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ABSTRACT. An original image segmentation based on a Markovian 
modeling of a set of four parameters is presented. The application performed 
demonstrates the strength of an algorithm using texture analysis of natural 
scenes. A splitting limit is obtained which is going to become the basic primitive 
in order to hook up a mower robot. To obtain a real time application we also 
present a simple parallelization of the algorithm and a control servoing. 

I I N T R O D U C T I O N  

The aim of our project consists in the design of a help guidance system for an auto- 
propelled mower using texture analysis over 16x16 pixels dimension 
neighbourhoods: the texel [13].A preliminary study [9] allowed, from a 
bibliographic research on reflectance physical properties of grass covers, the clearing 
of the most interesting zones of the electromagnetic spectrum for this application. So 
two parameters have been chosen using the co-occurrence matrices [7], [12], [13], 
[21] which re-transcribes the spatial distribution of grey level variations between 
neighbouring pixels of a region. To use the reflectance properties of the natural 
surfaces, two parameters issued from 16x16 pixel region histograms have been 
defined. These four descriptors, introduced in a relaxation process, are used to 
perform the segmentation of the image into regions. The first section of this paper 
deals with the development of an image segmentation method in homogeneous 
regions [15], [22]. However many data analysis methods [1], [14], [17] require, at 
different levels, an a priori choice which is incompatible with the application 
(element class number, comparison threshold). So the approach moved towards 
unsupervised segmentation methods. One of the solutions to the problem was 
brought by the Markov's field modelling [2], [6], [11], [19]. Moreover this 
segmentation has the advantage of being well adapted to the treatment of image 
sequences, because it offers the ability to take into account the result of the 
segmentation of the previous image. This is very important when the problem of 
motion is tackled, the final objective being a "real time" treatment. After a summary 
of the data and segmentation tool used, we develop our own contribution to the 
formulation of the problem. The second section explain the different steps of the 
process [10]. Then we develop the effective robot control by the use of a visual 
servoing [5], [16]. These algorithms are parallelized to permit a real time robot 
control. This parallelization leads to a pipeline architecture.. 

H -  I M A G E  S E G M E N T A T I O N  

It is obvious that by increasing the number of descriptive elements, the choice of a 
different size of the sites or of the nature of the parameters have no influence on the 
following theory. This theory is supported on the example of the surface which 
corresponds to our application. The goal is to obtain homogeneous textured regions 
of natural surface images (grass cover). 
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H.1 - Solution with Markov's fields theory 

The problem (labelling of distinct regions) lies in the fact that the image 
segmentation is only achieved from its different descriptive elements [8], [11]. Under 
a mathematic form, the problem is to maximize the a posteriori probability P~/Y), 
i.e. the probability of the searched object conditionally to the measures made [4]. X 
represent the result of the segmentation (field of labels) and Y represent the 
descriptive elements of the image. By applying Bayes's theorem, this a posteriori 
probability can be expressed by" 

P(X/Y) : P( X)" P(Y / X)/)/~p(y ) (1) P(X = m) : ( 1//z).exp{-U(m)} m~f~ (2) 

Here P(X) is the a posteriori probabili~ of the field of labels. P(Y/X) is the 
conditional probability of the measure in relation to one of the possible 
segmentations. It describes entirely the statistical relations existing between data and 
labels and PO) is the probability to obtain an observation. It may easily be dropped 
as it doesn't depend on X [3]. Therefore, the image comes in the form of a data field 
that a label field must describe. The use of the Markov's fields theory permits to limit 
the effects of each element of the lattice representing the image to a local interaction 
between neighbouring sites. Then this first Bayes's equation must be expressed under 
another form more suitable for implementation. The Hammersley-Clifford theorem 
enables the use of Gibbs's distributions which are given by (2). 

Here Z is a normalization constant and U(co) an energy function. This 
distribution describes the stability of our system, co is then a particular state of the 
system and .(2 the set of possible states. Consequently, each terms of the equation (1) 
can be given under the form of a Gibbs's distribution. By using the natural 
logarithms of P(X/Y) and P~), the expression can be reduced to U(X/Y) = U(X) + 
U(Y/X) (3). The purpose is then to calculate U~) and U(Y/X) to minimize the energy 
function U(X/Y). 

