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ABSTRACT: 

 

Landslide is a frequently observed natural phenomenon and a geohazard with destructive effects on economies, society and the 

environment. Production of up-to-date landslide susceptibility (LS) maps is an essential process for landslide hazard mitigation. 

Obtaining up-to-date and accurate data for the production of LS maps is also important and this task can be achieved by using aerial 

photogrammetric techniques, which can produce geospatial data with high resolution. The produced geospatial datasets can be 

integrated in data-driven methods for obtaining accurate LS maps. In the present study, LS map was produced by using data-driven 

machine learning (ML) methods, i.e. random forest (RF). An earthquake and landslide prone area from the south-eastern part of 

Turkey was selected as the study area. Topographical derivatives were extracted from digital surface models (DSMs) produced by 

using aerial photogrammetric datasets with 30 cm ground sampling distances. The lithological parameters were employed in the 

study together with an accurate landslide inventory, which were also delineated by using the high-resolution DSMs and orthophotos. 

The relationships between the landslide occurrence and the pre-defined conditioning factors were analyzed using the frequency ratio 

(FR) method. The results show that the RF method exhibits high prediction performance in the study area with an area under curve 

(AUC) value of 0.92. 
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1. INTRODUCTION 

Geological hazards are natural phenomena that may cause 

physical, economic and social losses; and threaten the 

environment and human lives. There is a significant increase in 

the number of studies on natural hazards using various 

geospatial data sources and resolutions in recent years. 

Landslides are among the most common and destructive natural 

hazards in many parts of the world. Turkey is also highly 

affected with an occurrence statistic of 23,041 landslides 

between 1950 and 2018 (AFAD, 2021).  

 

Landslide susceptibility (LS) maps are extremely important for 

disaster mitigation and prevention activities, and spatial 

planning in hazard-prone areas. The number of LS mapping 

studies conducted in recent years have also increased in the 

literature. For this purpose, various statistical and machine 

learning (ML) methods were proposed by researchers, such as 

analytical hierarchy process (AHP) (Pourghasemi et al., 2012), 

frequency ratio (FR) (Yi et al., 2019), decision trees (DT) 

(Wang et al., 2016), random forest (RF) (Karakas et al., 2020), 

logistic regression (LR) and artificial neural networks (ANN) 

(Sevgen et al., 2019), etc. Currently, the main research 

questions in LS mapping are the generalization capability of the 

supervised ML methods and the availability of accurate and up-

to-date data for the model training in such approaches. 

  

The main aim of this study was to produce accurate LS map of 

an area, which remains in the Malatya and Elazig Provinces of 

Turkey, and is prone to multiple geohazards, i.e. earthquake and 

landslides. In the area, often earthquakes trigger new landslide 

events (Gokceoglu et al., 2020; Karakas et al., 2021a). High 

resolution aerial photogrammetric images were employed in the 

study to produce the digital surface models (DSMs) and 

orthophotos. Since some parts of the study area are relatively 

difficult to access, a landslide inventory was derived from the 

high resolution DSMs and orthophotos manually by experts 

(Karakas et al., 2021a). Karakas et al. (2021 b) carried out 

comparative analyses of different ML algorithms for LS map 

production in the area and the model generalization capabilities 

by using different training samples; and found out that the RF 

outperformed the other one. Therefore, the prediction 

performance of the RF was assessed here by utilizing the spatial 

data samples from the whole study area as training and test. In 

addition, the relationships between the landslide inventory and 

the conditioning factors were analyzed statistically using the FR 

method. The reliability and the predictive power of the RF 

model was evaluated using the area under the receiver operating 

characteristic (ROC) curve. 

 

2. MATERIALS AND METHODS 

The overall methodological workflow of the study together with 

the input datasets are provided in Figure 1. Here, the input 
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datasets include aerial photogrammetric flight datasets and the 

geological features (i.e. lithological units) of the area. Further 

topographic features were derived from the DSMs to obtain the 

other possible conditioning factors for landslides. Two main 

methods, FR and RF employed to analyze the input features and 

produce the LS map. Further details on the area, the datasets 

and the methods are presented in the following sub-sections. 

