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Abstract

:

This article analyzes the applicability of spatial data for evaluating and monitoring changes in land use and their impact on the local landscape. The Coordination of Information on the Environment (CORINE) Land Cover database was used to develop a procedure and an indicator for analyzing changes in land cover, and the continuity of different land use types. Changes in land use types were evaluated based on land cover data. The results were analyzed over time to track changes in the evaluated region. The studied area was the Region of Warmia and Mazury in Poland. The preservation of homogeneous land cover plays a particularly important role in areas characterized by high natural value and an abundance of forests and water bodies. The study revealed considerable changes in land cover and landscape fragmentation in the analyzed region.
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1. Introduction


1.1. Land Cover and Landscape Fragmentation


Land cover (LC) is the main attribute of space that constitutes a basis for describing the environmental, economic, and social value of a given area [1]. Land cover is generally associated with natural processes that have shaped the local landscape, but in modern times, changes in land cover are increasingly driven by anthropogenic processes. Due to the powerful influence of human activities, land cover is often associated with land use (LU). However, the two concepts are not synonymous [2]. Land use relates to social, economic, and cultural aspects, whereas land cover denotes the physical attributes associated with flora, fauna, and surface elements of natural and anthropogenic origin [3]. In simple terms, two areas with identical land cover can be used in a different manner. For example, an area with forest cover can be used for the production of timber and forestry materials, or for recreational purposes [4]. Land use is not always an accurate and an unambiguous term. Various forms of land use can be encountered in areas with identical land cover, which implies that a given territory can be simultaneously used for different purposes [5].



Despite the above, land cover and land use are closely correlated. In the primary sense, land cover represents the extent to which a given area can serve different functions [6]. However, in modern times, the secondary significance of the correlation between land cover and land use appears to play a more important role, in particular in highly populated regions of the world [7]. In those areas, land cover is the direct effect of extreme anthropogenic pressure [8,9]. Landscape, or the physiognomy of land surface, is modified by human activities [10,11]. The difference between land cover and land use are less visible in highly populated areas where land use types and human activities can be inferred from land cover.



Various factors drive changes in land cover. Land cover is strongly correlated with social [12], economic [13] and environmental [14] processes as well as technological advances [15]. Changes in agricultural production as well as urbanization, globalization and privatization processes testify to the directions and rate of changes in land cover [16]. Variations in land cover are studied to evaluate the extent of urbanization [17] and changes in agriculture [18]. Land cover is also frequently analyzed in landscape studies [19]. Such analyses are carried out to determine the extent of landscape fragmentation [20].



The conversion of large habitat patches into smaller and isolated segments leads to landscape fragmentation [21]. This process is most visible in urbanized areas and other built-up and intensively used areas, which are fragmented by linear infrastructure such as roads and railway lines ([22,23,24]). Urbanization and the development of transport networks proceed rapidly, which increases the number of linear infrastructure intrusions into natural ecosystems and contributes to landscape fragmentation [25].



Various indicators have been proposed in the literature to evaluate the threats to biological diversity [26]. These indicators have been described in detail by McGargial and Marks [27] based on the theory of habitat patches and wildlife corridors, and they were interpreted in a strict environmental context. Landscape fragmentation was also analyzed in studies on urban development, privatization of municipal land, and urban densification [28,29].



Landscape fragmentation has substantial effects on the environment; therefore, it is monitored regularly in the European Union [30]. According to a 2019 report of the European Environment Agency (EEA) on landscape fragmentation pressure and trends in Europe, there were around 1.5 fragmented landscape elements per km2 in the European Union in 2015, marking a 3.7% increase from 2009. Approximately 1.13 million km2, which accounts for around 28% of the area of the European Union (EU), was strongly fragmented in 2015, marking an increase of 0.7% from 2009. Agricultural land was most affected by strong fragmentation. The largest proportions of strongly fragmented landscapes were noted in Luxembourg (91%), Belgium (83%), and Malta (70%). Finland and Sweden were least affected by landscape fragmentation in the EU. In 2009–2015, the greatest increase in the area of fragmented landscapes was observed in Croatia, Greece, Hungary, and Poland [31].



The presented data indicate that landscape fragmentation poses a considerable problem in Europe, which is why effective methods for monitoring the relevant phenomena are needed. Such methods have already been implemented at the national and supranational level, but very few studies have investigated landscape fragmentation at the regional and local level. It should be noted that most planning decisions that directly contribute to landscape fragmentation are made by regional and local authorities.



