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ABSTRACT

Fuzzy median graph is an important new concept that can represent a set of fuzzy graphs by a represen-
tative fuzzy graph prototype. However, the computation of a fuzzy median graph remains a computation-
ally expensive task. In this paper, we propose a new approximate algorithm for the computation of the
Fuzzy Generalized Median Graph (FGMG) based on Fuzzy Attributed Relational Graph (FARG) embedding
in a suitable vector space in order to capture the maximum information in graphs and to improve the
accuracy and speed of document image retrieval processing. In this study, we focus on the application
of FGMGs to the Content-based Document Retrieval (CBDR) problem. Experiments on real and synthetic
databases containing a large number of FARGs with large sizes show that a CBDR using the FGMG as a
dataset representative yields better results than an exhaustive and sequential retrieval in terms of gains
in accuracy and time processing.

Similarity measure
Document image retrieval

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

During the recent years, the widespread use of digital devices
(smartphones, cameras, tablet computers, etc.) and the tremen-
dous growth in digitizing various collections of documents (in-
voices, books, historical documents, etc.) have resulted in the cre-
ation of large databases of document images. Browsing and retriev-
ing from such large-scale document images is more than ever a
challenging problem in data mining research. There is still a grow-
ing need for efficient and fast methods for searching information in
these huge databases. Traditional approaches for Document Image
Retrieval (DIR) are text-based [1-3]. However, fully text-based ap-
proaches are not practical enough for DIR applications due to many
limitations such as time consumption, subjectivity of the annotator,
ambiguity (same words but not in the same place in a document
image), etc. Therefore, Content-based Document Retrieval (CBDR)
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approaches have been proposed to overcome the shortcomings of
the text-based retrieval [4-10]. Most document image content rep-
resentation methods are based on the vector space model of in-
formation. One of the most important advantages of this represen-
tation model is the computation time and memory consumption.
However, this popular method of document representation does
not capture important structural information, such as the location
of an object within the document image or the spatial relation-
ships between document image regions. Also, vector based repre-
sentations suffer from the constraint of fixed dimensionality of fea-
ture vectors [11]. Therefore, structural signature represents some
interesting alternatives to construct faith documents representa-
tion, through the use of document image regions and their topo-
logical relationships. Indeed, graph-based document image repre-
sentation model can preserve document image structural and spa-
tial information and furthermore it doesn’t require a predefined
size of the representation. It provides a rich and holistic descrip-
tion of the layout and content of the analyzed document images. It
was shown to outperform the traditional vector representation for
several applications in many fields [11,12]. However, graph-based
representations are usually computationally more expensive than
vector-based representations as they require exponential time and
space due to the NP completeness of the problem. For further read-
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ing on graph-based representations and applications we refer the
interested reader to [11,12].

Due to many particularities of document images (for example:
noise and degradation, overlapping layouts, presence of handwrit-
ing, etc.), eventual segmentation errors may occur after the seg-
mentation of document regions. Segmentation results are highly
dependent on the performance of the segmentation algorithm
which might be unstable over various document images. There-
fore, the use of fuzzy graph-based description (instead of a clas-
sic graph-based representation which is a rigid description) could
be helpful to add flexibility against these errors. Moreover, a doc-
ument image content may generally be submitted to variations
that introduce some vagueness or uncertainty in the way to de-
scribe the information. Therefore, representing the content by
fuzzy graphs allows to capture the maximum information from
a document image with a certain error-tolerance. Structural and
visual features should be represented by fuzzy concepts, such as
“Near” and “Far”, “Big” and “Small”, etc. These concepts are de-
scribed with the use of the fuzzy set theory. A crisp description
can be represented as a special case of a fuzzy description. For
further reading on fuzzy graphs and its applications we refer the
interested reader to [13-15].

Generally, the CBDR process is composed of three main phases:
extracting features, structuring feature space and retrieving. The
first two phases are usually performed off-line. In this paper, we
assume that all document images are represented by Fuzzy At-
tributed Relational Graphs (FARGs). We will focus on the second
phase which aims at organizing the input fuzzy graphs into an ef-
ficient data structure in order to improve and accelerate retrieval
results. The proposed approach avoids the sequential search in a
FARG database by direct access to a reduced set containing the
FARGs most similar to a query FARG. Therefore, we used the con-
cept of median graph for the structuring phase of a CBDR sys-
tem. Median graph aims at representing an input set of graphs
with no constraint on the set size. It is frequently used to indi-
cate the graph that best captures the information presented in all
input graphs. In other words, the median graph of a given set of
graphs is the graph that minimizes the sum of distances to all
other graphs in this set. Median graphs have wide-spread appli-
cations in diverse fields such as pattern recognition, classification,
image analysis, etc. [16-19]. In recent years, more and more re-
search efforts have been devoted to median graph problem. A brief
review of some strategies for median graph construction will be
outlined in the related work section.

In this study, we propose a new algorithm for the computation
of the Fuzzy Generalized Median Graph (FGMG) in order to im-
prove the speed and accuracy of retrieval processing. The first con-
tribution of this paper consists in representing query and database
document images by FARGs. One motivation for the FARG repre-
sentation is to keep advantages from both the graph and the vector
domains (power of representation of graphs and easiness manipu-
lation of the vector representations). Besides, FARGs allow to rep-
resent document images with a fuzzy approach which is similar
to human perception [9,10,13]. FARGs provide both syntactic and
semantic information. Syntactic information is held by the layout
of the graph (nodes and edges), while semantic information is ex-
pressed by attributes associated to nodes and edges in the graph.
Describing images by exploiting these two informations will re-
duce the semantic gap between low-level features and high-level
concepts and therefore improve the retrieval results. Also, the FARG
representation is very useful for reducing the effect of possible seg-
mentation errors which may be occurred after the segmentation
phase [13]. The second contribution of this paper is a new algo-
rithm for the computation of the FGMG based on FARG embedding
into a vector space. In the context of dealing with a large mass of
document image datasets, it is not trivial to perform an exhaus-

tive and sequential comparison of the query with all document
images in the database due to the high computational complex-
ity requirements. Thus, we have developed a new FGMG compu-
tation algorithm in order to contribute to the structuration of the
FARG space. The third contribution of this paper is a new FARG
embedding method in order to reduce the computation time of
the FGMG. FGMG computation is based on computing the distance
between every pair of FARGs. Since all the possible combinations
of FARGs need to be explored, the computation of the FGMG will
be therefore exponential in the number and size of input FARGs.
Embedding FARGs into a vector space solves this problem since
FARGs are represented by feature vectors [14,20,21,22]. Thanks to
this new method, we are able to keep power of representation of
FARGs while manipulating the vector representation of the FARGs.

The remaining of this paper is organized as follows. The
next section gives some preliminaries for the new FGMG algo-
rithm and a detailed presentation of the concept of the median
graph. Section 3 presents a literature review of related work.
Section 4 describes the FGMG computation algorithm in detail.
Section 5 introduces an example of application of FGMGs to the
CBDR problem. Experimental results are evaluated and discussed
in Section 6. Finally, concluding remarks and future work are given
in the last section of this paper.

2. Fuzzy median graph theory

In this section, we present some preliminaries for the new
FGMG algorithm, including the definition of the Fuzzy Attributed
Relational Graph (FARG) and those of a Fuzzy Set Median Graph
(FSMG) and of a Fuzzy Generalized Median Graph (FGMG).

2.1. Fuzzy attributed relational graph

A FARG is a graph whose nodes (also called vertices) and edges
(also called arcs) are both represented with fuzzy attributes. Given
a finite fuzzy attribute set A, a FARG G can be defined as a quadru-
ple (N, E, u, v) where N is a non-empty finite set of nodes, E C
N x N is the set of edges, u: N— A is a function that associates a
fuzzy attribute value in A to each node, and v: E —A is a function
that associates a fuzzy attribute value in A to each edge. In this
paper, FARG nodes represent document image regions and FARG
edges represent spatial relationships between the regions.

2.2. Fuzzy median graph

Given a set of graphs, the median graph is frequently used to
indicate the graph that best represents the set. In other words, the
median graph is the graph that best captures the information pre-
sented in all graphs. Intuitively, the median graph is located in the
center of the given graph set. Basically, two different definitions for
median graphs have been presented: the set median graph and the
generalized median graph. One difference between them is in the
search space of graphs where the median is looked for. The gen-
eralized median graph is usually constructed from a larger set of
graphs.