 

 
Figure 1. The input datasets and the methodological workflow 

of the study. 

 

2.1 Study Area and Aerial Photogrammetric Flight Data 

An area from the south-eastern part of Turkey inside Malatya 

and Elazig Provinces was selected for the study. The aerial 

photogrammetric flights were performed by the General 

Directorate of Mapping (GDM), Turkey, in two different years 

for Malatya (2017) and Elazig (2018) Provinces. Thus, the 

DSMs and orthophotos were produced separately for the two 

parts, namely Malatya and Elazig. The area covers ca. 270 km2 

and 218 km2 for Malatya and Elazig parts, respectively. Figure 

2 shows the location of the study area with the landslide 

inventory, which were observable in the DSMs and 

orthophotos. The landslide activity types denoted in the Figure 

represent inactive (type 1) and active (type 2) mass movements. 

The minimum and the maximum landslide areas are 267 m2 and 

18 x 105 m2, respectively. The red rectangles denote the sub-

areas selected for visual assessment. Although a destructive 

earthquake occurred on 24 Jan 2020 (Mw of 6.8) and triggered 

several landslides in the region, the landslides triggered by this 

event was observed in other datasets after the earthquake 

(Gokceoglu et al., 2020; Karakas et al. 2021a); and are not 

included here. The altitude values obtained for Malatya part 

vary from 453 m to 2172 m; while the values obtained for 

Elazig part were between 553 m and 2031 m. The mean altitude 

values obtained for Malatya and Elazig parts were 1146 m and 

1224 m, respectively.  

 

142 aerial stereo images with 30 cm ground resolution were 

provided by the GDM for the study. The photos were taken with 

80% forward and 60% lateral overlaps using UltraCam Eagle 

large format digital cameras. The cameras have 20010 x 13080 

pixels with 5 microns detector size and 100.5 mm focal length. 

The interior orientation parameters (IOPs - i.e. camera 

calibration data) and the adjusted the exterior orientation 

parameters (EOPs) were also obtained from the GDM. The 

DSMs with 5 m grid spacing and the orthophotos with 2 m 

resolution were produced using Agisoft Metashape Professional 

software, Agisoft LLC, St. Petersburg, Russia. 

 

 
Figure 2. Location and landslide inventory maps of the study 

area obtained from Karakas et al. (2021a). Activity type denotes 

inactive (1) and active (2) mass movements.  

 

2.2 Geological and Topographical Characteristics 

The study area is located in a region with high seismicity and 

active tectonism in the East Anatolian Fault Zone (EAFZ). The 

geological and geomorphological characteristics of the region 

exhibit a young and steep topography with lithological units 

having weak shear strength features (Sevgen et al., 2019). The 

lithology map of the study area is given in Figure 3 with their 

symbols; such as Alluvium (Qal); Unconsolidated Gravel, Sand, 

Silt, Clay (Qçk); Neritic Limestone (Eo1-2); Maden Complex 

(Tem); Magmatic Rocks (m1); Puturge Metamorphites 

(PzMzp); and Marble (PzMzpmr).  

 

 
Figure 3. Lithological units in the study area provided from 

1:100,000 scale geological maps (Akbas et al., 2016)  

 

A total of seven conditioning factors, such as slope gradient, 

slope aspect, altitude, plan and profile curvatures, lithology, 

topographic wetness index (TWI), and stream power index 

(SPI) were considered in the LS evaluations. The topographic 

derivatives were produced from the DSMs; and the lithology 

data were digitized from 1:100,000 scale geological maps 

published by Akbas et al. (2016). In the selection of these 

conditioning factors, their frequent use in the literature was 

considered (e.g. see Gokceoglu and Ercanoglu, 2001; Brenning, 

2005; Nefeslioglu et al., 2012). In Figure 4(a-g), the 

topographic derivatives are presented for the two sub-regions 
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marked with red rectangles in Figure 2 selected from Malatya 

and Elazig parts for increasing the visual interpretability of each 

parameter. The landslide inventory with a total of 247 

landslides (Figure 2) were used for the model training.  

