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Predicting fault locations based on morphometric features of alluvial fans and basins using 15 

artificial neural networks 16 

Abstract  17 

The aim of this study is to investigate the morphometry of alluvial fans located in the vicinity of the 18 

Sabzevar and Sang-Sefid faults in northeastern Iran to determine their influence on erosion Principal 19 

component analysis (PCA) was used to select the most important morphometric factors affecting erosion. 20 

The data regarding the important parameters were input into adaptive neural-fuzzy networks (ANFIS) to 21 

predict erosion rates. The asymmetric factor (Af), hypsometric integral (Hi), and basin shape (BS) indicate 22 

that most of the sub-basins are tectonically active. The results of the PCA revealed that the most important 23 

parameters affecting erosion were Af, Pf, Lf, Rf, Vf, Pb, Ab, LC, Lb, Dd, and the geological unit. The ANFIS 24 

method showed that among the soil erosion prediction models, the FCM hybrid model had the highest 25 

accuracy. It is concluded that morphometric features can be used to predict the erosion processes in the 26 

basin.  27 

 28 

Keywords: Morphometric features, Alluvial fan, Fault, Erosion, Principal component analysis (PCA) 29 

method, Adaptive neural-fuzzy network (ANFIS). 30 

 31 

 Introduction  32 

As a river flows out of a mountainous region and enters a plain with a low slope, the capacity for carrying 33 

sediment is reduced and an alluvial fan forms (Lancaster et al. 2012) (Fig. S1). Alluvial fans are prominent 34 

geomorphological features that form in several climates (Radebaugh et al. 2013). The head of the alluvial 35 

fan is located at the site of gradient change, where the stream leaves the mountainous slopes and its base or 36 

toe is where the stream exits the fan at its downstream end (Benito 2013).  37 

The sediment of alluvial fans includes sand, gravel, silt, and clay, which increase the particle size from 38 

upstream to downstream. Deposits near the top or apex of the fan are mostly coarse-grained rock fragments 39 
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and large rubble. Sediments become increasingly fine toward the base, where they are grains of sand, gravel, 40 

marl, and clay. Alluvial fans are widespread in arid and semi-arid areas where vegetation is sparse. Some 41 

alluvial fans are good sources of aggregates that can be used in construction (Langer et al. 2004). 42 

Alluvial fans are affected by an assortment of variables that change from location to location. Alluvial 43 

fan processes depend on five factors: lithology, basin shape, conditions in the alluvial fan environment, 44 

climate, and tectonic activity (Blair and McPherson 1994). These factors, especially climate and tectonics, 45 

affect the inlet and outlet energy (Stokes and Mather 2000; Sancho et al. 2008). 46 

These include lithology, basin shape, conditions of the alluvial fan environment, climate, and tectonic 47 

activity. These factors, especially climate and tectonics, relate to the inlet and outlet energy. The directions 48 

of slopes, the profiles of the channels feeding the alluvial fan, unevenness or relief, flash flood risk, and 49 

sediment storage capacity are related to the morphometry of the alluvial fan. Alluvial fans have been found 50 

to be useful for studying floods may be studied (Khan et al. 2013). Climate and climate change have 51 

significant effects on the morphometry of alluvial fans, because water availability has a direct effect on 52 

weathering, sediment production, and vegetation, and climatic conditions control alluvial currents (Harvey 53 

et al. 1999). 54 

Tectonic activity can induce changes in alluvial fans, particularly affecting their morphometry (Harvey 55 

1987). Regardless of the permanence of tectonic activity, alluvial fans are small and short-lived (Parsons, 56 

2009). Orographic uplift can generate new sediments that may be deposited on alluvial fans (Beaty 1963). 57 

The displacement of the right-slip faults at the alluvial fan formation causes displacement of the alluvial 58 

fans and their surface flow. The slope and morphological characteristics of the alluvial fan surface were 59 

also somewhat controlled by tectonics. The morphological characteristics of the fans are evidence of 60 

tectonic activity (Bull 2007). 61 

 62 

It is very difficult to study alluvial fans in forested areas and deserts. It is also difficult and time 63 

consuming to study alluvial fans over large regions (Foster and Beaumont 1992). Using GIS, algorithms, 64 

and DEMs, alluvial fans can be more easily observed and analyzed in watersheds and they can be easily 65 
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distinguished from upstream basins (Lagmay et al. 2013). The extraction of geological information from 66 

topographic data sets is very important in land studies, but these data can be more easily gathered using a 67 

