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SUMMARY
Nowadays one of the most effective and widely used ways for the land cover change modelling is an
application of cellular automata (CA). One of the key factors in influencing on the effectiveness of the
CA application is defining the CA transition rules in each specific case.
The paper proposes a compositional probabilistic approach to defining CA transition rules with
more complex nature compared to the traditional approach to the CA land cover change modelling.
The preliminary investigation results show that proposed approach allows performing the modelling
more effectively and its results could be more accurate compared to ones obtained by existing models
of land cover change. The accuracy estimation of the proposed approach is conducted using model
time series thematic maps and truth thematic maps obtained from the time series satellite images
RESURS-O1 for the Uymon steppe area (Altay region, Russia) on 1998, 1999, 2000.
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INTRODUCTION
Land surface represents by itself a complex system, and a land cover change modelling is a
complicated process, implicating a variety of driving forces (Lambin E., 1994). To represent a piece
of the interesting land surface as a model it needs to obtain the image of the piece as a matrix. Each
element of the matrix presents the specific land cover type of the investigated land surface. Actually
the matrix is a raster thematic map of such land surface. Usually such thematic maps for land cover
change modelling could be obtained by remote sensing (RS) methods and image processing, RS and
mapping software.
Nowadays one of the most effective and widely used way of the land cover change modelling,
taking into account the spatial interaction between the elements of such thematic map is an
application of cellular automata (CA). One of the key factors influencing on the effectiveness of the
CA application is defining the CA transition rules in each specific case.
The paper proposes a compositional approach to defining the CA transition rules differing more
complex nature compared to traditional approach. Usually the CA transition rules in such traditional
approach are defined by majority or (and) minority principles that in many cases does not allow to
perform the effective land cover change modelling. The proposed approach allows to take into
account the spatial interaction between the land cover elements and to get effective CA transition
rules for each automaton used while modelling. All of this allows performing the land cover change
modelling more effectively and the modelling results could be more accurate compared to results
obtained by existing land cover change models.

METHODOLOGY
The set of cellular automatons, which are used for modelling, is forming while consecutive scanning
of the initial image. Each cellular automaton can be represented as square matrix MCA = [cij] with
order of matrix d. The value of central element c′kh of each matrix depends in some way on all

elements of the matrix c′kh = fCA(c11, c12,…, ckh,…, cdd). The obtained value c′kh is an element of the
new resulting image. In the framework of the traditional approach to defining the CA transition rules
the search of the function fCA often is based upon simple transition rules and the equal obtained
function fCA is to be used for all automatons while modelling.
The proposed approach to land cover change modelling is developing the compositional way of
forming function fCA, where three probabilistic components together are used. It allows taking into
account the features of the transition rules for the all the CA applied. Each component presents
corresponding transition probability of land cover from state ωi to state ωj (pij). Let’s consider the
details of the every transition probability definition.

Driving factors component
Nowadays for the land use change modelling the approach on the basis of urban growth model and
so-called suitability maps are widely using (Clarke K.C. et. al., 1997). These suitability maps contain
information about the probability of urbanized in a location of the investigated area depending on the
different driving factors which influences on urbanization in a specific location. The examples of such
driving factors are distance to roads, distance to markets, distance to water facilities, slope
information etc. To apply such perspective approach with suitability maps to the land cover change
modelling, it is needed to solve very complex and intractable task of suitability maps designing. The
designing of the maps requires to formalize a lot of different data such as a variety of driving factors
and the land cover types at the investigated area.
One of the most effective solutions, allowing to use such complex and non-formalized data and
allowing to design the suitability maps for the land cover change modelling is the application of
artificial neural networks (ANN). The widespread topology for solving such task is multilayer
perceptron (MLP) with one hidden layer. Let’s apply the technology of the MLP application
described in (Yeh, A. G.-O. & X. Li., 2002) for urban growth modelling on the basis of ANN CA.
The features of the ANN application for training and recall modes in the framework of the proposed
approach are depicted in the Fig. 1.
In common case, applied MLP has K = M⋅F input and M output neurons, where M — the number of
land cover types, F — the number of driving factors. The process of getting by MLP the necessary
probability information, considering revealed driving factors, consists in the idea that each j-th axon
of output’s neuron is interpreted as the transition probability of a state ωi to a state ωj of a pixel being
analyzed in the initial image (pijdf).
Let’s consider in details the process of the revealed driving factors formalizing and obtaining the
suitability maps for each land cover type. The process is based upon the technique of ANN
application (Fig. 1). As initial data we use two thematic maps for the time moments t – 1 and t.
For each revealed driving factor for the time moment t – 1 by means of raster GIS functions and
initial thematic map the M probability suitability maps of driving factors are designed. These maps
contain information about the occurrence probabilities in a location for the land cover types on the
investigated area. It should be noticed if for some reason a probability suitability map could not be
designed it is proposed to use at the map the equal non-zero value as Probability for type i (Fig. 1) in
every location of such map in condition that
M