2.2.1. Fuzzy set median graph

Let U be the set of FARGs that can be constructed using a given
set of attributes A. Given a set S={G;,G,,..., G;} € U, the Fuzzy
Set Median Graph (FSMG) of S is defined as the FARG G e U that
minimizes the Sum Of Distances (SOD) to all FARGs in S.

Is|
G =argmin ) d(G, G;) = argmin SOD(G) 1)
GeS i—1 GeS

where d(G, G;) denotes a distance or a dissimilarity measure be-
tween a candidate median FARG G and a FARG G; €S.
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2.2.2. Fuzzy generalized median graph

The FSMG is only computed from the set S € U of FARGs in
question. Another alternative to represent all FARGs in U is to com-
pute the FGMG. It is defined as follows:

i 51

G = argmin ) " d(G, G;) = argmin SOD(G) (2)
GeU i1 GeU

The FGMG is computed from a larger set of potential fuzzy me-
dian graphs. Therefore, it is usually a better representative of a set
of FARGs than the FSMG [23-27] and gives a more accurate de-
scription of the FARG set. However, the computational complexity
of finding the FGMG is significantly higher than that of the FSMG
because the search space is extended to the whole set U.

2.3. Distance between two FARGs

As shown in Egs. (1) and (2), a distance measure d(G,G;) be-
tween a candidate median FARG G and each FARG G; € S must
be computed. The concept of FARG similarity is of great impor-
tance in the computation of FSMG and FGMG. Different distance
measures may be used to calculate the SOD for the fuzzy median
graph. In this study, we improved the tree-based graph matching
distance that we proposed in [13] to measure the similarity be-
tween two FARGs. Basically, the tree-based graph matching dis-
tance d(G;,G,) between two FARGs G; and G, takes into account
the total node and edge distances between G; and G, and their as-
sociated weights. The total node and edge distances are computed
using Eqs. (3) and (4), respectively.

N

TND = Y " dy, (qn. Sn) (3)
i=1
w

TED = ) de,(qe. Se) (4)

i=1

where dni (qn, sn) and dei(qe,se) are the distance between a pair
of nodes and the distance between a pair of edges, respectively. N
and W are the number of matched node pairs and the number of
matched edge pairs, respectively.

The total matching distance d(G;,G,) between G; and G, is de-
fined as follows:

d(Gy.Gy) =wg, x TND + wg, x TED (5)

where wg, and wg,are properly selected weights of G; and G,. De-
pending on the values of wg, and wg, different matching strategies
can be applied:

* Wg, > Wg,: Matching is done by focusing on regions content
more than their position in the document image.

* Wg, < Wg,: Matching is done by focusing on structural similar-
ities rather than on visual similarities.

* Wg, = Wg,: Visual and structural similarities are taken into con-
sideration for matching with the same importance degree.

3. Related work

Recently, the median graph approaches have gained great atten-
tion of many researchers in document image retrieval field. For in-
stance, Hlaoui and Wang [16] proposed an approximate algorithm
for computing the generalized median graph from a set of graphs.
The proposed algorithm allows the extension of standard algo-
rithms such as k-means to graph clustering in order to bridge the
gap between statistical and structural representations. The experi-
mental evaluation on a synthetic image database shows the effec-
tive use of the proposed algorithm in correctly classifying graphs

into sets of clusters. However, the proposed algorithm still suffers
from the large complexity of its preparation step which includes
the determination of the size of the median graph and the reduc-
tion of the set of possible nodes used in the search step. In ad-
dition, all experiments were done with synthetic data and graphs
of a relatively small size (5-10 nodes per graph) and with a low
number of labels. Jouili and Tabbone [17] introduced a prototype-
based clustering algorithm to cluster a set of graphs. The pro-
posed algorithm detects automatically the number of classes in
the graph database using the concept of the median graph and a
given threshold. Besides, the proposed algorithm allows the multi-
assignment of one graph, i.e. one graph can be assigned to more
than one cluster. In subsequent work, Jouili et al. [18] proposed a
graph clustering algorithm by adapting the mean-shift algorithm
into the domain of graphs. They used the notion of a set median
and a generalized median graph to implement the shifting opera-
tion instead of the mean in the classical mean-shift clustering. The
proposed algorithm is experimentally evaluated on three datasets
using two validation indices and a comparison with the k-means
algorithm is provided. It is a deterministic and non-parametric al-
gorithm that does not require a-priori knowledge of the number
of clusters. However, it largely depends on the bandwidth selection
during clustering. Ferrer et al. [28] proposed an exact algorithm us-
ing a distance based on the maximum common subgraph for the
exact median graph computation. They have applied the proposed
exact algorithm to a set of real data using a database of graphs rep-
resenting molecules. The obtained results show that the proposed
algorithm outperforms the previous existing exact algorithms us-
ing synthetic data. Nevertheless, the exact computation of the me-
dian graph has an exponential complexity. In addition, the appli-
cation of the exact algorithm to real databases is still limited. To
overcome these drawbacks, the authors [23,24,25,29] proposed it-
erative algorithms for approximate median graph computation. For
instance, they used spectral-based approaches [19,30,31] and ge-
netic algorithms [29] to solve the problem. Although the spectral-
based approaches allow to synthesize an approximation of the me-
dian graph with linear complexity with respect to the number of
graphs, these approaches suffer from two main limitations. The
first limitation is that the number of nodes of the graphs must
be equal. The second limitation of these approaches is that they
can only be used with weighted graphs. The authors also ap-
plied heuristic functions in order to reduce the complexity of the
graph distance computation and the size of the search space. In
[25,32,33], they used graph embedding methods in order to keep
the representational power of graphs while being able to operate
with vector space representations. Further, a comparative study be-
tween the set median and the generalized median approaches is
made. Using two standard clustering performance measures (the
Rand index and the Dunn index), the experimental results show
that the generalized median graph approach yields better perfor-
mance than the set median graph approach. The proposed algo-
rithms provide some remarkable improvements over other exact
algorithms for the median graph computation. However, all these
algorithms can only be applied to restricted sets of graphs, regard-
ing either the type or the size of the graphs. In a graph classi-
fication context, some recent studies have been dedicated to the
computing of graph prototypes. As an example, Raveaux et al.
[26] proposed an approach for graph prototypes extraction using
a graph based genetic algorithm. The experiments have been car-
ried out using three real databases and one synthetic database. Ex-
perimental results show that the generalized median graphs out-
perform the set median graphs. In 2015, Musmanno and Ribeiro
[27] proposed two heuristics for solving the generalized median
graph problem: a greedy adaptive algorithm and a Greedy Ran-
domized Adaptive Search Procedure (GRASP) heuristic. They used
the graph edit distance to measure the similarity between two
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Fig. 1. The three main steps of the proposed FGMG computation algorithm.

graphs. Experimental results demonstrate that the generalized me-
dian graph gives better results than those provided by the median
graph.

As a conclusion, the generalized median graph usually yields
better performance than the set median graph and it can be used
in a large number of applications such as classification, retrieval
and pattern recognition. While the generalized median graph has
a large number of advantages, its main disadvantage is that its
computation is exponential both in the number of input graphs
and their size. A number of exact algorithms for the median graph
computation have been reported in the past [28]. The major draw-
back of such algorithms is their computational complexity which is
exponential in the number of nodes of the involved graphs. Conse-
quently, exact algorithms cannot deal with large graphs. Therefore,
their application has been restricted to small problems involving
sets of graphs with no more than 25 vertices altogether. As the
computational cost of these exact algorithms is very high, a set
of approximate algorithms have also been proposed in the past
based on different approaches such as spectral-based approaches
[19,30,31], genetic algorithms [26,29] and greedy-based algorithms
[27]. Such approximate algorithms apply some heuristics in or-
der to reduce the complexity of the graph distance computation
and the size of the search space. However, all these algorithms
are very limited in their application. They can only be applied to
restricted sets of graphs concerning either the number, the size
or the type of the graphs. None of them have been applied us-
ing fuzzy graphs. In this paper, we propose a new approximate
algorithm for the computation of the FGMG. The proposed algo-
rithm provides some remarkable improvements over previous al-
gorithms for the median graph computation. First, it deals with
FARGs in order to model the vagueness and/or uncertainty asso-
ciated with the attributes of document image regions and their re-
lationships. This solves the problem of “all-or-nothing” representa-
tion that leads to unsatisfactory results in several situations. Fur-
ther, as we will show later in the experiments, this new algorithm
is applicable to a large number of FARGs which have no constraints
regarding the number of nodes and edges. Furthermore, it is based
on a new FARG embedding method in order to get the main ad-
vantages of both the vector and graph representations. Finally, we
will show that this new algorithm is able to obtain a good ap-
proximation for the FGMG by testing its applicability to the CBDR
problem.

