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Abstract

:

The use of an object-based image analysis (OBIA) method has recently become quite common for classifying high-resolution remote-sensed images. However, despite OBIA’s segmentation being equally useful for analysing medium-resolution images, it is not used for them as often. This study aims to analyse the effect of landscape metrics that have not yet been used in image classification to provide additional information for land cover mapping to improve the thematic accuracy of satellite image-based land cover mapping. To this end, multispectral satellite images taken by Landsat 8 Operational Land Imager (OLI) and Sentinel-2 Multispectral Instrument (MSI) during three different seasons in 2017 were analysed. The images were segmented, and based on these segments, four patch-level landscape metrics (mean patch size, total edge, mean shape index and fractal dimension) were calculated. A random forest classifier was applied for classification, and the Coordination of Information on the Environment Land Cover (CLC) 2018 database was used as reference data. According to the results, landscape metrics both with and without segmentation can significantly improve the overall accuracy of the classification over classification based on spectral values. The highest overall accuracy was achieved using all data (i.e., spectral values, segmentation, and metrics).
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1. Introduction


The monitoring of land use and land cover (LULC) plays a vital role in the study of environmental change, management of natural resources (e.g., water and wastewater management and biomass monitoring) [1,2], urban planning, urban growth modelling [3,4] and creation of environmental policies for sustainable development [5,6,7]. Due to the expansion of artificial areas and an economic growth that is concomitant with increased human needs (which also causes extreme environmental stress), changes in LULC are steadily accelerating. Therefore, researchers need to maintain up-to-date, objective, and highly accurate and reliable LULC maps. Remote sensing is an essential tool for LULC classification because it provides reliable, extensive and high-temporal- and spatial-resolution data. Currently, automated classification algorithms are the most common mapping method used on satellite imagery, as opposed to the visual interpretation of remotely sensed images. The greatest advantage of these methods is that they are suitable for extremely rapid land cover mapping of remote, uninhabited areas on a large (continental) scale; however, one drawback to their use is the uncertainty associated with their thematic accuracy. Classifications that are based solely on spectral values provide satisfying results, but there is always room for improvement in both the process and results. Improvements may be found with attempts to combine applications of different sensor data, use multi-temporal satellite images or involvement of satellite image based indices in the classification [8,9].



Spectral indices are mainly used to improve the classification accuracy of land cover maps [10,11,12,13] and few studies [14,15,16,17,18,19,20] have investigated the role played by landscape metrics in this field. However, numerous studies have shown a relation between LULC and landscape, and thus, also between LULC and landscape metrics and their changes [15,21,22,23]. These papers have investigated not only the degree of relationship of certain LULC and landscape metrics, but have also investigated the effects of the scales and classifications on the landscape metrics themselves [24,25,26]. Landscape metric parameters are widely used as indicators of biodiversity, water quality and land cover change, and are still being further developed [27,28,29,30]. They offer a set of spatial tools for analysing entire landscapes and the arrangement and properties of their features. These metrics, which originated from the landscape ecology discipline, can provide information about the fragmentation of landscapes and the shapes of the patches. Furthermore, the landscape metrics, unlike segmentation, provide numeric values whereby certain categories can be generally described [31]. Because of these properties, landscape indices can provide additional information that improves LULC classification [32]. In this study, the effects of four landscape metrics (mean patch size, total edge, mean shape index, and fractal dimension) on the thematic accuracy of satellite image-based land cover classification are investigated. Furthermore, the dependency of the landscape indices and segments on each other is analysed. In addition, tests are conducted to determine which landscape metric is the most useful for land cover mapping. Based on statistical analysis, improvements in LULC classification are quantified and the scale sensitivity of the results is tested.




2. Study Areas


The study area contains two landscape units in Hungary with different physical geographical and land cover properties: Gödöllői-hills and Marosszög (Figure 1). The Gödöllői-hills is a hilly region of Hungary comprising an area of 510 km2. The region is between 138 and 344 m above sea level, sloping slightly to the southeast. This study area, which is located in central Hungary near Budapest, has a mosaic landscape with heterogeneous land cover characteristics. According to the Coordination of Information on the Environment (CORINE) Land Cover (CLC) 2018 database [33], the main land cover category here is the “non-irrigated arable land” (35.75% of the total area), but it also includes other significant land cover types, such as the ”broad-leaved forest” and “discontinuous urban fabric” (29.64% and 10.39% of the total area, respectively) (Table 1).



Because of the proximity of the capital (Budapest), this study area is highly urbanised, with a relatively high proportion of the “discontinuous urban fabric” land cover type. Moreover, because of the highly variable elevation conditions of this hilly study area, the landscape pattern is more heterogeneous and mosaic than that in the other study area [34].