∑ Probability for type

i = 1.

i =1

When all input data is completed the ANN is to be trained. As the training data the criterion output
values obtained from M thematic maps for the time moment t are to be used. Each map corresponds to
its thematic class at that the pixel on the map contains the value 1 in the presence of the thematic class

in a location and the value 0 — in the absence the thematic class. The ANN trains by the traditional
algorithm of error backpropagation for root mean square (RMS) error minimization (Fig. 1a).
The ANN has been trained with the appropriate RMS error and after that it can be used for the
designing the suitability maps for the time moment t + 1 (Fig. 1b). Before that the set of the
probability maps for different driving factors for the time moment t should be designed. The
technique of designing such maps is also based upon raster spatial analysis functions (GIS functions)
and it takes after the technique described above for the designing probability suitability maps for
revealed driving factors for the time moment t – 1.
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Figure 1: Using neural network for driving factors formalization.
Thus, the all input patterns, actually it is the pixel values of the designed probability maps for the
driving factors, are processed by the ANN. The output recall ANN patterns are to be used for
designing the final probabilistic suitability maps for the time moment t + 1. These suitability maps
contain the transition probabilities for each land cover type from a state ωi to a state ωj in all locations
at the investigated area.

Probabilistic component
The probability information in the land cover change modelling of land surface phenomena often is
based upon Markov chains (Baker W. L., 1989). An important component of Markov chains is the
transition probability matrix P = [pij], traditionally obtained by two time series thematic maps. Thus,
defining the second component in the framework of the proposed approach is based upon the
transition probability matrix elements. At that the transition probability of a state ωi to a state ωj in an
analyzed neighborhood depends not only on the probability pij but on the number of elements with the
state ωj in the neighborhood. For each state in the analyzed neighborhood, coinciding with the
elements of a current cellular automaton, probability pijprob = nj⋅pij, is defined, j = 1,2,…, m, m — the
number of states in the analyzed neighborhood, nj — the number of elements with state ωj in the
neighborhood.

Spatial component
Third component of CA transition rules is based upon spatial characteristics of each land cover type.
Spatial characteristics are defined on the basis of enrichment factor, proposed in (Verburg P.H. et al.,
2003). The technique of the enrichment factor application consists in the following. Corresponding
vector Fienr = {f1, f2,…, fM} for each state ωi is constructed, i = 1..M, M — the number of land cover
types. Vector Fienr contains information about the enrichment of type ωi on the whole image. Then for
each pixel on the image the local enrichment vector Filoc is calculated. After that the probability pijspat
is defined for every location as pijspat ~ 1/d(Fienr,Filoc), where d — Euclidian distance between the
vectors.
When all components are already defined the final transition probability of the initial image
elements can be represented as pijfin =fCA(p) ~ (pijprob + pijspat + pijdf).
An additional important moment for the land cover change modelling is the defining not only the
transition probability pijfin, but also the change order of the elements of the resulting image (ranking).
The ranking in the framework of the proposed approach is to be defined in the following way on the
image. The elements with the greatest values of pijfin are to be changed first and the elements with the
least values pijfin are to be transited last. The preliminary investigation results of the ranking show its
usefulness. Moreover it allows to obtain significantly more adequate the land cover change modelling
results.

