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ANALYSIS AND PREDICTION OF SPATIOTEMPORAL CHANGES OF
URBAN AREAS USING NEURAL NETWORKS

Abstract

Land use/Land cover (LULC) is crucial for land management. This study shows the spatiotemporal
dynamics of LULC for a wide area of Novi Sad with the emphasis on the urban area analysis. Results
presented in this study aim to estimate LULC changes and predict future trends of urban area
expansion in Novi Sad. Conducted study shows that in the years to come there will be a decrease in
the urban area expansion compared to last 35 years.
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AHAJIM3A U ITPEJUKIIUJA ITPOCTOPHO-BPEMEHCKHUX
INPOMEHA YPBAHOI IOJAPYYJA IOMORY HEYPOHCKHUX MPEXKA

Caxcemax

Kopumheme 3emsbnmra/3emspuman mokprusada (LULC) je o cymiTHHCKOT 3Ha4aja 3a yIpaBJbarbe
3emupnmmreM. OBa cTynWja WIIycTpyje mpocTopHO-BpeMmeHcky auHamuky LULC mmper moapydja
Hogor Cana, ca akieHTOM Ha aHaIU3y ypOaHUX moapydja. PesynraTu, mpe3eHTOBaHH Y OBOM Pafy,
nMajy 3a b aa nponeHe npomeHe LULC-a u mpensune Oynyhe TpenmoBe mmpema ypOaHOT
nmonpydja Hosor Cana. [IpoBenena crynuja mokasyje na he y HapeqHOM neproIy A0hu 10 copujer
mpem»a ypOoaHoT MoApyYja Y OJHOCY Ha MOCIEeIHBIX 35 roauHa.

Kwyune pujeuu: oemexyuja npomena, LULC, Landsat, neyporncke mpesice, random forests



1. INTRODUCTION

The landscape changes cause various transformations in the nature ecosystems and the structure of
society, both physical surroundings and socioeconomic factors. Among these activities, rapid urban
development is considered to be leading driver for the loss of arable land and green spaces which
can greatly affect climate changes and human life in general [1-3]. Consequently, large-scale
urbanization and population growth are causing LULC changes, which could potentially have
negative environmental consequences.

Urbanization is a name that denotes the natural or mechanical increase of population in urban areas,
the expansion of urban areas or the transformation of predominantly rural characteristics of an area
into an urban area. Urbanization is causing rapid land cover change, especially in developing
countries [4]. The process of urbanization implies, above all, the development of cities, and in a
broader sense, all other human settlements. Urban areas tend to change drastically over a short period
[5] of time due to constant urbanization. Urbanization has led to land cover change often in suburban
areas as a result of rapid economic development.

Timely and accurate mapping of urban land is necessary to anticipate the resources needed for the
normal functioning of the urban area [6]. Remote sensing data are useful for monitoring the spatial
distribution and growth of urban areas because of their ability to provide timely and up-to-date data
[7]. In the last two decades, researchers have become increasingly interested in using satellite
imagery to solve the problem of urban sprawl and suburbs. During this period, numerous techniques
were created for fast mapping of both land cover and urban area with the help of satellite images.
In parallel with the development boom of housing, there is also the expansion of institutional,
industrial, traffic, infrastructure and other built-up areas. The development of these areas is
important for overcoming the problems caused by overcrowding in cities [8].

Change detection represents a serious and challenging task in the field of remote sensing. LULC
changes identification based on the satellite image classification is the most common approach for
the change detection when it comes to land cover [9]. In order to compare images, pixels from both
images have to be compared and this is one of the methods that can answer the question of where
and what changes had happened. Multiple studies [10-14] have shown that the changes in LULC,
with urban expansion having one with the biggest impact, followed by loss of forests, agricultural
land, water bodies, etc., are related to the degradation of the natural environment [1]. Techniques
for modeling transition potential and simulating future LULC under the influence of spatial variables
have evolved rapidly. They are trying to find out where the change has taken place and where the
change will potentially happen in the future [15]. Most of these models take land cover time data in
consideration when estimating transition potential, which in combination with spatial variables can
predict future LULC scenarios [1,16].