4. Fuzzy generalized median graphs computation

In this section, we present a detailed description of the pro-
posed FGMG computation algorithm. First, we briefly introduce the
overview of the three main steps of the proposed algorithm. Then,
we describe each of these steps in detail.

4.1. General schema

Fig. 1 shows the three main steps of the proposed FGMG com-
putation algorithm. Let be S={G;, G5, ..., Gn} a set of m FARGs.
First, all FARGs in S are embedded into an n-dimensional vector
space. Each FARG is mapped to a set of points in R". Then, the
vectors obtained in the first step are clustered into K clusters us-
ing a clustering method such as K-Means, Fuzzy C-Means (FCM),
etc. After this, the weight of each cluster is computed and becomes
a new attribute of node in FGMG. Finally, the obtained clusters are
represented as the nodes and edges of the obtained FGMG.

4.2. Fuzzy generalized median graph algorithm

Fuzzy Generalized Median Graph Algorithm:
Inputs: Datasets containing a large number of FARGs
Outputs: FGMG for each dataset
Step 1: Embedding of FARGs in a vector space
Each FARG is represented by a set of vectors (one vector per node).
Step 2: Clustering of the FARG vectors
o Clustering the FARG vectors using a clustering algorithm such as FCM,
K-Means, etc.
e Computing the weight of each cluster.
Step 3: Converting to FGMG
e Each cluster becomes a node of the FGMG.
e Add each obtained weight of each cluster as an attribute of node in
FGMG.

The three main steps are further explained in detail in the fol-
lowing subsections.

4.2.1. FARG embedding in a vector space

The first step consists of embedding all FARGs in S into a suit-
able vector space. The vectorial representation of the correspond-
ing FARGs aims at combining advantages from both the FARG and
the vector representations. Each FARG G; (i € {1, 2, ..., m}) is en-
coded by equal size vectors (one vector per node). We denote by
FVj; a vector representation which corresponds to a node j in FARG
Gi. A matrix M; containing all the vectors FVj associated to all
nodes in the FARG G; is then constructed. The obtained vectors can
be graphically represented by points in a suitable vector space. Fi-
nally, all FARGs in S are mapped to appropriate points in the vec-
tor space. More formally, for a given FARG G=(N, E, u, v), FARG
embedding can be defined as a function ®, which maps the FARG
G; from graph space GS to a matrix M; into n-dimensional vector
space R™. It is given as:

b :GS— R"
FVj
FVi

Gi—> @G =M= | . (6)
Fvy,

where J; is the number of nodes in G;.

A block diagram of FARG embedding is presented in Fig. 2. As
input, it accepts a collection of m FARGs {G;, Gy, ..., Ge, ..., Gm}
where the et" FARG is denoted by Ge = (Ne, Ee, fle, Ue). As out-
put, it produces a set of m matrices, given by {M;, M, ..., M, ...,
Mp}. Each matrix contains J; (i € {1, 2, ..., m}) equal size feature
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Fig. 2. Overview of FARG embedding in vector space.

vectors{FVy;, FVj, ..., FVy;}. The et input FARG G, is embedded into
a matrix M, containing J. feature vectors:

Ge — (D(Ge) = Me = . (7)
FVy,

Each vector representation FVj; is composed of two main parts:

fuzzy intrinsic features of node j in FARG G; and fuzzy relationship

information between this node and other nodes in G;. Each FVj;

can be graphically represented by a point in n-dimensional vector
space R". It is given as:

FVj; = (fFVija) frv, @ fFV;-(n) ) (8)

where n is the total number of features in FVj;.
Therefore, each matrix M; (i € {1, 2, ..., m}) can be expressed in
terms of features as follows:

1 2
FVy frv ™ fr, @ Srv, @
1 2
FVp fe, ™ fr,® Srv, ™
Mi=| . |= . . ) 9)
.‘ . : '2 .
FVy, fFVr/,-( ) fFVui( ) fFVi], (n)

Fig. 3 depicts an example of embedding three FARGs G;, G, and
Gs into an n-dimensional vector space R". M;, M, and M3 are three
matrix containing all the feature vectors associated to G;, G, and
G3, respectively.

4.2.2. Embedded fuzzy graphs clustering

Once all FARGs G; have been embedded into a vector space, the
corresponding FARG points can then be used as inputs to a clus-
tering algorithm to cluster these points into K partitions (clusters).
First, the optimal K for a given set of FARGs is calculated. Then, a
FCM algorithm is used for clustering. Finally, a weight measure is
associated to each cluster.

Automatic computation of the optimal K:

Given a set S= {G;, G, ..., Gm} of m FARGs. The number of
nodes in a FARG G; is calculated as follows:

NN; = Card ({FV;}) (10)

Let Ks be the optimal K for the set S and Syy ={NN;, NN, ...,
NNp,} be the set of the numbers of nodes associated with S. Kg can
be automatically calculated from the set of underlying FARGs by
using one of the following possible measures:

e Mean:

Ks is the mean value of the numbers of nodes associated with S.
For the former, the obtained value of Ks is rounded to the nearest
integer value.

l m
Ks = > NN (11)

i=1

e Maximum:

Ks is equal to the maximum number of nodes that can be found
in a FARG G;.

Ks =arg max {NN;}; ie {1, 2,..., m} (12)
NN;eSyn
e Minimum:

Ks is equal to the minimum number of nodes that can be found
in a FARG G;.

Ks =arg min {NN;}; ie {1, 2,..., m} (13)
NN;eSyn
» Median:

Ks is equal to the median number of nodes that can be found
in a FARG G;.

Ks = arg med {NN;}; ie {1, 2,..., m} (14)
NN;eSyy

Clustering:

We used the FCM algorithm to group the points obtained in
the first step into Kg subsets. The FCM algorithm is well explored
in the literature and has been proved to have good clustering per-
formance on a wide range of datasets that are uncertain, over-
lapped and hard to cluster [34,35]. The FCM algorithm introduces
the fuzziness for the membership of each data point to all clus-
ters with different membership grades between 0 and 1. The sum
of the membership grades for each data point must be equal to 1.
The FCM algorithm is composed of the following steps [34,35]:

FCM algorithm:
Step 1: Initialize the membership matrix U=[u], UY
Step 2: At k-step: calculate the centers vectors (¥ = [¢;] with UK

N m
N opm sxs
¢ = Zimt” XK a (15)
Dlint Uij
Step 3: Update UK, yk+1)
1
Ujj = F (16)

T C Xi—Cj \ mT
Zk:1 (X:*fi ) m

Step 4: If ||[U%+D - U®)|| < & then STOP; otherwise return to step 2.

where m is any real number greater than 1, u; is the degree of membership of
x; in the cluster j, x; is the ith of d-dimensional measured data and ¢; is the
d-dimension center of the cluster.

Computing the weight of each cluster:
Let Sc be the obtained set of clusters. For each obtained cluster
G (ie{1,2,..,Ks}), the weight associated to C; is calculated using
the following formula:
NN
Wo = o (17)
i=1 NN,
where NN, is the number of points associated to the cluster C;.
An example of clustering of FARG vectors is presented in Fig. 4.

4.2.3. Converting to FGMG

After clustering the FARG vectors, the final step is to represent
each obtained cluster C; (i € {1, 2, ..., Ks}) in the previous step as
a node of the FGMG. Since each feature vector FVj; is composed of
two main parts: fuzzy intrinsic features and fuzzy spatial informa-
tion associated to a node j in FARG G;, each obtained cluster C; is
composed of fuzzy intrinsic features and fuzzy spatial information
associated to a node i in the FGMG. The obtained FGMG is a com-
plete graph. The spatial relationship between each pair of nodes in



R. Chaieb et al./Pattern Recognition 72 (2017) 266-284

®

Graph Domain

Set of FARGsS

271

Vector Domain

n-dimensional vector space

Embedding of FARGs
in vector space

\,

[FV“(Z)

iy @
FVyq FViy
= (FVu> =| frn,”
Fvy
13 fi Vm(l)

fFV,z(z)
fFVm(Z)

) IFV,(Z)

fFsz(Z)
fFsz(Z)

) fFV:“(Z)

fFV;z(z)
fFVg;(Z)

Fig. 3. A detailed example of the first step (FARG embedding in a vector space).
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Fig. 4. A detailed example of the second step (Clustering of FARG vectors).

the obtained FGMG is determined using the obtained spatial infor-
mations in each cluster C;. The obtained FGMG is considered as an
approximation of the fuzzy median graph of the set S. Finally, each
obtained weight W, is added as an attribute of node in FGMG as
shown in Fig. 5.

