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ABSTRACT 

Urban development has acquired an important magnitude in touristic places in Greece. Many villages, especially in sea-
side areas have adapted to touristic requirements by the necessary infrastructures and activities. Pogonia, located in 
Vonitsa Etoloakarnanias, is a village which has welcomed the opportunity of touristic development. As a result, the 
house settlements increased 57.5% during the last 8 years. Urban growth modelling using Artificial Neural Networks 
(ANNs) was applied in order to simulate the urban development in Pogonia village using two methods: determinism 
and stochasticity. The variables used for deterministic simulation were: distances to roads, urban areas and coastline, 
slope and elevation. It was found that urban development can be better described using the network of distances be- 
tween all urban settlements (stochastic approach) rather than using determinism. This can be explained by the importance 
of the neighbourhood relationships and the interaction between urban settlements, occurred within the interconnected 
network of the self-organized urban system. 
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1. Introduction 

Although urban areas cover a small percentage of the 
earth surface (2% - 3%), urbanization has increased dur-
ing the last 200 years [1]. In 1800 only 2% of world pop- 
ulation lived in urban areas, while in 1900 this ratio inc- 
reased to 12% and in 2008 reached over 50%. As the ur- 
banization grows, it is estimated that this percentage will 
approach to 75% by 2030 [2]. During the last decades it 
has been recognized that urban growth has produced many 
socioeconomic and environmental issues. Therefore, a large 
amount of urban growth models has appeared in order to 
study urban land use dynamics and simulate urban growth. 
The urban growth models have been developed based on 
two major analytical issues of spatial analysis: spatial 
autocorrelation and spatial heterogeneity. Spatial autocor- 
relation refers to the spatial variability of a driving force, 
according to the first law of Geography, in which near 
things are more similar than distant things. Spatial het- 
erogeneity in an urban environment refers to the irregular 
distribution of urban settlements and therefore, urbaniza- 
tion produces spatial patterns. 

Several approaches have been made in order to simu-
late urban growth. Some information will be given in the 
most usual urban growth models: 1) Spatial Statistics mod- 
eling; 2) Cellular Automata modelling; 3) Decision Trees 
modelling; 4) Artificial Neural Networks and 5) Fractal 
modeling. 

Spatial statistics have been widely used in urban growth 
models [3-5]. The dependent variable can be estimated 
by independent variables using linear or multiple regres- 
sion and logistic regression. In logistic regression, the 
dependent variable is dichotomous, which predicts the 
presence or absence of a characteristic. In case of spatial 
autocorrelation, an autocovariate term, which captures the 
spatial variability of the response variable, is added into 
regression equation [6]. The second important character- 
istic of urban growth is spatial heterogeneity [7]. Local 
models instead of a global model must be applied in ar- 
eas with different patterns of urban growth [8,9]. 

Numerous models have been developed based on cel- 
lular automata for simulating urban growth since the last 
decades [10]. CA is discrete dynamics systems, repre- 
sented by a grid of cells, where the state of each cell de- 
pends on the cell and its neighbours of its previous state, 
according to some transition rules. Many applications have 
used CA for urban growth modelling [11-14]. Some limi- 
tations of CA in urban simulation involve the spatial di-
mension, where global transition rules are not suitable for 
modeling cellular space. Moreover, the regularity of neigh- 
bourhoods is inappropriate, because neighbourhoods should 
be described my different shapes and sizes. 

Decision trees automatically use some predefined rules 
in order to divide each variable. The smaller classes (nodes) 
produced correspond to a leaf of the decision tree and are 
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associated with the branch produced by the upper-level 
nodes [15]. Although the large tree produced by the ini-
tial step of decision tree construction fits to the training 
set, it usually cannot predict new data with satisfactory 
accuracy. Pruning process is the necessary step, where 
smaller trees are produced with no noisy data and lower 
complexity [16,17]. There are two types of decision trees: 
1) classification trees and 2) regression trees. In classifi-
cation trees, the predicted variable takes only two values, 
while in the regression trees the predicted variable varies 
within the values of the dependent variable [16]. Spatial 
autocorrelation is a limitation in decision tree modeling 
[18,19]. This could be overcome using a proper sampling 
method, with large sampling distance [20]. Spatial het- 
erogeneity is also another limitation in decision trees. [9] 
used an expert-based selection of local models, applied in 
different parts of the study area. This method performed 
better than applying a global model. 

