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Abstract

In order to generate land cover projections and model land use and cover changes 
(LUCC), probability-based transition matrices are obtained through the overlaying 
of two maps of two different dates. However, the observation interval may differ 
because maps are not available every year or at a constant time interval and a 
matricial algorithm is commonly used to adjust the matrix. However, although the 
obtained yearly matrix is mathematically correct, it does not necessary represent 
adequately the yearly transitions due to the spatial coincidence of various 
transitions over the entire period of time and because some transitions that are 
observed over a large period are not possible over a shorter (e.g. yearly) period. In 
this paper, a novel approach, based on a genetic algorithm (GA), is applied to 
adjust yearly transition matrices taking into account criteria to produce more 
realistic transitions. A LUCC model was used to produce land cover maps at 
different dates using transition rules defined by the user. Yearly matrices were then 
obtained from these maps by both matricial and genetic algorithms and were 
compared. For certain periods of time, the matricial algorithm was unable to find a 
yearly matrix or found a matrix with impossible transitions. The GA approach was 
able to find realistic matrices from all the periods. 

Keywords: Markov matrix, modelling, land cover change. 

1. Introduction

Land use and cover changes (LUCC) become a critical issue due to its relation 
with climate change and biodiversity loss. The development and application of 
models that improve our capability to predict trends in LUCC is nowadays an es-
sential requirement of planning process (Lambin et al., 2001; Pontius Jr. and 
Schneider, 2001). LUCC monitoring is often carried out through the comparison 
over time of classified remotely-sensed images. Probability-based transition tables, 
such as Markovian models, are obtained from area-based transition through the 
overlaying of two land use/cover (LUC) maps or classified images of two different 
dates in a GIS framework. These matrices are used to generate land cover projec-
tions under the assumption that the transition rule is invariant over time. The area
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vector of LUC categories after c years can be obtained by the product of the area 
vector in the current year and the transition matrix expressing the transition rule.
However, a common problem is that observation interval may differ among several 
observation periods because remotely-sensed images or LUC maps are not avail-
able every year or at a constant time interval. If the observation intervals differ, the 
transition probabilities cannot be compared directly. Therefore, they should be
adjusted on the basis of the same observation time to allow the comparison. More-
over, in LUCC modeling, it is often desirable to use a yearly transition matrix in 
order to set the modeling step in one year. 

Equation (1) indicates a formula (hereafter the matricial algorithm) commonly 
used to calculate the yearly matrix (Flamenco et al., 2007; Mas et al., 2004, Soares-
Filho et al., 2002).

A1/c = V.H V-1.                  (1) 

Where A1/c is the yearly matrix corresponding to A (Note that A1/c multiplied by 
itself c times is equal to the original matrix A), V is the eigenvector of matrix A (n-
by-one column vector), V-1

Takada et al. (2010) developed a computer program to solve the equation (1) and 
reported that there are c

the inverse of V and, H is a n-by-n matrix in which the 
diagonal elements are filled by the values of the eigenvalues of the matrix A and 
out-diagonal elements are set to 0.

n

However, although these yearly matrices are mathematically correct, they do not 
necessary represent adequately the yearly transitions because: i) The changes ob-
served by comparison of the beginning and the end of the period are only a part of 
the changes which occurred. For instance, a change from category 1 to 2 followed 
by a change from 2 to 1 is not detected at all and a change from category 1 to 2 
followed by a change from 2 to 3 seems to be a single direct change from 1 to 3, 
ii) the change patterns may vary along the period of observation: the matrix A is 
not the result of the product of only one yearly matrix but rather of different yearly 
matrices and, iii) some transitions that are possible over a large period are not pos-
sible over a shorter (yearly) period (for example the transition from pasture to ma-
ture forest must transitate by secondary forest).

solutions, including matrices that have imaginary num-
bers, negative values or values above one, which is not acceptable for a probability 
matrix. These authors proposed to use the obtained matrices with negative elements 
close to zero setting these negative values to zero. In some cases, there are no ma-
trices with small negative values and no yearly matrix can be provided.

