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Abstract

This study analyses long-term land cover changes in the Trnava District, Slovakia, with
particular emphasis on urban expansion and agricultural land loss. CORINE Land Cover
datasets from 1990, 2006 and 2018 were analysed in the TerrSet Land Change Modeler
environment, and future land cover development up to 2064 was simulated using a CA-
Markov modelling framework. The model incorporated four spatial explanatory varia-
bles: distance from built-up areas, distance from the road network, distance from wate
courses, and elevation. Between 1990 and 2018, Non-irrigated arable land recorded the
largest absolute net loss, decreasing by 962 ha (-1.9%). Urban and industrial categories
expanded during the same period: Industrial or commercial units increased by 456 ha
(+75.2%), Discontinuous urban fabric by 378 ha (+7.7%), and Continuous urban fabric by
70 ha (+175.0%). Broad-leaved forest increased by 796 ha (+6.9%), whereas Transitional
woodland-shrub decreased by 487 ha (-76.7%), demonstrating that gross gains and losses
within individual categories did not necessarily correspond to their net area changes. The
scenario-based projection to 2064 indicates a continued reduction in arable land and fur-
ther expansion of discontinuous urban fabric and industrial or commercial areas, partic-
ularly around existing settlements and transport corridors. The results demonstrate the
simultaneous effects of urbanisation, agricultural land conversion and changes in semi-
natural and forest categories. The study highlights the importance of distinguishing gross
land cover turnover from net area change and provides spatially explicit information to
support agricultural land protection, spatial planning and sustainable landscape manage-
ment in rapidly urbanising regions.

Keywords: land cover change; urban expansion; agricultural land loss; suburbanisation;
Land Change Modeler
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1. Introduction

One of the most significant and most dynamic forms of environmental change is land
use change. In particular, urbanisation and industrialisation rank among the main factors
leading to the loss of agricultural land, the reduction in biodiversity and the degradation
of soil resources [1-3]. The dynamics of these processes are especially pronounced in rap-
idly growing urban regions, where there is a continuous conversion of fertile arable land
and an increase in impervious surfaces [4,5]. The importance of these changes has also
been emphasised in the European context [6,7]. The most recent analyses indicate that
urbanisation and infrastructure expansion remain the dominant driving forces of agricul-
tural land loss, not only in Europe [8,9]. The suburbanisation of metropolitan areas such
as Bratislava, Prague or Budapest has led to a significant increase in the categories Con-
tinuous and Discontinuous urban fabric, and it is precisely these classes that most fre-
quently expand at the expense of arable land [10-12].

In addition, land use transformation is also influenced by secondary processes, such
as the succession of abandoned areas, which leads to the expansion of the categories Tran-
sitional woodland-shrub and forests [13,14].

An equally serious problem is soil degradation, which is closely linked to urbanisa-
tion and the decreasing extent of areas with vegetation cover. The European Environment
Agency (EEA) [15] points out that approximately one quarter of the European Union (EU)
territory is affected by erosion. The most recent predictive models confirm that the con-
tinuing expansion of urbanised areas will further intensify this problem [16]. This is also
confirmed by the works of [7,17], who state that European soils are exposed to intensive
pressure, with urbanisation being among the main factors of the permanent loss of their
production potential. This trend is particularly serious in areas with high soil quality,
where fertile land is converted into built-up areas at a faster rate than elsewhere. A similar
problem is faced, for example, by the Danubian Lowland, which is the subject of our
study.

Land cover changes rank among the key processes shaping the spatial and functional
structure of a territory. The identification and quantification of trends therefore require
the application of modelling approaches which enable not only retrospective analysis but
also the development of future predictions.

From a methodological perspective, several modelling approaches are used for the
prediction of land cover changes, combining historical data with simulation techniques.
Among the most frequently applied is the Markov Chains and Cellular Automata (CA-
Markov) model, which combines Markov Chains and cellular automata, thereby enabling
the simulation of the spatio-temporal dynamics of land cover changes [18-23]. Its effec-
tiveness has also been confirmed in hybrid approaches combining Random Forest model-
ling [20], in applications focused on soil degradation using Trends.Earth [24], as well as in
the prediction of functional urban areas [25]. A review study [26] emphasises the ability
of the CA-Markov model to capture non-linear and autonomous landscape change pro-
cesses.

Another widely applied approach is the CLUE-S model (Conversion of Land Use and
its Effects at Small regional extent), which integrates socio-economic and environmental
variables and is particularly suitable for the simulation of scenarios conditioned by policy
or management measures [27,28]. In addition to the classical CLUE-S model, modern ap-
plications employ its various advanced variants; for example, Ref. [29] applied CLUE-S
with a geographic information systems (GIS) application in an industrial area. Ref. [30]
developed the trans-CLUE-S variant, enabling a more detailed allocation of transitions
according to land use types. Ref. [31] implemented scenario planning for the simulation
of territorial changes up to 2040, while [32] demonstrated the capability of the CLUE-S

https://doi.org/10.3390/land 15081333



Land 2026, 15, 1333

3 of 22

model to simulate regional land use and predict impacts on carbon emissions with high
accuracy.

For the purposes of this paper, the LCM tool implemented in the TerrSet (v.20) soft-
ware environment was used for the analysis and prediction of land cover changes. Its
basis is the combination of CA-Markov model, which enables the capture of both tem-
poral and spatial dynamics of changes. For the creation of transition potentials, LCM em-
ploys statistical and machine-learning approaches, primarily logistic regression or the
Multi-Layer Perceptron (MLP) neural network, enabling the modelling of complex rela-
tionships between environmental and socio-economic factors [33,34].