Due to the inclusion of several major classes and many patches, the mean land cover patch size of the total 349 CLC patches in the area is not very large (142 ha). The other study area, Marosszög, covers an area of 492 km2 and is between 78 and 88 m above sea level. This alluvial plain, which is formed entirely by rivers, is relatively homogeneous and includes less diverse land cover characteristics, being covered mostly by agricultural land. Similar to the Gödöllői-hills, the majority of the land cover class here is also “non-irrigated arable land” (74.55% of the total area) (Table 1). Due to significant agricultural activity, the mean patch size is relatively high (352 ha) and the total number of land cover patches (polygons) is 166.




3. Materials and Methods


3.1. Remotely Sensed Data


For classification, three Landsat 8 and three Sentinel-2 satellite images were selected from three vegetation aspects (seasons) in 2017 (between March and October). The satellite data were processed with ERDAS Imagine 2020 and Sentinel Application Platform (SNAP) software. The satellite images obtained from the Landsat program were used for different classification purposes [35,36,37]. Landsat 8 is the newest satellite of its type. It scans the Earth’s surface in nine optical and two thermal bands with different spatial resolutions (optical bands: 30 m; thermal bands: 100 m; panchromatic: 15 m). Atmospheric-corrected Landsat images with surface reflectance values were ordered and downloaded from the Earth Resource Observation and Science (EROS) Processing Architecture (ESPA) system (http://espa.cr.usgs.gov). The downloaded data’s thermal bands were then resampled to a 30-m spatial resolution, then all bands were resampled to 10 m spatial resolution. The base of the European Space Agency (ESA)’s Sentinel-2 program is a pair of optical satellites. Each satellite is mounted with a MultiSpectral Instrument, capable of capturing images in 13 optical bands; it was designed for use in other Earth observation satellites (e.g., Landsat and Spot). The visible-light and near-infrared bands have a spatial resolution of 10 m, while the other bands have spatial resolutions of either 20 or 60 m [38]. The Sentinel-2 images were resampled to 10 m resolution and corrected to the bottom-of-atmosphere reflectance.




3.2. Reference Land Cover Data (CORINE Land Cover 2018 Dataset)


The CLC program was launched by the European Community in 1985 with the aim of producing reliable land cover data for the member states of the Community, thus helping to develop a coherent environmental policy [39]. CLC databases are generated by visual interpretation. The advantage of this method is that the interpreter can consider several properties of the image (colour, tone, texture, size and shape) and use several additional sources of information (orthophotos, fieldwork, and site descriptions) to classify the areas in question. The disadvantage of this method, however, is that the quality of classification depends largely on the professional knowledge of the interpreter, and thus, the final result is highly subjective. Moreover, the process itself is time consuming due to the visual interpretation. The land cover map of each member state is always prepared by the specialised organisation of the given member; the completed maps are then merged into a single database. To render the data usable and comparable, the maps are based on a uniform three-level classification system. Its smallest mapping unit is 25 ha, with a minimum width of 100 m for linear objects. The nomenclature of the classification system contains five classes at the first level, 15 at the second level and 44 at the third level [39]. The thematic accuracy of the CLC18 database is higher than 85% [33].




3.3. Calculation of Landscape Metrics


The processed sets of satellite images were stacked together and segmented with an edge detection method with different minimum segment sizes (1, 5, 10 and 25 ha) (Figure 2). The segments contain only an ID number, but they are not pointing to one instance, and instead, indicate an instance group. The main problem with these instance group IDs is that if an instance from a specific segment is not in the training set, the segment cannot improve the classification result (i.e., no rule is generated for that segment). Because of this, descriptors for the segment geometries are used. Based on the segments, four types of patch-level landscape metrics were calculated for each segment (polygon), which represented the size and shape characteristics of the segmented patches. The following landscape metrics were calculated by the V-Late 2 ArcGIS tool [40]: mean patch size (MPS), total edge (TE), mean shape index (MSI), and fractal dimension (MFRACT) (Table 2). The selection of the area- and shape-related landscape metrics was based on Szabó [41] and Walz [42]. These metrics are not completely redundant because they are not highly correlated with each other, which increases their usefulness in our classification [43,44]. MPS is an area-based landscape metric that describes the average landscape patch size and its distribution. TE is an edge-based landscape metric that shows the landscape patch type’s edge composition [21]. Both MPS and TE were used to represent the continuity of the landscape’s structure. To further describe changes in the geometrical complexity of a patch’s shape and the irregularity of its outer margin, the MSI and MFRACT were calculated [45]. MSI defines how compact the patches are on average (compared to a circle). MFRACT describes how complex or irregular the form of the landscape patch is; it comprises a normalised shape index in which the perimeter and area are log-transformed.