This paper main focus is the analysis of LULC changes in the past 35 years and simulation of the
future state for the wider area of Novi Sad. The assumption is that there will be a somewhat slower
urbanization and expansion of the city of Novi Sad, since the city area has drastically increased in
the last 35 years, and that this trend of expansion will be transferred to greater urbanization of
surrounding suburbs. In order to confirm or reject these assumptions, this research is conducted with
the main goal to predict changes in land cover using the method of Multilayer Perceptron (MLP)
Neural Network. As foretold, the emphasis is on the analysis of urban sprawl in the last 35 years and
the simulation of urban sprawl in the next 35 years using publicly available data sets and open source
tools.

2. MATERIALS AND METHODOLOGY

2.1. STUDY AREA

The area for this analysis includes the wider urban area of Novi Sad. The city of Novi Sad is located
at 45°15'18"N, 19°50'41"E, and is the largest city in the Autonomous Province of Vojvodina. The
town lies on the banks of the river Danube, on the left bank is the plain part of the city (Backa),
while on the right bank is the hilly part of the city (Srem), located on the slopes of Fruska gora. The
altitude on the Backa side is 72-80m, while on the Srem side it is about 250-350m. After Belgrade,
Novi Sad is the second most populous city in the Republic of Serbia. At the last official census from
2011., the city itself had 231 798 inhabitants, while in the municipal area of Novi Sad the number
of inhabitatns was 341 625 [17]. Novi Sad has a very favorable geographic position, it is located on
the important traffic corridors, which provides significant advantages. Its roads, rails and river are



connected to the environment. The city was also chosen as the European Capital of Culture in 2022.
and as such it certainly has great potential for expansion.
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Figure 1. Study area
2.2. DATA COLLECTION

The data set for this analysis consisted of satellite images [18] used to obtain land cover maps, digital
elevation model and OpenStreetMap data from which other raster data (remoteness from roads and
remoteness from watercourses) representing the input parameters of the simulation model were
created.

2.2.1. Landsat 5

Landsat 5 was a low-orbit Earth satellite, launched on March 1st, 1984 for the purpose of collecting
images of the Earth’s surface. It was a continuation of the Landsat program (Landsat 1, 2, 3 and 4
were sent into orbit before Landsat 5). After 29 years spent in space, Landsat 5 completed its mission
on June 5th, 2013 [19]. It was equipped with two sensors: Thematic Mapper (TM) and Multispectral
Scanner (MSS). Each shot covers an area of 185x170km. The Landsat sensor has 7 bands that
simultaneously record the emitted energy from the Earth’s surface in blue, green, red, near-infrared,
medium-infrared and thermal infrared part of the spectrum, with spatial resolutions of 30m and
120m [20]. The platform was located at an altitude of 705km with an orbit synchronized with the
Sun. It had a 16 day temporal resolution.

2.2.2. Landsat 8

Landast 8 was launched on February 11th, 2013. It was fully developed in collaboration between
two agencies, the US Geological Survey (USGS) and the National Aeronautics and Space
Administration (NASA). Like the Landsat 5, the Landsat 8 also carries two types of sensors,
Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). The OLI sensor has a
spatial resolution of 30m, while the TIRS thermal sensor has a spatial resolution of 100m. TIRS data
are registered together with OLI data that are of higher spatial resolutions to form radiometric and
geometric corrections. Landsat 8 records in 11 bands. Of those bands, the tenth and the eleventh are
thermal, data from TIRS sensors, the eight band is panchromatic with a spatial resolution of 15m
[21]. The Landsat 8 orbit is defined in relation to the Worldwide Reference System (WRS-2) and is
synchronized with the Sun and is located at an altitude of 705km. The inclination of the orbit is 98.2
degrees. The satellite orbits the Earth in 98.9 minutes, and the time of crossing the equator is at
10:00 UTC +/- 15 minutes. These characteristics of the orbit allow the Landsat 8 satellite to cover
the entire globe every 16 days. The approximate scene covered by one shot is 170x183km [22].

2.2.3. EU-DEM
EU-DEM is a new digital elevation model for Europe. It was developed under the Copernicus

program. The aim of the program is to increase the availability and establish the basis for the height
of European relief data. The model is of medium quality, with a spatial resolution of about 25m. It



is a hybrid product based on SRTM and ASTER GDEM data combined with mean value
measurement approach. EU-DEM was subsequently improved by adding various data. For example,
values of heights in areas where there was a large coverage by the clouds were replaced by the data
from SRTM model [23]. Statistical validation of EU-DEM v1.0 shows and overall vertical accuracy
of 2.9m RMSE. It is consistent with the upgraded version of EU-Hydro, in order to produce a better
river network topology [24].