These approaches have become a standard in the assessment of long-term trends and
scenarios, their advantage being the combination of statistical evaluation of past changes
with spatially explicit prediction [35,36]. Applications focus not only on urbanisation and
agricultural land loss, but also on forest succession, soil degradation, climate change im-
pacts and infrastructure development scenarios [37,38].

In the Slovak context, however, the number of case studies linking long-term assess-
ment of changes with future prediction remains relatively limited. Most available research
is oriented to the national level, while analyses work with CLC data and primarily map
general trends of urbanisation, succession and afforestation [11,12,39]. More detailed stud-
ies at the district or local level are significantly less frequent, although it is precisely these
levels that enable the capture of specific trajectories of change and their consequences for
fertile soil, local ecosystems or landscape structure. This shortcoming underlines the im-
portance of case analyses such as the assessment of the Trnava District.

The paper fills this gap through a case study of the Trnava District, which combines
CLC data with modelling in the LCM environment. The originality of the work lies in
linking historical analysis (1990-2018) with prediction up to 2064, which makes it possible
to capture not only past trends but also potential future scenarios of landscape transfor-
mation in a region with high soil fertility and intensive urbanisation pressure.

The objective of the paper is to analyse land cover changes and land use in the Trnava
District in the period 1990-2018 and, by means of the LCM model, to simulate their future
development up to 2064. Hypothesis 1 assumes that the main factor of change is urbani-
sation, which conditions the most significant agricultural land loss, particularly in the cat-
egory Non-irrigated arable land. Hypothesis 2 is based on the assumption that the greatest
losses in terms of area will occur precisely on fertile arable land, which will be transformed
into built-up areas.

The originality of the study lies in linking the historical analysis of CLC with predic-
tive modelling up to 2064, which makes it possible not only to quantify past changes but
also to assess their future consequences for agricultural production, spatial planning and
soil protection in one of the most rapidly urbanising regions of Slovakia.

2. Materials and Methods
2.1. Case Study

The model locality for the assessment of land cover changes is the Trnava District
(Figure 1). It is a territory with a long-standing tradition of intensive agriculture, which is
simultaneously exposed to strong urbanisation pressure due to its location in the core of
western Slovakia and in proximity to the capital city of Bratislava. The Trnava District
extends at the interface between the Danubian Hilly Land and the Little Carpathians in
the lowland area of Slovakia and is one of the seven districts of the Trnava Self-Governing
Region (Trnava, Galanta, Dunajskd Streda, Hlohovec, Piestany, Skalica, Senica). A total of
45 municipalities divided into 58 cadastral territories are located in the Trnava District. It
extends from a very warm, very dry lowland climatic area to a moderately warm, moder-
ately humid climatic area. Very deep loamy chernozems, brown earths and cambisols on
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plains and gentle slopes prevail, with a minimum altitude in the south-eastern part of the
territory of 122.09 m above sea level and a maximum in the north-western part of the
territory of 799.71 m above sea level. Almost the entire territory is suitable for agriculture.
In 2025, a total of 78 different crops were cultivated across the district, mainly commercial
crops such as maize, durum wheat and spring wheat, oilseed rape, sunflower, etc. In the
more sloping areas of the district, manifestations of water erosion occur in the categories
of moderately to catastrophically endangered soils.
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Figure 1. Location and administrative division of the Trnava District.

2.2. Corine Land Cover

Land cover categories were derived from the CLC database Copernicus Land Moni-
toring Service (https://land.copernicus.eu/en/products/corine-land-cover, accessed on 1
January 2021). For the model territory, 19 layers were harmonised, representing individ-
ual land types at Level 3. The following categories were included in the analysis: Contin-
uous urban fabric (111), Discontinuous urban fabric (112), Industrial or commercial units
(121), Road and rail networks and associated land (122), Mineral extraction sites (131),
Sport and leisure facilities (142), Non-irrigated arable land (211), Vineyards (221), Fruit
trees and berry plantations (222), Pastures (231), Complex cultivation patterns (242), Ag-
ricultural land with natural vegetation (243), Broad-leaved forest (311), Coniferous forest
(312), Mixed forest (313), Transitional woodland-shrub (324), Inland marshes (411), Water
courses (511), and Water bodies (512).

2.3. Time Horizons of the Analysis

Land cover changes were modelled between two land cover maps across three time
horizons: 1990 (past), 2006 (past), and 2018 (present). All datasets employ the same hier-
archical CLC classification scheme and identical mapping specifications, including a min-
imum mapping unit of 25 ha for areal features and a minimum mapping width of 100 m
for linear features, ensuring temporal comparability. Although the production methodol-
ogy has been progressively refined across successive releases, these improvements pre-
serve the consistency of the datasets while enhancing their overall quality, making them
suitable for long-term land cover change analysis. Although the CLC dataset provides a
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harmonised and consistent database for long-term regional land cover analyses, its mini-
mum mapping unit and spatial resolution limit the detection of small and fragmented
land cover changes, such as isolated buildings or local urban infill. Consequently, the pre-
sented results should be interpreted at the regional scale rather than for individual land
parcels. Future studies could improve the representation of local-scale dynamics by em-
ploying higher-resolution satellite imagery and independently validated land cover clas-
sifications.

The year 1990 represents the baseline state of the landscape following the period of
intensive socialist agricultural production, when large-scale arable land predominated
and the share of successional and urbanised areas was low. This horizon is key for cap-
turing the original landscape structure prior to major socio-economic changes. The year
2006 reflects the period following Slovakia’s accession to the European Union (2004),
when new approaches in agricultural policy began to manifest more significantly, includ-
ing the retreat from certain traditional forms of farming. At the same time, this period is
characterised by an increase in successional areas and the first more pronounced manifes-
tations of urbanisation. The year 2018 represents the current state of the landscape after
more than two decades of transformation. Typical processes of this horizon include the
continuing decline in arable land at the expense of urbanised categories. This horizon en-
ables the assessment of the long-term trend of landscape—ecological transformation in the
model territory.