In this paper a novel approach, based upon a genetic algorithm (GA), is applied 
to adjust yearly transition matrices taking into account criteria to produce more 
realistic transition probabilities. 

2. Material

DINAMICA EGO, an environmental modeling platform for dynamic spatial 
models, was used to develop a LUCC model (Soares-Filho et al., 2002, Rodrigues 
et al., 2007). We used a R based GA called genalg developed by Willighagen 
(2005) to optimize, a set of floating point numbers (chromosomes) representing 
transition probabilities. Matricial computing was also carried out with R (R Devel-
opment Core Team, 2011) and a DOS program developed by Takada et al. (2010).
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3. Methods

3.1. Genetic algorithms (GAs)

A GA is a search heuristic that mimics the biological evolution process for solv-
ing problems in a wide domain. A GA operates through a simple cycle of stages: 
i) Creation of a “population” of strings called chromosomes, which encode candi-
date solutions, ii) evaluation of each string, iii) election of best strings and, 
iv) genetic manipulation to create new population of strings.

Each cycle in GAs produces a new generation of possible solutions for a given 
problem. In the first phase, an initial population, describing representatives of the 
potential solution, is created to initiate the search process. The elements of the 
population are encoded into bit-strings, called chromosomes. The performance of 
the strings, often called fitness, is then evaluated with the help of an evaluation 
function, representing the constraints of the problem. Depending on the fitness of 
the chromosomes, they are selected for a subsequent genetic manipulation process. 
It should be noted that the selection process is mainly responsible for assuring sur-
vival of the best-fit individuals. After selection of the population strings, the genetic 
manipulation process consisting of two steps is carried out. In the first step, the 
crossover operation that recombines the bits (genes) of each two selected strings 
(chromosomes) is executed. The crossover points of any two chromosomes are 
selected randomly. The second step in the genetic manipulation process is called 
mutation, where the bits at one or more randomly selected positions of the chromo-
somes are altered. The mutation process helps to overcome trapping at local 
maxima. The offsprings produced by the genetic manipulation process are the next 
population to be evaluated.

In this study, a chromosome represents the values of the probabilities of a candi-
date yearly matrix. The evaluation function was defined to select the “best” chro-
mosome computing the power of the candidate matrix (chromosome) and compar-
ing its values with the corresponding values in the entire period matrix computing 
the sum of the absolutes differences between the elements of the two matrices. An 
additional criterion penalized matrix which columns sum more than one.

3.2. Case study

The GA was applied to a simple case of LUCC to illustrate and compare the 
outputs with the results of the matricial algorithm. Suppose a study area with three 
categories: 1) mature forest, 2) secondary forest and, 3) pasture. The annual transi-
tion rules expressed by this matrix (Table 1) indicate that no direct transition can be 
done from mature forest to secondary forest and from pasture to mature forest (null 
transition probability for these two transitions).

Table 1: Annual probability transition matrix. 

t                     t Mature forest+1 Secondary forest Pasture land
Mature forest 0.8 0 0.2
Secondary forest 0.2 0.7 0.1
Pasture land 0 0.1 0.9
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These annual LUCC were simulated over a period of 10 years. Using a set of 
change potential maps, modeled changes were more likely located in a certain re-
gion of the study area. Consequently, as in real situations, different transitions
occured at the same place during the entire period of simulation. Simulated LUC 
maps for time t0, t1, t7 and t10

4. Results

were compared in order to produce transition matri-
ces for different periods of time. These matrices were then transformed into yearly 
matrices using both matricial and genetic algorithms.

Tables 2, 3 and 4 show the matrices of transition probability for increasing peri-
ods of time. In these matrices, transitions from mature forest to secondary forest 
and from pasture to secondary forest exhibit an increasing probability because these 
indirect transitions are more likely to occur over a larger period of time.

Table 2: Transition probability matrix for period t0-t5

t

(5 years). 

0                          t Mature forest5 Secondary forest Pasture land
Mature forest 0.35 0.10 0.55
Secondary forest 0.37 0.25 0.38
Pasture land 0.00 0.28 0.72

Table 3: Transition probability matrix for period t0-t7

t

(7 years). 