2.3. METHODS

As a part of this case study, the authors proposed a workflow to predict the expansion of the urban
area based on data generated on the principles of remote sensing. The proposed steps are shown in
Figure 2.

i

Figure 2. Flow chart of research method

2.3.1. Random forest

Random forest is a classifier from the Decision tree classifier group, which produces multiple
decision trees using a randomly selected subset of patterns and variables. Random forest is a flexible
machine learning (ML) algorithm that is simple, has a very wide application and gives excellent
results [25]. This classifier has become popular in the field of remote sensing due to the accuracy of
its classifications. It is also one of the most commonly used algorithms, due to its simplicity and the
fact that it can be used for both classification and regression, making it similar to SVM. The idea of
this algorithm is to train many decision trees and the decision of a class or the unknown sample
value is done by voting in the case of classification or averaging the results in the case of regression.
Each tree is generated by selecting a random sample from a training set, a pixel with known classes.
Attributes that are relevant for classification are selected for tree nodes. In the processing of satellite
images relevant attributes are bands. Not all bands are used for individual trees, but some bands are
used, ie. the number of tree nodes is less than the number of bands. For each node, based on a known
sample, boundary parameters are generated that divide the sample into classes up to the last branch
of the decision tree [26]. The procedure is repeated until a sufficient number of trees is generated.
Each pixel of the satellite image passes through each tree that classifies it into one of the classes. In
the end, the pixel is assigned to the class that a large number of trees have chosen for that pixel.



2.3.2. Change Analysis and Transition Potential Modeling

The Modules for Land-Use Change Simulation (MOULSCE) tool was used in this paper to analyse
land cover change and simulate future changes. This QGIS plugin offers the ability to analyse and
differentiate land cover change characteristics between two different years. In this study, the change
in land cover between 1986 and 2021 was analysed in order to see the changes in spatial patterns.
MOULSCE is able to calculate the transition matrix of the probability of change between any given
class and generates a map that thematically shows all types of land cover change.

MOLUSCE offers methods such as Artificial Neural Network (Multi-layer Perception), Multi
Criteria Evaluation, Weights of Evidence and Logistic Regression for modeling future land cover,
ie. simulation of land cover in the coming period. An artificial neural network (ANN) method was
used in this study. Cellular Automata Simulation was used to predict future land cover change based
on 1986 and 2021 maps and additional spatial variables. What is important to note is that this model
is based on the analysis of previous changes in the use and condition of neighboring cells to define
the rules of transition, and not on some anthropogenic or natural processes.

2.3.3. Multi-Layer Perceptron (MLP) Neural Network Method

Artificial neural networks represent an alternative approach to solving logical problems compared
to conventional computer logic. The very word “artificial™ suggests that the inspiration for the
structure and logic of these networks came from an attempt to imitate the work of natural neural
connections and systems. Basically, the use of artificial neural networks tries to create an artificial
system capable of learning and making intelligent decisions as a human being. This is especially
important when it comes to the large amount of data and the short time required to process it.

The perceptron is a model of a single neuron that was the forerunner of larger neural networks. For
multi-class problems, it is necessary to use more perceptrons, one for each class. The output of each
perceptron represents the probability of belonging to that class, and the class with the highest
probability is taken as the final output. A neural network is characterized as a Multi-layer perceptron
if within the neural network there are additional layers of neurons (perceptrons) between the input
and output layers, so-called hidden layers [27,28], as shown in Figure 3. The input layer receives an
input signal that should be processed. The required task such as prediction and classification is
performed by the output layer. An arbitrary number of hidden layers located between the input and
output layers are the real computational mechanism of MLP [27]. MLPs are designed to approximate
any continuous function and can solve non-linear problems [28]. MLPs are most commonly used
for classification problems, recognition, prediction, and approximations.
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Figure 3. Schematic representation of a MLP with single hidden layer [28]

3. RESULTS AND DISCUSSION

3.1. CLASSIFICATION

In order to be able to analyse the change in land cover and the expansion of the urban area, it is
necessary to classify satellite images and extract class information from them. Before the
classification, a search of satellite images from two collections (Landsat 5 and Landsat 8) for the
period from June to September 1986 and 2021 for the wider area of Novi Sad was performed. Clouds
were removed from the images obtained in this way, and composites were created in order to obtain
one image for 1986 and 2021 (Figure 4). In order to obtain better classification results, and based
on the analysis of the literature that dealt with the classification of land cover [29-31], it was decided
to add 5 more indices (NDVI, NDWI, NDBI, SAVI and EBBI) in addition to satellite imagery bands.