5. Application of fuzzy generalized median graphs to content
based document retrieval

FGMGs can be used in many document analysis fields such
as CBDR, document image classification, pattern recognition, com-
puter vision, etc. In this paper, we focus only on the application of
FGMGs to CBDR. First, we start by presenting the overall schema of
the proposed CBDR approach using FGMGs. Then, we will present
a comparison between using or not FGMGs for CBDR. Finally, we
will define two evaluation measures in order to compare the per-
formance of a CBDR using the proposed FGMG algorithm with a

classical CBDR using one-to-one matching in terms of performance
gain and time-processing gain.

Fig. 6 shows an overview of all the steps of the proposed
CBDR approach using FGMGs. The proposed approach is composed
of two main phases: offline indexing phase and online retrieval
phase. The first phase starts with segmenting each document im-
age into a number of regions. After this, each document image is
represented by a FARG whose nodes represent the segmented re-
gions and edges represent the spatial relations between these re-
gions. A detailed description of node and edge attributes will be
presented in the experimental section. Then, the obtained FARGs
are indexed into a FARG database. Finally, a FGMG is computed
for each document image dataset and a FGMG database contain-
ing all the obtained FGMGs is constructed. In the online retrieval
phase, three types of query specification are used. These types al-
low the user firstly to specify a query by selecting a number of
regions of interest (ROIs) in a document image, choosing an ex-
ample document image or drawing a sketch of a document image
with a graphic editing tool. Then, a FARG representing the user’s
query FARGY is generated and compared to each FGMG FGMG; (i
€ {1, 2, ..., N}) in the FGMG database. After this, the FARGs asso-
ciated to FGMGs that have the smallest distance d(FARGY, FGMG;)
to FARGY are selected and compared to FARGY. Finally, the most
similar FARGs belonging to the selected FARGs are retrieved and
displayed to the user. An example of a CBDR using FGMGs is illus-
trated in Fig. 7.

In order to compare the performance of a CBDR using the pro-
posed FGMG algorithm with a classical CBDR using one-to-one
matching, we defined two evaluation measures: Accuracy Gain
(AG) and Time-processing Gain (TG). These two measures are ex-
pressed as percentages as follows:

Arcmc
AG = [1 _ (Aoro)ﬂ x 100 (18)
_ [+ (Tromc o
6= [1 (Toro)>] 100 (19)

where Argyc and Trgyc are the accuracy and the time-processing
of a CBDR using the proposed FGMG algorithm, respectively. Simi-
larly, Agro and Tprg are the accuracy and the time-processing of a
CBDR using one-to-one matching, respectively.

6. Experimental results and analysis

This section is devoted to the experimental evaluation of the
proposed FGMG algorithm. We present in this section three ex-
periments using two synthetic databases and one real database of
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Fig. 5. A detailed example of the third step (Converting to FGMG).
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Fig. 6. Block diagram of the proposed CBDR approach using FGMGs.

FARGs representing synthetic and real document images, respec-
tively. Our experiments are organized in a three step methodology.
First, a simple example of the FGMG computation is presented in
details in order to clarify the proposed algorithm. Second, we have
investigated the influence of the number of nodes in a FARG and
the number of FARGs in a dataset values on the runtime process-
ing of the FGMG computation. Finally, an evaluation of the CBDR
performance that can be reached with or without using FGMG as
prototype is carried out. The two retrieval scenarios have been ex-
perimentally compared according to several criteria on both syn-
thetic and real databases.

6.1. Databases

The experiments described in this section have been carried out
on two synthetic databases and one real database which are de-
tailed as follows:

FARG Database
Set of FARGs S¥ FGMG Database
870 17. . FGMG of S
\ [ g
== l/ Lz
if NG
Set of FARGs S y '%440 Query FARG
FGMG of S \ 2 FARGY
8; S+t d(FARG® FGMG))
yo 17. PR B 37
H N
. M (((,Vl\(M
: FGMG of S™ 9
PP
Set of FARGs S/ ‘~[-’—‘ &
//
(@ (b) (©

Fig. 7. An example of a CBDR using FGMGs.

6.1.1. Databases description

6.1.1.1. Synthetic database (Base A). This database is composed of
three datasets of document images. Each dataset contains a large
number of FARGs that represent real-world document images
(dataset 1: journals, dataset 2: book pages and dataset 3: invoices).
Each dataset template corresponds to a real-world template of a
document image. Each dataset template is composed of a num-
ber of two types of regions: constant region and variable region.
A constant region must contain at most one subregion belonging
to one of two types: “Text” or “Non-Text”, whereas a variable re-
gion may contain at most one subregion belonging to one of two
types: “Text” or “Non-Text”. Figs. 8-10 illustrate the templates of
the three datasets, respectively.

e Dataset 1: Journals

As shown in Fig. 8, each document image is composed of eight
regions: four “Non-Text” regions in the left and four “Text” regions
in the right.

e Dataset 2: Book pages

As shown in Fig. 9, each document image is composed of five
regions: one “Non-Text” region in the left, three “Text” regions in
the middle and one “Non-Text” region in the right.

e Dataset 3: Invoices

As shown in Fig. 10, each document image is composed of five
regions: two “Non-Text” regions and one “Text” region in the up,
one “Text” region in the middle and one “Text” region in the bot-
tom.
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Fig. 8. An example of a document image belonging to dataset 1.
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Fig. 9. An example of a document image belonging to dataset 2.
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Fig. 11. An example of a document image belonging to a dataset of Base B.

6.1.1.2. Synthetic database (Base B). This second database is com-
posed of a number of datasets of document images. This number
can be specified by the user before generating the database. Each
dataset contains a large number of FARGs that do not necessarily
correspond to real-world templates of document images. A dataset
template is randomly generated for each dataset of document im-
ages. Each dataset template is composed of a randomly generated
number of two types of regions: constant region and variable re-
gion. A constant region must contain at most one subregion be-
longing to one of two types: “Text” or “Non-Text”, whereas a vari-
able region may contain at most one subregion belonging to one
of two types: “Text” or “Non-Text”. Fig. 11 illustrates an example
of a template of a document image dataset. In this example, each
document image belonging to a dataset of Base B is composed of
seven regions: four “Text” regions and three “Non-Text” regions.

6.1.1.3. Real database (Base C). This third database is domain spe-
cific. It is derived from the Tobacco-800 dataset [36,37]. Tobacco-
800 is a public subset of the Illinois Institute of Technology Com-
plex Document Information Processing (IIT-CDIP) Test Collection
[36,37]. It is a realistic and complex dataset for document anal-
ysis and retrieval. It consists of 1290 real-world documents. The
image resolutions range from 150 to 300 DPIs. We tested our ap-
proach using a total of 15 document images across 3 classes from
the Tobacco-800 dataset. Each class contains 5 document images
with similar structures and contents. Similarly to the two previous
databases, each document image in Base C contains a number of
constant and variable regions. Three examples from the three dif-
ferent classes are shown in Figs. 12-14.

e Dataset 1

As shown in Fig. 12, each document image is composed of
seven regions: four “Text” regions and three “Non-Text” regions.

e Dataset 2

As shown in Fig. 13, each document image is composed of six
regions: four “Text” regions and two “Non-Text” regions.

e Dataset 3

As shown in Fig. 14, each document image is composed of
eleven regions: five “Text” regions and six “Non-Text” regions.

It is important to note that all regions in the input document
images were manually cropped using a ground truthing editor:
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Fig. 12. An example of a document image belonging to dataset 1: (a) Input document image, (b) Selected regions, (c) Ground truth.
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Fig. 13. An example of a document image belonging to dataset 2: (a) Input document image, (b) Selected regions, (c) Ground truth.
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Groundtruthing Environment for Document Images (GEDI) [38]. Af-
ter selecting rectangular regions in each document image and as-
signing them to a number of pre-defined attributes, GEDI generates
an XML schema representing the nature and the location of each
region in a document image. Finally, each FARG representing a doc-
ument image is constructed using its correspondant XML schema.

