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Abstract:



An accurate geomorphometric description of the Iranian loess plateau landscape will further enhance our understanding of recent and past geomorphological processes in this strongly dissected landscape. Therefore, four different input datasets for four landform classification methods were used in order to derive the most accurate results in comparison to ground-truth data from a geomorphological field survey. The input datasets in 5 m and 10 m pixel resolution were derived from Pléiades stereo satellite imagery and the “Shuttle Radar Topography Mission” (SRTM), and “Advanced Spaceborne Thermal Emission and Reflection Radiometer” (ASTER GDEM) datasets with a spatial resolution of 30 m were additionally applied. The four classification approaches tested with this data include the stepwise approach after Dikau, the geomorphons, the topographical position index (TPI) and the object based approach. The results show that input datasets with higher spatial resolutions produced overall accuracies of greater than 70% for the TPI and geomorphons and greater than 60% for the other approaches. For the lower resolution datasets, only accuracies of about 40% were derived, 20–30% lower than for data derived from higher spatial resolutions. The results of the topographic position index and the geomorphons approach worked best for all selected input datasets.
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1. Introduction


The description of the Earth’s surface by automatic classifications is important to derive insight into a landscape. Geomorphometry, as a quantitative analysis of landscape structures, is applied in several fields, such as hydrology, geomorphology, soil science, oceanography or civil engineering [1,2]. In practice, this valuable geomorphometric information can be used for map making, digital soil mapping [3,4,5], hydrologic simulations [6,7] and risk potential analysis [8,9]. Furthermore, this information is useful for the estimation of arable land, as well as areas endangered by soil erosion. Likewise, the achieved information allows estimating past landscape evolution [5].



To derive landform classifications, geomorphometric parameters, e.g., slope and curvature, of digital terrain models are used. These values are utilized for landform classification approaches in different ways and a multitude of different algorithms were developed for a systematic landform classification. Most of them are working with different terrain parameters and combinations of them to derive distinct landform types. For this purpose, most approaches use the assumption of landform types distinguishable by a comparison to the corresponding neighboring elements. The first approaches for a digital landform classification were conducted by Pennock et al. [10], who classified seven landform elements from the morphometric parameters slope, plan curvature and profile curvature. Dikau et al. [11] digitalized the landform classification scheme of Hammond [12,13]. Based on Hammond’s work, he calculated three morphometric values for each cell with a surrounding moving window and grouped them into different categories. Finally, he combined them into five different landform types.



In the following decades, a large number of alternative and modified classification methods were presented. Brabyn et al. [14] modified the classification system of Hammond and Dikau. MacMillan et al. [15] enhanced the classification scheme of Pennock et al. [10] and were able to derive 15 different landform classes instead of seven. In addition, more complex decision tree based approaches were tested to achieve a systematic landform classification [16,17]. Furthermore, besides these numerous landform classification schemes with “crisp, unambiguous boundaries” [18], fuzzy classification methods were introduced [18,19]. To consider the problem that different landform types mostly vary strongly in their sizes, Weiss [20] has developed the topographic position index (TPI). The TPI measures relative height positions of a certain point compared to its surrounding area in two different window sizes, whereas other approaches mostly use only one size for calculation. Thus, this approach is more suitable for heterogeneous landscapes [21]. Another promising approach was conducted by Jasiewicz and Stepinski [22]. Their geomorphons approach creates ternary patterns as a set of possible morphological landscape types from elevation differences in a certain neighborhood.



To take advantage of the segmentation technique over pixel based classification methods, Drǎguţ and Blaschke [23] introduced a new object-based approach. Pixel-based approaches ignore contextual information and only consider values of individual pixels in the classification process. In contrast, object-based approaches use segmentation algorithms prior to the classification to partition the data into sematic objects, which are much more able to divide the landscape in a comprehensible way. Therefore, object based image analysis (OBIA) approaches became very popular in geomorphometry and the number of applied approaches increased in the last decade [24,25,26,27].



Recently, all developed approaches were applied to many different thematic fields and landscapes. They have also become essential for mapping of natural landscapes at different scales. Besides classifications of terrestrial landscape [28] or undersea topography [29] on global scales, also small scale distinct landforms such as gullies [26], drumlins or volcanoes [24,30] were classified. All these approaches show very promising results. However, a thorough evaluation and comparison of the landform classifications schemes is missing. In addition, it is rarely shown how different scales and input datasets overall work with these approaches. The questions of accuracy and scaling arise in particular for areas with stronger relief variation as such landscapes are more sensitive for changes in digital elevation model (DEM) resolutions [31]. Generally, most experiences indicate that DEM pixel resolutions between 5 m and 30 m are most suitable for landform classifications [32,33]. Likewise, input terrain datasets in a higher spatial resolution are available, as satellites nowadays are enabled to record stereo-views of an area. This optical imagery for the derivation of DEMs now achieved a submeter pixel resolution, comparable to already available datasets derived by airborne laser scanning (LiDAR). Furthermore, a global DEM with a 12 m pixel resolution will be available from the TanDEM-X mission, which incorporated two radar satellites and is nearly finished [34].



In this contribution, the comparison of four different landform classification approaches was conducted by three different input datasets for a remote region, which is characterized by a strongly dissected relief, the Iranian loess plateau. The input datasets are the publicly available DEMs of the “Shuttle Radar Topography Mission” (SRTM) and “Advanced Spaceborne Thermal Emission and Reflection Radiometer” (ASTER) (30 m pixel resolution) and two digital elevation models derived from Pléiades stereo imagery aggregated to a 5 m and 10 m pixel resolution. Based on the presented approaches by Dikau et al. [11], Weiss [20], Jasiewicz and Stepinski [22], as well as Drǎguţ and Blaschke [23], landforms were classified in four different ways for each digital elevation model. These methods were applied in two different study areas of the Iranian loess plateau. Both study sites have slightly varying relief characteristics. One is situated in the western part of the loess plateau and has a strongly dissected relief with small valleys and steeply rising hills. The second study area has a flatter relief with some deeply incised valleys and is located in the eastern part of the plateau. To evaluate the results of the conducted landform classifications, geo-located pictures taken on a field campaign in this area were used. The accuracy of the DEMs themselves are compared to measurements of DGPS profiling. However, the precision and accuracy of the DEMs is not considered here, due to the accessibility of the area and only relative heights are used in the selected approaches.




2. Study Area


The Iranian loess plateau is a unique landscape covered by mineral dust, up to at least 70 m thick [35]. Recent sedimentological and geochronological investigations show that these loess deposits have high value as records of Quaternary landscape evolution and climate change. These deposits provide a link between the loess deposits in Southeastern Europe and Central Asia [35,36,37,38]. However, little information is available on its soil, plant cover and the geomorphological evolution of the plateau, as well as on potentials and problems in land use.