0                          t Mature forest7 Secondary forest Pasture land
Mature forest 0.28 0.15 0.57
Secondary forest 0.26 0.17 0.57
Pasture land 0.00 0.14 0.86

Table 4: Transition probability matrix for period t0-t10

t

(10 years). 

0                         t Mature forest10 Secondary forest Pasture land
Mature forest 0.22 0.19 0.59
Secondary forest 0.17 0.15 0.67
Pasture land 0.25 0.2 0.56

In order to obtain the yearly matrix, we first applied the matricial method. 
Slights differences in probabilities were found depending the program used to carry 
out the matricial method (DINAMICA, R and Takada's program), we present here 
the matrices obtained by the program developed by Takada et al. (2010).  In the 
case of the matrix over 5 years, a solution with small negative elements was found 
(Table 5) and is very close to the original matrix (see table 1). In the case of the 7 
years matrix, a yearly matrix was also found (Table 6) but it presents probability 
above zero for an impossible direct transition (Mature to secondary forest). Finally, 
no corresponding yearly matrix with positive elements nor matrix with a few small 
negative elements was found for the t0-t10 period. 
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Table 5: Annual transition probability matrix obtained from matrix of period t0-t5

t

. 

0                           t
Mature forest10 Secondary forest Pasture land

Mature forest 0.82 0 0.18
Secondary forest 0.22 0.72 0.07
Pasture land 0 0.11 0.89

Table 6: Annual transition probability matrix obtained from matrix of period t0-t7

t                         t

. 

Mature forest+1 Secondary forest Pasture land
Mature forest 0.79 0.08 0.13
Secondary forest 0.24 0.62 0.13
Pasture land 0.00 0.06 0.94

For the 5 and 7 years periods, the GA method gave matrices with very similar 
values of probability (Table 7). For the period t0-t10

Table 7: Annual probability matrix obtained by the GA from periods t

, the GA found a matrix pre-
senting unrealistic values (higher probabilities for change transition than for per-
manence, table 8). The fitness function was modified to favor matrices with perma-
nence probability higher than 0.7 and a more realistic matrix was found (Table 9).

0-t5 and t0-t7

t                       t

. 

Mature forest+1 Secondary forest Pasture land
Mature forest 0.89 0 0.11
Secondary forest 0.12 0.85 0.03
Pasture land 0 0.05 0.95

Table 8: Annual transition probability matrix obtained by the GA from period t0-t10

t                        t

. 

Mature forest+1 Secondary forest Pasture land
Mature forest 0.49 0 0.51
Secondary forest 0.61 0.11 0.28
Pasture land 0 0.28 0.72

Table 9: Annual transition probability matrix obtained from matrix of period t0-t10

t                           t

by the 
GA with an additional constraint (permanence probabilities preferentially above 0.7).

Mature forest+1 Secondary forest Pasture land
Mature forest 0.73 0 0.27
Secondary forest 0.33 0.66 0.00
Pasture land 0 0.11 0.89

4. Discussion and conclusions

A method based on GA was proposed to determine yearly matrix from a multi-
years matrix. It allows overcoming the problem of not finding solution encountered 
with the matricial algorithm. Another advantage is that the user can assign defined 
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values or ranges of allowed values to certain transitions to obtain a more realistic 
matrix. This can be essential if the model aims at simulating the landscape dynam-
ics precisely (for instance a model of shifting agriculture and successional vegeta-
tion dynamics). Models which objective is only the elaboration of a final map of 
landscape can likely be based upon matrices with indirect transitions.

In the present study case, the LUC maps were elaborated allowing multiple tran-
sitions at the same place. However, the fitness value was based on matrix multipli-
cation (that is, without taking into account the spatial patterns of change). To take 
into account the spatial coincidence of change, fitness could be calculated from the 
simulated map obtained by the model with a candidate matrix (chromosome). This 
approach is much more time consuming because the entire LUCC model has to be 
run for each candidate chromosome, but it is expected to give better results particu-
larly in case where changes tend to occur at the same place.
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