2.4. Change Prediction

The prediction of the future state of the landscape was carried out using the LCM,
which forms part of the TerrSet geospatial monitoring and modelling software package.
It was developed at Clark University (https://www.clarku.edu/centers/geospatial-analyt-
ics/terrset/, accessed on 1 January 2021).

The prediction of future land cover development was carried out using a hybrid CA-
Markov modelling framework implemented in the LCM within the TerrSet software en-
vironment for the Trnava District (Slovakia). The overall modelling workflow is illus-
trated in Figure 2.

% N -
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DEM, Road network, Built-up Scenario-based prediction
areas, Watercourses MODELLED LAND COVER CHANGE
Case study TerrSet
the Trnava District

MLP Neural Network * Forests growth
—[ LAND COVER ANALYSIS Markov Chain 2+ Successional vegetation
CLC —19 classes f Urban expansion

Change detec‘tion 1990-2018 Agricultural land loss

]

Relative change 1990-2064

_[ Outputs
( ENVIRONMENTAL CONSEQUENCES |
Transition potential analysis Back-validation (1990-2006 - 2018) Soil sealing
Kappa =0.9733

Landscape fragmentation
Ecosystem service loss
Reduced infiltration capacity

Transition potential models [ IMPLICATIONS FOR SPATIAL ]

LAND COVER PREDICTION 2064

(2 dominant transitions) PLANNING

Arable -> Discontinuous urban fabric Farmland protection

Arable -> Industrial/commercial units Sustainable land managgment
5\ 2R Urban growth regulation /

Inn"- -5 n"""n-« -

Figure 2. Workflow of suburbanisation-driven land cover change modelling using the CA-Markov
approach implemented in TerrSet LCM in the Trnava District.
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Within the change analysis, we compared three time horizons: 1990, 2006, and 2018.
Based on an exploratory analysis of observed land cover changes, seven major transition
categories were initially selected for detailed evaluation to verify the proposed hypothe-
ses:

Non-irrigated arable land TO Discontinuous urban fabric;
Non-irrigated arable land TO Continuous urban fabric;
Non-irrigated arable land TO Industrial or commercial units;
Pastures TO Discontinuous urban fabric;

Mixed forest TO Discontinuous urban fabric;

Transitional woodland-shrub TO Discontinuous urban fabric;

NS Ak W=

Agricultural land with natural vegetation TO Discontinuous urban fabric.

Subsequently, gross gains, gross losses, net area changes, and class-to-class transi-
tions were calculated separately. Figure 3A presents the contributions of individual land
cover categories to the net change in Non-irrigated arable land, while Figure 3B shows the
spatial distribution of the two selected class-to-class transitions. Table 1 reports the total
area of each land cover class at the individual time points and supports the calculation of
net area changes; therefore, these outputs quantify different aspects of land cover dynam-
ics and should not be interpreted as directly equivalent. For model calibration and the
modelling of transition potentials, only two sub-models representing the conversion of
Non-irrigated arable land to Discontinuous urban fabric and to Industrial or commercial
units were selected. These transitions represented the dominant modelled processes of
agricultural land loss and suburbanisation and provided sufficient training samples for
MLP calibration. The remaining transitions were evaluated but were not included as sep-
arate sub-models because they were infrequent, spatially fragmented, or contained too
few transition pixels for reliable calibration.

1. From Non-irrigated arable land to Discontinuous urban fabric;

2. From Non-irrigated arable land to Industrial or commercial units.

(A) (B)
From 1990 to 2018

Contributions to Net Change in Non-irrigated arable land -
I Non-irrigated arable land

Water bodies to Discontinuous urban fabric

Water courses [ Non-irrigated arable land

e to Industrial or commercial units
Transitional woodland-shrub I:] Trnava District boundary

Mixed forest
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Agricultural land with natural vegetation
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Road and rail networks and associated land
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Discontinuous urban fabric

Continuous urban fabric

| A
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Figure 3. Land cover changes involving Non-irrigated arable land between 1990 and 2018: (A) con-
tributions of individual land cover categories to the net change in Non-irrigated arable land, ex-
pressed in hectares; and (B) spatial distribution of the observed transitions from Non-irrigated ara-

ble land to Discontinuous urban fabric and Industrial or commercial units in the Trnava District.
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Table 1. Absolute areas in hectares of all land cover classes in years 1990, 2006, 2018, and 2064.

Area [ha]

Class Name 1990 2006 2018 2064
Agricultural land with natural vegetation 2249 1570 1595 1595
Broad-leaved forest 11,517 12,058 12,313 12,314
Complex cultivation patterns 157 340 276 276
Coniferous forest 261 371 370 370
Continuous urban fabric 40 80 110 110
Discontinuous urban fabric 4904 4989 5282 6369
Fruit trees and berry plantations 26 26 200 201
Industrial or commercial units 606 991 1062 1797
Inland marshes 74 26 26 26
Mineral extraction sites 103 115 116 117
Mixed forest 652 689 731 730
Non-irrigated arable land 51,146 50,840 50,184 48,363
Pastures 741 548 585 584
Road and rail networks and associated land 53 84 60 60
Sport and leisure facilities 207 240 258 257
Transitional woodland-shrub 635 356 148 148
Vineyards 618 464 468 467
Water bodies 84 276 278 279
Water courses 37 47 48 47

Sum

74,110 74,110 74,110 74,110

Figure 3A shows the contribution of individual land cover categories to the net

change in Non-irrigated arable land, while Figure 3B presents the spatial distribution of

the two selected transitions used for MLP calibration. The mapped transitions do not rep-
resent the total net area change in the destination classes. For the prediction of land cover
change, the MLP neural network was applied. The model was calibrated for the period
1990-2018 using four explanatory variables. All variables, as used in comparable studies

(e.g.,

[40,41]), were resampled to a common spatial resolution of 100 m corresponding to

the CLC grid. The following explanatory variables were used:

1.