The loess plateau covers an area of about 2250 km2 in the Turkmen steppe of northern Iran (Figure 1). It is located at altitudes between about 45 m and 300 m above mean sea level. The base of the loess plateau belongs to the western part of the Kopeh Dagh Mountains. It is dissected in several fault blocks [39]. Differential tectonic uplift is expressed in several escarpments and in the sudden altitudinal rise at the boundary of the plateau. Tectonic uplift triggered deep erosion and valley incision into the loess and underlying strata, causing the pronounced relief of the loess plateau. It is characterized by steep slopes frequently dissected by deeply incised v-shaped side-valleys opening to larger valleys with broad floors. Both types are dry valleys with episodic runoff. The ridges in between the valleys rise to about 80 m above the valley floors and mostly consist of loess. Frequent loess wells, sinkholes, pipes and gullies reflect intense erosion processes at the land surface and below. Small scarp faces and hummocky toes indicate local slumping. In addition, the slope surfaces are covered by dense networks of sheep and goat tracks related to severe overgrazing in the area [38].


Figure 1. Overview of the study area in northeast Iran with the two different Pléiades satellite imagery extents. Data provided by Golestan Natural Resources and Watershed Management Central Office (loess areas), ASTER-GDEM2 and ArcWorld Supplement.
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3. Materials and Methods


3.1. Low Resolution Digital Elevation Models


For the comparison of the different landform classifications the two global digital elevation models (GDEM) in a resolution of 30 m were used. The ASTER sensor is a multispectral imaging system that is on board NASA’s ERA (Earth Observing System) TERRA satellite. The mission was launched in 1999 and was primarily used to collect multispectral data of the Earth [40]. In addition to the multispectral bands, the ASTER sensor has an additional near infrared sensor, which is inclined by 27.6°. These sensors enable a stereoscopic recording according to the “as-track” principle [41]. In 2009, NASA and the Japanese Ministry of International Trade and Industry published a global digital terrain model for the first time. This ASTER global digital elevation model (GDEM) was generated from all stereo images collected. It has a geometric resolution of one arc second, which corresponds to a pixel resolution of about 30 m [42,43]. In 2011, the second version of the ASTER GDEM was released. For the ASTER GDEM 2 used in this contribution, further recordings and enhancements were made available [42]. The accuracy of the ASTER GDEM2 was assessed by the ASTER GDEM Validation Team [42] with an average vertical root mean square error (RMSE) of 8.86 m. Additionally, they reported an RMSE of 6.1 m in flatter areas and of 15.1 m in mountainous regions. The horizontal average error was conducted by a shift of 0.13 arc-seconds to west and 0.19 arc-seconds to north.



In contrast to the previously described passive DEM derivation of the Earth’s surface, it was actively recorded in February 2000 by the SRTM, with the aid of radar systems by the InSAR principle [44]. A DEM from the C-band data was first made available by the USGS in 2003 in a one arc second geometric resolution for the US and a three arc second resolution for the whole Earth. In the course of the year 2015, SRTM data with a geometric resolution of one arc second were made available for the rest of the Earth’s surface. Thus, SRTM data for the region of northern Iran with a geometric resolution of 30 m was also available for the analysis in this contribution. According to Farr et al. [44], the accuracy of the SRTM DEM is determined with an absolute vertical height error of 6.2 m and a relative height error of less than 8.7 m for Eurasia. The horizontal positional accuracy was assessed with a circular absolute geolocation error of 8.8 m.




3.2. High Resolution Digital Elevation Models


In contrast to the previously presented low resolution models, different models in a higher spatial resolution from Pléiades satellite imagery were derived. Pléiades is a satellite system operated by the French Space Center (CNES). The first of the two satellites (Pléiades 1A) was brought into a sun-synchronous orbit on 16 December 2011. One year later, Pléiades 1B followed as the second satellite on 2 December 2012, which completed the system [45]. This system is equipped with optoelectronic CCD scanners, which scan the Earth’s surface transversely to the direction of flight and convert the measured radiation into a measurable electrical signal. It is recorded in a panchromatic channel and four multispectral channels each with five line sensors [46,47]. The line sensors of the panchromatic sensor have a width of more than 6000 pixels and the multispectral sensors have a resolution of 1500 pixels. Thus, the geometric resolution of the satellite is 50 cm in the panchromatic channel and 2 m in the multi-spectral channels [45]. The Pléiades satellites thus belong to the satellite systems with a very high spatial resolution. The panchromatic channel operates in a wavelength range between 480 nm and 830 nm. The positional accuracy is indicated with 8.5 m at nadir and 10.5 m within an angle of 30° [45]. The Pléiades data used in this study are two stereoscopic images, which were recorded over the investigation areas on 28 March 2015, each representing an area of about 10 by 10 km. From these stereo image pairs, the digital terrain models with a pixel resolution of 50 cm were established with the ENVI software. The generation of the Pléiades DEMs was conducted with 25 tie-points for relative orientation. No georeferenced ground control points (GCPs) were used, due to the accessibility. Therefore, only a DEM with relative heights was used in the classification process. From the high-resolution dataset, two datasets with lower pixel resolution (5 m and 10 m) were resampled by the “nearest neighbor” sampling method, which served as the basis for the compilation of the landform classifications.




3.3. Applied Landform Classifications


3.3.1. The Approach of Dikau


Following the approach of Dikau in the 1990s, a stepwise classification was conducted, subdivided in the derivation of slope, local relief and profile type classifications. The whole procedure is computed in ArcMap 10.3 (ESRI) as an automatic tool, implemented with the model builder. Major functions used in ArcMap are slope, focal statistics and map algebra. The first step of this approach is to derive slope classes for each pixel by an adjustable number of neighboring pixels building a rectangle containing a slope of less than 8%. Class breaks are 20%, 50% and 80%, resulting in four classes. The number of neighboring pixels is adjusted to the spatial resolution of the input data, as assigned in Table 1.



Table 1. Parameters of the moving window sizes in pixels (px) used in this approach for the three different pixel resolutions. Cell size in meters are shown in parentheses.







	
Moving Window

	
5 m

	
10 m

	
30 m






	
Slope gradient (rectangle)

	
3 × 3

(15 m)

	
3 × 3

(30 m)

	
3 × 3

(90 m)




	
Local relief window (circle radius)

	
15

(75 m)

	
10

(100 m)

	
5

(150 m)




	
Profile type (rectangle)

	
10 × 10

(50 m)

	
10 × 10

(100 m)

	
10 × 10

(300 m)










The calculation of the local relief is conducted by building height differences for each pixel and the previously mentioned neighboring pixels (Table 1). In this case, the neighboring pixels are determined by a circle. Classes are built upon the height differences in six classes with class breaks at 30 m, 60 m, 100 m, 150 m and 300 m. Likewise, the profile type is calculated by assigning pixels to upland or lowland and further using classes of flatness, as described before. The assignment to upland or lowland is depending on the position of the pixel in relation to overall height range of the surrounding pixels. A pixel with a height higher than the half of the height range of all pixels is in upland class, a pixel with a height smaller than the half of the height range of all pixels is in the lowland class. Four classes are built by the combination of these calculations, where low- or upland pixels with an amount of slope pixels smaller or higher than 75% are used.



