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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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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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