An Artificial Neural Network (ANN) is a system com- 
posed by single elements, called neurons. The output neu- 
rons are computed using an internal transfer function of 
the input neurons. The input neurons are related together 
with different weights. The ANN learns from the experi- 
ence, using the input and output information through an 
iterative way of learning (e.g. back-propagation algori- 
thm). ANNs are popular urban growth models. They have 
the advantage of no dependence on input data relation- 
ships. Therefore, they are free of assumptions about spa- 
tial autocorrelation and multi-collinearity. [21] produced 
the Land Transformation Model (LTM), where the land 
use changes were predicted using ANNs, considering so- 
cial-economic and environmental factors. ART-MAP, an- 
other urban growth model, was produced by [22] using 
past information of land use and socio-economic data. 
ANNs have been also used in CA urban growth models 
for simulation and calibration [23,24]. ANN-based cellu-
lar automata models have been also applied for urban land 
use changes [25,26]. 

The nature is fractal itself, where the determinism and 
stochasticity co-exist within the self-organized natural sys- 
tem. In this system, the order and chaos are two phe-
nomena which are alternated. Most urban growth models 
are deterministic, where the urban growth is predicted 
from the influence of some variables. The theory of chaos 
combines deterministic and stochastic approaches, apply- 
ing non-linear dynamic oscillations of the urban charac- 
teristics. Therefore, future urban growth can be predicted 
by using self-similarity from urban characteristics. This 
approach can better simulate urban growth dynamics, once 
cities are fractals [27]. Cities are complex systems with 
characteristics of self-organisation, self-similarity and non- 
linear relationships between urban settlements [12]. As it 
is explained above, the common philosophy of the urban 
growth models is the determinism, in which everything  

that happens depends on some variables; nothing else 
could happen. However, how easy is to include all the 
variables which influence the urban growth? If we in- 
cluded all the variables, would the urban growth be ac- 
curately predictable? Unfortunately neither it is easy to 
include all variables, nor will the prediction be accurate 
in case of including all variables. This can be explained 
as follows. Firstly, it is beyond human perceptive ability 
to find all the variables and secondly, there is the factor 
of randomness which plays an important role in a self- 
organized urban system. This gap is treated by chaos the- 
ory, where determinism and stochasticity can exist together. 

In this research paper, the importance of the neighbour- 
hood interactions between urban settlements is exam- 
ined. These interactions represent the interconnected re-
lationships in the urban self-organized urban network. It 
can be considered that this approach is a stochastic me- 
thod because it does not take into account any independ-
ent variable which may influence urban growth, but it 
considers the self-similarity of distances between urban 
settlements. Therefore, the objective of this paper is to 
examine the determinism and stochasticity of the urbani-
sation by considering 1) independent variables which in- 
fluence the urban growth (determinism) and 2) distances 
between urban settlements within the urban network (sto- 
chasticity) and 3) a combination of the two methods. 

2. Study Area, Data Sources and Model 
Development 

2.1. Study Area 

The study area is located in the village of Pogonia, in 
Vonitsa Etoloakarnanias. It has a panoramic view in the 
gulf of Paleros, containing beaches all across the coast, 
and therefore, attracting many tourists. The Pogonia vil-
lage is specified by Xmin: 224,994 m, Xmax: 226,221 m 
and Ymin: 4,297,944 m, Ymax: 4,299,157 m (Greek Grid), 
as Figure 1 presents. The urban settlements were ex- 
tracted by digitizing orthophotographs and remote sens- 
ing imagery acquired by Google Earth and Hellenic Ca-
dastre. Moreover, some more field work was taken place 
in order to complete and test the urban settlements. There-
fore, two urban land use maps were produced for the 
years 2003 and 2011 respectively. From 142 urban set-
tlements in 2003, covering an area of 18,379 m2, 50 more 
urban settlements were built since then, covering an area 
of 28,956 m2. The total urban growth is 57.5%, which is 
very important taking into account the time period of 8 
years (2003 to 2011). Urban planners and decision mak-
ers in the municipality of Aktio-Vonitsas, where Pogonia 
village belongs, should try to keep the sustainability of 
environment, respecting the local people activities and 
traditions as well as the hospitality of the tourism. 
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Figure 1. Pogonia village (study area). 