6.1.2. FARG attributes
Let G be a FARG representing a document image in one of pre-
vious databases. Node and edge attributes are given as follows:

Constant Regions

Variable Regions

©

Fig. 14. An example of a document image belonging to dataset 3: (a) Input document image, (b) Selected regions, (c) Ground truth.

6.1.2.1. Node attributes. Node attributes represent intrinsic infor-
mations of a region. In this paper, two node attributes are used:
Type and Area. More formally, for each node n; in G, the set of node
attributes is given as o;:

a; = {op, ap) (20)

where «;; and o, represent the Type and Area attributes associ-
ated with the node n;, respectively.

As shown in Figs. 15 and 16, a trapezoidal fuzzy membership
function is defined for each node attribute. The sum of the values
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Fig. 15. Trapezoidal fuzzy membership function of Type attribute.
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Fig. 16. Trapezoidal fuzzy membership function of Area attribute.

of the membership functions corresponding to a node attribute is
equal to 1. Type attribute is represented as a vector fie;,:

Moy = [Ma” (1), Mayy (2)] (21)
2 .

3 pay O = (22)

j=1

where g, (D and pe, @ are the membership degrees associated
with aj1. fa, (P and pe, @ represent the percentage of the Type
attribute to be “Text” or “Non-Text”, respectively.

Similarly, Area attribute is represented as a vector py;,:

Moy, = [/"L(X,'z(])v Mo, (2)] (23)
2 .

> e = (24)
=

where g,V and pe, @ are the membership degrees associated
with otp. e, D and pe,® represent the percentage of the Area
attribute to be "Big" or "Small", respectively.
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Fig. 18. Trapezoidal fuzzy membership function of Direction attribute.

6.1.2.2. Edge attributes. Edge attributes represent the spatial posi-
tion informations of a region. In this paper, two edge attributes
are used: Distance and Direction. More formally, for each edge e; in
G, the set of edge attributes is given as f;:

Bi={Bn. Bn} (25)

where B;; and B, represent the Distance and Direction attributes
associated with the edge e;, respectively.

As shown in Figs. 17 and 18, trapezoidal and triangular fuzzy
membership functions are defined for Distance attribute and Di-
rection attribute, respectively. The sum of the values of the mem-
bership functions corresponding to an edge attribute is equal to 1.
Distance attribute is represented as a vector u B’

o, =g, P 1p, @] (26)
2 .

Z“ﬂn 0 = (27)
=

where g (1 and pg @ are the membership degrees associated
with Biy. wg (V) and wg @) represent the percentage of the Dis-
tance attribute to be “Far” or “Near”, respectively.
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Table 1
A brief summary of each of the three databases.
Database
Base A Base B Base C
Dataset 1 Dataset 2 Dataset 3 Specified number of Dataset 1 Dataset 2 Dataset 3
datasets
Synthetic |/ Real Synthetic Synthetic Synthetic Synthetic Real Real Real
Document images Journals Book pages Invoices Randomly generated Tobacco-800 Tobacco-800 Tobacco-800
dataset dataset dataset
No. of FARGs Specified Specified Specified Specified number for 5 5 5
number number number each dataset
No. of “Text” regions in each FARG 4 3 3 Randomly generated 4 4 5
No. of “Non-Text” regions in each FARG 4 2 2 Randomly generated 3 2 6
No. of constant regions in each FARG 6 3 4 Randomly generated 6 5 9
No. of variable regions in each FARG 2 2 1 Randomly generated 1 1 2
Similarly, Direction attribute is represented as a vector Bi" (3
1 N—G 14
_ 1) (2) (3) 4) g
Kp, = [Mﬁiz s Mg, g, g, ] (28)
4
2 3 4 2
4 0 2 5
3 g, = (29
j=1 FARGG, FARG G, FARG G,

where g D, g @, pg @ and pg @ are the membership
degrees associated with B. g, (.”, g, @), f‘ﬂizG) and g, @)
represent the percentage of the Direction attribute to be “Right”,
“Left”, “Top” or “Bottom”, respectively.

In order to synthesize the descriptions of all the databases, we
provide in Table 1 a brief summary of each of the three databases
we have presented.

2)

Hary (1) Hayy (2) I’Lalz(1) Hay, (2 /’Lﬂn ™ I’Lﬁn (z)
M = | Kay (]) Moy (2) ey, (1) oy, (2) gy, (1) gy, (2)
lu’azl( ) /"Lazl( ) H’Olzz( lu’azz( ) /"l’ﬂm( ) 'u’ﬂﬂ( )

6.2. Experimentations

For the experiments, the CBDR domain is used as the applica-
tion area by using two synthetic databases and one real database
of document images.

Hay M Moy 2) Mar, M Hay, @ Mﬁn m /“1’/311 @
1\/12 — /1“0121 E ) lu’l)m 22; Mazz ;l; /'I“Otzz g; Mﬂm 8; /'Lﬂn Z;

Has, Mas Mas, Haz, s, M,

Moy M Moy @ May, ™ Moy, @ MBy W Mgy @
—Experiment I: Al example of the FGMG computation

In this experiment, we present a simple example to illustrate
how the proposed FGMG algorithm works. As shown in Fig. 19,
suppose that we have three input FARGs G;, G, and Gs.

The three steps of the FGMG computation are explained in de-
tail as following:

Step 1: FARG Embedding in a Vector Space

Hay M Moy @) Mau(l) /’LOtlz( ) M“gy, M My, @
Wary, (1) Hay, 2) Mazz( ) Motzz( ) g, (1) Kp,, ()
M3 = | MHay M Mo, @ Mas, ™ Moz, @ Mﬁ?,] M I’Lﬁ31 @
Hay M Moy @ Hag M Hag, @ I’Lﬁ41 M I'Lﬂﬂ @
Was, 1 Has, ) Has, 1) as, 2) s (1) s 2)

Fig. 19. Three input FARGs G;, G, and Gs.

The first step consists of embedding all FARGs G;, G, and Gs
into a suitable vector space. Let FV; be the obtained feature vector
which corresponds to the node j in FARG G;. Three matrix My, M,
and Ms containing all the feature vectors FVj; of all nodes in Gy, G,
and Gs are constructed as follows:

FVi1
M; = [ FVyp (30)
FVi3
I8, 2; b, Z; I8, gi M8y Ei;
Mﬁzz(]) 2 @ gy, @ Mgy, @ (31)
Mﬂ}z Mﬂ32 Mﬂ32 /"l’/332
FVy
_ | Fva
M; = FVys (32)
FVaq
i b D 1
'uﬂzz o) /’Lﬂzz @) /’Lﬁzz 3 M,Bzz @ (33)
Mﬂsz(]) s, @ Hps, @ Hgs, @
Mﬂ42 M/B42 Mﬁ“z Mﬂ42
FV3;
FV3;
M3 = | FVs33 (34)
FV34
FV3s5
I8, 2; 8y g g, g; I8, Ez
Mﬂzz (1) MﬂZZ (2 Mﬂﬂ 3) Mﬁzz (4)
R (2; I8, E3) Mo (35)
Mﬂ‘lz (1) MIB‘Q (2) Mﬁ‘lz (3) Mﬂ‘lz (4)
s, Hgs, HBs, s,

Step 2: Embedded Fuzzy Graphs Clustering
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Fig. 20. Obtained clusters using FCM algorithm.
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Table 2

Obtained weight of each cluster.
Cluster  No. of associated nodes  No. of nodes  Weight
C; 3 12 We, = 3/12=0.25
C 3 12 We, = 3/12=0.25
C3 4 12 We, = 4/12=0.33
Cy 2 12 We, = 2/12=0.16

The second step consists of clustering the obtained feature vec-
tors (FVy, FVip, FVi3, FVo1, FVap, FVa3, FVay, FV3y, FV3p, FV33, FV3y
and FV3s) into K clusters using the FCM algorithm. In this example,
we used the Eq. (11) to calculate K. The obtained value of K is 4.
Let Sc = {C;, C5, C3, C4} be the obtained set of clusters. As shown
in Fig. 20, three feature vectors (FV;;, FVy; and FV3;) are associated
to Cy, three feature vectors (FV;,, FV,, and FV3,) are associated to
C,, four feature vectors (FVy3, FVoy, FV34 and FV3s) are associated to
Cs3 and two feature vectors (FV,3 and FV33) are associated to Cj.