(b)

Figure 4. RGB satellite image 1986 (a) and 2021 (b)

Prior to the classification procedure, training samples were made for each of the 5 classes (water,
forest, bare land, low vegetation and artificial objects), 400 for each of the two analysed years. Since
the data about classes have not been available, training samples were created through the satellite
images analysis. In order to claim with certainty that those pixels that represent areas of a certain
class are included, optical images are visually displayed with different combinations of RGB
displays of visible and infrared bands. Out of the total number of training samples, 80% were taken
for training and 20% were taken for accuracy assesment.

The classification of satellite images was performed using the already implemented Random Forest
algorithm within Google Earth Engine. Satisfactory classification results were obtained by minimal
modification of parameters, so the number of trees for each class (numberOfTrees) was chosen to
be 300, and the input of tree variables (bagFraction) was chosen to be 0.5, other parameters were
left at default values. In the paper itself, as already mentioned, the emphasis is placed on the analysis
of changes in land cover, ie. on the analysis of the expansion of the urban area, and for that reason
no greater attention was paid to the optimization of the parameters of the classification algorithm.
The results of the satellite image classification were confirmed by estimating pixel-by-pixel
accuracy based on validation points. Validation points were selected at different locations
representing different land cover classes. For each classification result, an accuracy check was
performed based on the error matrix and Kappa statistics of the same. An overall classification
accuracy of 93.51% for 1986 and 94.59% for 2021, respectively, was obtained, with Kappa statistics
of 91.79% for 1986 and 92.80% for 2021.
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Figure 5. LULC maps 1986 and 2021
3.2. LULC CHANGE ANALYSIS

After the classification, the analysis of the change in the way of land cover in the last 35 years was
performed, ie. for the period from 1986 to 2021. LULC maps classified into five LULC classes are
shown in Figure 5. What can be seen from these maps is that the area occupied by artifical objects
has increased significantly in the last 35 years. This increase in artificial areas is most noticeable on
the western side of the city of Novi Sad, which in terms of construction resulted in the merger of



Novi Sad with the suburban settlement of Futog. The spread of other suburban settlements is also
visible.

Table 1 shows the areas of each of the five analysed land cover classes, as well as their differences.
It is obvious that the biggest change was experienced by bare land, which partly passed into the class
of built-up areas, and partly into the class of low vegetation. Given that the classes of low vegetation
and bare land can represent arable land, it is clear that the change in the way of use between these
two classes will occur not only from year to year but also within one year. What can be concluded
from this table is that there was a small change in water surfaces (decrease in area of 0.18%) and a
slight increase in forest area of 1.28km? and 0.25%. On the other hand, the use of urban land has
increased significantly by 19.83km?.

Table 1. Class statistics

LULC Type 1986 [km?] 2021 [km?] D [km?] D [%0]
Water 20.20 19.29 -0.91 -0.18
Forest 86.29 87.57 1.28 0.25
Bare land 103.22 60.02 -43.20 -8.44
Low vegetation 270.57 293.57 23.00 4.49
Built-up Area 31.80 51.62 19.83 3.87

Analysis of LULC changes shows a proportional transformation of bare soil into vegetation classes
and artificial objects (Figure 6). Based on the share of representation of each class, it can be clearly
established that new urban areas have emerged on parts of once potentially arable land (low
vegetation and bare land).

1986

6.21% 3.94%

2021

10.08 % 3.77%

11.72 %
57.33%

Figure 6. Different composition of land cover percentage in 1986 and 2021

= Water

= Forest

= Bare land

Low vegetation
20.16 %

52.84% = Built-up Area

Figure 7 shows the areas that now belong to the artificial objects and which in 1986 belonged to one
of the other four classes. From this picture, it is noticeable that most areas where there was no
vegetation were transformed into artificial surfaces. More precisely, as much as 56.17% of the total
number of transformed areas on which there was bare land was transformed into artificial objects,
and the rest of the area of 43.83% was transformed into other 3 classes.