3.4. Classification


The classification of different land cover categories was performed on different data combinations, to evaluate the effects of the segmentation and landscape metrics. The landscape indices were used one-by-one and together, respectively, in the segment- and pixel-based classification methods (Figure 2). The third level of the CLC18 dataset was used as the reference data, which had good regional coverage and thematic accuracy, but its minimal mapping unit was relatively large (25 ha). Random points were generated (4000 points per class) as the training data. The training and test datasets were transformed to delimited text format, after which classification was performed using the WEKA software [47]. The random forest classification method was chosen, which is an assembly classifier designed with decision trees [48]. The random forest is a set of decision trees that, when combined, predict a majority voting scheme. The generalised error of the forest depends on two parameters: how accurate each individual classifier is and how independent the different classifiers are from each other (i.e., the strength of each tree in the forest and the correlation between them). While constructing the model, we can reduce the correlation between the trees by increasing the randomness, and thus, the generalised error as well [48]. The advantages here are the ability to classify large datasets with high accuracy and robustness vis-à-vis over-teaching. These properties make the random forest algorithm suitable for remote sensing applications [49]. A total of 301 trees and 6 random variables, with a 30% bagging size, was applied during the model’s formulation. To evaluate the performance of the random forest models, producer’s, user’s and overall accuracy, as well as different accuracy statistics (kappa, RMSE) of the classifiers, were examined.





4. Results


4.1. Influence of Segmentation on the Accuracy of Land Cover Mapping


According to the results, the application of the segmentation layer increased the overall accuracy by 1.15–4.21%, with the kappa coefficient varying between 0.64 and 0.76. Furthermore, a greater degree of improvement was achieved in the well-fragmented study area (Gödöllői-hills), where the increase was between 3.98% and 4.21% (Table 3). Regarding user accuracy, the greatest thematic accuracy increase was observed in mixed or complex land cover classes, such as “complex cultivation patterns”, “land principally occupied by agriculture, with significant areas of natural vegetation” and “transitional woodland shrub” in both study areas (Table A1 and Table A3). In these class areas, the level of thematic accuracy increased by between 2.73% and 16.77%. Improvements in producer accuracy were observed in the same land cover classes as user accuracy, as well as some of the small-extent land cover categories, such as “road and rail networks and associated land” and “sport and leisure facilities”. These land cover classes witnessed significant increases in accuracy (2.2–24.21%) (Table A2 and Table A4). There were fewer incorrectly classified clusters and fewer inner scattered pixels in the clusters on the classified map. Thanks to these, more compacted land cover clusters were on the classified image (Figure 3).




4.2. Comparing the Accuracy of Land Cover Mapping Involving or Ignoring Landscape Indices


After determining the impact of segmentation on classification, the landscape metrics’ effects on LULC classification were analysed. For this analysis, the classification results of the metrics were selected, which were calculated on segments with a 5-ha minimum size. The overall accuracy improvement achieved without the segmentation layer was between 0.43% and 1.26%, and the combined use of all metrics led to a similar degree of improvement (1.51–3.55%). In addition, the use of segment layers, combined with one of the landscape metrics (MPS, MSI, TE or MFRACT), resulted in better thematic accuracy than a segment or metric layer alone. Moreover, the highest overall accuracy (89.65% with a kappa of 0.77 and 73.62% with a kappa of 0.67) was achieved for both study areas, using all the data (spectral values, segmentation and metrics) (Figure 4).



The user’s and producer’s accuracy values changed with greater magnitude (2–3 times) in the same land cover classes, just as in the case of segmentation (“complex cultivation patterns”, “land principally occupied by agriculture, with significant areas of natural vegetation” and “transitional woodland scrub”) and other small-extent classes (“construction sites”, “green urban areas”, “sport and leisure facilities”, “vineyards” and “inland marshes”) (Table A1, Table A2, Table A3 and Table A4). According to these tables, the best metric in terms of accuracy improvement could not be determined but in some land cover classes the most effective metric could be selected (for example: in the Marosszög study area, based on the producer’s accuracy, at “Green urban areas” class, the MPS metric was the best). There were fewer internal scattered pixels in clusters, which created more compact segmented land cover patches (Figure 5).




4.3. Scale Dependency of Classification Accuracy


The influence of minimal segment size, and thus, the role played by scale were also investigated. Three other minimal segment sizes were selected to analyse the sensitivity of the scales of 1 ha, which is the minimal mapping unit (MMU) of the Urban Atlas database; 25 ha, which is the MMU of the CLC database and has an intermediate size of 10 ha (Figure 6).



As a result of the different segmentations—in both study areas—the number of segments and the mean segment areas varied widely; the differences between the 1 and 25-ha minimal segment sizes were ~56% and ~12%, respectively (Table 4).



