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Abstract. Results aggregation by disjoint graph merging is potentially a good 
alternative to image stitching. During the processing of image mosaics, it allows 
to be free of radiometric and geometric corrections inherent in image fusion. 
We have studied and developed a generic merging method of disjoint graphs for 
tracking cell alignments in image mosaics of wood. 

Keywords: graphs theory, graphs fusion, image processing, pattern recognition, 
cell segmentation, cell organization. 

1 Introduction 

Graph theory is widely used in image processing [1] especially for region encoding or 
image segmentation. The image is then considered as a graph whose vertex set is 
made of pixels, and edge set is given by an adjacency relation between them. Numer-
ous segmentation methods based on region merging are proposed in literature, the 
most known being the Split and Merge algorithm. Several authors combine it with the 
watershed algorithm by using graph fusion to segment grey [2] or color [3-4] images. 
In all these approaches, the fusion operates on the vertices of a single graph. 

Our specific segmentation method of cell alignments, so called cell files, in wood 
slices produces an adjacency graph. Nevertheless, identifying cell files on very large 
areas given by images mosaic implies either to process the image resulting from com-
bining all the images of the mosaic or to merge the results produced by processing 
each image.  

In the first case, stitching is the method which is the most often used. Image stitch-
ing combines multiple images with overlapping fields of view in order to produce a 
high-resolution image. Most of the algorithms require nearly exact overlaps between 
images and identical exposures to produce seamless results [5-6]. Moreover, they 
often request local deformation correction [7-9] due to optical acquisition properties, 
or local offset rectification [10] due to the automated views shooting. However, the 
resulting high resolution images may still be difficult to be processed, especially from 
the final resolution (up to several billion pixels) and the possible radiative variation 
due to the microscope acquisition properties.  
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Our contribution lies in t

• We introduce the Simple
kernel used to amalgama

• We introduce a similarit
tices of the graphs which

• We introduce a local blu
tices fusion. 

2 Graph Theory N

This section gives some g
only considered specificity 
files. We present here the 
distinct graphs are gathered

2.1 Simple Graph or S-

A graph G=(V,E) is a mat
The elements of V are calle
ple graph or S-Graph is an 
edge between any two diff
form a set and each edge is
every vertex has a degree t
non-simple graphs with n v

Fig. 2. Top, simple fusion of 
nodes and two edges of disjoin

2.2 Multiple S-Graph A

Let ,  and 
S-graph of  and 
tion without fixed point bet
      

the graphs fusion formalism and its application: 

e Graph notion to describe cell organization and the fus
ate two graphs;  
y function in order to define the fusion kernel, i.e. the v

h should be amalgamated.  
ur indicator to define the best representative vertex in v

Notion 

eneral definitions about graphs merging mechanism. T
is the nature of the graph, linked to the properties of 
formalization of the graphs amalgamation, i.e. when t

d by merging of one of their vertices. 

-Graph 

thematical structure composed of two finite sets V and
ed vertices, and the elements of E are called edges. A s
undirected graph that has no loops and no more than 

ferent vertices. In a simple graph, the edges of the gr
s a distinct pair of vertices. In a simple graph of n vertic
that is less than n (the converse, is not true — there e
ertices in which every vertex has a degree smaller than n

 

two nodes of disjoint S-graphs. Bottom, complex fusion of f
nt S-graphs. 

Amalgamation ,  be two disjoint S-graphs, with ,  a ,  a sub S-graph of . Let   be an invo
tween these subgraphs.    and      

sion 

ver-

ver-

The 
cell 
two 

d E. 
sim-
one 

raph 
ces, 

exist 
n). 

four 

sub 
olu-



 

The amalgamation of  a
from the union  by 

 with their respective im
vertex is noted  , and

The vertex set of this ne
the edge set is
or  as endpoint n
amalgamation result is a S-
set as shown in Fig. 2. 

2.3 Amalgamation Ker

The amalgamation kernel is

  
3 The Cell File Ide

The cell files identification 
are alignment of two by tw
namic; (ii) the cells alignm
have to be reversible. 

From methodological po
enhanced by a difference of
converted in grey levels by 
 

Fig. 3. Image contrast enhanc
nus. Left: the image obtained 
image resulting from a strong
previous images which increas

The cells individualizatio
fine regions whose limits c
adjacency graph is built fro
ble breadth-first search exp
they are defined as the mos
racteristics, the vertex takin

Simple-Graphs Fusion in Image Mosaic 

and modulo the isomorphism  is the S-graph obtai
merging each vertex  and each edge  in the subgr

mages  and  in subgraph . The amalgama
d the amalgamated edge is noted  .  
ew graph is   | ,   |  ; any edge which had 
now has the amalgamated vertex   as endpoint. T
-graph: each edge appears one and only time in the ed

rnel 

s the set of the merged vertex couples defined as  |      } 

entification Principle 

process [14] leads on the following principles: (i) the f
wo similar cells, i.e. close in terms of size, shape and 
ment are independent of the image orientation: the meth

oint of view, the contrast between cell wall and lumen
f Gaussians on the color image (Fig. 3.). Then, the imag
the simple mean of the color channels.     

  

cing by a Difference of Gaussian filtering on color images of
by applying a small Gaussian blurring (σ = 3 pixels). Center:
 Gaussian blurring (σ = (image width)/10). Right: subtraction
ses the contrast between wall and lumen. 

on is built from watershed process [18]; the crest lines 
correspond to the inter-cells separation (Fig. 4.). The c
om these lines [19]. The cell files are identified by reve
ploration of the graph under spatio-geometrical constrai
st linear paths whose adjacent vertices present similar c
ng attributes describing shape, size and aspect of the cell

37 

ined 
raph 
ated 

and 
 

The 
dges 

files 
dy-
hod 

n is 
ge is 

 

f Pi-
: the 
n of 

de-
cells 
ersi-
nts: 

cha-
l.   



38 G. Brunel et al. 
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6 Conclusion 

Image mosaic processing is a classical research thread in vision. We presented a ge-
neric method for aggregating results by merging disjoint single-graphs, i.e. undirected 
graphs without loops; as an alternative to image stitching. 

We defined a fusion function of vertices based on the evaluation of a similarity 
coefficient. This function is an involution without fixed point allowing the determin-
ing of the amalgamating kernel, i.e. the set of points that are two by two merged. The 
similarity coefficient does not depend on the graph structure, but only on attributes 
contained by vertices of the graphs. So it is adaptable to other attributes in regard to 
the study object. 

We have developed and implemented this method in the context of tracking cell 
files in image mosaics describing large viewing zones. Cells individualization in each 
image was obtained by watershed algorithm; the obtained crests lines are used to de-
fine the cells adjacency graph, which allows to identify cell files. It is defined as the 
straightest paths whose adjacent nodes have similar attributes. Aggregation of files on 
consecutive images in the mosaic is realized by fusing graphs in order to avoid the 
inconvenience related to the stitching: radiometric equalization, image repositioning, 
blur correction and local deformation compensation… 

Applying the method requires only to define explicitly the similarity coefficient 
and involution. The similarity function is defined by a product of normalized Bray-
and-Curtis dissimilarity estimators describing the geometrical aspects -position and 
size- of cells which can potentially be merged. In case of merging, only the less 
blurred cell is retained and the local blur estimator is based on the relationship be-
tween local dynamics and intensity differences. A study is engaged to introduce a 
component characterizing the dynamics of the cell, and so to be free of positioning 
criteria. Finally, the fusion method is insensitive to image blurring. 

This generic method could be applied on other kinds of images of very high defini-
tion when we wish to avoid stitching as for example satellite images. 
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