LULC Transition to
Built-up Area

s : Legend
= 3 Il viater — Built-up Area
I Forest — Built-up Area
10 Bare land — Built-up Area
I Low vegetation — Built-up Area

1 0 1 2 3km
———————

Figure 7. LULC Transition to Built-up Area



The percentage of all classes that were transformed into artificial surfaces is given in Figure 8. As
already mentioned, bare land experienced the biggest change, and now it can be seen that the
smallest change occurred in water surfaces, which was expected.

Transition to Built-up Area

0.33%_ 0.68%

42.82 % ,,

56.17 %

= Water = Forest = Bareland Low vegetation

Figure 8. Percentage Transition to Built-up Area
3.3. CORRELATION EVALUATION

In order to more accurately predict the further expansion of the urban area in addition to the land
cover from the two periods (maps obtained in the previous step), it is necessary to include other data
that may affect the forecast result in the analysis. More precisely, the result of the forecast can be
influenced by some physical and socioeconomic factors that are responsible for changes in LULC,
because their contribution to the mechanism of change is very significant. Spatial factors such as the
digital elevation model, aspect, slope, distance from roads and distance from watercourses can
greatly influence the expansion of the urban area, so they are included in the model based on which
predictions of the situation for the next 35 years will be made.
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Figure 9. Spatial variables
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The correlation between the spatial variables was estimated using Pearson's correlation coefficient.
The correlation coefficient takes values from -1 to +1. If it takes positive values, the correlation
between the phenomena is direct or positive (both phenomena show direct variations). In the case
when the correlation coefficient is less than 0, the relationship is inverse or negative (when one
phenomenon increases, the other decreases, and vice versa). If there is a functional connection
between the observed phenomena, we are talking about a perfect correlation. The correlation
coefficient in that case takes the value -1 (if the connection is inverse) or +1 (if the connection is
direct). The closer the absolute correlation coefficient is to value of one, the stronger the correlation
between the phenomena. In contrast, the closer to zero the weaker the linear relationship. Table 2
shows the correlation relationship between the five spatial variables. As we can see, DEM and Slope
have the greatest dependence, and DEM and Aspect have the least.



Table 2. Person’s correlation between spatial variables

DEM Aspect Distance Slope Dlstar_me
from road from river

DEM -- -0.00624 -0.07703 0.75050 0.51109
Aspect -- -0.01326 -0.01012 0.01274
Distance . 005230 | 0.06236
from road
Slope -- 0.30852
Distance _
from river

3.4. TRANSITIONAL POTENTIAL MODELING

Based on LULC data and spatial variables, a transition probability matrix is formed, which consists
of rows and columns of land classes in the initial 1986 and final 2021 year. This matrix shows the
proportion of pixels that change from one type to another.

The highest probability of change of 0.176696 was observed when changing bare land into built-up
land, which coincides with previous analyses. The lowest probability of change is when crossing
water surfaces into bare land and it is zero, which tells us that this kind of transformation will not
happen.

Table 3. Transition matrix of land cover in 1986 and 2021

2021
Water Forest Bare land Low Built-up
vegetation Area
Water 0.888027 0.011139 0 0.095531 0.005302
Forest 0.002076 | 0.823856 | 0.001439 | 0.170084 | 0.002545
1986
Bareland | 0.002842 | 0.008405 | 0.209776 | 0.602281 | 0.176696
Low
. 0.001956 0.056348 0.124448 0.765856 0.051392
vegetation
i‘:ég'”p 0.011095 | 0.004359 | 0.143836 | 0.238367 | 0.602343

Once the transition matrix has been formed, the next step is to create a model to predict land cover
change. During the process of model creation, LULC data from years 1986. and 2021. was used as
an input, along with spatial variables and transition matrix (Table 3) in order to predict the LULC
for the year of 2056.In this paper, the Multi-Layer Perceptron (MLP) neural network algorithm was
used to simulate the future state, as literature analysis found that many researchers found that this
approach was more powerful than other methods such as linear regression [32,33]. When creating a
model, it is necessary to define several parameters, so the value of one pixel was chosen for
Neighborhood pixels because it is the minimum that is the most efficient. Ten hidden layers were
selected, the learning rate and momentum parameters were set to 0.001, and the training was
performed in fify iterations. After this, it was determined that the total accuracy is -0.00082, and the
Min Validation Overall Error is 0.06328. In the following diagram, we see the learning curve of the
model, which is obtained in the process of training the neural network.
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Figure 10. Neural Network learning curve
3.5. PREDICTION LULC