DEM (Fleming et al. 2010). DEMs have been used in studies of volcanoes, faults, slope stability, and 68 

landslides. By measuring factors such as elevation and elevation with DEMs, geomorphological features 69 

such as cones, volcanoes, fans, and slopes can be analyzed (Eisank et al. 2014). Investigation of the 70 

morphometric characteristics of alluvial fans enables the prediction of superficial activities, such as erosion 71 

and deposition, as well as internal activities such as tectonics (Roberts and Cunningham 2008).  72 

The sedimentary dynamics of alluvial fans are influenced by numerous factors, such as the geology of 73 

the upstream lands, which are the sources of sediments, landslides, glaciers, and land use (Chen et al. 2010). 74 

Lucà (2012) and Santangelo et al. (2012) investigated the role of morphometry in sedimentation processes. 75 

Recent studies have examined the relationships between geology, vegetation, morphometry, and alluvial 76 

fan morphometry (Santangelo et al. 2012; Stokes and Gomes 2020; Lucà and Robustelli 2020). GIS 77 

techniques and principal component analysis (PCA) (Farhan et al. 2016), logistic regression (LR) (Stokes 78 

and Gomes 2020; Lucà and Robustelli 2020), and unsupervised self-organizing maps (SOMs) (Mokarram 79 

and Sathyamoorthy 2016) have been merged to investigate the types of alluvial fans and their distinctive 80 

morphometries. In recent studies, such as Basu et al. (2020), Ghosh and Gope (2021), and Ilanloo (2011) 81 

used fuzzy or ANN approaches to predict the morphometric characteristics of the watershed, and the 82 

benefits of both methods were not combined.  83 

Therefore, there are watershed characteristics, such as alluvial fans, which are likely to be affected by 84 

tectonic and faulting activities where there is active subduction. In contrast, no study has discussed the use 85 

of precise methods such as PCA to identify the most important average morphometric features or how these 86 

parameters correlate with fault and erosion activities. Hence, in the study area, we combined PCA and 87 

artificial neural networks (ANNs) to predict tectonic and erosional activities based on morphometric 88 

characteristics.  89 

The ANN is a predictive model that has been used in many geomorphological studies but has not yet 90 

been applied to the study and prediction of erosion based on alluvial fan morphometry. This study aims to 91 
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predict erosion from alluvial fan morphometry using the adaptive network-based fuzzy inference system 92 

(ANFIS) method. The alluvial fans in the vicinity of the Sabzevar and Sang-Sefid faults in northeastern 93 

Iran are the objects of study. This is among the few articles that have employed the ANN method to 94 

investigate and predict alluvial morphometries and their relationships to erosion in upstream watersheds 95 

(Lucà and Robustelli 2020). The PCA method was used to determine the most important morphometric 96 

parameters affecting the fault activity and soil erosion. This study is also innovative in that it strives to 97 

predict fault activity in the region based on the watershed’s morphometric characteristics. 98 

The remainder of this paper is organized as follows. section 2 explains the case study. In Section 3, the 99 

method of extracting alluvial fans is described. In addition, the formulation of the proposed method to select 100 

the important morphometric features and the predicted locations of faults based on morphometric features 101 

of the alluvial fan using PCA and ANFIS methods in Subsections 3.2 and 3.3. Section 4 describes the 102 

morphometric properties of the PCA and ANFIS methods. Finally, Section 5 concludes the paper. 103 

 104 

 105 

 Geological setting 106 

The study area is located in the Central Desert watershed, located at 35°2’2” to 35°33’00” N and 107 

57°38’24” to 59°06’24” E (Fig. 1). The study area covers 4,548 km2. The Elevation in the area ranges from 108 

861 to 2885 m. This region is located in the northern portion of central Iran and is limited to the north by 109 

the Alborz Mountains. To the east is the Lut block, and to the west is the Sanandaj-Sirjan zone. Coarse-110 

grained and fine-grained sediments cover the surface of the plains. The faults in this region are active and 111 

are located in the Aladagh-Binalood Mountains (Rajabi et al. 2006).  112 

These rocks are composed of ultramafic rocks along the Eurasian subcontinent. The Alpine-Himalayan 113 

fold is the last phase of this region. Its morphology is very young and the folds indicate that topography 114 

and geological structures have a direct relationship. These sediments folded in a similar way to the pressure 115 

regimes in this part of the world. The height of the region is mostly composed of mercenaries and Tirgans. 116 