 

  

 

 

 

  

  

  
 

Figure 4. Topographical parameters of the study area: (a) 

altitude, (b) aspect, (c) slope, (d) plan curvature, (e) profile 

curvature, (f) SPI, (g) TWI. 

 

2.3 Frequency Ratio Method for Feature Analysis 

The FR is one of the statistical analysis methods frequently used 

in the production of LS maps (Yi et al., 2019; Nefeslioglu et al., 

2012; Silalahi et al., 2019). It is also used for the quantitative 

evaluation of the LS levels in an area based on the observed 

spatial relationship between the landslide locations and 

individual conditioning parameters. The method aims at 

determining the density of input features that are effective in the 

landslide occurrence. The densities are computed by 

overlapping the landslide inventory and the feature maps. The 

number of landslide occurrence pixels in each parameter is 

evaluated based on the inventory, and the FR values for the 

given ranges are calculated by dividing the percentage of 

landslide occurrence ratio in the feature by the areal ratio of the 

feature in the whole site.  Equation 1 denotes the FR calculation 

formula. 

 

                 
 
 

where  NLi: number of pixels with landslide in feature i 

(a) Altitude 

(b) Aspect 

(c) Slope 

(f) SPI 

(g) TWI 

(d) Plan curvature 

(e) Profile curvature 

(1) 
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 NLt: total number of pixels in landslide inventory 

NCi: total number of pixels in feature i  

 NCt: total number of pixels in the study area 

 

2.4 Machine Learning Method for LS Mapping 

In this study, the RF method was performed to produce LS 

maps due to high prediction performances (Chen et al., 2017; 

Kim et al., 2018; Adnan et al., 2020; Sevgen et al., 2019; 

Karakas et al., 2020). The RF is an ensemble learning method 

that aims to increase the classification value by generating more 

than one DT during the classification process. The DTs created 

individually are aggregated to form a decision forest. Here, the 

DTs are a subset of randomly selected trees from the data set to 

which it is connected. This algorithm was developed by 

Breiman (2001). There are two important parameters in the RF, 

which are the number of trees and the maximum depth of the 

tree. Here, these values were chosen as 128 and 16, 

respectively. 

 

The Python scikit-learn library (Scikit-learn, 2021) 

implementation was used for performing the algorithm. All 

landslide polygons shown in Figure 2 were used to train the 

model for landslide samples; and the non-landslide samples 

were selected randomly from the areas outside the inventory. 

The model was trained separately in the Malatya and Elazig 

parts. A landslide/non-landslide sample ratio of 1:2 was 

selected in this study. A total of 12.233.880 pixels (8 parameter 

classes with 509.745 landslide and 1.019.490 non-landslide 

pixels in each) was employed in training for Malatya part. For 

Elazig, a total of 13.219.632 pixels (8 parameter   classes with 

550.818 landslide and 1.101.636 non-landslide pixels in each) 

were utilized. For the model training and testing, the landslide 

polygons were used with 80/20 ratio. The classes in the final LS 

map were formed with probabilities of natural breaks 

classification using the Jenks optimization in ArcGIS software 

from ESRI, Redlands, CA, USA.  