Many indicators for evaluating the extent of landscape fragmentation rely on land cover [32]. These tools can be deployed in studies analyzing urbanization processes and the structure of agricultural land to evaluate changes in ecosystems and the urban fabric. In the presented study, the landscape fragmentation theory was used to evaluate changes in land cover in a holistic approach. In this novel approach, the proposed indices can be applied to evaluate fragmentation across all types of land cover. Indicators of land fragmentation can provide valuable information about landscape changes and the severity of anthropogenic pressure [33,34]. Land fragmentation can be evaluated with the use of indicators of land use continuity, which are applied to investigate landscape continuity in urban areas [35,36].



The main novelty of the presented research is the methodical approach to landscape fragmentation. This process was analyzed not only from an environmental perspective, but also in view of all land cover types identified in the CLC database to evaluate changes in land use in the studied region. Changes in agricultural operations, uncontrolled urbanization, and fragmentation of property rights were included in the analysis.




1.2. Sources of Data on Land Cover


Technological advancement and progression of knowledge have contributed to the popularity and ease of research into land cover [37]. Considerable progress has also been made in geographic research. Environmental, cultural and economic data linked to geographic locations support detailed analyses and the formulation of conclusions regarding spatial processes [38]. Land surface images acquired with unprecedented frequency and resolution are a rich source of information [39]. Satellite images processed with photogrammetric techniques also expand our knowledge about land cover and support the formulation of conclusions regarding spatial processes [40]. The development of Geographic Information System (GIS) applications created access to vast sources of land data [41,42]. These resources are highly useful for monitoring changes in space [43]. However, the quality of land data can differ considerably.



Remote sensing instruments support high-resolution analyses of land cover [44,45] and evaluations of changes in land use in areas that are directly exposed to urbanization pressure [46,47,48,49,50]. They are used to monitor changes in human activities [51,52] and urban ecological land cover (UELC), and they contribute to crisis management by supplying vital data for generating maps, monitoring the environment, managing disasters, and enhancing the capabilities of civilian and military data gathering systems [53]. Changes in land use caused by urbanization are evaluated based on very high-resolution satellite images (VHR) [54,55,56], synthetic-aperture radar (SAR) images [57], nighttime light (NTL) images [58,59,60,61], greenhouse gas emission data [62,63], and vegetation data (such as the normalized difference vegetation index, NDVI) [64]. Anthropogenic and natural changes in land use are also mapped and monitored with the use of Urban Atlas data [65,66,67,68]. However, most of these resources are limited due to differences in continuity, accuracy, and cyclicity of data describing various land cover types. These problems are addressed by overlaying land cover maps and using data from various sources [69,70,71,72,73]. A similar approach is used by the EEA, which relies on Copernicus High Resolution Layers (HRL) satellite imagery to classify landscape fragmentation. However, satellite images are not always complete, and some areas are not assigned Imperviousness Degree values (IMD) due to cloud cover [74].



Data that cover large areas, and are accumulated in a consistent manner with the use of the same techniques, are most valuable [75]. Information that is acquired and released periodically facilitates analyses of spatial phenomena as well as their dynamics [76].



The Coordination of Information on the Environment (CORINE) Land Cover database is a thematic component of the CORINE system, which supports the collection and analysis of geospatial information. The CORINE Land Cover (CLC) inventory is a European initiative that was introduced in all countries of the European Community in 1985. This pan-European program was implemented in Poland by a decision of the Chief Inspector of Environmental Protection in 2001. The CLC initiative was established to pursue the following objectives:




	
acquire and synchronize interdisciplinary data on the state of the environment with the main focus on priority areas in each Member State of the European Community;



	
harmonize and coordinate the organization and management of data at the local and international level;



	
guarantee the compatibility of the gathered data.








The CLC database is a tool for conducting complex spatial analyses based on diverse land use types. An analysis of CLC data indicates that the European continent is characterized by considerable spatial continuity; therefore, this inventory can be used to identify various types of land cover [77]. One of the greatest advantages of the CLC dataset is that it is regularly updated, which makes this resource particularly useful for analyzing the rate of changes in land use and to develop forecasts. CLC data covering for 2006, 2012, and 2018 were analyzed in this study. It should also be noted that the CLC inventory is a more versatile tool than other sources of geospatial information, such as the Urban Atlas of the Global Human Settlement Layer [78].