Distance from built-up areas is understood as urban expansion, which tends to occur
in the immediate vicinity of already existing built-up areas. This variable therefore
represents the core effect of the growth of towns and municipalities (so-called urban
sprawl) and is key in modelling suburbanisation. A similar approach is presented,
for example, by [42], who identified “proximity to built-up areas” as one of the
strongest predictors of urbanisation processes.

Distance from the transport network, i.e., accessibility of transport infrastructure, is
one of the main factors in the spatial organisation of settlement. The variable captures
the attractiveness of locations in proximity to transport corridors for residential and
commercial as well as industrial development. According to studies by [43], transport
accessibility is systematically one of the most significant factors in predicting urban-
isation.

Water courses and distance from water courses represent both an attraction and a
limiting factor. Proximity to water courses may increase attractiveness for recreation
or housing, but at the same time represents a risk of degradation processes and flood-
ing, which influences the spatial distribution of development. Inclusion of hydrolog-
ical variables is recommended by [44], who point out that rivers shape urban devel-
opment patterns, both through resource availability and hazard risks.
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4.  Terrain morphology significantly influences land use—flat and gently sloping areas
are more suitable for development, whereas slopes and higher elevations limit ex-
pansion. The inclusion of the Digital Elevation Model (DEM) enables the considera-
tion of topographic constraints of urbanisation as well as links to soil stability. This
practice is also recommended by [45], who consider topography to be one of the fun-
damental factors in modelling landscape change.

Two MLP models were developed within the LCM. The first model was developed
exclusively for model validation. It was calibrated using the 1990-2006 land cover datasets
and subsequently validated by simulating the 2018 land cover map, which was compared
with the observed CLC 2018 dataset. The second model was calibrated using the complete
1990-2018 dataset and employed for the final projection of land cover to 2064. This two-
stage modelling approach enabled an independent assessment of the predictive perfor-
mance of the modelling framework while simultaneously maximising the amount of his-
torical information available for the final long-term projection.

Both models employed the same MLP architecture, consisting of four input neurons,
three hidden neurons, and three output neurons. The four input neurons corresponded to
distance from built-up areas, distance from the road network, distance from water
courses, and elevation represented by the Digital Elevation Model. The three output neu-
rons represented the two modelled transitions—Non-irrigated arable land to Discontinu-
ous urban fabric, and Non-irrigated arable land to Industrial or commercial units —and
persistence of the originating Non-irrigated arable land class. Model training was per-
formed using 1000 sampled cells per class, with 50% of the samples allocated for training
and 50% for testing. The training process used a final learning rate of 0.0005, a momentum
factor of 0.5, a sigmoid constant of 1, an acceptable RMS threshold of 0.01, and a maximum
of 10,000 iterations. The validation model calibrated for the 1990-2006 period achieved a
training RMS of 0.1966, a testing RMS of 0.2071, an accuracy of 91.28%, and a skill measure
of 0.8692. The final projection model calibrated using the 19902018 period achieved a
training RMS of 0.2961, a testing RMS of 0.3047, an accuracy of 81.82%, and a skill measure
of 0.7274. The lower accuracy and skill of the final projection model indicate greater un-
certainty associated with the long-term projection to 2064. The back-validation was eval-
uated primarily using change-focused measures. The Figure of Merit (FoM) was calcu-
lated from a three-map comparison of the observed 2006 map, the observed 2018 map,
and the simulated 2018 map as H/(H + M + F + W), where H denotes correctly predicted
change, M is the missed observed change, F is the false-alarm change, and W represents
change predicted in an incorrect destination category. Correctly predicted persistence was
excluded from the calculation. Quantity disagreement and grid-cell-level allocation disa-
greement were also calculated. Whole-map Kappa was retained only as a supplementary
statistic because it is strongly influenced by the large proportion of persistent pixels.

Following the back-validation, the final CA-Markov simulation was recalibrated us-
ing the complete 1990-2018 land cover dataset to maximise the historical information
available for estimating transition probabilities. For the simulation of future land cover
development, the Markov Chain approach was applied to estimate transition probabilities
between land cover categories based on observed historical changes. The year 2064 was
selected as the projection horizon in accordance with the objectives of the research project.
The resulting land cover map should therefore be interpreted as a scenario-based projec-
tion representing the continuation of historical land cover dynamics under the assump-
tion of stationary transition probabilities rather than as a deterministic prediction of future
landscape development [36].

Within the Change Allocation module, the soft prediction option was used to gener-
ate spatially explicit transition potential maps, with probability values ranging from 0 to
1 for each pixel. These transition probability surfaces were subsequently allocated using
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the Cellular Automata algorithm to produce the final hard-classified land cover map for
2064. This approach combines the quantity of expected land cover changes estimated by
the Markov transition matrix, with their spatial allocation based on transition suitability.
Only the dominant transitions from Non-irrigated arable land to Discontinuous urban
fabric and Industrial or commercial units were modelled using MLP-derived transition
potential maps. The remaining land cover classes were not individually modelled because
their transition frequencies were low and did not provide sufficient samples for reliable
MLP calibration. Nevertheless, all land cover classes were included in the Markov transi-
tion probability matrix. During the prediction stage, the CA-Markov algorithm allocated
all classes according to the transition probabilities and the available transition potential
maps, resulting in a complete 19-class land cover map for 2064.