I1.2- Segmentation development 

The implementation of the method of image segmentation by using the Markovian 
modelling have been inspired by the deterministic relaxation algorithm I.C.M. 
(Iterated Conditional Mode) [11]. For each site, the different possible values of the 
energy function are calculated and only the state corresponding to the minimal 
energy is retained. The two terms of the a posteriori energy function U~/Y) will be 
given by the a priori energy and the energy function related to the statistical 
relationships "data-labels". 

H.2.1 - A priori energy 

UO0 is an a priori function. If the neighbourhood of a studied site is considered, the 
equation (4) can be defined which takes into account the neighbouring sites label 
where V s is the neighbourhood of the studied site, A a weighting factor, Vc. the 
potential assigned to the site e s. 

2 
P ( K "}(Kim Kim, ) (5) 

U(X) = exp{A.(s ~vsVc(es))} (4) d2(m'm')= i~l~d~d.J ~ V K.s, ) 

IL2.2 - Energy related to statistical relationships "data-labels" 

A distance between each site and a general reference in the image (for example the 
region prototype) must be defined. The Euclidian one have been used but the well 
known difficulty of this distance is the effect of the variations of the amplitude of the 
considered elements on a statistic problem. That's the reason why the function 
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U(Y/X) (relation between data and labels) is given by the CHI-2 distance (5) between 
sites and region vectors (described by four parameters). 

I I .2 .3  - P r o c e s s  d e s c r i p t i o n  

The process breaks up into four steps. Nevertheless, one of the interests of this 
segmentation in an image sequence, is inherent in the use of the result issued from 
the previous image. An a priori information is take into account in the image 
segmentation. This constitutes the "dynamic" aspect, which consists in putting in 
relation the extracted data of the new image with the label field of the previous 
image. Obviously, it have been considered that there are few changes between two 
succiding images, and a noticeable gain of time is obtained for an equivalent 
efficiency segmentation. 

The initialization step of the process, starts without knowing anything about the 
shape or the number of the different kinds of texture that can be found in an 
image. Consequently, the image is supposed to be composed of a single region at the 
beginning. The field of labels is therefore initialized at zero and a first cut-out is 
realized from the comparison of the local energy of each site with the value of the 
average global energy calculated on the entire image. A general reference 
PI (HI..,E[MI, M O I ) ,  constituted .bY elements, which correspond to the averages of each 
descriptor on the whole of the image ~s used to calculate : 

32 32 
UI (X/Y)  = ( 1//N).i__Z 1 jE__ 1 {UijPi ( Y / X ) +  Uij (X)} (6) 

Where H I, E l, M I and Mo I are the average values of homogeneity, entropy, local 
histogram mode. and second order, moment. PI is the initial prototype. . U..tjPI(Y/X) 
represent the distance of the site (ij) to the prototype PI. Uii(x) is the penalty 
function of the site (ij). N is the site number defined in an imffge (here 1024) and 
UI(X/Y ) is the global average energy function value of an image. For each site the 
local energy function is calculated by Ui;(X/Y) = U i .pI(Y/X) + U i .(X) (7). U, .(X/Y) 
is then compared to UI(X/Y). If Uii(X/Y)v'_< UI(X/Y ) me site (0) is~Jassumed to gelong 
to the region zero and remains unchanged. Otherwise the label of the site (ij) is set to 
one (remember that all sites are initialized to zero). 

At the end of the initialization, one region is obtained in the case of an 
homogeneous image, and two regions in other cases. The Initialization stabilization 
helps to suppress the very small regions and to redistribute the labels more 
regularly. The energy values in relation to the different labels are calculated and the 
state of each studied site is then modified according to the region giving the lowest 
energy. This step is repeated during several scans of the image, until there is no 
more change of labels. Step three and four which can be named "new textured class 
research" and "new class stabilization" are generalizations of the two first stages to 
all detected regions. The aim consists in detecting the presence of possible new 
regions inside those that have been defined by stages one and two (discontinuities are 
searched in these regions). As in step one, the average global energy values of each 
region are calculated as well as their prototype, ff the segmentation provides k 
regions, a prototype Pk is obtained for each one as well as an average global energy 
value Uk(X/Y ). With these elements, we proceed as follows. The local energy values 
corresponding to the labels detected in the neighbourhood of the studied site are 
calculated. Only the lowest ones is kept. Then U i.k(X/Y) (local minimum energy 
value of the site 0, corresponding to the labelled~egion k) and Uk(X/Y ) (average 
global energy value of the labelled region k) are compared. If Uiik(X/Y ) > Uk(X/Y ) 
then the label of the site (/j) is set to a new value in the label field,Jotherwise its label 
remains unchanged. The process stops when the number of regions does not change 
any further. 
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I I I -  A P P L I C A T I O N  : R E A P  L I M I T  S E A R C H  

This theory has been applied to the search of the reap limit in an image in order to 
ensure the working of an upkeep mobile machine (a mower). We present one 
example of result of segmentation of grass surfaces. 