Contrary to the original assumption, the best overall accuracy values were achieved at less-fragmented areas with more segments (with 10-ha minimal segment sizes) and at well-fragmented areas with few segments (with 25-ha minimal segment sizes). In Marosszög, in six of the seven data variations, the best overall accuracy was achieved with the 10-ha minimal segment size; the data for other minimal segment sizes were better at only the “spectral bands, segments and MSI” (Table 5). Moreover, the data variation of “spectral bands and landscape metrics” resulted in only linear accuracy growth with increasing minimal segment size—the other scenarios’ values changed irregularly. In contrast with Marosszög, the datasets obtained from the Gödöllői-hills area exhibited the best overall accuracy values at the 25-ha minimal segment size (six of seven). In most cases, the increase was linearly dependent on the minimal segment size (Table 5). Furthermore, in both study areas, the effect of the landscape metrics grew with the minimal segment size (both standalone and together), but the impact of the segmentation layer did not change remarkably.





5. Discussion


Previous research has proven the relation between LULC and landscape metrics [31], making such derivatives appropriate for increasing the classification efficiency. Using these metrics, the landscape characteristics of the LULC classes can be determined, thereby providing additional information to aid in classification. Prior studies have proven that some landscape metrics can increase the efficiency of LULC classification [14,16,18]. In contrast, the current study attempted to apply additional data to a more difficult classification task. A highly detailed reference database was used with more complex nomenclature, with 44 possible land cover classes and several basic landscape indicators (mean patch size, mean shape index, fractal dimension and total edge). Prior research showed the effectiveness of object-based (segment) image analysis of high-resolution images [50]. Segmentation forms the basis of object-based image analysis (OBIA) and is used to create homogeneous small objects from high-resolution satellite or aerial imagery [51]. Although this method has also been used on medium-resolution imagery, the goal has been the same: to examine an area of interest at greater scales and to obtain information about an image’s texture. Consistent with the results of previous research [14,52,53,54,55], the applicability of segmentation has been demonstrated in the land cover classification of medium-resolution satellite images. Although only pixel-based classification has been performed, segmentation could improve the accuracy of the classified images as compared to classification based on spectral values independent of the minimal segment size or the area’s fragmentation rate. In addition, the current study’s accuracy values indicate that the segmentation layer improves the classifier predictions for complex land cover classes, as well as the reliability of the classification of land cover maps’ small-extent categories.



A few researchers have studied the landscape indices derived from segments and their application’s effect on image classification [14,16,56]. Their results showed that basic segment information (e.g., area and perimeter) and complex metrics (e.g., shape complexity metrics) can improve classification accuracy. However, Chust et al. [56] found that the shape index and fractal dimension metrics yielded unconvincing results. In contrast to the aforementioned work, the current research rather effectively demonstrated the usefulness of applying landscape metrics such as mean patch size, mean shape index, fractal dimension and total edge to LULC classification. According to the results, landscape metrics can improve the classification accuracy independent of segmentation and other landscape metrics, and the application of these landscape metrics with segmentation only improves the effects of the segmentation layer. The effects of the different landscape metrics changed depending on the scale. Thus, the best metric could not be determined, but the combined use of the metrics clearly yielded better results than those obtained by using them individually. Moreover, the highest degree of accuracy was achieved using all data (spectral bands, segments and landscape metric values). Consequently, segmentation and landscape metrics carry independent additional information about LULC, and both datasets can improve the classifier’s effectiveness. Moreover, the effects of additional data were most potent in the well-fragmented study area, where the landscape was mosaic and heterogeneous; however, there was a clear significant increase in accuracy in the other area as well.



Many researchers were interested in selecting the right scale for the segmentation and the determination of the minimal patch that would give the most suitable predictions [50]. Moreover, there is an example of the combined use of different scales [18]. In this study, four different scales were tested for LULC classification. Consistent with previously obtained results, the ideal segmentation scale could not be determined. The effect of the segmentation layer did not change meaningfully because of the different minimal segment size, but the landscape metrics’ effects clearly increased with the larger minimal segment size. Furthermore, in less-fragmented areas, better accuracy values were obtained with more segments, and in well-fragmented study areas, with fewer segments.




6. Conclusions


The usefulness of landscape metrics for LULC classification is a less-studied facet of remote sensing and image classification. However, the descriptors of a landscape and its structures and patterns provide information that is relevant to LULC. Our investigation proved the effective use of various shape- and size-related landscape metrics (mean patch size, total edge, mean shape index and fractal dimension) as input layers in the classification.



