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Abst rac t .  This paper presents a region-based segmentation algorithm 
which can be applied to various problems since it does not require a pri- 
ori knowledge concerning the kind of processed images. This algorithm, 
based on a split and merge method, gives results both on homogeneous 
grey level images and on textured images. We modeled exploited fields 
by Markov Random Fields (MRF), the segmentation is then optimally 
determined using the Iterated Conditional Modes (ICM). Results from 
road scenes without white lines are presented. 

1 Introduction 

The creation of an autonomous vehicle has been the subject of various research 
programs. To answer this question a vision system can be used from road track- 
ing, obstacle detection, or domain recognition. All these questions require the 
same initial step which consists in reducing the data  contained in images. This 
step is called segmentation. 

When a road does not include white lines, detection is a particularly diffi- 
cult problem because contrasts are generally not strong enough to use an edge 
detection algorithm. In such case, images require the use of a region-based seg- 
mentation,  where we are not looking for discontinuity, but, on the contrary, for 
homogeneous zones in the sense of one or several given criteria. Segmentation 
is achieved using a split and merge technique, and regions are represented by 
grey level and texture features. The originality of this algorithm is that  texture 
is used only to improve on the results of the first detection using grey levels. 

In the first part of this paper, the splitting step is presented which is achieved 
by studying a co-occurrence matr ix  shape. Merging will be explained in the 
second part. Markov Random Fields are used to model exploited fields, and 
the segmentation is optimally determined using the Iterated Conditional Modes 
(ICM). Experimental  results will be presented on road images without white 
lines. 

2 O u r  A p p r o a c h  

2.1 Spl i t t ing  

The splitting algorithm described here is based on the use of co-occurrence ma- 
trix [5] defined by R. Haralick [4]. We consider a window of interest (or sec- 
tor) containing three regions with uniform grey level a, b, c. The co-occurrence 
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matrix,  and its diagonal can be represented by Fig. 1, where point size is pro- 
portional to the number of transitions (grey level- grey level) present in the 
window of interest. We notice that  each region is characterized by a peak of the 
co-occurrence matr ix  diagonal. 

Sector Co-occurrence matr ix  

O �9 �9 

" I t  

a b c 

Diagonal of 
co-occurrence matr ix  

a b c 

Fig. 1. Co-occurrence matrix 

The splitting algorithm based on this particularity, can be broken down into 
five parts : 

- Dividing the image into sectors : this is done independently of data, and 
consists in putting a grid on the image. We will discuss later the size of the 
grid elements. 

- Computat ion of the co-occurrence matr ix  : for each sector, we compute the 
co-occurrence matr ix  diagonal. The matr ix  will be computed from a distance 
of one pixel, a neighborhood of eight pixels, and orientations of 0, and 90 
degrees. 

- Peak extraction of the co-occurrence matr ix  diagonal : different classes of the 
diagonal are extracted, a class being defined as a peak and its two adjacent 
valleys. 

- Image labeling : we create an image of labels in which different labels are 
given to each set of connected pixels, belonging to the same class. Such pixel 
sets are called regions. 

- The removal of small regions : small, non-significant regions (whose number 
of pixels is lower than a threshold which we discuss later) are removed by 
merging them with the neighboring region which has the closest grey levels 
average. 

The results of the splitting step on road images without white lines are shown 
in Fig. 2. The initial size of the sectors is 32x32 pixels, and we simply work with 
a frame. Thus, we find sectors of 32x64 pixels on the result images. 

Figure 2 presents the splitting results for two images, each region being rep- 
resented by its outlines. When two neighboring regions have very different grey 
levels, their common outline is very well detected, and the splitting results are 
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a -  Splitting result on ima.ge ] b - Splitting result on image 2 

Fig. 2. Results. 

sufficient to initiate the merging process. On the other hand, when some textured 
regions are presented, with a similar grey levels average, the splitting algorithm, 
which use only the diagonal of the co-occurrence matr ix does not separate the 
two regions. So, we must use texture features in the segmentation algorithm. 
These features are only introduced during the merging step. The reasons for this 
choice are explained in the following section. 

2.2 M e r g i n g  

As seen above (see Fig. 2-b), it is not sufficient to use grey level data  to obtain 
robust image segmentation algorithm (in order to find road edges). In this case, 
we will include texture parameters. Among all extraction methods of texture 
parameters,  we have chosen to use texture features which are computed from 
the co-occurrence matr ix [4], i.e. homogeneity and energy. Several authors such 
as M. Derras [2] have split original images using a grid, and computed texture 
parameters on sectors obtained in this way. The greatest disadvantage of this 
method is that  it leads to a strong resolution. 

For these reasons we compute texture coefficients from regions produced 
during the splitting step. Segmentation will then provide one pixel resolution 
edges, when the computed image presents homogeneous grey level. For textured 
images, resolution will be identical to the initial grid. Some initial sectors of 
32x32 pixels are chosen. The strongest resolution will also be 32 pixels. 