CASE STUDY
The accuracy estimation of the proposed approach using model time series thematic maps is
conducted. The modelling performs on the basis of the first and the second images and the accuracy is
estimated on the third image by confusion matrix and kappa index of agreement. Factually, we
compare the obtained image and the actual image on the same time moment and create the confusion
matrix between them. This matrix contains the number of pixels on obtained image which either
coincident or do not coincident with the corresponding pixels of the actual image. To obtain more
precise results of the accuracy estimation the experiments were conducted for many times. As the
final accuracy estimation result the average value of all experiments is taken.
Some representative results for four triple images are depicted in Fig. 2. The notice «1,2–>3» on the
abscissa means that images 1 and 2 were used for calculating parameters and obtaining forecast map,
image 3 was used to compare it with the obtained forecast map and to estimate the accuracy by kappa
index of agreement. The proposed approach to modelling, applied on the set of the model data, allows
to reach the average accuracy about 93%. At the same time the traditional approach to CA modelling
allows to get the accuracy that is not exceeded 75%.
Moreover the proposed approach to modelling the land cover change using CA has been applied for
the efficiency investigation on truth thematic maps obtained from real time series aerospace images.
As an example, the modelling is performed on the basis of the thematic maps, obtained from satellite

images of Uymon steppe area (Altay region, Russia). Investigated area could be separated to six
major land cover classes. There are flood-plain, vegetation, coniferous, high bushes, low bushes and
water.
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Figure 2: Accuracy estimation results obtained by the different CA modelling techniques: 1 — with
probabilistic component only, 2 — proposed approach, 3 — traditional approach.
These satellite images with the spatial resolution about 30 m were obtained from RESURS-O1
satellite in 1998, 1999, 2000. The thematic interpretation of the satellite images has been performed
by the original interpretation software, developed in the GIS laboratory of Tomsk Polytechnic
University (A.V. Zamyatin & N.G. Markov, 2004).
On the Fig. 3 and Fig. 4 the modelled images for the time moments t + 1, t + 2 and t + 3 (t — the
time moment for 2000) are depicted. It should be noted that these images are obtained by the
traditional approach (Fig. 3), which is based upon simple majority CA transition rules and by the
proposed approach (Fig. 4). Even visually, it can be noticed that all modelled images in Fig. 4 have
more legible borders of the thematic classes compared to images obtained by the traditional approach
depicted in Fig. 3. Also it can be noticed that for modelled results on the time moments t + 2, t + 3
etc. the “salt and pepper” effect is becoming more significant that could be lead to decreasing the
accuracy of the forecast maps on further time moments.
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Figure 3: Example of land cover change modeling for the time moments t + 1, t + 2 и t + 3 with the
traditional defining CA transition rules.
We perform the analysis of the land cover change in the study area. The analysis shows that floodplain class was significantly increasing during the observed time period. For example, at 1998 it was
205,9 km2 and at 2000 it became about 280,3 km2. At the same time period the square of coniferous
vise-versa lost 18 km2 from 64 km2 to 46 km2. The water keep the same square during the all
observed time period.
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Figure 4: Example of land cover change modeling for the time moments t + 1, t + 2 и t + 3 with the
proposed defining CA transition rules.
The numerical accuracy estimation of the forecast map on 2000 is obtained by a comparison with the
truth thematic map on 2000. The estimation demonstrates the accuracy of the obtained forecast map
by the proposed approach with kappa index of agreement about 75%. The same forecast map, which
is obtained by the traditional approach with the simple majority CA transition rules, allows to get the
accuracy 61% only.
Thus, analyzing all the investigation results, which were obtained with the modelled data and real
satellite data, we can promote the idea that the proposed approach including different probabilistic
components for defining CA transition rules is significantly more effective compared to traditional
approach.

CONCLUSION
Considering the possibility of up-to-date ways to get the information of land cover dynamics
including remote sensing methods the solving task of the land cover change modelling is very urgent.
Nowadays one of the most effective facilities for the land cover change modelling is CA. The
preliminary investigation results show the proposed probabilistic approach to defining the CA
transition rules allows to perform the process of the land cover change modelling more effectively.
Moreover such approach allows to make the design of the forecast information more accurate then it
might me done by existing models of the land cover change modelling.
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