According to this study’s findings, the aforementioned indices could increase the prediction accuracy. Moreover, these landscape metrics improved the classification process even without the segmentation layer upon which the calculations were based. Moreover, differences in minimal segment size were found to increase the classification accuracy in different fragmented areas to differing degrees. In both study areas, it was observed that the effect of the landscape metrics on classification accuracy was increased along with the minimal segment size. The best overall accuracies (Marosszög: 91.39% with a kappa of 0.81; Gödöllői-hills: 76.14% with a kappa of 0.7) were obtained using all data (spectral bands, segmentation layer and all landscape metrics) with the 10-ha (Marosszög) and 25-ha (Gödöllői-hills) minimal segment sizes. These results revealed that more research needs to be conducted on this topic; using other reference data (LUCAS points, reference points from high-resolution satellite imagery or field survey data), we can examine the impact of a reference’s MMU, and the importance of the reference data’s reliability; with the separate use of the Landsat and Sentinel imagery, we can determine which data source is better for our methodology. Moreover, a future step is to combine the use of different scales and to apply other more sophisticated metrics that describe the landscape structure.
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Table A1. User’s accuracy values for different data combinations in the Marosszög study area, with 5 ha minimal segment size.






Table A1. User’s accuracy values for different data combinations in the Marosszög study area, with 5 ha minimal segment size.





	User’s Accuracy
	Spectral Bands
	Spectral Bands and Segments
	Spectral Bands and Landcsape Metrics
	Spectral Bands, Segments and MSI
	Spectral Bands, Segments and MPS
	Spectral Bands, Segments and TE
	Spectral Bands, Segments and FRACT
	All Data





	Discontinuous urban fabric
	87.7%
	89.5%
	89.7%
	90.3%
	90.2%
	90.0%
	90.2%
	91.5%



	Road and rail networks and associated land
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%



	Green urban areas
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%



	Sport and leisure facilities
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%



	Non-irrigated arable land
	87.4%
	88.6%
	88.3%
	88.9%
	88.9%
	88.9%
	88.7%
	89.4%



	Fruit trees and berry plantations
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	99.9%
	100.0%
	100.0%



	Pastures
	86.3%
	88.0%
	88.1%
	88.6%
	88.4%
	88.3%
	88.5%
	89.5%



	Complex cultivation patterns
	80.2%
	84.3%
	85.6%
	85.5%
	85.3%
	85.4%
	85.7%
	87.9%



	Land principally occupied by agriculture, with significant areas of natural vegetation
	77.7%
	85.4%
	85.9%
	87.1%
	87.0%
	86.5%
	87.0%
	89.4%



	Broad-leaved forest
	83.4%
	86.1%
	87.8%
	87.1%
	87.1%
	86.9%
	87.3%
	88.9%



	Transitional woodland-scrub
	83.5%
	88.1%
	88.9%
	89.6%
	89.9%
	89.3%
	89.5%
	91.1%



	Inland marshes
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%
	99.9%



	Water courses
	97.4%
	97.7%
	97.7%
	97.7%
	97.8%
	97.8%
	97.7%
	97.9%



	Water bodies
	100.0%
	99.9%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
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Table A2. Producer’s accuracy values for different data combinations in the Marosszög study area, with 5 ha minimal segment size.






Table A2. Producer’s accuracy values for different data combinations in the Marosszög study area, with 5 ha minimal segment size.





	Producer’s Accuracy
	Spectral Bands
	Spectral Bands and Segments
	Spectral Bands and Landcsape Metrics
	Spectral Bands, Segments and MSI
	Spectral Bands, Segments and MPS
	Spectral Bands, Segments and TE
	Spectral Bands, Segments and FRACT
	All Data





	Discontinuous urban fabric
	81.2%
	81.6%
	81.9%
	81.7%
	81.7%
	81.7%
	81.7%
	82.0%



	Road and rail networks and associated land
	37.9%
	49.7%
	50.1%
	52.3%
	52.3%
	49.8%
	53.2%
	56.1%



	Green urban areas
	29.3%
	47.3%
	73.1%
	55.0%
	58.8%
	52.8%
	57.1%
	74.2%



	Sport and leisure facilities
	35.8%
	48.9%
	56.7%
	53.6%
	52.7%
	53.1%
	53.7%
	62.4%



	Non-irrigated arable land
	99.3%
	99.4%
	99.4%
	99.4%
	99.4%
	99.4%
	99.4%
	99.4%



	Fruit trees and berry plantations
	43.1%
	51.3%
	74.9%
	59.7%
	64.2%
	65.2%
	58.4%
	72.7%



	Pastures
	70.4%
	71.3%
	70.6%
	71.5%
	71.4%
	71.7%
	71.4%
	71.5%



	Complex cultivation patterns
	26.0%
	32.2%
	31.2%
	34.3%
	34.2%
	33.7%
	33.3%
	37.3%



	Land principally occupied by agriculture, with significant areas of natural vegetation
	38.9%
	41.1%
	42.8%
	42.6%
	42.2%
	42.0%
	42.8%
	45.6%



	Broad-leaved forest
	88.7%
	89.2%
	89.0%
	89.3%
	89.1%
	89.3%
	89.3%
	89.3%



	Transitional woodland-scrub
	69.0%
	74.8%
	80.9%
	76.5%
	79.3%
	78.3%
	77.6%
	84.8%



	Inland marshes
	51.0%
	49.9%
	63.7%
	53.8%
	52.0%
	51.6%
	55.9%
	61.9%



	Water courses
	83.9%
	84.4%
	84.4%
	84.8%
	84.6%
	84.3%
	84.8%
	85.0%



	Water bodies
	39.1%
	45.3%
	42.4%
	44.9%
	46.0%
	46.1%
	44.8%
	45.9%
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Table A3. User’s accuracy values for different data combinations in the Gödöllői-hills study area, with 5 ha minimal segment size.