Reverse transitions specifically from urban or industrial classes back to Non-irrigated
arable land were not included as separate transition sub-models because they were absent
or too infrequent and spatially fragmented to provide sufficient training samples for ro-
bust MLP calibration. This statement does not imply that all outflows from Discontinuous
urban fabric or Industrial or commercial units were absent. Gross inflows and outflows
may occur simultaneously, whereas Table 1 reports only the resulting net area change.
The modelling framework therefore focused on the dominant transitions from arable land
to urban and industrial classes.

3. Results

The analysis of gross gains and losses revealed considerable differences in the turn-
over of individual land cover categories between 1990 and 2006 (Figure 4A). The largest
gross gains and losses were associated particularly with Transitional woodland-shrub,
Inland marshes, Water bodies, Complex cultivation patterns and several urban and infra-
structure-related categories. However, the gross gains and losses shown in Figure 4
should not be interpreted as net changes in the total area of the respective classes. Accord-
ing to the absolute areas reported in Table 1, Non-irrigated arable land decreased from
51,146 ha in 1990 to 50,840 ha in 2006, representing a net loss of 306 ha (-0.6%). More
substantial net declines were recorded for other categories: Agricultural land with natural
vegetation decreased by 679 ha (-30.2%), Transitional woodland-shrub by 279 ha (—43.9%),
Pastures by 193 ha (-26.0%), Vineyards by 154 ha (-24.9%), and Inland marshes by 48 ha
(-64.9%). In contrast, Industrial or commercial units increased by 385 ha (+63.5%), Contin-
uous urban fabric by 40 ha (+100.0%), Discontinuous urban fabric by 85 ha (+1.7%), and
Road and rail networks and associated land by 31 ha (+58.5%). Forest categories also in-
creased: Broad-leaved forest increased by 541 ha (+4.7%), Coniferous forest by 110 ha
(+42.1%), and Mixed forest by 37 ha (+5.7%).

During the period 20062018 (Figure 4B), the gross gains and losses indicate contin-
ued turnover among several land cover categories. However, the net area changes derived
from Table 1 show that Non-irrigated arable land decreased by 656 ha (—1.3%), Transi-
tional woodland-shrub by 208 ha (-58.4%), Complex cultivation patterns by 64 ha
(-18.8%), and Road and rail networks and associated land by 24 ha (-28.6%). In contrast,
Fruit trees and berry plantations increased by 174 ha (+669.2%), Discontinuous urban fab-
ric by 293 ha (+5.9%), Continuous urban fabric by 30 ha (+37.5%), Industrial or commercial
units by 71 ha (+7.2%), and Mixed forest by 42 ha (+6.1%). The simultaneous decline in
arable land and expansion of urban and industrial categories indicates continuing urban-
isation pressure during this period.
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Figure 4. Gross gains and losses by land cover category, expressed as percentage change, for (A)
1990-2006, (B) 2006-2018, and (C) 1990-2018. Positive values represent gross gains, whereas nega-

tive values represent gross losses.

Over the entire period 1990-2018 (Figure 4C), Non-irrigated arable land recorded the
largest absolute net loss, decreasing by 962 ha (-1.9%). Substantial declines were observed
in other categories: Agricultural land with natural vegetation decreased by 654 ha
(-29.1%), Transitional woodland-shrub by 487 ha (-76.7%), Pastures by 156 ha (-21.1%),
Vineyards by 150 ha (-24.3%), and Inland marshes by 48 ha (-64.9%). In contrast, Broad-
leaved forest increased by 796 ha (+6.9%), Industrial or commercial units by 456 ha
(+75.2%), Discontinuous urban fabric by 378 ha (+7.7%), Water bodies by 194 ha (+231.0%),
Fruit trees and berry plantations by 174 ha (+669.2%), Coniferous forest by 109 ha (+41.8%),
Mixed forest by 79 ha (+12.1%), and Continuous urban fabric by 70 ha (+175.0%). Although
some categories show very high relative increases because of their small initial areas, the
absolute changes confirm the simultaneous expansion of urbanised areas and the reduc-
tion in agricultural land. Absolute areas for all land cover categories and years are pre-
sented in Table 1.

Overall, the results indicate two simultaneous landscape-transformation processes:
the net decline of Non-irrigated arable land and several other agricultural and semi-natu-
ral categories; and the expansion of urban, industrial, forest, and water-related categories.
Figure 4 presents gross gains and losses, while Table 1 reports class areas and the resulting
net area changes.

Figure 5 illustrates the spatial persistence of land cover, i.e., territories that retained
the same type of use or cover throughout the entire monitored period, thereby indicating
the core stable elements of the landscape.

To evaluate the predictive performance of the modelling framework, an independent
back-validation was performed. The model was calibrated using the 1990 and 2006
CORINE Land Cover datasets and subsequently used to simulate land cover for 2018. The
simulated 2018 map was compared with the observed CLC 2018 dataset (Figure 6). The
three-map comparison yielded a Figure of Merit of 0.125 (12.5%), indicating modest per-
formance in predicting the spatial occurrence of land cover change. The comparison also
yielded a quantity disagreement of 0.0044 (0.44%) and a grid-cell-level allocation disagree-
ment of 0.0125 (1.25%), while allocation disagreement at the strata level was 0.0000. The
whole-map Kappa coefficient was 0.9733; however, it was interpreted only as a supple-
mentary measure because the landscape is dominated by persistent pixels.
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(A) From 1990 to 2006 (B) From 2006 to 2018
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Figure 5. Spatial distribution of land cover persistence and change (non-persistence) in the Trnava
District. Comparisons between (A) 1990 and 2006, (B) 2006 and 2018, and (C) 1990 and 2018.
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Figure 6. Back-validation of the CA-Markov model: comparison between (A) the simulated land
cover map for 2018 generated using the 1990-2006 calibration period and (B) the observed CLC 2018

map.