All possible classes of each classification were serially numbered from one to four for the slope and profile type classification and from one to six for the local relief classification. Consequently, each pixel became three numbers depending on their assigned class. A combination of these results in 96 possible combinations for each pixel (Table 2), in which the first digit represents the slope classification, the second one the local relief and the third one the profile type. Finally, these sub classes are remapped here to five major landform classes (plains, plateau, irregular plains, low hills, and moderate hills) that fit to the results of the other classification approaches.



Table 2. Reclassification scheme of the derived landform subclasses to final landform classes.







	
Landform Sub-Classes Code

	
Landform Type






	
111, 112, 121, 122, 131, 132, 141, 142, 151, 152, 161, 162, 211, 212, 221, 222

	
Plains




	
113, 114, 123, 124, 133, 134, 143, 144, 153, 154, 163, 164, 213, 214, 223, 224

	
Plateau




	
231, 232, 233, 234, 241, 242, 243, 244,

251, 252, 253, 254, 261, 262, 263, 264,

311, 312, 313, 314, 321, 322, 323, 324,

331, 332, 333, 334, 341, 342, 343, 344,

351, 352, 353, 354, 361, 362, 363, 364

	
Irregular Plains




	
411, 412, 413, 414, 421, 422, 423, 424

	
Low Hills




	
431, 432, 433, 434, 441, 442, 443, 444, 451, 452, 453, 454, 461, 462, 463, 464

	
Moderate Hills











3.3.2. The Topographic Position Index


The topographic position index was implemented as a tool with ArcMap 10.3 model builder (ESRI) after the concept of Weiss [20]. The TPI uses two different scales in order to derive different landform classes. The standardized index is built on each scale by comparing the current cell value to the moving mean of the neighboring cells. In this case, neighboring cells are selected by an annulus with an inner and outer cell radius. As previously described, these sizes are selected based on the pixel resolution of the input data. As recommended by de Reu et al. [21], the size of the radius for the inner annulus was oriented on the dimensions of the smaller landforms in the study area. The values are listed in Table 3. Positive index values are assigned as ridge, negative values are assigned as valley. In combination with a slope analysis, a differentiation in two classes with values smaller or bigger than 5%, as well as the two different scales, this results in ten classes. In this contribution, the number of classes is reduced to seven classes by integrating ridges and drainage classes.



Table 3. Parameters of the moving window sizes in pixels (px) used in this approach for the three different pixel resolutions. Cell sizes in meters are shown in parentheses.







	

	
5 m

	
10 m

	
30 m




	

	
Inner Radius

	
Outer Radius

	
Inner Radius

	
Outer Radius

	
Inner Radius

	
Outer Radius






	
TPI 300

	
5 (25 m)

	
10 (50 m)

	
3 (30 m)

	
5 (50 m)

	
3 (90 m)

	
5 (150 m)




	
annulus




	
TPI 2000

	
62 (310 m)

	
67 (335 m)

	
30 (300 m)

	
33 (330 m)

	
10 (300 m)

	
12 (360 m)




	
annulus











3.3.3. The Object Based Approach


For the object-based approach, slope and curvature are first calculated as further input datasets for the segmentation. The segmentation is conducted in eCognition Developer 9.0 (Trimble) by the multiresolution segmentation tool. The weighting for each parameter is similar, as well as smoothness and compactness in the segmentation process. The scale parameter is set to 20, 10 and 5 for the pixel resolution of 5 m, 10 m and 30 m. Classes are built by using the mean value of profile curvature (<−0.5, −0.5 to 0.5, and >0.5) and slope (<2°, >35°) of each derived object. In addition, a peak class is built for all segments higher than their surrounding segments, and footslope segments are selected from valley segments with neighboring plain segments. Thus, seven classes are derived by this approach: ridge, hillslope, valley, plains, steep slope, peak and footslope.




3.3.4. Geomorphons


The applied geomorphons approach was developed by Jasiewicz and Stepinski [22] for the open source GIS Software GRASS GIS (GRASS Development Team). It is a pattern recognition approach that compares height values of cells in eight different directions to the regarding cell. The approach uses input parameters for an inner and outer search radius to set the distance, which is considered for the calculation of the height differences. These height differences were calculated after the “line-of-sight” principle by Yokoyama et al. [48]. In addition, a parameter flatness threshold is necessary as a threshold for flat terrain. The used parameters in this contribution are displayed in Table 4. The original approach results into ten different landform classes. For a better comparability to the other approaches in this contribution, the classes spur, slope and hollow were combined to one class and all classes were renamed (Table 5).



Table 4. Parameters of the moving window sizes in pixels (px) used in this approach for the three different pixel resolutions. Cell sizes in meters are shown in parentheses.







	
Parameters

	
5 m

	
10 m

	
30 m






	
Outer search radius (px)

	
20 (100 m)

	
10 (100 m)

	
10 (300 m)




	
Inner search radius (px)

	
10 (50 m)

	
5 (50 m)

	
5 (150 m)




	
Flatness threshold (degrees)

	
3

	
3

	
3










Table 5. Reclassification scheme of the derived landform to final landform classes used in this contribution for comparison of the approaches.







	
Geomorphons Class Names

	
Used Class Names






	
flat

	
plains




	
peak

	
peak




	
ridge

	
ridge




	
shoulder

	
plateau




	
spur, slope, hollow

	
hillslope




	
pit

	
gully




	
valley

	
valley




	
footslope

	
footslope












3.4. Methodology of Accuracy Assessment


For an accuracy assessment of the derived landform classes, as well as for a determination of DEM error in the selected areas, a field campaign for ground-truth capture was conducted in September 2015. Therefore, a Trimble R3 DGPS was used for measuring some trenches inside the coverage of the Pléiades imagery. Due to the rougher relief of the western coverage area, the DGPS profiles were measured at steeper slopes at this location and contain height differences up to 60 m. In contrast, the measured points in the eastern area depict flatter terrain by only containing height differences of less than 20 m. Likewise, 66 geolocations based on the classification results were chosen and measured with a handheld GPS. At these locations, pictures were taken with the according orientation. Thus, approximately 150 landforms could be identified. As an example, Figure 2 shows the picture location 193 with the according pictures to the North and South.