Table A3. User’s accuracy values for different data combinations in the Gödöllői-hills study area, with 5 ha minimal segment size.





	User’s Accuracy
	Spectral Bands
	Spectral Bands and Segments
	Spectral Bands and Landcsape Metrics
	Spectral Bands, Segments and MSI
	Spectral Bands, Segments and MPS
	Spectral Bands, Segments and TE
	Spectral Bands, Segments and FRACT
	All Data





	Discontinuous urban fabric
	72.9%
	77.6%
	76.9%
	73.6%
	77.3%
	77.0%
	77.2%
	77.5%



	Industrial or commercial units
	67.9%
	84.0%
	75.7%
	79.2%
	77.3%
	79.3%
	78.8%
	79.4%



	Road and rail networks and associated land
	95.2%
	98.5%
	98.1%
	97.1%
	98.3%
	98.4%
	98.3%
	98.2%



	Construction sites
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%



	Green urban areas
	99.0%
	99.8%
	99.6%
	99.6%
	99.8%
	99.7%
	99.7%
	99.8%



	Sport and leisure facilities
	94.7%
	99.3%
	99.1%
	97.7%
	99.2%
	99.2%
	99.2%
	99.3%



	Non-irrigated arable land
	70.6%
	75.1%
	73.3%
	73.2%
	73.7%
	73.9%
	74.1%
	74.0%



	Vineyards
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%
	100.0%



	Fruit trees and berry plantations
	92.2%
	98.6%
	98.0%
	95.9%
	98.2%
	98.4%
	98.1%
	98.2%



	Pastures
	62.0%
	81.3%
	74.1%
	73.7%
	75.9%
	76.8%
	76.3%
	76.2%



	Complex cultivation patterns
	49.0%
	70.9%
	64.0%
	61.8%
	66.1%
	66.5%
	65.8%
	66.9%



	Land principally occupied by agriculture, with significant areas of natural vegetation
	46.5%
	73.4%
	62.1%
	63.3%
	64.6%
	67.2%
	66.1%
	64.8%



	Broad-leaved forest
	64.3%
	68.1%
	66.5%
	66.0%
	66.8%
	66.9%
	66.9%
	67.0%



	Coniferous forest
	81.2%
	85.7%
	84.2%
	83.7%
	84.5%
	84.6%
	84.6%
	84.8%



	Mixed forest
	58.7%
	73.8%
	68.9%
	66.0%
	70.0%
	70.6%
	70.8%
	70.2%



	Natural grassland
	94.2%
	98.3%
	97.7%
	96.7%
	98.1%
	98.0%
	98.0%
	97.9%



	Transitional woodland-scrub
	54.6%
	66.5%
	61.5%
	60.9%
	63.2%
	63.0%
	63.2%
	63.0%



	Inland marshes
	96.3%
	99.0%
	98.2%
	98.0%
	98.6%
	98.4%
	98.5%
	98.5%



	Water bodies
	95.1%
	98.4%
	96.5%
	97.7%
	96.7%
	97.7%
	97.5%
	97.6%
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Table A4. Producer’s accuracy values for different data combinations in Gödöllői-hills study area, with 5 ha minimal segment size.
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	Producer’s Accuracy
	Spectral Bands
	Spectral Bands and Segments
	Spectral Bands and Landcsape Metrics
	Spectral Bands, Segments and MSI
	Spectral Bands, Segments and MPS
	Spectral Bands, Segments and TE
	Spectral Bands, Segments and FRACT
	All Data





	Discontinuous urban fabric
	84.3%
	86.1%
	85.2%
	86.2%
	86.5%
	86.5%
	86.3%
	87.0%



	Industrial or commercial units
	45.8%
	55.5%
	40.8%
	55.6%
	53.4%
	53.7%
	56.0%
	51.8%



	Road and rail networks and associated land
	25.2%
	37.1%
	24.1%
	38.2%
	35.9%
	36.4%
	38.8%
	36.4%