It seems that plate movements have played a crucial role in the folding of sediments because of their 117 
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intensity along the southern front, as well as their asymmetry and steepness along the southwestern side. In 118 

addition, the movements caused the overlying faults along the landslide to split along the axis of the folds, 119 

drift with a slope to the north, and create faults along the foundation rock faults. In the Miocene, folding 120 

and drift movements began and monitoring of the strike-slip fault system at the end of the Pliocene led to 121 

structural sediment return in this region (Poursoltani et al. 2015). In this region, the primary sediments 122 

consist of conglomerate, sandstone, and a large amount of fine-grained sediments. A dark ophiolite 123 

boundary and a light gray limestone boundary are distinguishable in this sequence. Climatically, the average 124 

annual rainfall at the stations in the basin is 256.5 ± 35.11 mm. The average annual temperature is 13.99°C. 125 

The absolute maximum temperature of the period of study period was 48°C and the absolute minimum was 126 

-35°C. 127 

 128 

 Material and methods  129 

 Extracting the alluvial fans 130 

Studies show that alluvial fans are formed by the accumulation of sediments from the mountain unit 131 

(Harvey et al. 2005) which are in the form of conical and their slope is more towards the mountain unit 132 

(about 35 degrees (Staley et al. 2006)) (Sanchez-Núñez et al. 2015) (Fig. 2 (a)). The top is the highest point 133 

on the fan and the closest location to the mountain unit. The cut channel, which is not always clear, is the 134 

alluvial channel that directs the sediment from the top to the downstream areas of the alluvial fan (Blair and 135 

McPherson 1994, 2009). Alluvial fans are formed by several transport mechanisms from mountain units. 136 

Alluvial fans have different shapes that are influenced by the bedrock, shape of the watershed, climate, and 137 

tectonics (Blair and McPherson 2009). The size of a fan is influenced by the size of the watershed; large 138 

alluvial fans are formed from large watersheds (Hooke 1968). 139 

Alluvial fans were extracted from the study area using a semi-automatic method. A radial profile was 140 

prepared for each alluvial fan. Radial profiles are characterized by a conical shape with either a fixed slope 141 

or a downward and concave slope with a nearly flat slope downstream (Sánchez-Núñez et al. 2015). The 142 

morphometries of an alluvial fan can be a semi-conical surface. In the GIS algorithm, a conical surface is 143 
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created by joining a series of profiles radiating from the fan apex. The channels were mapped, the radial 144 

slopes were mapped, and the semi-conical surface was interpolated (Fig. 2(b)). 145 

Radial profile analysis is mainly based on a fixed or variable minimum slope threshold that examines 146 

slope changes along each fan (slope threshold is defined by trial and error or training on a representative 147 

alluvial fan). The semi-conical surface of the alluvial fan was used to cut the radial profile. The apex is the 148 

location of the input of sediment input to the alluvial fan (Fig. 2(b)). In the next step, the topographic surface 149 

was placed on the radial profile to determine the shape of the alluvial fan. Profiles for all of the alluvial fans 150 

in the watershed were prepared from the DEM using a stepped process (Fig 3).  151 

After extracting the alluvial fans, the morphometric parameters of both the fans and watersheds were 152 

determined (Table S1). 153 

Asymmetric factor (Af), hypsometric integral index (Hi), and basin shape index (BS) were used to 154 

evaluate the effect of faults on watershed morphometry. The aim of this section is to investigate the effect 155 

of tectonic activity on the morphometric properties. Each of these indices is described below : 156 

 157 

 Symmetric Factor (Af) 158 

The geometric network of rivers can be described both qualitatively and quantitatively. In areas where 159 

the drainage network develops in the presence of tectonic deformation, the drainage network often has a 160 

distinct geometric shape and pattern. The asymmetry factor has been linked to describe and understand the 161 

relationship between tectonic tilt in watersheds (Fig. S2). The Basin asymmetry was calculated (Eq. 1): 162 