 

3. RESULTS AND DISCUSSIONS 

3.1 FR Results 

The FR analysis results of the conditioning factors (features) are 

provided in Tables A1, A2, A3 and A4 in Appendix separately 

for Malatya and Elazig parts. In the results, the higher FR 

values for the subclass of each feature indicate the higher 

correlation with the landslide occurrences. According to the FR 

values of altitude in Malatya part, it was observed that the 

interval 1030 m – 1608 m is more critical for landslide 

occurrence. For slope, it was observed that the interval 20–44 

is more critical for landslide occurrence in the study area. The 

maximum FR values were obtained as 1.46 for the parameter 

class 26–31 in Malatya part while as 1.39 for the parameter 

class 27–32 in Elazig part. The FR results of the aspect 

feature showed that the east, southeast and south directions 

have higher values (Tables A1 and A3). The southeast direction 

exhibited the highest values as 2.15 and 2.57 for Malatya and 

Elazig parts, respectively.  

 

The lithological units also affect the spatial distribution of 

landslides. Tables A1 and A3 show that, the Maden Complex 

and Puturge Metamorphites units are most prone for landslides 

with FR values of 2.34 and 1.07 for Malatya part, respectively. 

For Elazig part, Maden Complex and Unconsolidated Gravel, 

Sand, Silt, Clay lithological units are most prone for landslides 

with FR of 2.56 and 1.89, respectively. According to the FR 

values calculated for the curvatures for both parts (Tables A2 

and A4 in Appendix), plan concave and profile convex slopes 

constitute the most landslide-prone areas. While the maximum 

FR values were calculated as 1.36 and 1.45 for the TWI 

parameter in Malatya and Elazig parts, the values were 

calculated as 1.78 and 1.87 for the SPI parameter (Tables A2 

and A4). 

 

3.2 RF Results 

Figure 5 shows the produced LS maps for Malatya and Elazig 

parts. The ROC curves for both parts are presented in Figure 6. 

The AUC values are equal to 0.90 and 0.92 in Malatya and 

Elazig parts (Figure 6a and 6b), respectively. The results were 

evaluated in five classes as very low, low, moderate, high and 

very high as obtained from the Jenks classification; and their 

statistical summary is given in Table 1.  As can be seen in Table 

1, the areas with high and very high susceptibility values within 

Malatya part were 32.76 km2 and 44.51 km2, respectively. In 

Elazig part, these values were obtained as 28.43 km2 and 21.30 

km2. 

 

 
 

Figure 5. LSMs of the study area obtained with RF method. 

 

4. CONCLUSIONS AND FUTURE WORK 

In the present study, the LS map produced using high resolution 

DSMs and orthophotos generated from aerial orthophotos by 

performing the RF algorithm was evaluated for a region prone 

to multiple hazards, i.e. earthquake and landslides. The map was 

evaluated in five classes obtained from the Jenks classification 

of the predicted probability values as very low, low, moderate, 

high and very high. In addition, the FR method was used to 

assess the relationships between the input features (i.e. the 

conditioning factors) and the landslide inventory. The results 

showed that the RF yielded to high performance with AUC 

values of 0.90 and 0.92 for two sub-parts of the region. The FR 

ratios provided in Appendix denoted the influence of different 

class ranges on the landslide inventory with respect to their 

existence in the whole study area. The very high-resolution 

DSMs and the orthophotos produced for the area allowed a 

detailed FR analysis and susceptibility distribution in the area. 

In addition, a comprehensive landslide inventory, which 

includes masses even with very small sizes, could be derived 

from the high resolution datasets. 
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Figure 6. The ROC curve evaluation of the RF model for (a) 

Malatya and (b) Elazig parts. 

 

Area Class Probability 

(%) 

Size 

(km2) 

Percentage 

(%) 

Malatya Very High 68-100 32.76 12.9 

High 49-68 44.51 17.5 

Moderate 29-49 35.70 14.1 

Low 11-29 36.89 14.5 

Very Low 0-11 103.89 40.9 

Elazig Very High 72-100 28.43 13.9 

High 50-72 21.30 10.4 

Moderate 29-50 23.21 11.4 

Low 10-29 30.68 15.0 

Very Low 0-10 100.50 49.2 

 

Table 1. The landslide probability distributions obtained from 

the RF method. 