The CORINE Land Cover (CLC) inventory was initiated in 1985 (reference year 1990) as part of the Copernicus GIO Land Monitoring 2011–2013 program. GIO-land is an operational project of European Copernicus programme that aims at producing several land cover dataset using satellite images. The inventory is updated every six years in nearly all European countries. Previous updates took place in 2000 (CLC2000), 2006 (CLC2006), 2012 (CLC2012), and 2018 (CLC2018). Land cover is inventoried in 44 classes. The Minimum Mapping Unit for aerial phenomena is 25 hectares, and the minimum mapping width for linear phenomena is 100 meters [79]. The CLC is characterized by territorial and methodological continuity, and it is one of the most popular sources of data for research, industry, education, environmental protection and many areas of the economy [80]. The main limitation of CLC resources is the level of detail of source data. CORINE Land Cover is a highly useful resource for small-scale studies, but its applicability for large-scale analysis is debatable. The differences in the area of various land cover types determined with the use of orthophotomaps and CLC data generally do not exceed 10% [81].



The main advantage of the CLC inventory is that it is regularly updated in most European countries. In turn, the Urban Atlas (UA) contains far more detailed data. The UA database classifies high-resolution satellite images (SPOT 2.5 m, ALOS 2.5 m, RapidEye 5 m), which supports the separation of the main coverage classes. Land cover is interpreted with the use of additional data. The smallest mapping unit is 0.25 hectares with an estimated accuracy of 5 m, which supports the generation of land cover maps for only 305 large European cities with a population higher than 100,000. The UA classifies the mapped areas into only 20 land cover classes, which is far less than CLC [82]. However, other inventories are even less informative. Changes in land cover often occur gradually, and they may not be reliably captured in research [83]. These limitations suggest that the CLC inventory is a useful resource for studies conducted on the regional scale.



Land cover data are applied in various types of research, in particular in environmental studies [84]. They are also useful for investigating changes in land fragmentation in areas with various land cover types [85,86]. Simple inventories where data are classified into different land cover classes are effective tools for monitoring local and regional changes in land use, and they provide the local authorities with support in making short-term decisions with long-term consequences.





2. Materials and Methods


2.1. Study Area


The authors assumed that the analyzed area should be characterized by a high risk of landscape fragmentation without a single identifiable cause. The study area should be characterized by low levels of urbanization and the absence of a large city that could intensify urbanization processes. Therefore, the authors searched for an area with high natural value as well as diverse forms of land use, such as agricultural land used for various purposes, industrial areas, small urban areas, and areas with emerging industrial infrastructure.



The above requirements were met by the Region of Warmia and Mazury in northeastern Poland. The analyzed region has an area of 24,173.47 km² and a population of 1.43 million. Farmland is the predominant land cover type with an estimated 52.5% share, including arable land (36.4%) and grassland (more than 16%). Forests and areas with tree cover account for nearly 33%, and surface water bodies for around 5% of the studied region [87,88]. A topographic map of the studied region and its location in Poland are presented in Figure 1.



Strategic documents and research results indicate that the analyzed region is undergoing rapid development, which could contribute to landscape fragmentation [89,90,91]. According to the EEA report [31], Poland is a country with one of the highest rates of landscape fragmentation. An analysis of landscape fragmentation maps for Europe, which are published as web maps by the EEA based on Copernicus imperviousness layers and TomTom TeleAtlas datasets as fragmenting geometries [26], points to different levels of landscape fragmentation in the Region of Warmia and Mazury. However, these observations were made by evaluating the fragmentation of areas with natural cover. The Effective Mesh Density (seff) is a measure of the degree to which movement between parts of the landscape is interrupted by a Fragmentation Geometry (FG). Fragmentation geometries are defined as the presence of impervious surfaces and traffic infrastructure, including medium-sized roads. The more FGs fragment the landscape, the higher the effective mesh density, hence the higher the fragmentation [74].



The web map in Figure 2 points to high and varied fragmentation, which indicates that the Region of Warmia and Mazury fulfills the research criteria. The studied area was divided into 1061 square equivalent units of measurement (EUM) with a side length of 5 km each. The map of the region with a division into EUM is presented in Figure 3. The size of EUM supported detailed analyses of changes in the value of the land cover continuity (LCC) indicator in each field. The EUM had to be large enough to ensure the readability of variations in each field. The smallest mapping unit in the CLC inventory is 0.25 hectares. This value was multiplied by 100 to obtain the primary field. The evaluated region was divided into square fields with an area of 2500 ha each, which supported an analysis of variations in each primary field. The process of dividing the evaluated region into primary fields and the number of CLC land cover types in EUM are presented in Figure 3.