In a dynamic use (image sequences), the 
Markov fields theory Is entirely 
justified. The idea consists in using again, 
as an a priori information, the field of 
labels issued from the image segmentation 
at the time T to process the next image at 
the time T + AT. The main purpose is to 
limit in one hand the computing time with 
a reactualization of the label field and, in 
the other hand, the errors of detection, 
because the changes between two 
successive images are supposed to be very 
slight. In the approach presented here, 
only the first image of the sequence is 
entirely processed (initialization 
step). Then, in order to improve the 

Picture n~ : A turn of cut grass between computing time, the segmentation is 
two unmowed areas is detected, localised on an area of interest (half of the 

image) sufficient to ensure the future 
guidance of the upkeep machine. We must 

insist on the fact that luminance in natural scenes, vibrations of the engine, kind of 
grass, etc..., can not be controlled. 

IV - M A C H I N E  C O N T R O L  [18, 20, 241 

Image 
processing 

I dx,0(2D) [w~>'lthetrajeetory 

I I (V1-Vr)m [ Speedeapt 

Figure n~ : Complete system. 

The totality of the automation embedded on the robot is presented on the figure 
n~ From these visual information and the computing time, the algorithm of control 
determines the trajectory. It calculates the order, that compared to real speeds, allows 
a numerical corrector to control the speed of the wheel. As the machine is moving to 
an average speed of 3 kilometres an hour, it makes slightly more than 80 centimeters 
in one second. So to obtain a periodicity of its control which should be compatible 
with its dynamics and to limit risks of interface losses in the image, we have 
developed a multi-processor architecture adapted to the chosen algorithms of image 
processing and control. The solution consists in sharing the algorithm in several 
tasks executed in parallel on three cards organized according to the model of the 
pipeline. 

V- A R C H I T E C T U R E  AND P A R A L L E L I Z A T I O N  

In spite of the technological evolution of the microprocessors and especially of their 
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speed, it is necessary to realize a parallel approach of the algorithm on an adapted 
architecture to obtain a real time application. If its not a new parallelism approach 
[14] we can remark that the multiprocessor calculators and components (such as the 
transputers) have appeared too recently. Nonetheless few of these machines are 
available on the market. M.J. FLYNN [23] has proposed a classification of the 
parallel calculators in four groups based upon the nature of the instructions and the 
data stream. However, lots of other criteria exist which allow finer differentiation of 
the parallelization of the algorithms. These criteria depend often on the kind of 
memory use (shared or distributed) or the "grain" size (parallelization at the level of 
the instructions or at higher levels of groups of instructions). 

In our case the knowledge of an a priori information (the previous image 
segmentation) and the algorithm parallelization permit us to reach our real time goal 
(230 ms average computing time per image). We have implemented an architecture 
composed by three VME microprocessors boards. The problem caused by such a 
pipeline construction consists in the repartition and the organization of all the 
concurrent tasks witch constitute the parallelized algorithm. Three tasks have been 
determined and attributed to each processor. To manage all the problems arising 
from by the shared resources between the different processors we have chosen the 
operating system OS9. Among all the different mechanisms of synchronization and 
communication between tasks offered by this environment we have particularily used 
the signals, the communication pipes and the data modules. 

I V -  C O N C L U S I O N  

The objective of this article was to demonstrate the important potential offered by the 
markovian modelling and above all its adaptability to face the various conditions of 
external scene. The method proposed here provides good results compared to the 
techniques using thresholds of comparison. The other advantage is the use of an 
a priori information which allows the solution of a part of the problems of the real 
time analysis of image sequences. The implementation of the application on a 
parallel architecture has permit to reduce the computing time to 230 ms. At last this 
approach can be extended to various kinds of agricultural tasks (harvesting for 
example). Although non formalised, the visual servoing approach of control seems to 
be similar the principle developed for the CRV of the manipulator robots. This 
theory is presently studied in our team. This paper describes an engine which 
actually runs at the CEMAGREF of Clermont-Ferrand. The complete architechture 
is embedded on the machine. The first tests carried out give satisfaction. A finer and 
deeper perfecting will increase the strength of the system. 
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