Figure 7 presents the expansion of built-up areas (urban fabric) in the territory of the
Trnava District that occurred at the expense of the Non-irrigated arable land category.
Areas where agricultural land was transformed into urbanised areas are marked in pink,
with the most significant changes concentrated around the city of Trnava and other set-
tlement centres. The result of the distance analysis expresses the spatial distribution of
built-up area expansion in relation to the original arable land. Values cover a range from
0 to 6413 m, while dark areas (0—low values) indicate the zones closest to built-up areas
and lighter shades (higher values) represent more distant areas that are, so far, less af-
fected by urban expansion.

Figure 8 presents the spatial accessibility of water and its potential impact on land
use change. In the agricultural landscape of the Trnava District, water courses are of fun-
damental importance as they influence the production potential of the soil and the hydro-
logical regime, as well as the ecological stability of the territory. The hydrographic net-
work of water courses represents the category Water courses according to the CLC classi-
fication. The result of the distance analysis quantifies the distance of individual parts of
the territory from the nearest water course. Distance values range from 0 to 3331 m; dark
purple and blue areas (0-500 m) indicate zones closest to water courses, green areas rep-
resent medium distances, and yellow to red areas (above 2000 m) express territories most
distant from water courses.
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Figure 8. Water courses and distance analysis from water courses (distance analysis).

Accessibility of the territory in terms of transport infrastructure is a key factor in
modelling land use change. Distance from roads particularly influences urban expansion
(Continuous and Discontinuous urban fabric, Industrial or commercial units). The results
of the distance analysis express the distance of individual parts of the territory from the
nearest road communication. The range of values varies from 0 to 1787 m. Dark purple
and blue areas (0—200 m) indicate zones directly adjacent to roads, green shades represent
medium distances, and yellow to red areas (above 1500 m) represent territories most dis-

https://doi.org/10.3390/land 15081333



Land 2026, 15, 1333

14 of 22

tant from the road network. The results clearly indicate that the Trnava District has a very
dense road network, which significantly increases the probability of the expansion of
built-up areas, particularly in the vicinity of the city of Trnava and along the main
transport corridors (Figure 9).

R N
REILRN
Koz s

7SN \\0)&
' ‘ss\
LEGEND .1?{\“& d\!'w} J Lecenp
[ Trnava district > "v “‘ 3 [ Trnava district
boundary ‘ ‘ \‘/‘ ~ boundary
— Roads 4 'I?:astasnoe from .
\:v; —d (1)787m
B om
(0 250 1D 0Fw2:5885
e )

Figure 9. Road network and distance analysis from transport networks (distance analysis).

The DEM (Figure 10) represents one of the fundamental environmental factors influ-
encing the spatial dynamics of land use change. The DEM for the model territory of the
Trnava District captures altitudes ranging from 122.85 to 765.76 m a.s.l. Lower lying parts
of the territory, typical particularly for the Danubian Lowland, are predominantly used
as Non-irrigated arable land, and at the same time represent the area with the highest
pressure of urban expansion (Continuous urban fabric, Discontinuous urban fabric). Con-
versely, higher altitudes in the north-western part of the territory, extending into the Little
Carpathians, are characterised by a higher proportion of forest stands (Coniferous forest,
Mixed forest, Broad-leaved forest) and successional areas (Transitional woodland-shrub).
The inclusion of the DEM in the model makes it possible to better reflect topographic con-
ditions, which influence both the production potential of agricultural land as well as the
limits for urbanisation and construction.

The Markov Chain prediction transition probability matrix between land cover clas-
ses (Transition Probability Matrix), which was generated on the basis of historical data
(past 1990 (Figure 11A), past 2006 (Figure 11B), present 2018 (Figure 11C)) indicates the
probability that a given CLC class will change into another class by the year 2064 (Figure
11D). The results show that Continuous urban fabric has a 96.2% probability of persis-
tence, while at the same time expanding at the expense of other classes (e.g., 3.37% from
Discontinuous urban fabric). This means that urban built-up areas will continue to expand
and densify in a stable manner. Discontinuous urban fabric maintains 85.5% stability, but
also has a high probability of transformation into Continuous urban fabric (8.4%), which
signals gradual compactisation of suburban development. Non-irrigated arable land has
a high rate of preservation (93%); however, part of it (approximately 2-3%) is transformed
into urban fabric, fruit trees and complex cultivation patterns, which confirms the long-
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term pressure leading to agricultural land loss. Transitional woodland-shrub is to a large
extent converted into forest stands (19.5% to Mixed forest), documenting the trend of suc-
cession and afforestation of abandoned areas. Forest stands (Coniferous forest, Mixed for-
est, Broad-leaved forest) show a high probability of persistence (92-97%), which means
that in the prediction up to 2064, they will form a stable landscape matrix. Fruit trees and
berry plantations show 79.5% stability; however, up to 18.4% may convert to Agricultural
land with natural vegetation, indicating that part of these areas is threatened by a return
to more extensive forms of agriculture. Vineyards show a stability of 72.4%, but more fre-
quently change into Fruit trees or arable land, which may indicate continuing restructur-
ing of vineyards in the region. Road and rail networks show a high rate of transition to
Discontinuous urban fabric (67.5%), meaning that in the model prediction, transport in-
frastructure is strongly interconnected with suburban urban expansion. The model as-
sumes that in the Trnava District, the expansion of urban and industrial areas will con-
tinue, primarily at the expense of Non-irrigated arable land. At the same time, abandoned
areas will continue to be overgrown by successional and forest communities. The most
endangered category remains agricultural land, while forests and water bodies remain
relatively stable. These transition probabilities describe gross class-to-class flows and
should not be interpreted as net area changes; the projected net class areas are reported in
Table 1.