Figure 2. Example for the accuracy assessment: (A) location and viewing direction in the Pleiades scene (© CNES (2015), Distribution Airbus DS); and (B,C) pictures of the two viewing directions of this picture point.
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4. Results


4.1. DEM Accuracy


To evaluate the accuracy of the utilized DEMs, 314 DGPS points were measured during the field campaign at six locations (western part: 281 points; eastern part: 33 points). For each point, the altitudes of the datasets were compared to the DGPS heights. Hence, a root mean square error value was calculated for each dataset. For the Pléiades dataset, the originally achieved version with a pixel resolution of 0.5 m was used. The results are listed in Table 6. Generally, they show much higher deviations for the western, than for the eastern study area. For the ASTER GDEM the highest RMSE values were determined in both sites. In contrast, the altitude differences of the SRTM dataset were lowest compared to the others.



Table 6. Calculated root mean square error (RMSE) of DGPS and digital elevation model (DEM) heights for both areas.







	

	
West [m]

	
East [m]






	
Pléiades

	
11.7

	
3.2




	
ASTER

	
13.3

	
4.5




	
SRTM

	
9

	
2.9











4.2. Classification Results


Figure 3 presents the percentage of the classified area for each landform class. All approaches indicate significant differences between the western and eastern study areas. Generally, they show more flat terrain in the eastern area, whereas the western area is dominated by landform classes that represent hilly landforms. Therefore, in the eastern site, the flat landscape representing the classes plains and plateau have the highest percentages and more than half of the pixels were classified by these classes. However, considerable differences between all approaches exist. While the proportion of the class plains with approximately 30% is relatively low for Dikau’s scheme, up to three-fourths of the pixels were classified as plains by the object based approach. In contrast, in the western study area, less than 20% were classified as flat areas in high geometric resolution datasets. There, only 15% were classified as plains by the object based approach and less than 6% by the others. The proportion of this class is largely stable in all spatial resolutions for Dikau’s approach, whereby it is strongly increasing for all other approaches in low resolution.


Figure 3. Percentage distribution of landform classes for each approach, area and pixel resolution.
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In the western study area, the majority of pixels were classified into landform classes that represent hilly areas or incised valley landforms. Over one-fourth of the pixels were classified as valleys, gullies or drainage by all approaches in high spatial resolution datasets. In Dikau’s approach the class irregular plains is the best suitable class for valleys. By this approach, 36% were classified as irregular plains, which is the highest rate for incised landforms compared to the other approaches. The results in low pixel resolution reveal a strong decrease of classified valleys for the object-based approach. Only 5% and 7% were classified as valleys with ASTER and SRTM DEM, respectively. For all other approaches, there is only a slight decrease of percentages. In the eastern study area, the percentages of valleys are slightly lower than in the western site. Apart from that, the results show the same properties in both sites.



Hills are the predominant landforms of the western study area. Therefore, all approaches classified the majority of pixels correctly into landforms, which represent hilly landforms. The percentage of these landforms with around 73% is the highest for geomorphons with a high geometric resolution DEM. The other approaches classify between 55% and 61% as hills. Most of these areas were classified as low and moderate hills by Dikau’s scheme and as hillslopes by the others. The percentage of hillslope with around 42–45% is relatively high for geomorphons and TPI, whereas only an area of just over 20% was classified with this landform class by the object based approach in high spatial resolution. However, in low spatial resolution, the percentage of hillslope pixels is strongly increasing for the object-based approach, whereas it decreases for the geomorphons approach. By Dikau’s approach, the majority was classified with the class low hills in the western area with a pixel resolution of 5 m. With low pixel resolutions, a significant increase of the percentage of the class moderate hills can be observed, whereas the class low hills is almost completely missing. The percentage of uprising landforms is significantly lower in the eastern study area. There, only 20–30% were classified as hilly landforms. Only the TPI shows for the results of 5 m and ASTER a higher proportion of 43% and 35%, respectively. This is mainly due to a disproportionately high rate of hillslope landforms.



In Figure 4, an exemplary section of the classified landform maps of the eastern classification result is illustrated. It compares the results of the four approaches with the different DEMs. Some differences in the relief subdivision are noticeable. Generally, the approach after Dikau shows the least relief differentiation. All other approaches have more classes to subdivide the relief, whereby a more detailed classification result can be achieved. In particular, the TPI and the geomorphons classify the landscape in a line-like way, which accents the structure of the landscape best. For the object-based approach, the results reveal for the strongly fragmented parts of the landscape some weaknesses of the segmentation technique. Some segments seem to be too big, which leads to a less accurately classification of the landforms in some areas.


Figure 4. Comparison of a selected area, similar to Figure 2, for all approaches and different pixel resolutions. Background image: Pléiades satellite imagery © CNES (2015), Distribution Airbus DS.
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A comparison of the different geometric resolutions reveals for all approaches the weakest results for both 30 m classifications. Compared to the results with high pixel resolution it is apparent that the landforms are classified spatially less accurately and small structures of the landscape were not detected. In contrast, the classification results with a pixel resolution of 5 m and 10 m show a much more differentiated subdivision of the landscape. Besides, they are less different from each other for three of the four approaches. Only for Dikau’s approach, significant changes in the results can be observed between all spatial resolution levels.



The classified landscape can be divided into three general landform elements: Flat areas, valleys and hills. The results of all approaches are compared in the following in detail for these areas.

	
Flat areas: With the highest spatial resolution DEM, the TPI approach yielded the weakest results for flat areas in both regions due to a very inhomogeneous classification with the classes plains and hillslope. The best results here can be observed by the object-based approach. Especially the segmentation technique leads to a very homogenous classification in wider areas. The geomorphons approach also produces relative homogenous results, but only in very large flat areas, as they exist in the Eastern study area. If the flat area is relatively small, the results demonstrate many misclassifications with the class footslope. Contrary to that, Dikau’s approach seems to be the best to classify small flat areas. Here the results of the Western study area show very homogenous and spatially accurate results, whereas in wider areas many mixtures with the class plateau can be observed.



	
Valleys: All results reveal that small valleys only were classified with spatially high-resolution DEMs. With both 30 m terrain models only the most distinct valleys were detected by all classification methods. The approach of Dikau classifies them barely even with a pixel resolution of 10 m. Only with a pixel resolution of 5 m this approach is able to classify valleys with the landform class irregular plains. With lower pixel resolutions, this approach is hardly able to detect them. Generally, the results of the TPI have the most diversification in the classification of valleys, caused by the largest variety of classes to divide these landform elements. Therefore, the TPI is the only approach that can distinguish different valley types and assign them to different classes. An observable weakness of this approach is that valleys were classified too broadly and some areas of the neighboring hills were also classified as valleys (see Figure 4). It is also noticeable for this approach that both 30 m results classified the majority of valleys with the class gully, while they were assigned to the class valley in spatially high-resolution results. The weakness of too wide classified areas of the class valley can also be observed in the results of the object-based approach. Furthermore, the built segments seem to be spatially inaccurate in some places. In contrast, the most accurate classification of valley widths was achieved by the geomorphons approach with a high pixel resolution DEM. Furthermore, small incisions can be shown separately with the class gully by this approach. However, the general subdivision of different incision types is less differentiated than by the TPI.