 

As future work, a multi-hazard susceptibility map for both 

landslides and earthquakes is planned to be produced for the 

same area. In addition, the FR results can be integrated in a 

guided selection procedure of training and test data for accurate 

LS predictions. 
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APPENDIX 

 

Feature Range  NCi 
NCi / NCt 

(%)  
NLi 

NLi / 

NLt 

(%)  

FR 

Altitude 452 - 760 1571058 14.60 31415 6.18 0.42 

760 - 889 1541732 14.33 48829 9.60 0.67 

889 - 1030 1518686 14.11 70448 13.85 0.98 

1030 - 1171 1371674 12.75 102741 20.20 1.58 

1171 - 1319 1367776 12.71 117140 23.04 1.81 

1319 - 1460 1151760 10.70 64886 12.76 1.19 

1460 - 1608 965298 8.97 53854 10.59 1.18 

1608 - 1762 784124 7.29 19209 3.78 0.52 

1762 - 2171 487465 4.53 0 0.00 0.00 

Slope 0 - 8 1367505 12.71 14415 2.83 0.22 

8 - 14 1771613 16.47 56545 11.12 0.68 

14- 20 2184653 20.30 97472 19.17 0.94 

20 - 26 2057094 19.12 125125 24.61 1.29 

26 - 31 1352507 12.57 93272 18.34 1.46 

31- 37 1139720 10.59 75060 14.76 1.39 

37 - 44 620654 5.77 38480 7.57 1.31 

44 - 56 213280 1.98 7815 1.54 0.78 

56 - 87 52547 0.49 338 0.07 0.14 

Aspect FLAT 0 0.00 0 0.00 0.00 

N 1363789 12.68 10562 2.08 0.16 

NE 1418637 13.18 30791 6.05 0.46 

E 1367436 12.71 73559 14.47 1.14 

SE 1497051 13.91 151857 29.86 2.15 

S 1699084 15.79 147465 29.00 1.84 

SW 1334817 12.41 63608 12.51 1.01 

W 971324 9.03 22705 4.46 0.49 

NW 1107435 10.29 7975 1.57 0.15 

Lithology Tem 1453583 13.51 161005 31.66 2.34 

 Qçk 525371 4.88 547 0.11 0.02 

 Qal 228488 2.12 197 0.04 0.02 

 PzMzp 5940198 55.21 300093 59.01 1.07 

 dam 1053602 9.79 40329 7.93 0.81 

 m1 627020 5.83 3075 0.60 0.10 

 Eo1-2 330091 3.07 3276 0.64 0.21 

 PzMzpmr 601220 5.59 0 0.00 0.00 

Table A1. FR statistics Malatya part (altitude, slope, aspect, 

lithology). 
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Feature Range  NCi 
NCi / NCt 

(%)  
NLi 

NLi / 

NLt 

(%)  

