’s
number of edges divided by its number of vertices.

– Histogram of Degrees: the histogram, largely employed as image descrip-
tor to obtain the frequency of a given pixel intensity, can also be applied to
describe a complex network. In this case computes how many vertices exist
in each bin of the connectivity histogram (p(φ)).

– Average Minimum Path: the average minimum path is the average of all
the minimum paths of the network.

– Mean Centrality: the mean centrality is the measurement that indicates
the mean of central vertices, i.e., significant vertex for the minimum paths
of the network.

– Transitivity: the transitivity measures the mean probability of which if the
vertices i and j are connected to the vertex f , they will also be connected
between themselves.

– Number of Communities: considering a graph G(V,E), a community
in this graph is a subgraph G′(V ′, E′) in which the vertices are strongly
connected. There are different ways to measure a subgraph, because there
are different definitions of the community structures. The most accepted
definition requires that all nodes of a community must be connected between
themselves. This obligation leads to the definition of a clique. A clique is the
densest subgraph between three or more vertices, i.e., each graph vertex
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needs to be connected to another vertex, in a way that does not exist other
ones adjacent between them. This definition can be extended to an n-clique,
in which requires that the biggest geodesic distance between two subgraphs
vertices can not be bigger than n. In the definition of 2-clique the vertices
do not need to be all connected between themselves, but can only have an
intermediary vertex between them. The 3-clique can have two intermediary
vertices between them, and so on [4].

– Motifs: the first hypothesis about motifs in complex networks were found
in social networks [22]. Milo et al. [18] expanded the use of motifs in complex
networks to cases of networks based on gene regulation, neurons, food chains,
logic circuits and the world wide web. Motifs are small interconnection pat-
terns that occur in a directed or non-directed graph with a frequency signif-
icantly bigger than the expected in its random version (i.e., in a graph with
the same number of nodes, edges and average degree as the real network,
but the edges are distributed in a random manner) [15]. The significance
degree of a given motif M in the graph G is defined by the Z − score and is
calculated through the Equation 1 [4].

ZscoreM =
nM− < nrand

M >

δrandnM

, (1)

where nM is the number of times that the subgraph M appears in the graph
G; < nrand

M > and δrandnM
are, respectively, the average and the standard

deviation of the number of times that this subgraph (M) appears in the
random network.

2.2 Texture

An image can be described by primitive low level features based on color, tex-
ture and shape patterns[5]. The texture is one of the most important in several
contexts. Texture is an intuitive term and does not possess a precise defini-
tion, being found numerous definitions [12,21]. Besides, the texture recognition
process, made intuitively by humans, commonly requires a high computational
complexity [19].

3 Methodology

The methodology is mainly composed by four steps: (1) modeling image as a
graph; (2) extraction of measures; (3) learning and training; (4) classification
using supervised classification methods. This sequence can be seen in Figure 1.

In the proposed methodology the image is characterized by a complex net-
work, where each pixel is considered a vertex of the network (i.e. graph). To
make the connections between the vertices was adopted the creation of a lattice
adjacency connected by a given radius. In this method all the vertices that rep-
resent the neighbor pixels, which are inside a given radius r, are connected. This
method makes easier the local affinity relation over different regions.
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Fig. 1. Pipeline of the proposed methodology.

Initially it is performed a sweep pixel by pixel over the image, for each pixel
selected it is calculated the Euclidean distance between its neighbors pixels. As
formally defined by Equation 2, if the Euclidean distance between two pixels
p = (i, j) ∈ P and p′ = (i′, j′) ∈ P is not bigger than a given radius r (e.g. r =
5) the two vertices corresponding to the pixels are connected by an edge.

For each edge e ∈ E from the graph G is associated an weight which is
calculated by means of the coordinates from the two pixels that formed the edge
and theirs respective intensities, as seen in Equation 3. Therefore, it is generated
a new graph G = (P,E) that is non-oriented, weighted and without loops.

The weight value of the edges w(e) can assume a big value scale. Therefore,
because this fact it is performed a weight normalization to guarantee that the
weights will be into range 0 and 1, as it is seen in the Equation 4.