100( )Af Ar At           (1) 163 

where Ar is the area of the right part of the basin in the downstream direction relative to the main river, 164 

and At is the total area of the drainage basin. For the input network that is formed, and when the current is 165 

constant in the steady-state, Af = 47.7. Values above or below 47.7 indicate drainage basin tilt and tectonic 166 

activity (Hare and Gardner 1985; Keller and Pinter 2002). 167 

 168 
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 Hypsometric integral index (Hi) 169 

To determine the extent of geological activity, hypsometry was analyzed with Hi. The altimeter curve 170 

is the ratio of the total height of the basin to the total area of the basin (Strahler 1952; Keller and Pinter 171 

2002). Although this index is not directly related to tectonics, it indirectly shows the distribution of the 172 

basin levels. This index was calculated (Eq. 2): 173 

min max min( ) / ( )iH h H H H           (2) 174 

where Hi is the hypsometric integral index, Hmax is the maximum height, Hmin is the minimum height, 175 

and h is the mean basin height. This index ranges from 0 to 5 for different regions. Higher values indicate 176 

a young topography, high elevation, and greater height than the average drainage network. Lower values 177 

indicate an equilibrium in the geomorphic processes and reduced tectonic activity. 178 

 179 

 Basin Shape Index (BS) 180 

The shape of each region is directly related to internal and external influences on the watershed. In this 181 

regard, it can be concluded that forms are the result of these processes. High values of BS values indicate 182 

that tectonic activity occurred in the watershed. Basins with high tectonic activity were more elongated. 183 

They become more circular as tectonic activity diminishes during periods of erosion. The BS was calculated 184 

(Eq. 3): 185 

  /BS BI BW           (3) 186 

BS is the shape of the basin and indicates tectonic activity, BI is watershed length, and BW is watershed 187 

width.  188 

 189 

PCA method 190 

The most important morphometric parameters were determined by PCA. Thus, using the PCA method, 191 

the data (25 morphometric parameters) were reduced and the immaterial parameters were removed and the 192 

most important parameters were selected. PCA divides a similarity matrix into a set of axes or orthogonal 193 
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(vertical) components. Each axis represents a principal component (PC). The components were weighed 194 

and the variance was calculated for each axis, which is a specific value, an eigenvalue (Mellinger 1987; 195 

Pezhman et al. 2009). In PCA, the specific values of the similarity matrix are extracted in a stepwise 196 

downward trend; the components of the PCA indicate the amount of change they account for in the matrix. 197 

Therefore, the first PCA axes accounted for the highest percentage of definable changes. PCA is a variable 198 

reduction technique (Dillon and Goldstein 1984). 199 

It is relevant to note that by linearly combining the initial variables (X1, X2...Xn), new components will 200 

be created. As stated before, by changing the basis of the initial variables in the PCA method, these 201 

components prepare different aspects of the primary variables (Manly 1986). Equation 4 depicts the 202 

extraction of these components in detail.  203 

  1 2 2 ...i ij i ip pZ a X a X a X            (4) 204 

where Zi represents the desired component, aij is the coefficient of the primary variable, and Xi is the 205 

primary variable. The coefficients of the initial variables were obtained (Eq. 5): 206 

  | | 0R I            (5) 207 

where I is the unit matrix, R is the correlation matrix between the primary variables, and λ is the 208 

eigenvalue. 209 

  210 

 211 

 Adaptive Neural Fuzzy Method (ANFIS) 212 

ANFIS was used in this study to predict the erosion rates. The ANFIS was introduced by Jang (1993). 213 

This method is based on the first-order Sugeno-fuzzy method. Because the fuzzy system is a very efficient 214 

modeling method, it has been widely used. Empirical knowledge is transformed into a mathematical map 215 

using linguistic rules. In systems where the knowledge of the expert is either unavailable or inaccurate, the 216 

neural network method can be used to create membership functions and rules for the system. For example, 217 

the two laws are defined by Eqs. Six and 7 (Bisht and Jangid 2011).  218 
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 219 

Rule 1: If (𝑥 ∈ 𝐴1) 𝑎𝑛𝑑 (𝑥 ∈ 𝐵1( then )𝑓1 = 𝑝1𝑥 + 𝑞1𝑦 + 𝑟1)    (6) 220 

Rule 2: If (𝑥 ∈ 𝐴2) and (𝑥 ∈ 𝐵2), then (𝑓2 = 𝑝2𝑥 + 𝑞2𝑦 + 𝑟2)    (7) 221 

 222 

X and y are the inputs of the model, A1 and B1 are fuzzy sets, f1 is the output of the model, and p1, q1, and 223 

r1 are network design parameters. These rules had a general structure (Fig. S3(a)). 224 