2.2. Response and Independent Variables 

A grid of 50 m cellsize was produced, in which each cell 
was represented by a point. A total of 329 points were 
extracted from the whole study area and the model de- 
velopment was based on this point set. The response and 
the independent variables were calculated in these 329 
points. The response variable is the urban development. 
It takes value 1 if non-urban areas of 2003 are converted 
to urban in 2011 and 0 if they remain non-urban. The 
urban areas of 2003 are excluded from the model devel-
opment, because they are considered unconverted areas. 
The independent variables are: distance to roads (Dist- 
Roads), distance to urban areas (DistUrban) of 2003, dis- 
tance to coastline (DistCoastline), elevation and slope. 
The Euclidean distance was used to calculate the distance 
variables. The cellsize used for the raster representation 
of these variables was 10 m. Statistical analysis of the 
study area showed that all the above variables contribute 
with high importance in urban growth modeling in Pogo-

nia village. In order to better represent the importance- 
weight of each independent variable influencing urban 
growth, fuzzy sets were produced in each of them. The 
fuzzy values of the variables were used in model devel-
opment. 

In addition to the above independent variables, a net-
work of interconnected distances was produced in order 
to evaluate the neighbourhood interaction between urban 
settlements. More specifically, the Euclidean distances 
from each of the 142 existed urban settlements in 2003 to 
the 329 points of the study area were calculated. There-
fore, 142 variables with distances from each urban area 
were produced. This network of distances (DistNetwork) 
explains the non-linear relationships within the urban self- 
organized system. 

2.3. Model Development 

The model development was based in two principal com- 
ponents of chaos theory: determinism and stochasticity. 
Determinism takes into account the independent variables 
which influence urban growth, while stochasticity tries to 
model the non-linear interconnected relationships be- 
tween urban settlements within the self-organized urban 
system. Except from examining determinism and stochas-
ticity separately, a combination of them was also achieved. 

More specifically, for stochasticity, 142 variables with 
distances between each house settlement in 2003 from 
329 points of study area (DistNetwork) were considered 
in ANN-1 model. These 142 variables were standardized 
using maximum value. Therefore, they take values rang-
ing from 0 to 1. 

For determinism the fuzzy values of the following five 
independent variables: DistRoads, DistUrban, DistCoast-
line, Elevation and Slope were used as input neurons in 
the ANN-2 model. Fuzzy set theory is a generalization of 
Boolean logic, where there is no sharp boundaries be-
tween objects (variable values) which belongs to the set 
and those which do not. A membership function is applied 
into the variables, where each value takes a membership 
grade within 0 and 1 indicating the degree of its mem- 
bership into the set. The value 1 indicates complete mem- 
bership, while the value 0 non membership [28].  

Moreover, a combination of these two approaches was 
produced using the ANN-3 model where the 142 stan-
dardized distance variables (DistNetwork) and the five 
fuzzy independent variables were included as input neu- 
rons. The output neuron in all ANN models was the di-
chotomous variable of urban changes from 2003 to 2011 
(0: non urban to non urban and 1: non urban to urban). 

The ANN models were applied to the point set of 329 
locations. The initial dataset was divided to training set 
(60%), testing set (20%) and validation set (20%). For 
each ANN model 30 simulations were taken place, in which 
the best neural network (best validation accuracy) was 
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finally selected. In each simulation 50 epochs (iterations) 
were achieved. Moreover, concerning the architecture of 
the ANN models, two hidden layers were used. Random 
nodes ranging from 8 to 16 and 1 to 6 were contained in 
each hidden layer respectively. 

The design scheme of the model development is gra- 
phically presented in Figure 2. The application of the 
ANN models was achieved using appropriate code in Mat- 
lab environment. 

3. Results and Discussion 

The urban change is a dynamic phenomenon which is af- 
fected by many socioeconomic and biophysical factors. 
For examining the determinism, in each of the five inde-
pendent variables: DistRoads, DistUrban, DistCoastline, 
Elevation and Slope, a corresponding fuzzy set was cre-
ated by applying the SI model on the data of the year 
2003. The membership function designed was based on 
expert knowledge and experience of the area and the sta- 
tistical analysis of the data. Therefore, the independent 
variables favour urban growth as presented in Figure 3, 
where the fuzzy membership functions are drawn. 

Distance to roads: Distances from roads less than 50 
m positively influence urban growth. Therefore, they are 
assigned membership grade equal to 1 in the fuzzy set 
DistRoads. Distances greater than 50 m negatively in-
fluence urban growth, because the human factor is not 
intense in these areas. The crossover point of the mem-
bership function is at distance 90 m from roads. The width 
of the curve is 40 m. 