As shown is Eq. (36), we denote by Mgy the matrix containing
all the obtained clusters in Sc.

G
C
Mrcmc = C; (36)
@
Man M /’Lan @ lu’fxlz( ) MO‘IZ @ /’Lﬂn (1) I’Lﬁn (z)
MFGMG — Mﬂm( ) Mau( ) I’Lazz( ) Mazz( ) I’Lﬁn( ) Mﬂn( )
o, (1) o, (2) Ma32(1) Harsy (2) gy, (1) g, (j)
I’L%u( ) Mohn( ) /’LOMZ( ) l’L%z( ) lU“ﬂ‘n( ) Mﬁm( )

Finally, we used the Eq. (17) to calculate the weight of each
cluster G; (i € {1, 2, 3, 4}). Table 2 summarizes the obtained
weights We, (i € {1, 2, 3, 4}).

Step 3: Converting to FGMG

In the final step, a FGMG composed of all clusters G (i € {1, 2,
3, 4}) obtained in the previous step is created as shown in Fig. 21.
Each obtained weight W, (i € {1, 2, 3, 4}) is then added as an
attribute of node in the FGMG.

Experiment 2: Computation time of a FGMG

This experiment was intended to quantitatively evaluate the
scalability of the proposed FGMG algorithm in terms of computa-
tion time with respect to the size of the input FARGs. To this end,
experiment 2 was performed on different sized datasets from the
three databases: Base A, Base B and Base C. A closer look is given to
the impact of dataset sizes on time complexity of the FGMG com-
putation. Therefore, the processing time is benchmarked though

Table 3
Runtime performance of the proposed FGMG algorithm on Base A comprising 3000
FARGs.

Dataset 1 Dataset 2 Dataset 3

No. of FARGs 1000 1000 1000
Maximum no. of nodes in each FARG 8 5 5
No. of constant nodes in each FARG 6 3 4
No. of variable nodes in each FARG 2 2 1
Maximum no. of nodes in all FARGs 8000 5000 5000
Minimum no. of nodes in all FARGs 6000 3000 4000
No. of nodes in all FARGs 6997 3999 4521
No. of variable nodes in all FARGs 997 999 521
No. of nodes in the FGMG 7 4 5
Computation time of generation (s) 2534 17.88 20.01
Computation time of the FGMG (s) 114 0.20 0.26

the number of nodes and the number of FARGs in each dataset.
Tables 3-9 present the basic characteristics of the three databases
used to compute the FGMG and the runtime processing values
obtained for different number of FARGs in Base A, Base B and

Base C.
* Base A:
e Base B:
e Base C:
Ky, 2; By, Z; sy g My, E:i
lu’ﬁzz ) I'Lﬁzz @ I’Lﬂzz 3) I’L,Bzz @ (37)
Mﬂ32( ) MﬁBZ (2> /'L/332 (3) Mﬂ32 (4)
Hps M B M My
Table 4

Runtime performance of the proposed FGMG algorithm on Base A comprising 9000
FARGs.

Dataset 1 Dataset 2 Dataset 3
No. of FARGs 3000 3000 3000
Maximum no. of nodes in each FARG 8 5 5
No. of constant nodes in each FARG 6 3 4
No. of variable nodes in each FARG 2 2 1
Maximum no. of nodes in all FARGs 24,000 15,000 15,000
Minimum no. of nodes in all FARGs 18,000 9000 12,000
No. of nodes in all FARGs 21,025 11,998 13,479
No. of variable nodes in all FARGs 3025 2998 1479
No. of nodes in the FGMG 7 4 4
Computation time of generation (s) 85.20 63.01 70.35
Computation time of the FGMG (s) 3.56 0.34 0.36
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Fig. 21. The obtained FGMG (the weight belonging to each cluster is given in parenthesis).

Table 5
Runtime performance of the proposed FGMG algorithm on Base A comprising
15,000 FARGs.

Dataset 1 Dataset 2 Dataset 3
No. of FARGs 5000 5000 5000
Maximum no. of nodes in each FARG 8 5 5
No. of constant nodes in each FARG 6 3 4
No. of variable nodes in each FARG 2 2 1
Maximum no. of nodes in all FARGs 40,000 25,000 25,000
Minimum no. of nodes in all FARGs 30,000 15,000 20,000
No. of nodes in all FARGs 34,981 20,033 22,495
No. of variable nodes in all FARGs 4981 5033 2495
No. of nodes in the FGMG 7 4 4
Computation time of generation (s) 373.32 273.74 316.43
Computation time of the FGMG (s) 13.14 137 1.51
Table 6

Runtime performance of the proposed FGMG algorithm on Base B comprising 1500
FARGs.

Dataset 1 Dataset 2 Dataset 3

No. of FARGs 500 500 500
Maximum no. of nodes in each FARG 100 100 100
Maximum no. of constant nodes in each FARG 91 91 91
Maximum no. of variable nodes in each FARG 9 9 9
Maximum no. of nodes in all FARGs 50,000 50,000 50,000
Maximum no. of constant nodes in all FARGs 45,500 45,500 45,500

Maximum no. of variable nodes in all FARGs 4500 4500 4500

No. of nodes in all FARGs 8473 12,662 17,397

No. of nodes in the FGMG 17 25 35

Computation time of generation (s) 20.44 36.11 57.62

Computation time of the FGMG (s) 3.15 6.76 14.44
Table 7

Runtime performance of the proposed FGMG algorithm on Base B comprising 3000
FARGs.

Dataset 1 Dataset 2 Dataset 3

No. of FARGs 1000 1000 1000
Maximum no. of nodes in each FARG 100 100 100
Maximum no. of constant nodes in each FARG 91 91 91
Maximum no. of variable nodes in each FARG 9 9 9
Maximum no. of nodes in all FARGs 100,000 100,000 100,000
Maximum no. of constant nodes in all FARGs 91,000 91,000 91,000
Maximum no. of variable nodes in all FARGs 9000 9000 9000
No. of nodes in all FARGs 26,496 37,174 48,032
No. of nodes in the FGMG 26 37 48
Computation time of generation (s) 83.59 130.66  198.01
Computation time of the FGMG (s) 16.92 33.46 55.13

Table 8
Runtime performance of the proposed FGMG algorithm on Base B comprising 9000
FARGs.

Dataset 1 Dataset 2 Dataset 3

No. of FARGs 3000 3000 3000
Maximum no. of nodes in each FARG 100 100 100
Maximum # of constant nodes in each FARG 91 91 91
Maximum no. of variable nodes in each FARG 9 9 9
Maximum no. of nodes in all FARGs 300,000 300,000 300,000
Maximum no. of constant nodes in all FARGs 273,000 273,000 273,000
Maximum no. of variable nodes in all FARGs 27,000 27,000 27,000
No. of nodes in all FARGs 191,691 149,088 45,929
No. of nodes in the FGMG 64 50 15
Computation time of generation (s) 1123 75797 139.71
Computation time of the FGMG (s) 342.03 20399 20.12

Table 9
Runtime performance of the proposed FGMG algorithm on Base C comprising 15
FARGs.