Layer 1: All the nodes are adaptive nodes. The output of Layer 1 is the degree of membership of the 225 

inputs, which are expressed in (Eqs. 8 and 9): 226 

         227 

        (8) 228 

 1, ( ), 3,4i iO B x for i           (9) 229 

The membership functions is a Gaussian function (Eq. 10): 230 

(10) 231 

 232 

 233 

Layer 2: The output of this layer is the product of the input signals (Eq. 11). 234 

  235 

      (11) 236 

Layer 3: The output of this layer is normalized to that of the previous layer (Eq. 12): 237 

 238 

       (12) 239 

Layer 4: Normalized firing strength from layer 3 (Eq. 13): 240 

(13) 241 

 242 

Layer 5: The output of this layer is the output of the overall system (Eq. 14): 243 

1, ( ), 1,2i iO A x for i 

2

1
( )

1
ib

i

i

A x
x c

a

 




2, ( ) ( ), 1,2i i i iO w A x B y i   
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1 2

, 1,2i
i i

w
O w i

w w
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 244 

(14) 245 

where x and y are the crisp inputs, and Ai and Bi are the language membership functions. Pi, qi, and ri are 246 

the sugar output parameters. The ANFIS also has a structure (Fig. S3 (b)) (Bisht and Jangid, 2011). it is 247 

operated in steps (Fig. S4).  248 

 All statistical calculations were performed using the (Statistical Package for Social Science (SPSS) v.22 249 

and Matlab v. 17b. 250 

 251 

Results and discussion  252 

  In this section, the results for predicting the faults based on the morphometric features of the 253 

alluvial fan are provided in subsections 3.1 3.4. To do this, in subsection 3.1, the morphometric 254 

properties of each alluvial fan are explained. In addition, in Subsection 3.2. important morphometric 255 

parameters for predicting soil erosion using the PCA method were selected. The ANFIS method to predict 256 

soil erosion is described in Section 3.3. in Section 3.4, the effect of faults on alluvial morphometry was 257 

investigated.  258 

 259 

 Morphometric properties 260 

The alluvial fans of the study area were extracted using a semi-automatic method and a DEM (Fig. 4). 261 

There were 54 alluvial fans in the study basin, most of which were affected by the Sabzevar faults and the 262 

Sang- Sefid fault. The morphometric properties of the 54 alluvial fans were determined using GIS (Table 263 

1). 264 

 The mean values for each of the morphometric features of the alluvial fan and its upstream watershed 265 

were determined (Table 1). The maximum and minimum Af are 38.63 and 0.75 km2, respectively. The 266 

maximum Lf is 9.59 and the minimum Lf is 1.43. The minimum alluvial fan elevation was 985 m and the 267 

maximum alluvial fan elevation was 1,392 m. The maximum value of Rrf-L was 1,724.93. The maximum 268 

5,

i ii
i i i

i ii

w f
O w f

w
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slope was 49.5o. The maximum Rf is 9. The maximum angle of the alluvial fan was 86 o and the lowest 269 

was 31o °. The lowest and highest BS values are 0.82 and 3.9, respectively. The highest value of Cirb was 270 

6.91. 271 

The maximum Vf is 11.6. The morphometric characteristics of the recharged watershed of each alluvial 272 

fan were also determined. The maximum and minimum fan areas in the basin is 62.52 and 0.46 km2. The 273 

maximum and minimum elevations were 2,077 and 1,022 m, respectively. The maximum and minimum Lb 274 

values are 11.77 0.63. The maximum and minimum slopes were 86o ° and 30o°, respectively. The maximum 275 

and minimum values of Mel are 7.9 3.83. 276 

The relationship between Af, Vf, and Ab was examined (Fig. 5). There was a significant positive 277 

relationship between Af and Vf with Ab (R2 = 0.91 for Ab and Af, and R2 = 0.82 and). 278 

 279 

 Selecting the important morphometric parameters using PCA 280 

Considering the concentrations of erosion constituents at various monitoring stations, PCA was 281 

performed (Fig. 6). The first (40.72%) and second (18.16%) PCs together explained approximately 58.88 282 