Distance to urban areas: Close to urban areas, urban 
growth is increased. In distances less than 20 m the mem- 
bership grade is equal to 1 in the fuzzy set DistUrban, 
while in distances greater than 20 m it varies from 0 to 1, 
taking the value 0.5 at distance equal to 50 m (crossover 
point). The width of the curve is 30 m. 
 

 

Figure 2. Design scheme of urban growth modelling. 

 

 

 

 

 

Figure 3. Fuzzy membership function of the independent 
variables of the urban growth in Pogonia village. 
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Distance to coastline: Areas near coastline favour ur-
ban growth. Therefore, in distances less than 180 m the 
membership grade takes the value of 1 in the fuzzy set 
DistCoastline. The fuzzy function gives membership grade 
equal to 0.5 (crossover point) to distance of 300 m. The 
width of the curve is 170 m. 

Elevation: In low elevation the urban growth is in- 
creased. Elevation less than 50 m the membership grade 
is equal to 1. The membership function gives member- 
ship grade 0.5 at 90 m elevation. The width of the curve 
is 40 m. 

Slope: Areas with slope less than 20% favour urban 
growth. Thus, these slopes take membership grade 1 in 
the fuzzy set Slope. Slopes greater than 20% take mem- 
bership grades according to the membership function, 
where at 30% slope the membership grade is 0.5 (cross-
over point). The width of the SI curve is 10%. 

The accuracy was calculated using the percentage of 
the correctly classified. Moreover, the Kappa statistic was 
also estimated in order to remove the cases, which were 
correctly classified by chance. The accuracy results of 
the three ANN models are presented in Table 1. 

As the Table 1 shows, the model which produced the 
best results was the ANN-1, while the ANN-2 was the 
least important model. Therefore, considering only the 5 
independent variables or examining the urban growth with 
deterministic approach, the results are not encouraged. 
The best results were produced using the distances be- 
tween urban settlements only. This means that the sto-
chasticity plays an important role in urban growth, be-
cause urban dynamics are sufficiently described by the 
interconnected relationships between urban settlements. 
Moreover, using all variables (ANN-3) where determin-
ism meets stochasticity (ANN-3 variables: variables of 
ANN-1 plus those of ANN-2) the accuracy increased, but 
without achieving the best results. This gives the oppor-
tunity to remark the importance of stochasticity, which 
takes into account the self-similarity between connec-
tions of urban settlements as shown in Figure 4. 
 
Table 1. Accuracy results of the ANN-1, ANN-2 and ANN-3 
models. 

Accuracy (%) Kappa 
 

ANN-1 

Training set 95.06% 0.860 

Validation set 86.36% 0.634 

 ANN-2 

Training set 76.05% 0.181 

Validation set 77.27% 0.353 

 ANN-3 

Training set 87.83% 0.671 

Validation set 80.30% 0.447 

 

Figure 4. Self similarity in the interconnected network of 
urban settlements 2003. 
 

The lines between point 1 and the urban areas of 2003 
as well as the dashed lines between point 2 and the same 
urban areas of 2003 (1, 2: two points of 329 total) are 
self-similar (Figure 4). The only difference is the scale 
which changes from point 1 to point 2. This self-simila- 
rity is one of the principles of chaos theory, which allows 
the examination of behaviour of dynamic systems. In this 
study area, the best results were produced considering the 
self-similarity of urban connections and their simulation 
in ANN-1 model. 

4. Conclusions 

In this research paper, determinism and stochasticity were 
considered in order to simulate urban growth in Pogonia 
village, western Greece. Determinism was evaluated us- 
ing five independent variables (DistRoads, DistUrban, Dist- 
Coastline, Elevation and Slope), which influence urban 
growth, while stochasticity was approached using dis- 
tances between urban settlements, which indicates the in- 
terconnected relationships within the urban self-organised 
system. 

The results showed that stochasticity produces better 
performance than determinism or combination of the two 
of them. This is very important outcome because it is us- 
ually difficult to consider all the independent variables 
which actually influence urban growth. Although apply-
ing deterministic approaches into real world phenomena 
is an important part of scientific research, stochasticity 
was proved to play a protagonistic role in this research. 
Therefore, according to chaos theory, which acts as a bri- 
dge between determinism and stochasticity, it can be ge- 
nerally argued that stochasticity must co-exist with de-
terminism because they both scientifically and philoso-
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phically explain the urban growth complexity more ap-
propriately. 
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