	
Hills: A comparison of the classification results of hilly landforms indicates the least differentiation of the relief with Dikau’s approach, caused by the fact that it just classifies these areas with the classes low hills and moderate hills. Furthermore, the results of Dikau’s classification show a systematic change in the amount of classified landforms with the class low hills. Whereby with a pixel resolution of 5 m the lower hills of the western part of the plateau were assigned correctly as low hills, with both 30 m DEMs almost all hills were classified as moderate hills. All other approaches produce much more diversity in their results, because their classification scheme is able to subdivide the hills into smaller sub elements. Figure 5 depicts the classification schemes of the four approaches in spatially high-resolution on a typical range of hills in the western study area. In particular, the object-based approach has many suitable classes for a systematic classification of hills. However, the results reveal that the extremely fragmented structure of the hills is often not depicted accurate enough by the segments. Therefore, many classified landforms do not fit properly to the relief and overlap with areas, which should be better classified with another landform class. This leads to the effect that the classification result of the object-based approach seems to be coarser than the results of the TPI and geomorphons approach. A specific feature of the object-based approach is the differentiation between different slope gradients by the classes steep slope and hillslope. The results demonstrate that the subdivision works properly only with a spatially high-resolution DEM. It is observed that the amount of classified steep slope areas decreases strongly for lower pixel resolutions. With a geometric resolution of 30 m nearly no steep slope landforms were detected. The geomorphons approach generally classifies hills with the classes hillslope and the upper parts with the classes ridge and peak. Noticeable is that lower parts were not classified with the class footslope in the results with high pixel resolutions, although this class would be more suitable. A comparison of high and low resolution results reveals a changed system in the classification of hillsides. Whereas the slopes were assigned to the class hillslope in spatially high-resolution results, most areas were classified with the classes footslope and plateau with a low pixel resolution DEM. Furthermore, it is conspicuous that the classified landforms are much coarser with both 30 m DEMs.


Figure 5. Perspective comparison for hilly classes of the different approaches in the highest pixel resolution of 5 m with the assigned picture position in the western study area. White areas represent flat surfaces.
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The spatially high-resolution results of the TPI generally point out a largely reasonable and accurate landform classification of hills. It has minor class diversity from the geomorphons and object-based approach, but especially the classification of hillslope and ridges is highly consistent and accurate. Only the classification of some upper parts of the hills with the class plateau in the western study area seems not meaningful. It seems that this class classifies different landform types in the eastern, but not in the western area. Therefore, the class name here is only suitable for the eastern part.




4.3. Accuracy Assessment


The final classification results were compared with landforms depicted in 66 pictures from both areas. Table 7 gives an overview of all achieved overall accuracies. The results show as expected a minor accuracy for the DEM with a pixel resolution of 30 m. The variation of the results is higher for the ASTER dataset than for the SRTM dataset. This is mainly due to the very low accuracy of Dikau’s approach for this specific area. The higher pixel resolution of the Pléiades dataset results in an increase of 20–30% of the classification accuracy. In addition, the differences in the accuracy between the 5 m and 10 m pixel resolution results are very low. Especially the TPI and the object-based approach achieve nearly the same accuracies in both spatial resolutions. Generally, the accuracy of the TPI approach is the best, followed by the geomorphons approach. The approach of Dikau generated the lowest accuracy, except for the SRTM dataset.



Table 7. Overall accuracy of the four approaches and the four different datasets derived as the relation of correctly classified to all classified elements from the confusion matrices (Table A1, Table A2, Table A3 and Table A4).







	

	
5 m

	
10 m

	
Aster 30 m

	
SRTM 30 m






	
Dikau

	
63%

	
58%

	
33%

	
42%




	
TPI

	
72%

	
71%

	
44%

	
41%




	
Object-based

	
63%

	
63%

	
42%

	
40%




	
Geomorphons

	
70%

	
65%

	
39%

	
39%










The error matrices of the four approaches, as listed in Table A1, Table A2, Table A3 and Table A4, generally underline the presented results. For the datasets with a lower spatial resolution, the accuracy decreases by about 20% to 30%. For Dikau’s scheme (Table A1), the user’s accuracy is decreasing on lower pixel resolutions and SRTM shows slightly better results than the ASTER based classification. Plains and low hills are best classified. Likewise, the producer’s accuracy points out a decrease to lower pixel resolutions and the classes of irregular plains, low hills, and moderate hills show the best fit. In particular, irregular plains and moderate hills are mixed.



Table A1. Error matrix based on classified landform units for Dikau’s approach for the four different DEMs (5 = 5 m, 10 = 10 m, A = Aster 30 m, S = SRTM 30 m) with producer’s accuracy (PA) and user’s accuracy (UA).







	

	

	
Reference Data

	

	

	






	
Classification

	
Landform Class

	
Plains

	
Plateau

	
Irregular Plains

	
Low Hills

	
Moderate Hills

	
Total

	
UA (%)




	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S




	
plains

	
11

	
11

	
5

	
9

	
1

	
2

	
3

	
3

	
2

	
3

	
5

	
7

	
0

	
0

	
0

	
2

	
0

	
0

	
0

	
0

	
14

	
16

	
13

	
21

	
79

	
69

	
38

	
43




	
plateau

	
3

	
3

	
0

	
0

	
4

	
3

	
2

	
2

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
1

	
7

	
7

	
2

	
4

	
57

	
43

	
100

	
50




	
irregular plains

	
9

	
6

	
8

	
6

	
2

	
1

	
2

	
2

	
18

	
13

	
9

	
13

	
3

	
4

	
4

	
6

	
0

	
0

	
7

	
8

	
32

	
24

	
30

	
35

	
56

	
54

	
30

	
37




	
low hills

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
15

	
11

	
0

	
1

	
9

	
1

	
0

	
0

	
24

	
12

	
0

	
1

	
63

	
92

	
-

	
100




	
moderate hills

	
1

	
1

	
5

	
2

	
0

	
2

	
2

	
1

	
3

	
9

	
12

	
5

	
4

	
8

	
16

	
13

	
16

	
18

	
16

	
16

	
24

	
38

	
51

	
37

	
67

	
47

	
31

	
43




	
Total

	
24

	
21

	
18

	
17

	
7

	
8

	
9

	
8

	
23

	
26

	
26

	
25

	
22

	
23

	
20

	
23

	
25

	
19

	
23

	
25

	
101

	
97

	
96

	
98

	

	

	

	




	
PA (%)

	
46

	
52

	
28

	
53

	
57

	
38

	
22

	
25

	
78

	
50

	
35

	
52

	
68

	
48

	
0

	
4

	
64

	
95

	
70

	
64

	

	

	

	

	

	

	

	










Table A2. Error matrix based on classified landform units for the TPI approach for the four different DEMs (5 = 5 m, 10 = 10 m, A = Aster 30 m, S = SRTM 30 m) with producer’s accuracy (PA) and user’s accuracy (UA).