2.2. Procedure


The analytical procedure was conducted in several stages. Land cover data for 2006, 2012, and 2018 were obtained for the analyzed region. Land cover in the studied area was determined. Evaluations of land cover continuity should rely on spatial units that are uniform in terms of size. Areas with homogeneous land cover should be generated for such units. In the next step, measures of homogeneity should be developed for every unit. An analysis of homogeneity measures and their values over time supports observations of trends in land cover change in the analyzed area. The analytical procedure is presented graphically in Figure 3.



The key research assumptions were formulated in stage 1. The research hypothesis states that land cover databases can provide information about the directions and extent of changes in land cover. The research hypothesis was used to formulate the research objective, which was to determine the applicability of GIS databases for evaluating LC change.



The territorial scope of the study was determined in stage 2. An analysis of various LC databases (CORINE Land Cover, Urban Atlas, and the Global Human Settlement Layer) revealed that the study should cover a large area (at least a region) with different land use types [92,93,94]. The studied area was the Region of Warmia and Mazury, which is characterized by varied land use and land cover. The region features areas of high natural value (lakes, forests) as well as farmland. Several dynamically growing cities: Olsztyn, Elbląg, and Ełk are situated in Warmia and Mazury. Considerable transit traffic passes through the region, mainly via national roads No. 7 and 16.



The region was divided into EUM to classify different fragments of the studied area. A grid of square primary fields with an area of 25 km2 each was used, and each field was regarded as an equivalent unit of measurement. The size of EUM supported detailed analyses and the identification of different land cover types.



Data were collected in the next stage of the study. The content and scope of various databases were evaluated, and the CLC database was selected for the present research. The CLC database supported the identification of various types of land cover in the analyzed region as well as changes in this parameter over time. The collected data for 2006, 2012, and 2018 were processed for each EUM with the use of GIS tools.



An indicator for analyzing the studied phenomenon was developed in stage 5. An indicator of land cover continuity (LCC) was applied due to its broad information content. The method of calculating the LCC indicator is discussed in Section 2.2. The LCC indicator for the analyzed EUM was developed based on data for 2006, 2012, and 2018.



The results were processed and the resulting conclusions were formulated in stage 6. The variations in the LCC indicator across the compared time periods and land cover types were discussed to determine the trends and the extent of changes in land cover.



The continuity of land cover in EUM and the number of identified land cover types play a key role in analyses of changes in land cover [95]. The LCC indicator was applied to describe the continuity of each EUM and to compare the selected EUM. The LCC indicator is a modified version of the indicator of landscape homogeneity proposed by W. Marzęcki [96]. The LCC indicator was developed by modifying the Shannon diversity index (H) which is widely used in landscape fragmentation studies. Modifications were required to adjust the range of indicator values for the needs of this study. Shannon’s H is derived from information theory, and it can be applied to measure variations in land cover [97]. The value of Shannon’s H ranges from 0 to the natural logarithm (ln) of the number of patches identified in the evaluated area. The indicator was modified by adopting a constant range of values from 0 to 100, and ln was replaced by the squared proportion of all land cover types identified in a primary field. This approach was adopted to compare the results across the entire region. The LCC indicator was calculated with the below formula:


    LCC n    =  ∑  i = 1  m   LSC 1 2  × 100   



(1)




where:




	
LCC—indicator of land cover continuity;



	
n—equivalent unit of measurement (EUM);



	
LSC—proportion of the ith land cover type in the EUM;



	
m—number of land cover types in the EUM.








The LCC indicator can adopt values in the range of (0,100>). Values close to 0 are indicative of numerous land cover types in EUM, where each LC type accounts for a small fraction of the area, without a clearly dominant LC type. Values close to 100 are indicative of a dominant type of land cover in EUM. Values equal to 100 denote a single type of land cover in EUM. The variations in value of the LCC indicator are presented in Table 1.



The data in Table 1 show that the LCC indicator is determined by the proportions of each land cover type as well as land cover types that clearly dominate over the remaining types.




2.3. Data


Data for the analysis were obtained from the CORINE Land Cover database. The CLC is not a new research undertaking in Poland. The project was implemented by the Institute of Geodesy and Cartography between 1990 and 2018 with financial assistance from the EU Structural Funds. The goals of the project have been achieved, and the results are described on the website of the Chief Inspectorate of Environmental Protection (clc.gios.gov.pl).



The CLC lists every type of land cover in Europe. Unclassified land is not catalogued under any of the headings, which facilitates analyses [98,99]. Land cover and land use are the main categories of information in this inventory [100,101].