It can be noted that each vertex has a similar number of connections and
the graph presents a regular behavior. However a graph with regular behavior is
not considered a complex network, and so it does not has any relevant property
to be extracted [2]. Thus it is necessary to accomplish a behavioral analysis of
the graph. An efficient way to do this task is the analysis of the derived graphs.
We called this analysis as δ transformations. In each transformation is applied
a threshold t in the set of edges E of the graph, in order to select a subset E∗,
E∗ ⊂ E, in which each edge from E∗ must have the weight less or equal to t, as
seen in Equation 5.

E =
{

((i, j), (i′, j′)) ∈ PxP |
√

(i − i′)2 + (j − j′)2 ≤ r
}

(2)

d(e) = (i − i′)2 + (j − j′)2 + (vij − vi′j′)2 ∀ e = {(i, j), (i′, j′)} ∈ E (3)

w(e) =
d(e)

maxPixelIntensity2 + r2
(4)

E∗ = δt(E) = {e ∈ E|w(e) ≤ t} (5)

The threshold t is incremented by a regular interval, obtaining T =
[t1, t2, . . . , tL], where the initial threshold is 0.005, the final is 0.165 and the
increment is 0.005. For each incremented t is obtained a new subgraph from
the original graph. This approach can be interpreted as the acquisition sev-
eral samples of the complex network. Considering the measurements that can
be extracted from the network (see Section 2), a feature vector was generated
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Table 1. Complex network measurements - descriptors.

Measurement Symbol

Mean Centrality biµ
Number of Communities NC

Average Degree φµ

Transitivity C
Average Minimum Path �

Motifs M
Connectivity Histogram p(φ)

for each image. Table 1 shows which measurements were used as descriptors to
compose the feature vectors.

It was used motifs of sizes 3 and 4 and in the connectivity histogram the
value of φ varied from 0 to 20. For each yielded graph by the δ transformations
are extracted the complex network measurements showed in Table 1. The feature
subvector regarding each transformation is composed according to Equation 6.
Then the feature subvectors are concatenated to create the final feature vector.

ψtL = [bi,NC , φμ,C, �,M, p(φ)] (6)

4 Experiments

In this section, we describe the datasets (Section 4.1) and scenarios (Section 4.2)
used in the experiments as well as the results obtained (Section 4.3).

4.1 Datasets

The experiments were conducted on two well-known texture datasets. The first
one is the Brodatz dataset, obtained from [6], which consists of 112 different
textures of size (640x640) pixels. Each texture is partitioned into 25 (128x128)
non-overlapping subimages, such that 2800 images were considered. Figure 2a
displays samples from this dataset.

The second image dataset is referred to the KTH-TIPS, which is an extent
of the CUReT dataset [9]. KTH-TIPS dataset, obtained from [13], consists of
10 texture classes with 81 images per class. Images, 200x200 pixels in size, were
captured at nine scales, viewed under three different illumination directions and
three different poses. Figure 2b displays samples from this dataset.

(a) (b)

Fig. 2. Examples of images from the datasets. (a) Brodatz. (b) KTH-TIPS.
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4.2 Scenarios

For the extraction of the network descriptors from each dataset, we used the
software R [20] with the package iGraph [8]. In order to evaluate the performance
of the proposed methodology, we considered three different scenarios. Initially,
for the first experiment, we have used the learning methods: k-Nearest Neighbors
(kNN), Decision Tree (DT), Näıve Bayes (NB), Support Vector Machines (SVM)
and Multilayer Perceptron (MP). We have used the implementation of those
learning methods available in the WEKA data mining library with the default
parameters, unless stated otherwise [11]. For the kNN method, we used the IBK
algorithm with k = 1. For the Decision Tree method, we used the J48 and
Random Forest (RF) algorithms. For the SVM method, we used the LibSVM
algorithm with a linear kernel configuration. In this paper, we consider a q-fold
cross-validation protocol for all experiments, where q = 10.

Recent researches have shown that the discriminating power of the learning
methods has been affected by irrelevant and redundant information. Therefore,
for the second experiment, in order to identify and remove as much irrelevant
and redundant training information as possible, we perform Correlation-based
feature selection, as proposed in [11]. It was selected 28 features, including mea-
sures of: connectivity histogram, transitivity, average minimum path, subgraphs,
motifs of size 4 similar to Figure 3A and motifs of size 4 similar to Figure 3B.

Fig. 3. Relevant motifs for classification.