FR 

TWI 0.00 – 3.86 1108218 10.30 53384 10.50 1.02 

 3.86 – 4.99 3237485 30.09 135714 26.69 0.89 

 4.99 – 6.02 3225466 29.98 147853 29.08 0.97 

 6.02 – 7.34 1682823 15.64 102803 20.22 1.29 

 7.34 – 9.03 736636 6.85 47447 9.33 1.36 

 9.03 – 11.10 420916 3.91 15976 3.14 0.80 

 
11.10 – 

13.83 
232915 2.16 4680 0.92 0.43 

 
13.83 – 

17.97 
82522 0.77 649 0.13 0.17 

 
17.97 – 

24.08 
32592 0.30 16 0.00 0.01 

SPI 0.00 – 5.08 370442 3.44 2457 0.48 0.14 

 5.08 – 6.65 1097342 10.20 20506 4.03 0.40 

 6.65 – 7.75 2332153 21.68 73430 14.44 0.67 

 7.75 – 8.68 2954568 27.46 129698 25.50 0.93 

 8.68 – 9.69 2295485 21.33 148106 29.12 1.37 

 9.69 – 11.08 1088411 10.12 91703 18.03 1.78 

 
11.08 – 

13.02 
391343 3.64 31594 6.21 1.71 

 
13.02 – 

15.79 
178937 1.66 9795 1.93 1.16 

 
15.79 – 

23.63 
50892 0.47 1233 0.24 0.51 

Plan 

Curvature 

(-0.772) – (-

0.47) 
39798 0.37 2037 0.40 1.08 

 
(-0.047) – (-

0.022) 
287890 2.68 15247 3.00 1.12 

 
(-0.022) – (-

0.009) 
735909 6.84 49930 9.82 1.44 

 
(-0.009) – (-

0.003) 
1371551 12.75 91816 18.06 1.42 

 
(-0.003) – 

0.009 
7213271 67.04 283225 55.70 0.83 

 
0.009 – 

0.034 
1067954 9.93 64714 12.73 1.28 

 
0.034 – 

0.091 
40946 0.38 1553 0.31 0.80 

 
0.091 – 

0.299 
2186 0.02 0 0.00 0.00 

 
0.299 – 

0.841 
68 0.00 0 0.00 0.00 

Profile 

Curvature 

(-0.857) – (-

0.158) 
457 0.00 0 0.00 0.00 

 
(-0.158) – (-

0.062) 
11246 0.10 155 0.03 0.29 

 
(-0.062) – (-

0.032) 
119568 1.11 3585 0.70 0.63 

 
(-0.032) – (-

0.014) 
456558 4.24 21435 4.22 0.99 

 
(-0.014) – (-

0.008) 
499414 4.64 36216 7.12 1.53 

 
(-0.008) – (-

0.002) 
1680710 15.62 106167 20.88 1.34 

 
(-0.002) – 

0.015 
7734675 71.89 325149 63.94 0.89 

 
0.015 – 

0.075 
254566 2.37 15814 3.11 1.31 

 
0.075 – 

0.683 
2379 0.02 1 0.00 0.01 

 

Table A2. FR statistics Malatya part (TWI, SPI, plan and 

profile curvatures). 

 

 

Feature Range  NCi 
NCi / NCt 

(%)  
NLi 

NLi / 

NLt 

(%)  