	Construction sites
	10.8%
	26.9%
	20.7%
	29.1%
	28.8%
	28.7%
	28.7%
	37.3%



	Green urban areas
	9.7%
	19.6%
	15.4%
	21.3%
	20.7%
	21.1%
	23.2%
	27.1%



	Sport and leisure facilities
	15.9%
	21.9%
	22.7%
	24.3%
	24.5%
	23.7%
	22.9%
	29.0%



	Non-irrigated arable land
	96.6%
	96.4%
	96.6%
	96.4%
	96.4%
	96.5%
	96.4%
	96.5%



	Vineyards
	30.7%
	36.8%
	55.8%
	41.0%
	41.0%
	42.3%
	43.3%
	54.5%



	Fruit trees and berry plantations
	23.7%
	27.8%
	33.1%
	28.5%
	29.1%
	29.0%
	28.7%
	31.9%



	Pastures
	41.2%
	42.0%
	46.9%
	43.1%
	43.4%
	44.0%
	43.9%
	47.2%



	Complex cultivation patterns
	34.5%
	43.1%
	38.8%
	43.6%
	45.4%
	44.4%
	44.1%
	47.1%



	Land principally occupied by agriculture, with significant areas of natural vegetation
	26.4%
	30.1%
	29.6%
	30.7%
	30.9%
	31.0%
	31.0%
	31.9%



	Broad-leaved forest
	92.3%
	93.5%
	93.3%
	93.6%
	93.8%
	93.7%
	93.7%
	94.2%



	Coniferous forest
	57.8%
	60.6%
	60.5%
	61.2%
	61.2%
	61.4%
	60.8%
	62.3%



	Mixed forest
	44.8%
	53.1%
	48.4%
	53.4%
	53.2%
	53.8%
	54.3%
	56.4%



	Natural grassland
	18.0%
	23.4%
	30.9%
	26.0%
	25.9%
	25.9%
	25.1%
	31.8%



	Transitional woodland-scrub
	41.8%
	46.0%
	46.0%
	46.8%
	47.4%
	47.2%
	46.9%
	49.6%



	Inland marshes
	15.8%
	20.9%
	25.0%
	22.5%
	23.7%
	23.9%
	23.6%
	30.9%



	Water bodies
	43.6%
	48.2%
	43.9%
	49.2%
	49.1%
	48.8%
	50.2%
	47.8%
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Figure 1. Land cover of the Marosszög and Gödöllői-hills study areas according to the CLC 2018 database. 
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Figure 2. Pre-processing and classification processes. 
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Figure 3. Effect of the segment layer on classification in the Gödöllői-hills study area: (A) original false colour satellite imagery, (B) segmented layer (5-ha minimal patch size), (C) classified map based on the spectral band, and (D) classified map based on spectral bands and the segments layer. 
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Figure 4. Impact of data combinations on classification accuracy with 5-ha minimal segment size. 
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Figure 5. Differences between classification results based on only spectral bands and all data (including all landscape metric parameters) in the Marosszög study area. (A,C) classified maps based on spectral bands, and (B,D) classified maps based on all data. 
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Figure 6. Effect of different minimal segment sizes on segmentation in the Gödöllői-hills study area (red lines are polygons from the original CLC database). (A) segments with a 1-ha minimal patch size, (B) segments with a 5-ha minimal patch size, (C) segments with a 10-ha minimal patch size, and (D) segments with a 25-ha minimal patch size. 
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Table 1. Distribution of CLC classes in the two study areas.
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	Code
	Gödöllői-Hills
	Marosszög





	1.1.2. Discontinuous urban fabric
	10.39%
	6.20%



	1.2.1. Industrial or commercial units
	1.33%
	0.28%



	1.2.2. Road and rail networks and associated land
	0.38%
	0.02%



	1.3.3. Construction sites
	0.09%
	0.00%



	1.4.1. Green urban areas
	0.14%
	0.07%



	1.4.2. Sport and leisure facilities
	0.35%
	0.13%



	2.1.1. Non-irrigated arable land
	35.75%
	74.55%



	2.2.1. Vineyards
	0.11%
	0.00%



	2.2.2. Fruit trees and berry plantations
	0.75%
	0.06%



	2.3.1. Pastures
	2.43%
	5.99%



	2.4.2. Complex cultivation patterns
	3.28%
	2.15%



	2.4.3. Land principally occupied by agriculture, with significant areas of natural vegetation
	2.52%
	1.79%



	3.1.1. Broad-leaved forest
	29.64%
	6.50%



	3.1.2. Coniferous forest
	2.30%
	0.00%



	3.1.3. Mixed forest
	2.78%
	0.00%



	3.2.1. Natural grassland
	0.45%
	0.00%



	3.2.4. Transitional woodland scrub
	6.77%
	0.75%



	4.1.1. Inland marshes
	0.21%
	0.07%



	5.1.1. Water courses
	0.00%
	1.30%



	5.1.2. Water bodies
	0.32%
	0.14%
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Table 2. Descriptions of the area, edge and shape metrics (based on [21,46]).
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Feature