From the results obtained in the two previous experiments, it was observed
(Figure 4) the absence of a pattern in the classification from the Brodatz dataset.
It was related to the heterogeneity of some images, due to the pre-processing
method (used to construct the dataset) results in the samples of the same class
whose textures and patterns are completely different. Therefore, the samples
were re-organized using the k-means algorithm [14]. Experiments were conducted
with 100 and 50 clusters. With 100 clusters, the average of samples per class was
27.76. With 50 clusters, the average of samples per class was 55.52.

Fig. 4. Heterogeneous images in the Brodatz dataset.
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Table 2. Average accuracies ± standard deviations on the two datasets obtained by
the classifiers for the first experiment without feature selection.

Dataset IBK J48 NB RF SVM MP

KTH-TIPS 50.61 ± 3.54 59.5 ± 5.73 39.63 ± 3.51 69.01±3.70 ∗ 57.53 ± 3.52

Brodatz 75.14±1.65 67.00 ± 2.75 73.19 ± 2.63 75.28±1.85 64.08 ± 2.79 ∗

Table 3. Average accuracies ± standard deviations on the two datasets obtained by
the classifiers for the first experiment with feature selection.

Dataset IBK J48 NB RF SVM MP

KTH-TIPS 58.02 ± 3.61 63.58 ± 5.05 42.22 ± 5.30 70.62±5.64 49.01 ± 4.75 63.58 ± 4.49

Brodatz 79.93 ± 1.47 70.28 ± 2.30 79.61 ± 2.07 80.76 ± 1.15 ∗ 87.32±2.10

Table 4. Average accuracies ± standard deviation on the Brodatz dataset obtained
by the classifiers for the third experiment, with and without the Feature Selection (FS)
algorithm, using 100 clusters.

Features IBK J48 NB RF SVM MP

Without FS 85.62 ± 1.42 72.11 ± 2.56 86.41±2.16 82.24 ± 1.89 59.15 ± 2.91 26.66 ± 2.17

With FS 85.84 ± 1.34 72.83 ± 2.34 86.09 ± 2.11 83.89 ± 2.36 79.36 ± 1.57 86.27 ± 2.31

Table 5. Average accuracies ± standard deviation on the Brodatz dataset obtained
by the classifiers for the third experiment, with and without the Feature Selection (FS)
algorithm, using 50 clusters.

Features IBK J48 NB RF SVM MP

Without FS 76.33 ± 2.38 89.01 ± 1.88 87.24 ± 2.34 56.59 ± 2.15 51.51 ± 3.01 88.53 ± 2.62

With FS 89.08 ± 1.23 76.98 ± 3.07 88.76 ± 2.05 87.31 ± 1.63 50.79 ± 3.20 89.81 ±2.21

4.3 Results

The results of the three experiments are shown in the Tables 2-5. The fields with
∗ indicate that it was not possible to classify the data with such algorithm, due
to the lack of enough computer resources given the Weka algorithm implemen-
tations. Regarding to the first experiment, one can observe (Table 2) that the
results were underperforming, reaching about 75% of classification accuracy for
the Brodatz dataset and less than 70% for the KTH-TIPS.

The second experiment, using the feature selection (FS) algorithm, presents
better results (see Table 3), due to the identification and removal of noise gen-
erated by irrelevant and redundant features. MP classifier achieves an accuracy
above 87% for Brodatz, and RF classifier achieves above 70% for KTH-TIPS.

Tables 4-5 shows the results from the third experiment, using 100 and 50
clusters, respectively. In general, we obtained gains with the use of the clustering.
The highest gains are highlighted in bold in Tables 4 and 5. With 100 clusters
(Table 4), NB classifier reached 86.41% of accuracy without feature selection
algorithm, obtaining a gain of 13.22% in relation to the results presented without
the clustering (see NB classifier with 73.19% of accuracy in Table 2). With 50
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clusters (Table 5), J48 classifier achieved 89.01% of accuracy without feature
selection algorithm, obtaining a gain of 24.01% compared to the results presented
without the clustering (see J48 classifier with 65.00% of accuracy in Table 2).

5 Conclusion

In this paper, we presented a new methodology to describe images through com-
plex networks measurements. In addition, the motifs, a special type of measure,
were applied resulting in higher accuracies. It is important to highlight that, to
the best of our knowledge, motifs were never explored in complex networks repre-
senting images. The experiments performed show that the proposed methodology
reached up to 89.81% of accuracy for the classification of public domain image
texture datasets, increasing it in a great extent. These results testify the notable
applicability of our methodology to the characterization of images.
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