In the database, land cover nomenclature is organized at three levels. The first level indicates the five major categories of land cover. The second level features items that make a reference to first-level categories, and the third level contains headings that make a reference to second-level items. As a result, specific land cover types are denoted by three-digit codes, where each digit represents the respective level in the database. The five major land cover categories with the corresponding lower-tier categories are presented below [102]:




	
Urbanized areas—developed areas, including residential, commercial, and industrial areas, mines and green areas in cities.



	
Agricultural areas—all categories of agricultural land, such as arable land, pastures, meadows as well as farmland covered by native vegetation.



	
Forests and semi-natural areas—forests, areas covered by trees and shrubs, as well as open areas with little or no vegetation in forest systems.



	
Wetlands—this category includes land that is highly saturated with water, including marshes, swamps, peat bogs, as well as intertidal flats and salt marshes.



	
Water bodies—marine and inland waters.








The third and most detailed class features 44 land cover types [103]. The study involved CLC data for 2006, 2012, and 2018 to preserve the continuity of aerial images in the process of identifying different land cover types. The CLC database contains satellite images of comparable accuracy and thematic scope [104].





3. Results


The LCC indicator for every EUM was calculated based on CLC data for 2006, 2012, and 2018. Based on the calculated values of the LCC indicator, EUM were divided into five identically sized classes. According to the Jenks natural breaks classification method [104], the number of classes should range from 5 to 9. This approach was adopted in this study. The number of classes and their relative ranges guaranteed the highest readability of results and effective identification of spatial processes. The classification system based on the Fisher–Jenks algorithm [105] was assessed with the use of the tabular accuracy index (TAI) [106], and the value of the indicator was highest (0.76) when data were divided into five classes with equal ranges. Class ranges and the number of EUM in each class and year of the analysis are presented in Table 2.



The classes corresponding to different values of the LCC indicator in the evaluated region are presented in Figure 4. The distribution of classes with the corresponding values of the LCC indicator based on CLC data for 2018 is presented in the largest map. Such evaluations were performed for each year to visualize which LC types were associated with low values of the LCC indicator.



The results were used to calculate the increase in the LCC indicator in 2006–2012 and 2012–2018. The calculated increase was also divided into classes using the same approach. In this case, TAI was highest when data were divided into six classes with equal ranges. Class 6 was composed of EUM with high negative values of increase in the LCC indicator (below −0.39). The upper boundary of class 5 was set at 0.00, which was a key value in this classification. The range of values in each class and the number of EUM in each class and year are presented in Table 3. The results of the classification are visualized in Figure 5.



The results of the study are summarized in Figure 5, which points to a steep increase in the values of the LCC indicator in the central-western part of the analyzed region. The LCC indicator increased at a higher rate in 2012–2018 (Figure 5c) than in 2006–2012 (Figure 5b), which suggests that landscape fragmentation continues to increase, and can be expected to intensify in the future. The data in Figure 5 also indicate that landscape fragmentation is a long-term process and that its real magnitude can be inferred only from long-term observations (Figure 5a).



The statistical parameters of the LCC indicator and the increase in indicator values are presented in Table 4.




4. Discussion


The results of the analysis revealed that land cover continuity decreased in the entire Region of Warmia and Mazury between 2006 and 2018. The largest classes (4 and 5) accounted for more than 70% of all EUM, which points to considerable variations in land cover within an area of 25 km2. The number of EUM in each class is presented in Figure 6.



The greatest increase in the number of EUM was observed in class 5 in 2012. The size of class 5 increased by 10% between 2006 and 2012. A minor decrease was noted in the minimum and mean values of the LCC indicator. The mean values and the number of EUM point to considerable fragmentation of land cover in the analyzed region. This observation can be attributed to the region’s development and urbanization, and it is particularly undesirable in EUM localized in areas of high natural value. The data in Figure 4 point to considerable fragmentation of land cover in the studied area. Other high classes (with low values of the LCC indicator) are often localized in the vicinity of large settlements and major transport routes, in particular transit routes that were built or modernized in recent years. The areas with different LC types and the number of EUM in each class in the evaluated years are presented in Table 5. These findings point to an increase in the size of anthropogenically changed areas (CLC class 1—artificial surfaces). Despite the rapid increase in the size of areas with predominantly artificial surfaces, their average area continued to decrease. A decrease was also noted in the average area of other LC types. Average area increased only for farmland (164.09 ha in 2006, 172.05 ha in 2012, 176.62 ha in 2018), but the total area of agricultural land decreased considerably (by nearly 10% between 2006 and 2012, and by another 10% between 2012 and 2018). The observed decrease in the total and average area of ecologically valuable sites (wetlands—CLC class 4, and water bodies—CLC class 5) gives cause for concern. Some of these areas were probably converted to forests (CLC class 3). However, forest area did not increase significantly, and average forest area decreased.