The final step of the splitting process is the removal of small regions. A small 
region is defined by a number of pixels lower than a threshold. This threshold is 
fixed at the minimal number of pixels to be considered for texture computation.  
Here, it is fixed at fifty pixels. 

In order to obtain an autonomous merging algorithm, Markov Random Fields 
are used. They have been widely quoted in literature. D.W. Murray et B.F. 
Buxton [7] have obtained a spatio-temporal segmentation algorithm by mod- 
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eling apparent motion with Markov Random Fields. H. Derin, et H. Elliot [1] 
and S. Geman et C. Graffigne [3] have obtained textured image segmentation 
algorithms. M. Derras [2] used Markov Random Fields to achieve natural  UN- 
supervised image segmentation. We should also mention C. Kervrann et F. Heiz 
[6] who propose a segmentation method of textured images with a Markov re- 
laxation. 

Input data in our possession are regions produced by splitting. They are mod- 
eled by a features vector with four components : the grey levels average, the peak 
of the co-occurrence matr ix diagonal, the homogeneity, and the energy. These 
regions cannot be split further and we call them elementary sites, considering 
them as data fields (denoted Y). The problem is then to establish a correspon- 
dence between this data field, and a label field X, for which a label represents 
a set of homogeneous regions. We model exploited fields using Markov Fields 
which will be integrated into a Bayesian formalism in order to use constraints 
derived from a priori knowledge. 

The algorithm we present was inspired by the ICM (Iterated Conditional 
Mode) algorithm : at each iteration, all sites are observed, and, for each of them, 
we compute the different possible values of an a posteriori energy function with 
respect to different labels. Only the label with minimal energy function is re- 
tained for this site. An a posteriori energy function is modeled by : 

u ( x \ y )  = u ( v \ x )  + u ( x )  

Or, for a given site, 

(1) 

= u ( v . \ x , )  + u ( x . )  . (2) 

where:  

- U(X~) is the a priori energy function related to the label field. We also denote 
it U(e~) 

- U(Ys \Xs)  is the energy function representing the probability of observation, 
given the pixel label X~. We denote it U(Os\e~). 

With these new notations, we obtained : 

= + u(e ) . (a) 

Then, we defined a neighborhood system V = {Vs,s E S} on S such that  
sl E Vs2 if, and only if, the sites sl and s2 are adjacent in the sense of 8-connexity. 

We model an a priori energy function U(es) so that  two neighboring sites 
will probably belong to the same label. The energy function can be noted : 

U(e~) = Z Vc(er) �9 (4) 
rEV. 

where Vc is the energy potential so that : 

Vc(e,)=O ife~ = e t  . (5) 

= 1 else (6) 
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where et is the second site of the clique c. Here, a clique is a set o f  two 
elements : the considered site, and one of the neighbor sites. 

The transposit ion energy will be modeled by the Euclidean distance between 
feature vectors of the site s, and those of the label e : 

U(Os \ e s )  = (moy~ - moy~)2 + (pics - pic~)2 + (horn8 - hom~)2 + (ene8 - ene~)2 
(7) 

3 Experimental Results 

We present here, segmentat ion results obtained from the previously used images 
(Fig. 3-a and 3-b). 

a- Segmentation result on image 1 b- Segmentation result on image 2 

Fig. 3. Results. 

Generally, the road area is well detected. In the worst case, the resolu- 
tion is the same as in the initial grid. So the segmentation algori thm provides 
elements which are necessary to a possible interpretation process. For some 
512x512 images, this segmentation algorithm takes approximate ly  2.5 seconds 
on a tIP9000/735. 

4 Conclusion and Perspectives 

The aim of this work is to segment road images without white lines. We were 
confronted with a difficulty which is that  grey levels were not sufficient in these 
images, so we decided to use texture. We also abandoned all methods based on 
edge detection and instead we used a region-based segmentat ion algorithm. Our 
first approach was to divide images into sectors, and to compute texture on each 
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sector. A disadvantage of this method is that  the resolution of the segmented 
image is that  of the initial grid. On the one hand we have segmentations using 
grey level whose resolution is only a one pixel resolution, but the road area 
cannot be found in some images. On the other hand we have segmentat ions using 
texture, which finds the road area, but has a high resolution. So, we decided to 
use both of this two major  class algorithm. First, we split the images using a 
homogeneity criterion based on grey levels. Then, we compute  texture features 
on the resulting regions. Both parameters  (texture and grey level) are used to 
achieve merging. This segmentat ion algorithm provides results which have a 
one pixel resolution when grey levels are sufficient to extract  the road area. 
When the road area and the background have the same grey levels average, and 
different textures, resolution is the same than in initial grid. This algorithm, 
which is entirely UN-supervised, gives very satisfying results for images which 
do not include objects which are too small relative to the initial grid size. It  can 
be applied both on textured images and on UN-textured images. Furthermore,  
the segmentat ion algorithm provides elements which are necessary to a possible 
interpretation process. 
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