	

	

	
Reference Data

	

	

	

	






	
Classification

	
Landform Class

	
Gully

	
Drainage

	
Valley

	
Plains

	
Hillslope

	
Plateau

	
Ridge

	
Total

	
UA (%)




	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S




	
gully

	
13

	
12

	
9

	
9

	
2

	
1

	
2

	
2

	
4

	
3

	
12

	
12

	
0

	
1

	
5

	
3

	
3

	
1

	
5

	
4

	
0

	
0

	
1

	
1

	
0

	
0

	
3

	
1

	
22

	
18

	
37

	
32

	
59

	
67

	
24

	
28




	
drainage

	
1

	
1

	
1

	
1

	
9

	
8

	
1

	
1

	
1

	
0

	
2

	
1

	
1

	
0

	
2

	
3

	
4

	
3

	
2

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
16

	
12

	
8

	
7

	
56

	
67

	
13

	
14




	
valley

	
3

	
2

	
2

	
2

	
0

	
0

	
0

	
0

	
13

	
12

	
2

	
2

	
10

	
8

	
2

	
6

	
6

	
8

	
3

	
3

	
0

	
0

	
0

	
0

	
2

	
1

	
3

	
4

	
34

	
31

	
12

	
17

	
38

	
39

	
17

	
12




	
plains

	
0

	
0

	
1

	
1

	
0

	
0

	
0

	
0

	
2

	
1

	
1

	
1

	
11

	
12

	
8

	
8

	
1

	
1

	
1

	
3

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
3

	
14

	
14

	
12

	
16

	
79

	
86

	
67

	
50




	
hillslope

	
0

	
0

	
1

	
0

	
0

	
0

	
3

	
4

	
1

	
0

	
0

	
0

	
3

	
4

	
3

	
2

	
24

	
18

	
15

	
14

	
2

	
2

	
2

	
2

	
0

	
3

	
10

	
10

	
30

	
27

	
34

	
32

	
80

	
67

	
44

	
44




	
plateau

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
2

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
2

	
2

	
3

	
7

	
5

	
3

	
3

	
0

	
0

	
1

	
4

	
8

	
7

	
7

	
12

	
88

	
71

	
43

	
25




	
ridge

	
0

	
0

	
0

	
0

	
0

	
0

	
3

	
2

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
1

	
0

	
2

	
2

	
0

	
1

	
1

	
1

	
47

	
38

	
23

	
21

	
48

	
39

	
30

	
26

	
98

	
97

	
77

	
81




	
Total

	
17

	
15

	
14

	
13

	
11

	
9

	
10

	
11

	
21

	
16

	
17

	
16

	
25

	
25

	
21

	
22

	
40

	
33

	
30

	
30

	
9

	
8

	
7

	
7

	
49

	
42

	
41

	
43

	
172

	
148

	
140

	
142

	

	

	

	




	

	
PA (%)

	
76

	
80

	
64

	
69

	
82

	
89

	
10

	
9

	
62

	
75

	
12

	
13

	
44

	
48

	
38

	
36

	
60

	
55

	
50

	
47

	
78

	
63

	
43

	
43

	
96

	
90

	
56

	
49

	

	

	

	

	

	

	

	










Table A3. Error matrix based on classified landform units for the object-based approach for the four different DEMs (5 = 5 m, 10 = 10 m, A = Aster 30 m, S = SRTM 30 m) with producer’s accuracy (PA) and user’s accuracy (UA).







	

	

	
Reference Data

	

	

	

	






	
Classification

	
Landform Class

	
Peak

	
Ridge

	
Steep Slope

	
Plains

	
Hillslope

	
Valley

	
Footslope

	
Total

	
UA (%)




	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S




	
peak

	
5

	
6

	
4

	
0

	
5

	
4

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
10

	
10

	
5

	
0

	
50

	
60

	
80

	
-




	
ridge

	
7

	
6

	
8

	
8

	
21

	
21

	
13

	
10

	
0

	
1

	
1

	
4

	
0

	
0

	
0

	
0

	
3

	
4

	
3

	
1

	
0

	
0

	
2

	
0

	
0

	
0

	
1

	
0

	
31

	
32

	
28

	
23

	
68

	
66

	
46

	
43




	
steep slope

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
6

	
5

	
0

	
0

	
0

	
0

	
0

	
0

	
4

	
3

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
10

	
8

	
0

	
0

	
60

	
63

	
-

	
-




	
plains

	
0

	
0

	
0

	
1

	
0

	
0

	
7

	
8

	
0

	
0

	
0

	
0

	
22

	
23

	
17

	
25

	
0

	
0

	
5

	
11

	
2

	
4

	
2

	
12

	
0

	
0

	
2

	
3

	
24

	
27

	
33

	
60

	
92

	
85

	
52

	
42




	
hillslope

	
0

	
0

	
0

	
1

	
3

	
2

	
8

	
10

	
3

	
3

	
7

	
3

	
2

	
0

	
10

	
1

	
11

	
13

	
12

	
12

	
3

	
0

	
8

	
2

	
0

	
1

	
2

	
3

	
22

	
19

	
47

	
32

	
50

	
68

	
26

	
38




	
valley

	
0

	
0

	
0

	
0

	
2

	
1

	
0

	
0

	
0

	
0

	
0

	
3

	
2

	
1

	
3

	
1

	
10

	
12

	
2

	
3

	
18

	
18

	
12

	
7

	
3

	
3

	
1

	
0

	
35

	
35

	
18

	
14

	
51

	
51

	
67

	
50




	
footslope

	
0

	
0

	
0

	
0

	
1

	
1

	
1

	
0

	
0

	
1

	
1

	
1

	
2

	
3

	
2

	
1

	
1

	
0

	
5

	
3

	
2

	
4

	
4

	
4

	
9

	
7

	
4

	
3

	
15

	
16

	
17

	
12

	
60

	
44

	
24

	
25




	
Total

	
12

	
12

	
12

	
10

	
32

	
29

	
29

	
28

	
9

	
10

	
9

	
11

	
28

	
27

	
32

	
28

	
29

	
32

	
28

	
30

	
25

	
26

	
28

	
25

	
12

	
11

	
10

	
9

	
147

	
147

	
148

	
141

	

	

	

	




	
PA (%)

	
42

	
50

	
33

	
0

	
66

	
72

	
45

	
36

	
67

	
50

	
0

	
0

	
79

	
85

	
53

	
89

	
38

	
41

	
43

	
40

	
72

	
69

	
43

	
28

	
75

	
64

	
40

	
33

	

	

	

	

	

	

	

	










Table A4. Error matrix based on classified landform units for the geomorphons approach for the four different DEMs (5 = 5 m, 10 = 10 m, A = Aster 30 m, S = SRTM 30 m) with producer’s accuracy (PA) and user’s accuracy (UA).