LEGEND LEGEND
[ Trnava district [ Trnava district
boundary boundary

Contour line Elevation
(interval
10 m) .. 7658m
s 1229m
0FE2i50 8 5 \, 0° 2i5.05
T I | 0 Y O

Figure 10. Digital Elevation Model.

An example of the predicted land use development for the year 2064 is visualised
through a web-based mapping application within the territorial information system avail-
able at ArcGIS Experience Builder (v1.21.0)—Prediction of Land Use Development in the
Trnava District until 2064. The interactive map enables the spatial visualisation of pre-
dicted land cover changes in the Trnava district based on future development modelling.
The visualisation highlights expected urbanisation encroachments on agricultural land,
the expansion of built-up and industrial areas, as well as stable forest stands. The web
application also allows comparison of historical CLC layers from 1990, 2006, and 2018
with the predicted state for 2064, thereby providing a comprehensive overview of land-
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scape change dynamics and suburbanisation processes in the studied area. The applica-
tion further includes the possibility of switching between different basemaps, including
orthophoto maps, enabling a more detailed visualisation and interpretation of spatial

landscape changes within the real territorial context.
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Figure 11. Land use for the studied years (A) 1990, (B) 2006, (C) 2018, and (D) 2064.
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The results of Markov Chain prediction modelling indicate that by the year 2064, the
following trends will be dominant:

e  Continuous urban fabricis highly persistent. Although the transition matrix indicates
gross inflows from other classes, its projected net area remains 110 ha between 2018
and 2064.

e Non-irrigated arable land remains the dominant category but is projected to decrease
by 1821 ha (-3.6%) between 2018 and 2064, while Discontinuous urban fabric in-
creases by 1087 ha (+20.6%) and Industrial or commercial units by 735 ha (+69.2%).

e  Transitional woodland-shrub may undergo gross transitions to forest classes, but its
projected net area remains 148 ha. Broad-leaved forest changes by +1 ha, Mixed forest
by -1 ha, and Coniferous forest remains unchanged, indicating no substantial net
afforestation in the 2064 scenario.

e  Water bodies are highly stable. Inland marshes, however, are markedly dynamic,
with a high proportion of transformations into Transitional woodland-shrub and
Broad-leaved forest, which indicates their ecological vulnerability.

4. Discussion

The historical analysis and the 2064 scenario indicate that urban expansion and agri-
cultural land loss are the dominant quantitative processes. Between 1990 and 2018, Non-
irrigated arable land recorded the largest absolute net loss (-962 ha), whereas Broad-
leaved forest (+796 ha), Industrial or commercial units (+456 ha), and Discontinuous urban
fabric (+378 ha) recorded the largest gains. In the 2018-2064 scenario, the principal changes
are the decline in arable land (1821 ha), and the expansion of Discontinuous urban fabric
(+1087 ha) and Industrial or commercial units (+735 ha), while forest and transitional cat-
egories remain nearly stable in net area. The Markov chain assumes stationary transition
probabilities derived from historical changes; consequently, the 2064 map should be in-
terpreted as a scenario-based extrapolation rather than a deterministic forecast.

The present study represents a regional case study focused on the Trnava District,
one of the most rapidly urbanising agricultural regions in Slovakia. Although the identi-
fied trends are consistent with those reported in other Central European regions, the re-
sults should not be directly extrapolated to other areas because land cover dynamics are
strongly influenced by local socioeconomic conditions, spatial planning policies, environ-
mental characteristics, and historical development. Consequently, the findings should be
interpreted as region-specific while providing methodological guidance for similar anal-
yses in comparable landscapes.

Urban expansion appears to be the most significant factor in land cover change in the
Trnava District. The 2064 scenario projects a decline in Non-irrigated arable land, together
with expansion of Discontinuous urban fabric and Industrial or commercial units, while
Continuous urban fabric remains unchanged in net area at 110 ha. According to [46], ur-
banisation leads to a gradual and often permanent loss of arable land, with serious conse-
quences for regional production potential. Similarly, the CA-Markov model projects a
3.6% decline in Non-irrigated arable land between 2018 and 2064 (1821 ha). Although this
scenario covers a longer horizon than the global projection of 1.8-2.4% by 2030 [47], both
indicate a continuing downward trend in agricultural land availability. In the Trnava Dis-
trict, the projected decline is associated particularly with growth of Discontinuous urban
fabric (+20.6%) and Industrial or commercial units (+69.2%).

This trend is particularly evident in metropolitan and suburbanised regions, where
a dramatic loss of productive agricultural land occurs. It is expected that the expansion of
built-up areas will lead to the loss of millions of hectares of agricultural land, including
approximately 34% of converted areas into high-density urban forms —with the most se-
rious consequences occurring precisely in the peripheral parts of large cities [48]. The re-
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sults of our model, which records a continuous increase in urbanisation at the expense of
arable land, are therefore consistent with this broader scientific knowledge. These data
together indicate that, without the implementation of regulatory measures, urban expan-
sion in Trnava will in the long term weaken the production and ecological potential of the
landscape.