Dataset 1 Dataset 2 Dataset 3

No. of FARGs 5 5 5
Maximum no. of nodes in each FARG 7 6 1
No. of constant nodes in each FARG 6 5 9
No. of variable nodes in each FARG 1 1 2
Maximum no. of nodes in all FARGs 35 30 55
Minimum no. of nodes in all FARGs 30 25 45
No. of nodes in all FARGs 31 28 50
No. of variable nodes in all FARGs 1 3 5
No. of nodes in the FGMG 6 6 10
Computation time of generation (s) 4.05 3.81 5.69
Computation time of the FGMG (s) 0.01 0.01 0.02

Tables 3-9 present some interesting results of the FGMG com-
putation. For instance, we can observe that the number of nodes
of all the FARGs used to compute the FGMG in Base A and Base B
range from 3999 to 191,691, while the computation times of the
FGMG range from 0.20 to 342.03s. Such results indicate that the
FGMG algorithm is able to handle large datasets containing a big
number of large FARGs in reasonable computation times. The main
reason for this is the usefulness and applicability of FARG embed-
ding to the FGMG computation. It is important to notice that pre-
viously existing methods to compute the median graph could only
be applied to small datasets due to their high computational re-
quirements. For instance, the genetic approach [29] could only be
applied to a number of nodes between 400 and 1000 (from 100 to
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Table 10
Obtained gain in terms of performance and computation time (Dataset 1 of Base A comprising 1000 FARGs).
Query number Average
1 2 3 4 5
CBDR using sequential matching  No. of Relevant Retrieved Images 906 919 912 956 945 927.6
No. of Relevant Images 1000 1000 1000 1000 1000 1000
Accuracy (%) 90.60 9190 9120 9560 9450 92.76
Time processing (s) 16.94 1713 17.81 17.78 17.79 17.49
CBDR using FGMG No. of Relevant Retrieved Images 1000 1000 1000 1000 1000 1000
No. of Relevant Images 1000 1000 1000 1000 1000 1000
Accuracy (%) 100 100 100 100 100 100
Time processing (s) 6.15 6.02 5.86 6.23 6.17 6.08
Accuracy gain (%) 7.24
Gain in computation time (%) 65.20
Table 11
Obtained gain in terms of performance and computation time (Dataset 2 of Base A comprising 1000 FARGs).
Query Number Average
1 2 3 4 5
CBDR using sequential matching  No. of Relevant Retrieved Images 778 825 833 774 746 791.2
No. of Relevant Images 1000 1000 1000 1000 1000 1000
Accuracy (%) 7780 8250 8330 7740 7460  79.12
Time processing (s) 17.76 18.76 17.80 17.91 1694  17.84
CBDR using FGMG No. of Relevant Retrieved Images 1000 1000 1000 1000 1000 1000
No. of Relevant Images 1000 1000 1000 1000 1000 1000
Accuracy (%) 100 100 100 100 100 100
Time processing (s) 5.77 5.81 6.30 5.65 5.54 5.81
Accuracy gain (%) 20.88
Gain in computation time (%) 67.39

Table 12
Obtained gain in terms of performance and computation time (Dataset 3 of Base A comprising 1000 FARGs).
Query number Average
1 2 3 4 5
CBDR using sequential matching  No. of Relevant Retrieved Images 556 575 593 626 453 560.6
No. of Relevant Images 1000 1000 1000 1000 1000 1000
Accuracy (%) 5560 5750 5930 6260 4530 56.06
Time processing (s) 18.44 23.34 18.42 17.95 17.85 19.20
CBDR using FGMG No. of Relevant Retrieved Images 1000 1000 1000 1000 1000 1000
No. of Relevant Images 1000 1000 1000 1000 1000 1000
Accuracy (%) 100 100 100 100 100 100
Time processing (s) 10.79  6.30 5.90 5.91 6.01 6.98
Accuracy gain (%) 43.94
Gain in computation time (%) 63.63
300 nodes per graph), while the computation times of the median 100
graph range from 13 to 3000s.
Experiment 3: Merits of FGMGs in CBDR < 80
. - . o
The third experiment which has been performed presents an -
example of an application of the proposed FGMG algorithm to £
. . : . ® 60
the CBDR problem. This experiment aims at comparing the accu- (U)
; : . ! . - M Dataset 1
racy and time complexity of a CBDR with or without using FGMG S 10
as prototype. It is important to notice that each CBDR operation g B Dataset 2
(query generation and retrieving process) was run five times for 8
each dataset in Base A and Base B in order to better evaluate the < 20 Dataset 3
retrieval results of these two synthetic databases. Tables 10-18 give
examples of the retrieval results for each query and the average 0 -
values obtained from these queries. 1000 3000 5000
« Base A: # FARGs
The obtained retrieval results from Base A are reported in Fig. 22. Accuracy gain (Base A comprising 1000 to 5000 FARGs).
Tables 19-21 and illustrated in Figs. 22 and 23.
» Base B:  Base C:
The obtained retrieval results from Base B are reported in The obtained retrieval results from Base C are reported in

Tables 22-24 and illustrated in Figs. 24 and 25. Table 25 and illustrated in Fig. 26.
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Table 13

Obtained gain in terms of performance and computation time (Dataset 1 of Base A comprising 3000 FARGS).

Query number Average
1 2 3 4 5
CBDR using sequential matching  No. of Relevant Retrieved Images 2857 2826 2863 2850 2903 2859.8

No. of Relevant Images
Accuracy (%)
Time processing (s)
CBDR using FGMG
No. of Relevant Images
Accuracy (%)
Time processing (s)
Accuracy gain (%)
Gain in computation time (%)

3000 3000 3000 3000 3000 3000
95.23 94.20 95.43 95.00 96.77 95.33
120.99 12254  122.58 121.88 129.62  123.52

No. of Relevant Retrieved Images 3000 3000 3000 3000 3000 3000

3000 3000 3000 3000 3000 3000

100 100 100 100 100 100

41.56 4143 42.46 41.45 42.77 41.94
4.67
66.05

Table 14

Obtained gain in terms of performance and computation time (Dataset 2 of Base A comprising 3000 FARGs).

Query number Average

1 2 3 4 5

CBDR using sequential matching
No. of Relevant Images
Accuracy (%)
Time processing (s)
CBDR using FGMG
No. of Relevant Images
Accuracy (%)
Time processing (s)
Accuracy gain (%)
Gain in computation time (%)

No. of Relevant Retrieved Images 2607 2032 2477 2402 2347 2373

3000 3000 3000 3000 3000 3000
86.90 67.73 82.56 80.06 78.23 79.10
11824  119.61 119.53 119.64 23159  141.72

No. of Relevant Retrieved Images 3000 3000 3000 3000 3000 3000

3000 3000 3000 3000 3000 3000

100 100 100 100 100 100

3933 39.25 39.21 40.08 89.04 49.38
20.90
65.15

gabl::lei;efi gain in terms of performance and computation time (Dataset 3 of Base A comprising 3000 FARGs).
Query number Average
1 2 3 4 5
CBDR using sequential matching  No. of Relevant Retrieved Images 1652 1646 1601 1828 1874 1720.2

No. of Relevant Images
Accuracy (%)

3000 3000 3000 3000 3000 3000
55.06 54.86 53.36 60.93 62.46 57.34

Time processing (s) 276.98 27514 27316 27253 28234  276.03
CBDR using FGMG No. of Relevant Retrieved Images 1689 3000 3000 3000 3000 27378
No. of Relevant Images 3000 3000 3000 3000 3000 3000
Accuracy (%) 56.30 100 100 100 100 91.26
Time processing (s) 186.33  90.57 90.20 90.79 91.02 109.78
Accuracy gain (%) 3717
Gain in computation time (%) 60.23
Table 16
Obtained gain in terms of performance and computation time (Dataset 1 of Base A comprising 5000 FARGs).
Query number Average

1 2 3 4 5

CBDR using sequential matching
No. of Relevant Images
Accuracy (%)
Time processing (s)
CBDR using FGMG
No. of Relevant Images
Accuracy (%)
Time processing (s)
Accuracy gain (%)
Gain in computation time (%)

No. of Relevant Retrieved Images 4732 4585 4633 4546 4539 4607

5000 5000 5000 5000 5000 5000
94.64 91.70 92.66 90.92 90.78 92.14
303.94 30178 30234 300.53 31418 304.55

No. of Relevant Retrieved Images 5000 5000 5000 5000 5000 5000

5000 5000 5000 5000 5000 5000

100 100 100 100 100 100

102.87 101.25 101.51 102.05 10470  102.48
7.86
66.35

We performed CBDR experiments using two approaches: a
CBDR using the FGMG as a dataset representative and an exhaus-
tive and sequential CBDR. The first approach presents the advan-
tage that the number of comparisons between FARGs is greatly re-
duced, since each query FARG is compared only to a small number
of FARGs, while with the second approach the query FARG is com-
pared with every FARG of all datasets. The obtained results show

that a CBDR using the FGMG as a dataset representative yields bet-
ter results than an exhaustive and sequential retrieval in terms of
accuracy and computation time. With these results in hand, we
can conclude that we obtain good approximations of the FGMG
that can be effectively computed by the FGMG computation al-
gorithm proposed in this paper. In addition, we have applied the
FGMG computation to synthetic and real databases containing a
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Table 17
Obtained gain in terms of performance and computation time (Dataset 2 of Base A comprising 5000 FARGs).
Query number Average
1 2 3 4 5
CBDR using sequential matching  No. of Relevant Retrieved Images 3901 3955 3303 4217 3802 3835.6
No. of Relevant Images 5000 5000 5000 5000 5000 5000
Accuracy (%) 78.02 79.10 66.06 84.34 76.04 76.71
Time processing (s) 30015 30531 30259 306.18  302.58  303.36
CBDR using FGMG No. of Relevant Retrieved Images 5000 5000 5000 5000 5000 5000
No. of Relevant Images 5000 5000 5000 5000 5000 5000
Accuracy (%) 100 100 100 100 100 100
Time processing (s) 10093  101.06 100.26  101.84  99.67 100.75
Accuracy gain (%) 23.29
Gain in computation time (%) 66.79