	

	

	
Reference Data

	

	

	

	






	
Classification

	
Landform Class

	
Plains

	
Peak

	
Ridge

	
Plateau

	
Hillslope

	
Footslope

	
Valley

	
Gully

	
Total

	
UA (%)




	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S

	
5

	
10

	
A

	
S




	
plains

	
9

	
7

	
4

	
5

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
1

	
0

	
0

	
0

	
1

	
0

	
0

	
2

	
3

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
9

	
7

	
7

	
11

	
100

	
100

	
57

	
45




	
peak

	
0

	
0

	
0

	
0

	
8

	
8

	
1

	
1

	
6

	
7

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
14

	
15

	
2

	
1

	
57

	
53

	
50

	
100




	
ridge

	
1

	
1

	
0

	
0

	
2

	
1

	
4

	
6

	
24

	
19

	
13

	
9

	
0

	
1

	
1

	
1

	
4

	
6

	
3

	
2

	
0

	
0

	
0

	
0

	
0

	
0

	
2

	
0

	
0

	
0

	
0

	
0

	
31

	
28

	
23

	
18

	
77

	
68

	
57

	
50




	
plateau

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
3

	
8

	
3

	
2

	
3

	
1

	
0

	
0

	
6

	
6

	
0

	
0

	
0

	
0

	
0

	
0

	
2

	
1

	
0

	
0

	
0

	
0

	
3

	
2

	
15

	
16

	
100

	
100

	
20

	
6




	
hillslope

	
4

	
3

	
1

	
0

	
0

	
0

	
0

	
0

	
3

	
3

	
3

	
2

	
2

	
0

	
0

	
1

	
23

	
20

	
5

	
9

	
2

	
3

	
1

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
34

	
30

	
10

	
12

	
68

	
67

	
50

	
75




	
footslope

	
6

	
5

	
7

	
7

	
0

	
0

	
1

	
1

	
0

	
0

	
3

	
2

	
0

	
0

	
1

	
1

	
0

	
2

	
6

	
5

	
5

	
2

	
6

	
6

	
2

	
0

	
7

	
8

	
0

	
0

	
0

	
0

	
13

	
9

	
31

	
30

	
38

	
22

	
19

	
20




	
valley

	
3

	
8

	
8

	
8

	
0

	
0

	
2

	
1

	
1

	
1

	
2

	
5

	
0

	
1

	
2

	
0

	
5

	
1

	
5

	
4

	
0

	
0

	
0

	
0

	
30

	
31

	
24

	
24

	
3

	
5

	
8

	
8

	
42

	
47

	
51

	
50

	
71

	
66

	
47

	
48




	
gully

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
6

	
3

	
4

	
3

	
12

	
9

	
1

	
0

	
18

	
12

	
7

	
4

	
67

	
75

	
14

	
0




	
Total

	
23

	
24

	
20

	
21

	
10

	
9

	
9

	
9

	
34

	
30

	
26

	
27

	
5

	
4

	
7

	
5

	
32

	
29

	
29

	
29

	
7

	
5

	
7

	
6

	
38

	
35

	
39

	
37

	
15

	
14

	
9

	
8

	
164

	
150

	
146

	
142

	

	

	

	




	
PA (%)

	
39

	
29

	
20

	
24

	
80

	
89

	
11

	
11

	
71

	
63

	
50

	
33

	
60

	
50

	
43

	
20

	
72

	
69

	
17

	
31

	
71

	
40

	
86

	
100

	
79

	
89

	
62

	
65

	
80

	
64

	
11

	
0

	

	

	

	

	

	

	

	










For the TPI approach (Table A2), the results of the spatially high-resolution Pleiades DEMs produced low user’s accuracies for the class of valleys, due to their strong mixture with other flat areas. For the other classes the majority of ground truth landforms were identified correctly by the TPI approach. Similar to the other approaches the accuracies decrease strongly for both 30 m datasets for most classes.



The results of the object-based classification (Table A3) indicate generally more stable results over all geometric resolutions. In particular, plains were classified very well in the datasets with 5 m and 10 m pixel resolution. In contrast, in the classification results of the ASTER and SRTM dataset all steep slope landforms were classified into other landforms and the class was not used at all. Similar results can be recognized for the class peak, which was also classified rarely for 30 m pixel resolution datasets. Although the class was relatively often misclassified into the class ridge, the accuracies are generally low. Noticeable is also a strong increase of the amount of classified landforms with the classes plains and hillslope in both 30 m datasets, due to misclassifications of other landforms into these classes.



The error matrix of the geomorphons approach in Table A4 shows a general decline of the user’s accuracy with both 30 m datasets. The decline between 5 m and 10 m is very small. The classification of the class footslope works less and was mixed with classifications of plains and valleys mostly. Interestingly, the accuracy rises for the classes of peaks and hillslopes.





5. Discussion


A comparison of the different landform classification results reveals strengths and weaknesses for all approaches. Overall, the TPI and the geomorphons approach achieved the highest accuracies. In addition, their classification results give the best visual feedback of the landscape structure of the Iranian loess plateau due to their spatially accurate classification of landforms. In particular, the TPI seems most suitable for a meaningful classification, as it has the highest class diversity for the classification of hills, hillslopes and valleys. However, it revealed some weaknesses in flat landscapes due to a very inhomogeneous classification of these areas with high pixel resolution datasets. In contrast, the geomorphons approach achieves higher accuracies in the classification of plains and valleys. However, it classifies the structures of hilly landforms less detailed compared to the TPI, although the number of suitable classes is similar. Nonetheless, both approaches seem to have the highest suitability to classify such a distinct relief at this scale.



In this study, Dikau’s approach achieved the lowest accuracies. Moreover, the classification results reveal the least relief differentiation compared to the other approaches. Overall, this approach seems to be least suitable for the classification of such a strongly dissected landscape. Due to its possible landform classes, it is probably more appropriate for the classification of landforms in other spatial scales. In addition, many authors demonstrated in their work a better suitability of the Dikau approach for landscapes on macroscales [11,49,50,51].



The object based classification produced ambivalent results. The advances of the segmentation technique can only be confirmed here for landforms, which extend over larger areas. Especially flat areas were classified best by this approach because of a high degree of homogeneity. In contrast, weaknesses by the classification of smaller landforms are recognizable in parts with rougher relief. Mainly this is the result of a minor spatial accuracy of the built segments in those areas. As a result, the classified landform boundaries are spatially less accurate compared to the applied pixel based approaches. A more complex segmentation process on different scales would probably avoid this problem. For example, a segmentation on different scale levels as postulated by Drǎguţ and Eisank [28] accounts the issue of under-segmentation of small objects or over-segmentation of the larger ones.