A secondary process concerns gross transitions among semi-natural and forest clas-
ses. Transitional woodland-shrub can represent an initial stage of forest regeneration or
natural vegetation recovery [49,50], and the transition matrix indicates that 19.5% of this
class may convert to Mixed forest. However, this percentage represents a gross transition
flow rather than a net increase in forest area. Table 1 projects Transitional woodland-shrub
to remain at 148 ha between 2018 and 2064, while Broad-leaved forest changes by +1 ha,
Mixed forest by -1 ha, and Coniferous forest remains unchanged. The scenario therefore
suggests relative stability of forest classes rather than substantial afforestation. This sta-
bility is broadly consistent with the wider European tendency towards stable or improv-
ing forest conditions reported by [51].

The projected conversion of agricultural land to urban areas may contribute to a re-
duction in ecosystem services and landscape ecological stability, as reported in previous
studies. However, these variables were not directly assessed in the present study and
should therefore be interpreted as potential consequences rather than measured out-
comes. The 2064 land cover map represents a scenario-based continuation of historical
trends rather than a deterministic forecast. The back-validation yielded a Figure of Merit
of 0.125 (12.5%), showing that the model had only modest ability to reproduce the exact
spatial occurrence of observed land cover changes despite the high whole-map Kappa
value. This result, together with the quantity disagreement of 0.0044 and the grid-cell-
level allocation disagreement of 0.0125, indicates that Kappa should be interpreted only
as a supplementary statistic because it is strongly influenced by persistence. The simula-
tion also assumes stationary transition probabilities and does not account for future
changes in agricultural policy, spatial planning, demographic development, economic
conditions, or climate.

In addition to urbanisation, soil degradation also represents a serious problem, par-
ticularly water erosion, which is one of the most significant degradation processes in Slo-
vakia [52]. Arable land, which in the Trnava region ranks among the most fertile in the
country, is threatened by topsoil loss that directly reduces its production potential and
increases the risk of further ecological instability. The EEA points out that approximately
25% of the EU territory is affected by water or wind erosion, which has a fundamental
impact on soil ecosystem services [7,15]. In the context of the model up to the year 2064, it
may be expected that continuing landscape fragmentation and the increase in built-up
areas may indirectly increase erosion risk in the agricultural landscape of Trnava, partic-
ularly in exposed areas with reduced vegetation cover.

The 2064 scenario indicates that urban expansion will remain the dominant force of
land cover change in the Trnava District, while agricultural land declines in favour of dis-
continuous urban and industrial development. Forest and semi-natural categories remain
broadly stable in net area. Consequently, the principal planning implication is the protec-
tion of agricultural land and the regulation of settlement and industrial expansion rather
than an expectation of substantial natural regeneration.

5. Conclusions

The analysis of land cover change in the Trnava District demonstrates a long-term
reduction in agricultural land together with expansion of urban and industrial categories.
Between 1990 and 2018, Non-irrigated arable land recorded the largest absolute net loss,
decreasing by 962 ha (—1.9%), while Industrial or commercial units increased by 456 ha
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(+75.2%), Discontinuous urban fabric by 378 ha (+7.7%), and Continuous urban fabric by
70 ha (+175.0%). The 2018-2064 scenario projects a further reduction in Non-irrigated ar-
able land by 1821 ha (-3.6%), accompanied by increases of 1087 ha (+20.6%) in Discontin-
uous urban fabric and 735 ha (+69.2%) in Industrial or commercial units. Forest and tran-
sitional categories remain almost unchanged in net area during the projection period.
These results indicate that urban expansion represents the dominant process captured by
the modelling framework and that fertile arable land experienced the largest absolute his-
torical loss. Because the projection assumes stationary transition probabilities, it should
be interpreted as a scenario of continued historical dynamics rather than a deterministic
forecast. The findings underline the importance of agricultural land protection and effec-
tive regulation of urban and industrial expansion.

Potential environmental implications include soil degradation, landscape fragmen-
tation, and the loss of ecosystem services. These impacts were not quantified directly in
the present study and are therefore discussed as plausible consequences of agricultural
land conversion and urban expansion based on previous research, rather than as inde-
pendently validated outcomes of the model.

From the perspective of verification of the established hypotheses, the following can
be concluded:

Hypothesis 1. assuming urbanisation as the main factor of change, was confirmed, as built-up
areas expanded primarily at the expense of agricultural land.

Hypothesis 2. expecting the greatest losses on fertile arable land, was confirmed, since the cate-
gory Non-irrigated arable land recorded the most significant decrease in area.

The results of this research have direct significance for the formulation of regional as
well as national land use policy. They emphasise the need to strengthen the protection of
the highest-quality agricultural soils through stricter regulatory mechanisms in spatial
planning, as well as the support of adaptation strategies. At the same time, they demon-
strate that modelling tools such as LCM provide an effective framework for the simulation
of future scenarios and support qualified decision-making in the field of landscape plan-
ning and management. It may be concluded that the Trnava District represents a repre-
sentative example of a territory where conflicting interests of urban development and ag-
ricultural land protection intersect. The experience from this study may be beneficial not
only for the Slovak context but also for the broader Central European and European dis-
cussion on sustainable land use and effective landscape planning.
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Abbreviations

The following abbreviations are used in this manuscript:

CLC CORINE Land Cover
LCM Land Change Modeler
EEA European Environment Agency
EU European Union
CA-Markov Markov Chains and Cellular Automata
CLUE-S Conversion of Land Use and its Effects at Small regional extent
GIS Geographic information systems
KIA Kappa Index of Agreement
MLP Multi-Layer Perceptron
DEM Digital Elevation Model
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