Table 18
Obtained gain in terms of performance and computation time (Dataset 3 of Base A comprising 5000 FARGs).
Query number Average
1 2 3 4 5
CBDR using sequential matching  No. of Relevant Retrieved Images 2558 2787 3063 2941 2971 2864
No. of Relevant Images 5000 5000 5000 5000 5000 5000
Accuracy (%) 51.16 55.74 61.26 58.82 59.42 57.28
Time processing (s) 34177 30637 30042 30037 30839 31146
CBDR using FGMG No. of Relevant Retrieved Images 2560 5000 3104 5000 5000 4132.8
No. of Relevant Images 5000 5000 5000 5000 5000 5000
Accuracy (%) 51.20 100 62.08 100 100 82.66
Time processing (s) 201.68 101.64 202.99 99.88 100.35 141.31
Accuracy gain (%) 30.70
Gain in computation time (%) 54.63
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Fig. 23. Gain in computation time (Base A comprising 1000 to 5000 FARGs). Fig. 25. Gain in computation time (Base B comprising 500 to 3000 FARGs).
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Fig. 24. Accuracy gain (Base B comprising 500 to 3000 FARGs). Fig. 26. Gain in computation time (Base C comprising 15 FARGs).
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Table 19
Obtained performance and computation time according to the input number of
FARGs in Dataset 1 of Base A.

No. of FARGs in each dataset

1000 3000 5000

CBDR using sequential Accuracy (%) 92.76 95.33 92.14
matching
Time processing (s) 1749 123.52  304.55
CBDR using FGMG Accuracy (%) 100 100 100
Time processing (s) 6.08 41.94 102.48
Accuracy gain (%) 724 4.67 7.86
Gain in computation time (%) 65.20  66.05 66.35

Table 20
Obtained performance and computation time according to the input number of
FARGs in Dataset 2 of Base A.

No. of FARGs in each dataset

1000 3000 5000

CBDR using sequential Accuracy (%) 79.12 79.10 76.71
matching
Time processing (s) 17.84 141.72 303.36
CBDR using FGMG Accuracy (%) 100 100 100
Time processing (s)  5.81 49.38 100.75
Accuracy gain (%) 20.88 20.90 23.29
Gain in computation time (%) 6739  65.15 66.79

Table 21
Obtained performance and computation time according to the input number of
FARGs in Dataset 3 of Base A.

No. of FARGs in each dataset

1000 3000 5000

CBDR using sequential Accuracy (%) 56.06 5734 57.28

matching
Time processing (s) 19.20 276.03 311.46
CBDR using FGMG Accuracy (%) 100 91.26 82.66
Time processing (s)  6.98 109.78 141.31
Accuracy gain (%) 4394 3717 30.70
Gain in computation time (%) 63.63 60.23 54.63

Table 22
Obtained performance and computation time according to the input number of
FARGs in Dataset 1 of Base B.

No. of FARGs in each dataset

1000+ 500 3000

CBDR using sequential Accuracy (%) 91.40 45.20 71.77
matching
Time processing (s) 39.54 9.53 713.56
CBDR using FGMG Accuracy (%) 100 53.20 100
Time processing (s)  11.79 6.34 218.57
Accuracy gain (%) 8.60 15.04 2823
Gain in computation time (%) 70.17 33.47 69.37

Table 23
Obtained performance and computation time according to the input number of
FARGs in Dataset 2 of Base B.

No. of FARGs in each dataset

1000 500 3000

CBDR using sequential Accuracy (%) 60.90 84.20 92.10
matching
Time processing (s) 60.27 13.11 927.01
CBDR using FGMG Accuracy (%) 100 100 100
Time processing (s) 20.04 4,37 312.01
Accuracy gain (%) 39.10 15.80 7.90
Gain in computation time (%) 66.74 66.66 66.34

Table 24
Obtained performance and computation time according to the input number of
FARGs in Dataset 3 of Base B.

No. of FARGs in each dataset

1000 500 3000

CBDR using sequential 4430 65.00 64.37

matching

Accuracy (%)

Time processing (s) 78.81 17.70 349.45

CBDR using FGMG Accuracy (%) 44.90 100 100

Time processing (s) 55.96 7.06 100.60
Accuracy gain (%) 134 35.00 35.63
Gain in computation time (%) 28.99 60.09 71.21

Table 25
Obtained performance and computation time for each dataset in Base C.

Dataset 1 Dataset 2 Dataset 3

CBDR using sequential Accuracy (%) 100 100 100
matching
Time processing (s) 0.10 0.10 0.11
CBDR using FGMG Accuracy (%) 100 100 100
Time processing (s) 0.05 0.05 0.06
Accuracy gain (%) 0 0 0
Gain in computation time (%) 41.56 42.98 39.70

large number of FARGs with no constraints regarding the number
of nodes and edges. The FARG representation allows node and edge
features to be represented by fuzzy concepts such as “Near” and
“Far”, “Big” and “Small”, etc. Up to now, some of the existing algo-
rithms could only be applied to very limited sets of labeled graphs
with no fuzzy attributes in neither the nodes nor the edges. All
input FARGs have been embedded into a suitable vector space in
order to improve the accuracy and speed of document image re-
trieval processing. Also, different weights have been associated to
FGMG nodes in the final step of the proposed FGMG computation
algorithm in order to rather focus on the most important FGMG
nodes in the retrieval process. As a future work, more visual (e.g.
color and texture) and structural (e.g. inclusion relationship) at-
tributes might be incorporated in the proposed FARG representa-
tion. Such new attributes may lead to more accurate FARG repre-
sentations of document images and more computation time and
memory consumption. In addition, the obtained results open the
possibility of extending the application of the proposed FGMG al-
gorithm to other real applications where a representative of a set
of graphs is needed.

7. Conclusion

In this paper, we have proposed a new algorithm for the com-
putation of the FGMG on large-scale document image databases.
This algorithm is based on embedding of input FARGs into an
n-dimensional vector space. The vectorial representation of input
FARGs aims to keep advantages from both the graph and the vec-
tor domains (power of representation of graphs and easiness ma-
nipulation of the vector representations). The proposed algorithm
is composed of three main steps. It starts by mapping each FARG
from graph space to a set of feature vectors into a suitable vec-
tor space. The obtained vectors can be graphically represented by
points in the vector space. The second step consists of clustering
the obtained points into a number of clusters using a clustering
method. In this study, we have used the FCM algorithm for clus-
tering. Then, we computed the weights of the obtained clusters
in order to rather focus on the most important clusters in the re-
trieval process. Each obtained weight becomes a new attribute of
node in FGMG. Finally, the obtained clusters become the nodes of
the FGMG. The proposed algorithm can be applied to many appli-
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cations where a representative of a set could be needed. In this
paper, we studied its applicability to the CBDR problem. Experi-
ments on two synthetic databases and one real database contain-
ing a large number of FARGs with large sizes demonstrated that
our algorithm is able to obtain good approximations of the FGMG.
The experimental results prove the scalability and effectiveness of
the proposed algorithm in terms of gains in accuracy and time pro-
cessing.

In spite of the advantages of the FGMG construction we have
introduced, we believe there are still some improvements that can
be further developed in the future. A future research line is to
extend the FARG representation in order to be able to deal with
FARGs with more visual and structural attributes. Further, in spite
of the good properties of the proposed similarity function be-
tween two FARGs, it would be desirable to extend the obtained
results to other similarity functions. Furthermore, the new FGMG
computation algorithm potentially allows the use of the FGMG in
other graph-based applications in pattern recognition and machine
learning that require to compute a FGMG, for instance, classifica-
tion and clustering using big real databases.
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