Fragmented urbanization is a highly negative phenomenon. Between 2006 and 2012, the number of anthropogenically changed areas increased from 710 to 1738, whereas their average size decreased from 50.22 ha to 37.38 ha, which points to considerable relaxation of spatial planning policies. Minor land conversion schemes, which generally drive urbanization, were introduced in the analyzed voivodeship. Such programs represent the most undesirable type of land fragmentation. The above observation was confirmed by the values of the LCC indicator which often exceeded 1.00 (CLC classes 4 and 5) in the analyzed period. A smaller, but continued increase in the number of anthropogenically changed areas was noted between 2012 and 2018 when the number of EUM in CLC class 1 increased from 1738 to 1960, and their average size increased to 40.41 ha. This indicates that land development projects proceeded at a slower rate. Unfortunately, the area of development sites created in 2006–2012 continued to increase.



The above observation was confirmed by changes in the value of the LCC indicator for the three analyzed years. The changes in the number of EUM in each class are presented in Figure 7. The greatest difference was noted in class 5 where the values of the LCC indicator changed in 72% of EUM. The above implies that the value of the LCC indicator decreased by around 39% in these units. Considerable changes were also observed in class 4, which aggregated nearly 27% of all EUM between 2006 and 2018. In class 4, the maximum increase in LCC was estimated at 40%. An analysis of the changes in land cover types (Table 5) indicates that some of these EUM contributed to the LCC of artificial surfaces.



A steep decrease in the values of the LCC indicator was observed between 2006 and 2012. The area of artificial surfaces and the fragmentation of areas with homogeneous land cover continued to increase in the above period. A further decrease in the values of the LCC indicator was noted between 2012 and 2018, and it was accompanied by an increase in the area of artificial surfaces, which, however, was less pronounced that in the previous period. The observed trends were stabilized or even stagnant.




5. Conclusions


The continuity of land cover types was analyzed based on CORINE Land Cover data for 2006, 2012, and 2018. The land cover continuity (LCC) indicator was calculated for 1062 equivalent units of measurement (EUM). The rate of changes in the LCC indicator between the analyzed years was determined. Changes in the values of LCC indicators, changes in the area of different land cover types, and changes in the number of EUM with identical land cover types (based on CLC data) were calculated.



The analysis revealed a considerable decrease in the values of the LCC indicator, which, combined with the observed changes in the number and area of EUM, testifies to considerable fragmentation of land cover and high anthropogenic pressure in the studied region.



The results give reason for concern in areas of high natural value, which are found in abundance in the Region of Warmia and Mazury. It should be noted that landscape fragmentation in the southeastern part of the studied region was less pronounced when analyzed with the use of the proposed method than the EEA web map. However, the results of this study indicate that local landscapes are becoming increasingly fragmented, which could be attributed to the large number of CLC land cover types (total of 44). The fragmentation of ecologically valuable sites decreases resistance to anthropogenic pressure, and some of these areas are at risk of being converted to artificial surfaces. The study also demonstrated that large habitats, in particular forests, are less susceptible to fragmentation, which could imply that the size of different land cover types is directly correlated with their sensitivity to fragmentation. Landscape fragmentation was higher in areas adjacent to cities where transport networks are being developed. The presented findings are consistent with the results of other studies on landscape fragmentation, which indicates that the proposed methodology is correct.



The loss of farming areas is quite alarming because agriculture is still the main source of income in the region. Agricultural land is susceptible to anthropogenic pressure, and farmland area could be expected to decrease in the long-term perspective. The division of agricultural habitats into smaller fragments could also decrease agricultural productivity. These observations clearly indicate that policy makers responsible for spatial planning should implement additional measures to effectively protect farmland in the region.



Land fragmentation analyses based on CLC data supported the identification of development trends in the examined region. The number of anthropogenically changed areas increased between 2006 and 2012. The number of CLC class 1 fields increased by 244%, and their average area decreased by 74%, which points to a highly significant and uncontrolled increase in the number of anthropogenically changed areas that detract from urban consolidation. These processes were clearly slowed down between 2012 and 2018. In that period, the number of newly created development sites increased by only 1%, but their size increased from 37.38 ha to 40.41 ha, which implies that the previously created development sites continued to expand.