	
Index

	
Name and Description






	
Area

	
MPS

	
Mean Patch Size




	
   M P S =    ∑  j = 1  n   a  i j      n i    ,   




	
where aij represents the area of the jth patch in the ith class, ni represents the number of patches in the ith class and n represents the number of patches (>0)




	
Edges

	
TE

	
Total Edge




	
  T E =  ∑  k = 1  m   e  i k    ,




	
where eik represents the edge length between the ith and kth patch types and m represents the number of patch classes (≤0)




	
Shape Complexity

	
MSI

	
Mean Shape Index




	
  M S I =    ∑  j = 1  n   (     p  i j       π ∗  a  i j    2     )     n i     ,




	
where pij represents the perimeter of the jth patch in class ith, aij represents the area of the jth patch in class ith, ni represents the number of patches in the ith class and n represents the number of patches (≥1)




	
MFRACT

	
Mean Fractal Dimension




	
   M F R A C T =    ∑  j = 1  n   (    2 ln  p  i j     ln  a  i j      )     n i      




	
where pij represents the perimeter of the jth patch in class ith, aij represents the area of the jth patch in class ith, ni represents the number of patches in the ith class and n represents the number of patches (1–2)
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Table 3. Overall accuracies and their increase under the influence of segmentation.
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Study Area

	
Data

	
1 ha

	
+%

	
5 ha

	
+%

	
10 ha

	
+%

	
25 ha

	
+%






	
Marosszög

	
Spectral bands

	
87.02%

	
-

	
86.92%

	
-

	
87.02%

	
-

	
87.02%

	
-




	
Spectral bands + segments

	
88.50%

	
1.48%

	
88.46%

	
1.53%

	
90.16%

	
3.14%

	
88.17%

	
1.15%




	
Gödöllői-hills

	
Spectral bands

	
66.81%

	
-

	
66.86%

	
-

	
66.81%

	
-

	
66.81%

	
-




	
Spectral bands + segments

	
70.91%

	
4.10%

	
71.07%

	
4.21%

	
70.79%

	
3.98%

	
70.92%

	
4.11%
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Table 4. Effect of using different minimum segment sizes.
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	Marosszög 1 ha
	Marosszög 5 ha
	Marosszög 10 ha
	Marosszög 25 ha
	Gödöllői-Hills 1 ha
	Gödöllői-Hills 5 ha
	Gödöllői-Hills 10 ha
	Gödöllői-Hills 25 ha





	Number of segments
	11,730
	5283
	271
	209
	9971
	9971
	2182
	831



	Mean segment size (ha)
	12.6
	28.0
	545.4
	707.3
	9.3
	9.3
	42.6
	111.8



	Modus (ha)
	1.3
	8.9
	13.9
	-
	1.0
	-
	12.5
	27.1
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Table 5. Overall accuracy increases with different datasets and minimal segment sizes.
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Marosszög

	
Gödöllői-Hills






	
Data/Minimal segment size

	
1 ha

	
5 ha

	
10 ha

	
25 ha

	
1 ha

	
5 ha

	
10 ha

	
25 ha




	
Spectral bands

	
87.02%

	
87.02%

	
87.02%

	
87.02%

	
66.81%

	
66.81%

	
66.81%

	
66.81%




	
Spectral bands and segments

	
+1.48%

	
+1.53%

	
+3.14%

	
+1.15%

	
+4.10%

	
+4.21%

	
+3.98%

	
+4.11%




	
Spectral bands and landscape metrics

	
+0.59%

	
+1.51%

	
+2.65%

	
+2.38%

	
+2.82%

	
+3.55%

	
+4.96%

	
+6.82%




	
Spectral bands, segments and MSI

	
+3.28%

	
+2.01%

	
+1.89%

	
+1.92%

	
+4.65%

	
+4.87%

	
+5.16%

	
+5.82%




	
Spectral bands, segments and MPS

	
+3.35%

	
+2.00%

	
+3.70%

	
+1.71%

	
+4.97%

	
+5.06%

	
+5.10%

	
+5.65%




	
Spectral bands, segments and TE

	
+3.39%

	
+1.91%

	
+3.80%

	
+1.88%

	
+4.87%

	
+5.10%

	
+5.12%

	
+5.65%




	
Spectral bands, segments and MFRACT

	
+1.64%

	
+1.87%

	
+1.94%

	
+1.84%

	
+4.61%

	
+5.11%

	
+5.04%

	
+5.85%




	
All data (spectral bands, segments and landscape metrics)

	
+1.82%

	
+2.73%

	
+4.37%

	
+2.96%

	
+6.28%

	
+6.76%

	
+7.88%

	
+9.33%
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