A comparison of the results in different spatial resolutions clearly demonstrates poor results for all approaches with both 30 m DEMs. Small landforms were not detected and the spatial accuracy of landform borders is less accurate. Only in extensive flat areas of the eastern part, a lower pixel resolution appears to result in a more homogenous classification compared to the high-resolution results. However, differences between the ASTER and the SRTM DEMs are recognizable. Generally, a higher suitability of the SRTM dataset for landform classifications was postulated by several authors [52,53,54]. This can be confirmed here as the use of the SRTM DEM results into a more homogeneous landform classification.



Nevertheless, both datasets are not able to achieve promising results in the majority of evaluated areas in this contribution. This is basically due to two main reasons. One reason lies in the DEM itself as the strongly dissected relief structure is already insufficiently contained in the input dataset. Generally, lower spatial resolutions lead to a smoother representation of the topography and the relief seems in the DEM much gentler and more rounded as it is in reality [31]. Therefore, neither the ASTER GDEM nor the SRTM dataset include enough information to classify the very small landscape structures.



The second reason lies in the characteristic of the moving windows, which were used by most approaches in some way to classify landforms. The moving window defines the number of surrounding pixels, which were included into the classification process to classify a certain pixel. A suitable definition is difficult due to different landscape characteristics and landform sizes. In the ideal case, it contains only landscape elements which directly affect the landform of the considered pixel. Bigger window sizes result in too many considered pixels by the classification processes, which have no influence on the considered landform. Thus, the choice of the best possible window size depends strongly on the scale of landforms and uneven landscapes mostly require smaller window sizes to represent small features [21,22]. Due to the very small landform elements in the study area it was necessary for Dikau’s approach to define a very small 3 × 3 pixel window already for the 5 m pixel resolution DEM. Thus, a further reduction of contemplated pixels was not possible for lower resolutions, which leads to an enlargement of the window size. The TPI and geomorphons approaches were affected by the same problem as the minimum window size was reached with a 10 m DEM. As a result, the window size also gets too big with a 30 m pixel resolution DEM. In consequence, small landforms were not classified and bigger landforms were interpreted in false dimensions and assigned to incorrect classes. This effect is clearly recognizable in the results of the TPI where landforms, which were classified as valleys with a high-pixel resolution DEM, were assigned to class gully in lower resolutions. Hence, a differentiation between gullies and valleys was not possible. In addition, the amount of classified peaks decreases significantly in lower resolutions in the results of the geomorphons approach.



The results clearly point out that a geometric resolution of at least 10 m is necessary for an accurate classification of such a strongly dissected relief. With both 30 m DEMs, no approaches are able to achieve sufficient results. A comparison of the classification results of the western and eastern study area indicate that flatter areas are less sensitive to resolution changes. Furthermore, low spatial resolutions lead to an increase of homogeneity. Thus, it can be confirmed here that the flatter the landscape is, the lower the spatial DEM resolution can be to achieve accurate classification results. In this contribution, the best results were achieved with a pixel resolution of 5 m. For such a strongly varying landscape also a higher pixel resolution of around 3 m would probably effectuate results of similar quality, but higher pixel resolutions increase the risk of an over-classification of landforms. With a decreasing pixel size, too many micro-scaled landforms were identified, which were not necessary for further landscape interpretations [55].



The accuracy assessment method conducted in this contribution provides reproducible results. However, a quantitative evaluation of landform classifications is still problematic. First, the acquisition of ground truth data is often time consuming and depends on the suitability of the terrain [23,56]. Second, in this contribution, a relatively high number of photos were required to collect enough ground truth data for all classes to produce a statistically valid dataset. Furthermore, weaknesses still exist in the evaluation methodology itself. Several studies have shown that an accuracy assessment with ground truth based error matrices is able to produce suitable results for geomorphometric classifications. However, a quantitative accuracy assessment of landform classifications is problematic as there still exists a lack of standardized applicable methods. Several authors have found different solutions to extract their ground truth data and to compare them with their results. Some studies interpreted landforms from aerial or ground taken photos and generated ground truth samples to conduct an evaluation landform. Schneevoigt et al. [27] also defined test areas for each landform from photo material but evaluated them pixel-based. Others generated a reference map from map data or field investigations and compared it pixel-wise to their results [24,57].



A pixel-wise comparison seemed unsuitable in this study, as this would have overrepresented some landforms due to their spatial extent. Landforms vary strongly in their extent, as there exist point-based, line-based and areal landforms [58]. Consequently, in a pixel-wise evaluation the class plains, as an areal landform, would have contained much more pixels in the error matrix than the class peak as a point based landform. This would have led to a significant overrepresentation of some landforms in a pixel-wise evaluation process. Therefore, a landform-wise comparison method was applied here to avoid the influence of the spatial extent of landforms. In addition, the comparison is not biased by positional errors of the input datasets or the varying notation and detail of the applied approaches.



A major problem in geomorphometric analyses is that a clear delimitation of landforms is often not possible, as they do not have distinct boundaries [23,58]. Hence, the interpretation of these landforms is rather subjective. Moreover, a standardization of the classes between the different approaches was not completely possible in this contribution due to diverse creation processes of the different approaches. Landform classes with the same name potentially do not exactly represent the same real landform, what makes them not completely comparable. In consequence, a high effort and dependency on the knowledge of the interpreter is still necessary in the interpretation and delineation of landforms. Furthermore, some influence of subjectivity on the evaluation process cannot be prevented.




6. Conclusions


Landform classifications can be derived by a high diversity of possible input data, different approaches and result in a multiplicity of landform classes. In this contribution, a comparison of four prominent approaches was conducted with four input datasets with different spatial resolutions and different measurement methods. The results show for the selected areas of the Iranian loess plateau, which is highly dissected that higher resolution datasets are necessary to achieve satisfying overall accuracies. With the 5 m Pleiades DEM the TPI and geomorphons approach achieved accuracies of greater than 70% and the two other approaches reached overall accuracies of greater than 60%. SRTM data worked generally better than ASTER GDEM data, but both elevation models are not able to generate accurate classification results here and only achieved accuracies of about 40%. Thus, a decrease of 20%–30% for the lower spatial resolution datasets is detected. This variety in accuracy needs to be regarded before applying the derived landforms for further calculations. We expect that the applied methodological approach will lead to similar results concerning the accuracy of landform classifications if applied to other areas with similar landform characteristics. As shown here, differences between the approaches and resolutions are smaller for areas with more flat terrain. All selected approaches show weaknesses; in this case, the TPI and geomorphons approach revealed the best results and are more detailed in terms of derivable landform types. The approach of Dikau is generally less suitable for these areas and the approach based on the object segmentation is less accurate for areas with a rougher relief. However, the selection of moving window size and the accurate derivation of objects influences the results. The accuracy assessment of these classifications and the delineation between different landforms is influenced by the user.
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