These observations testify to the significance of sustainable development policies and measures that prevent land fragmentation. Landscape monitoring supports the identification of land re-parceling trends, which, as demonstrated by this study, tend to spread, exert a negative influence on other land cover types, and contribute to land fragmentation. These findings further underscore the significance of the undertaken research.



The study demonstrated that CORINE Land Cover data are useful for analyses of changes in land cover. Such analyses can be carried out to determine the trends and the extent of changes in geographic space. CORINE Land Cover data have a large territorial scope, and they are gathered, processed, and released in a uniform manner. These data are also periodically updated, which increases their reliability. Despite the fact that the temporal scope of land cover data is the main limitation of the CLC inventory, landscape fragmentation does not proceed rapidly enough to be considerably affected by the lack of more frequent data updates. The CLC inventory supports observations of changes in land cover across seemingly similar categories, such as the transformation of meadows and pastures into urban green spaces. These processes could lead to far-reaching changes not only in landscape, but also in the economic and social use of land.



Most studies on land fragmentation focus on analyses of habitat patches and wildlife corridors, whereas other areas are regarded merely as a backdrop. The main novelty of the presented research is that all land cover types are taken into consideration in the analysis of landscape fragmentation. This study demonstrated that fragmentation affects all types of land cover. This process could be desirable in some cases, but it can also pose a considerable risk in certain areas. The CLC inventory is a widely available source of valuable data that is easy to transform and can be deployed to study various areas. Planning experts and local governments can rely on the CLC database to monitor changes in space. Landscape fragmentation should be regularly monitored to prevent uncontrolled spatial transformations, preserve habitat continuity, and ensure the continuity of desirable spatial processes.
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Figure 1. Map of the Region of Warmia and Mazury with land cover classes according to CLC2018 (a); the location of the analyzed region on the map of Poland (b); a topographic map of the analyzed region with a cartographic grid in the ETRS_1989_Poland_CS92 system (c). 
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Figure 2. Fragmentation status and trends—web map generated by the European Environment Agency (EEA). 
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Figure 3. Procedure of using the Coordination of Information on the Environment (CORINE) Land Cover (CLC) data to analyze changes in land cover. 






Figure 3. Procedure of using the Coordination of Information on the Environment (CORINE) Land Cover (CLC) data to analyze changes in land cover.



[image: Ijgi 09 00358 g003]







[image: Ijgi 09 00358 g004 550] 





Figure 4. Classification of the LCC indicator. (a) classification for 2018 based on CLC data; (b–d) classification of the LCC indicator based on data for 2006 (b), 2012 (c), and 2018 (d). 
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Figure 5. Classification of the increase in the values of the LCC indicator based on data for 2006–2018 (a), 2006–2012 (b), and 2018 (c). 
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Figure 6. Number of EUM in classes. 
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Figure 7. LCC classes. 3(a)—classification for 2018 based on CLC classes. 






Figure 7. LCC classes. 3(a)—classification for 2018 based on CLC classes.



[image: Ijgi 09 00358 g007]







[image: Table] 





Table 1. Variations in the land cover continuity (LCC) indicator resulting from the number and proportions of different land cover (LC) types in equivalent units of measurement (EUM)—examples.
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Table 2. Classes of the LCC indicator.






Table 2. Classes of the LCC indicator.





	

	
Number of EUM in Each Class

	
Total




	

	
1

	
2

	
3

	
4

	
5






	
Range of values

	
>0.81

	
(0.63; 0.81>

	
(0.45; 0.63>

	
<0.25; 0.45>

	
<0.25

	




	
2006

	
23

	
100

	
202

	
341

	
396

	
1062




	
2012

	
21

	
96

	
189

	
318

	
438

	
1062




	
2018

	
23

	
87

	
187

	
307

	
458

	
1062











[image: Table] 





Table 3. LCC classes.






Table 3. LCC classes.





	

	
Number of EUM in Each Class




	

	
6

	
5

	
4

	
3

	
2

	
1

	
Total






	
Range of values

	
<−0.39

	
<−0.39; 0.00>

	
(0.00; 0.40>

	
(0.40; 0.80>

	
(0.80;1.20>

	
>1.20

	




	
2006–2012

	
56

	
656

	
308

	
29

	
11

	
2

	
1062




	
2012–2018

	
20

	
746

	
273

	
19

	
3

	
1

	
1062




	
2006–2018

	
2

	
770

	
290

	
0

	
0

	
0

	
1062
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Table 4. Statistical parameters of the LCC indicator and the increase in indicator values.






Table 4. Statistical parameters of the LCC indicator and the increase in indicator values.