FR 

Altitude 552 - 760 979306 11.31 19946 3.62 0.32 

760 - 899 1111305 12.83 42482 7.71 0.60 

899 - 1043 1105786 12.77 69412 12.60 0.99 

1043 - 1188 1027352 11.86 90978 16.51 1.39 

1188 - 1338 1027864 11.87 114001 20.69 1.74 

1338 - 1488 1004549 11.60 102684 18.64 1.61 

1488 - 1632 905069 10.45 68975 12.52 1.20 

1632 - 1777 883642 10.20 37396 6.79 0.67 

1777 - 2030 614602 7.10 5023 0.91 0.13 

Slope 0 - 9 970602 11.21 21484 3.90 0.35 

9 - 16 1543932 17.83 69249 12.57 0.71 

16 - 22 1642023 18.96 105497 19.15 1.01 

22 - 27 1347112 15.56 108692 19.73 1.27 

27 - 32 1178167 13.61 104358 18.94 1.39 

32 - 38 1099876 12.70 90387 16.41 1.29 

38 - 44 607816 7.02 40202 7.30 1.04 

44 - 55 227171 2.62 10364 1.88 0.72 

55 - 87 42776 0.49 664 0.12 0.24 

Aspect FLAT 0 0.00 0 0.00 0.00 

N 1018506 11.76 12862 2.33 0.20 

NE 818406 9.45 19912 3.61 0.38 

E 813923 9.40 80689 14.65 1.56 

SE 1129986 13.05 184845 33.55 2.57 

S 1387262 16.02 165916 30.12 1.88 

SW 1205365 13.92 60458 10.97 0.79 

W 1091157 12.60 17079 3.10 0.25 

NW 1194870 13.80 9136 1.66 0.12 

Lithology Tem 1671588 19.30 272375 49.44 2.56 

 Qçk 1154708 13.33 138634 25.17 1.89 

 Qal 49659 0.57 2968 0.54 0.94 

 PzMzp 5189142 59.92 122467 22.23 0.37 

 dam 594378 6.86 14453 2.62 0.38 

Table A3. FR statistics Elazig part (altitude, slope, aspect, 

lithology). 
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Feature Range  NCi 
NCi / NCt 

(%)  
NLi 

NLi / 

NLt 

(%)  

FR 

TWI 0.01 – 3.77 999102 11.54 42376 7.69 0.67 

 3.77 – 4.90 2605033 30.08 132229 24.00 0.80 

 4.90 – 6.03 2549430 29.44 178480 32.40 1.10 

 6.03 – 7.35 1286252 14.85 118546 21.52 1.45 

 7.35 – 8.95 600872 6.94 53040 9.63 1.39 

 8.95 – 10.84 333829 3.86 20001 3.63 0.94 

 
10.84 – 

13.48 
190580 2.20 5583 1.01 0.46 

 
13.48 – 

17.53 
65085 0.75 622 0.11 0.15 

 
17.53 – 

24.12 
29292 0.34 20 0.00 0.01 

SPI 0.00 – 5.33 264799 3.06 3473 0.63 0.21 

 5.33 – 6.78 896146 10.35 18018 3.27 0.32 

 6.78 – 7.86 1872734 21.63 64188 11.65 0.54 

 7.86 – 8.76 2228480 25.73 131452 23.86 0.93 

 8.76 – 9.85 1973430 22.79 181344 32.92 1.44 

 9.85 – 11.20 886146 10.23 105409 19.13 1.87 

 
11.20 – 

13.01 
334307 3.86 34549 6.27 1.62 

 
13.01 – 

15.54 
157596 1.82 11282 2.05 1.13 

 
15.54 – 

23.13 
45837 0.53 1182 0.21 0.41 

Plan 

Curvature 

(-0,299) – (-

0,035) 
105772 1.22 5925 1.08 0.88 

 
(-0,035) – (-

0,017) 
377567 4.36 23452 4.26 0.98 

 
(-0,017) – (-

0,007) 
930336 10.74 67424 12.24 1.14 

 
(-0,007) – 

0.000 
2959908 34.18 192213 34.89 1.02 

 
0.000 – 

0.008 
2993451 34.57 184621 33.51 0.97 

 
0.008 – 

0,019 
1006559 11.62 61534 11.17 0.96 

 
0,019 – 

0,034 
246546 2.85 14169 2.57 0.90 

 
0,034 – 

0,079 
38076 0.44 1559 0.28 0.64 

 
0,079 – 

0,369 
1260 0.01 0 0.00 0.00 

Profile 

Curvature 

(-0,360) – (-

0,075) 
2796 0.03 12 0.00 0.07 

 
(-0,075) – (-

0,036) 
64391 0.74 1461 0.27 0.36 

 
(-0,036) – (-

0,019) 
257285 2.97 8146 1.48 0.50 

 
(-0,019) – (-

0.008) 
714352 8.25 48425 8.79 1.07 

 
(-0.008) – (-

0.002) 
1378551 15.92 112116 20.35 1.28 

 
(-0.002) – 

0,005 
4599423 53.11 277312 50.34 0.95 

 
0,005 – 

0,019 
1498130 17.30 96216 17.47 1.01 

 
0,019 – 

0,067 
142452 1.65 7205 1.31 0.80 

 
0,067 – 

0,352 
2095 0.02 4 0.00 0.03 

 

Table A4. FR statistics Elazig part (TWI, SPI, plan and profile 

curvatures). 
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