In this case, artificial neural network was used to model the transition potential, and the results
generated in this way will be used in the further process, ie. in Cellular Automata Simulation.
Basically, the Cellular Automata Simulation process is based on the Monte Carlo algorithm [1,10].
Future LULC maps are predicted assuming that the existing LULC pattern and dynamics continue.
The simulation results are shown in the following maps. Since low vegetation and bare land have
the greatest potential for change into built land, only these two types will be shown below, the other
two types (water and forest) show less than 10% of the potential to move to urban areas, so they will
not be further analysed.

Low vegetation
transition to
Built-up

Legend

17 %

0%

Figure 11. Low vegetation transition to Built-up

As Figure 11 shows, low vegetation has the same potential for change in urban areas throughout,
but this potential is still below 20%, suggesting a low probability of transition from this class of land
to built-up area.
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Figure 12. Bare land transition to Built-up

On the other hand (Figure 12), with bare land there is a greater potential for change, up to 45%,
which indicates a higher probability of transition of this type of land to built-up, so it is quite realistic
to expect a transition in this direction. The result of the simulation and the ultimate goal of this
analysis is a map of the projected spatial distribution of artificial objects for 2056.

Figure 13. Built-up area in 2056



As it can be seen from Figure 13, in the next 35 years, slow urbanization is predicted, ie. the trend
of urban expansion is weakening. Based on the calculated areas for each class, we can see that the
share of artificial facilities for 2056 in the wider area of Novi Sad is 10.82%, which confirms the
previous conclusion about a small increase in the urban area. This conclusion makes sense if we take
into account the fact that the city has experienced a drastic expansion in the last 35 years, which has
been proven in this paper, so it is to be expected that further expansion will be somewhat slower. In
addition to the expansion of the city of Novi Sad, there is also a change in the area, ie. expansion of
surrounding settlements.

4. CONCLUSION

LULC maps from 1986 and 2021 represent a significant source of data and as such were used to
simulate changes in 2056. The results of the classification indicate a significant growth of the urban
area during the analysed period, with a decrease in other types of land cover.

The results of this research show that the greatest transformation into built land, in the last 35 years,
of all LULCs, has been experienced by areas under low vegetation and bare land. Specifically, the
LULC class, which experienced the largest change in the decrease from 1986 to 2021, was the bare
land class, which was determined to have passed most of these areas into the class of built-up areas.
During the analysis of areas and representation of each class in the analysed area, it was determined
that the construction area of the wider area of Novi Sad in 1986 was 31.8km?, and the construction
area in 2021 was 51.62km?. Further analysis concludes that the area of Novi Sad has expanded by
19.83km? over 35 years. The biggest changes and urban expansion have been identified in the area
of Veternik and Telep.

Spatial variables, such as Digital elevation model, Slope, Aspect and Distance and Road Distance
Factors, are very important driving factors that determine the further transformation of LULC, and
as such are recognized and included in the model used to simulate future conditions . The use of the
Multi-Layer Perceptron (MLP) as a model to simulate the future state of LULC for 2056 using
Cellular Automata Simulation has shown that the areas under artificial objects are slightly increasing
compared to 2021. This result confirms the initial assumption that in the coming period there will
be a slow expansion of the urban area. Additional improvements to the proposed model could be
achieved by including more spatial variables that influence the change of landscape patterns, so the
analysis of other physical and socio-economic factors that may be responsible for land cover change
will be the subject of future research.

This study proposed a model for simulating the future expansion of the urban area, which can be of
great help for planning the development of cities, ie. to create settlement regulation plans or to solve
problems that arise due to various human activities. Also, the results obtained in this way can be
used by planners to determine a development pattern that would allow them to make better use of
land. In addition, it helps the community understand the changes in its environment, as well as other
stakeholders to assess the development potential of a place. It also provides vital information to state
or local authorities that are directly involved in the development of an area. By analyzing future
potential developments, using publicly available data and open source tools, data obtained can be
used by experts from various fields that are in some way related to spatial and temporal data.
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