	

	
LCC

	
∆LCC




	

	
2006

	
2012

	
2018

	
2006–2012

	
2012–2018

	
2006–2018






	
Min

	
0.07

	
0.06

	
0.06

	
−0.75

	
−0.62

	
−0.42




	
Max

	
1.00

	
1.00

	
1.00

	
1.49

	
1.26

	
0.39




	
Mean

	
0.37

	
0.35

	
0.35

	
−0.02

	
−0.01

	
−0.02
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Table 5. Size of LCC classes.






Table 5. Size of LCC classes.





	

	
2006

	
2012

	
2018




	
CLC

	
Area_ha

	
EUM

	
CLC Class 1

	
Total EUM

	
Average Area

	
Area_ha

	
EUM

	
CLC Class 1

	
Total EUM

	
Average Area

	
Area_ha

	
EUM

	
CLC Class 1

	
Total EUM

	
Average Area






	
111

	
230.85

	
3

	
35,655.17

	
710

	
50.22

	
163.64

	
2

	
64,962.05

	
1738

	
37.38

	
169.16

	
2

	
79,203.72

	
1960

	
40.41




	
112

	
27,891.54

	
493

	
53,351.11

	
1435

	
63,517.01

	
1577




	
121

	
2787.39

	
72

	
3330.68

	
81

	
3817.10

	
92




	
122

	
286.13

	
8

	
523.98

	
16

	
1707.64

	
39




	
124

	
547.64

	
8

	
639.27

	
9

	
780.11

	
9




	
131

	
1120.98

	
32

	
2089.14

	
60

	
2686.85

	
67




	
132

	
85.29

	
5

	
57.44

	
3

	
40.98

	
1




	
133

	
61.54

	
3

	
1053.32

	
23

	
2483.27

	
49




	
141

	
182.15

	
12

	
213.37

	
11

	
272.28

	
14




	
142

	
2461.68

	
74

	
3540.11

	
98

	
3729.32

	
110




	
211

	
1,229,517.42

	
2549

	
1,612,813.43

	
9829

	
164.09

	
1,188,293.55

	
2568

	
1,531,248.57

	
8900

	
172.05

	
1,165,117.25

	
2605

	
1,498,280.42

	
8483

	
176.62




	
222

	
240.65

	
5

	
313.75

	
4

	
306.83

	
5




	
231

	
185,788.47

	
2617

	
194,495.17

	
2648

	
195,171.08

	
2572




	
242

	
69,956.83

	
2260

	
37,495.02

	
1335

	
34,350.84

	
1203




	
243

	
127,310.06

	
2398

	
110,651.09

	
2345

	
103,334.40

	
2098




	
311

	
120,976.57

	
1874

	
819,195.33

	
6746

	
121.43

	
123,218.35

	
1866

	
868,103.19

	
7388

	
117.50

	
125,055.82

	
1876

	
887,992.39

	
7453

	
119.15




	
312

	
420,735.08

	
1989

	
429,525.05

	
1983

	
431,037.94

	
1997




	
313

	
244,959.52

	
2358

	
257,000.81

	
2398

	
276,712.17

	
2453




	
321

	
2435.58

	
11

	
2363.79

	
9

	
2508.26

	
9




	
324

	
29,816.28

	
508

	
55,722.89

	
1126

	
52,467.51

	
1114




	
331

	
63.14

	
2

	
63.14

	
2

	
69.21

	
2




	
333

	
209.16

	
4

	
209.16

	
4

	
141.48

	
2




	
411

	
13,202.14

	
266

	
13,831.76

	
276

	
50.12

	
16,077.80

	
345

	
16,745.83

	
356

	
47.04

	
17,494.35

	
377

	
18,195.61

	
388

	
46.90




	
412

	
629.62

	
10

	
668.03

	
11

	
701.26

	
11




	
511

	
987.67

	
23

	
134,696.12

	
1100

	
122.45

	
902.28

	
19

	
137,295.95

	
1140

	
120.44

	
870.40

	
18

	
137,640.60

	
1140

	
120.74




	
512

	
133,289.12

	
1075

	
109,235.42

	
1098

	
109,436.72

	
1099




	
521

	
0.00

	
0

	
25,068.69

	
20

	
25,243.91

	
20




	
523

	
419.33

	
2

	
2089.57

	
3

	
2089.57

	
3




	
Total

	
2,616,191.81

	
18,661

	

	

	

	
2,618,355.59

	
19,522

	

	

	

	
2,621,312.73

	
19,424
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