% of the variance at the stations. The average distribution of weights allocated to the first, second, and third 283 

components was also determined for the 54 alluvial fans (Fig. S5).  284 

The distribution of the weights of the parameters in each of the first, second and third principal 285 

components was graphed (Fig. S5). Parameters Af, Pf, Lf, Rf, Vf, Pb, Ab, LC, Lb, Dd, and formation material 286 

had the greatest weights (Table 2). Those that were farthest from the components’ lines were the parameters 287 

with the greatest influence on erosion.  288 

The results of Kaiser–Meyer–Olkin (KMO) and Bartlett’s sphericity tests showed that the significance 289 

level was < 0.01, indicating that there were significant relationships among variables in this analysis 290 

(Kaiser, 1974. Analysis of variance showed that the parameters that have significant relationships with 291 

erosion were Hmax_f, α, BS, Mel, CC, and Dd. Rrf, βmin-f, Rf, CC, LC, Rrb, Dd, and formation material were 292 

significantly related to lithology (Table 3). The results of Srivastava and Bhattacharya (1998) and Farhan 293 

et al. (2017) showed that PCA is suitable for selecting the most morphometric features in a watershed. 294 
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 295 

 Results of ANFIS 296 

Grid partitioning, subtractive, and FCM models were used to predict soil erosion using the ANFIS. 297 

Hybrid and backpropagation modes were used for each model (run in MATLAB). The results showed that 298 

modeling soil erosion in the study area using the subtractive method had the lowest error (Fig. S6 and Table 299 

4). Two radii of 0.01 and 0.03, were used. The hybrid method with radii of 0.01 and 0.03 had R2= 0.99, 300 

MSE=0, and RMSE= 0.03, and high accuracy. This method requires four rules (Fig. S7). 301 

 The relationships between the parameters Af, Ab, Pf, Rf, Lf, and soil erosion in the three dimensions are 302 

shown (Fig. S8). The results of Gholami et al. (2018) showed that the ANFIS method is an accurate method 303 

for predicting parameters in a watershed. 304 

In general, several features are found in a fuzzy neural network, such as learning power, as well 305 

as costing, classifying, writing, and compiling. Another advantage is that it allows the extraction 306 

of fuzzy rules from a variety of information and calculates the basic rules proportionally. Fuzzy 307 

neural networks have been proven to have the ability to model multiple processes in recent studies 308 

to predict the erosion rate (Nguyen et al. 2020). The artificial neural network (ANN) model 309 

performs better when there is sufficient information and data. Observational data are used to train 310 

the network, so the system's performance is reduced when there is a lack of data. in the fuzzy 311 

inference system, the input and output variables in this model are described linguistically. Because 312 

there is no formal method for doing this, the fuzzy system uses innovative approaches when the 313 

information is incomplete and contradictory. This is usually time-consuming and error-prone. 314 

Nauck and Kruse (1999) used both fuzzy rule generation capability and network training capability 315 

in the ANN model, thus overcoming the shortcomings of each and creating the ANFIS method. 316 

Some studies have shown that the ANFIS method is extremely accurate in some natural sciences, 317 

such as groundwater prediction (Elzain et al. 2021; Seifi et al. 2020), soil (Mehdizadeh et al. 2020), 318 
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predicting erosion (Islam et al. 201; Kaboodvandpour et al. 2015), and water quality (Fu et al. 319 

2020), and can provide better results than ANN and fuzzy models. 320 

  321 

 Results of Af, Hi, and BS 322 

The effects of faults on alluvial morphometry using Af, Hi, and BS were investigated. The results for 323 

Af indicated that watersheds (sub-basins) 11, 37, 31, 29, 36, 34, 39, 26, 44, 21, 50 ,30, 28, 25, 27, 18, 49, 324 

5, 24, 53, and 12, with values of Af <35 or Af> 65, are in class 1. Watersheds 35, 23, 47, 32, 41, 13, 48, 6, 325 

3, 17, 20, 14, and 9, with values 57 <Af < 65 or 35 <Af <43, are in class 2. And watersheds 45, 33, 38, 46, 326 

19, 10, 16, 40, 51, 2, 54, 4, 52, 42, 22, 15, 43, 1, 7, and 8, with 43 <Af <57, are in class 3. According to 327 

the classification by Hamdoni et al. (2008), the sub-basins in class 1 have high tectonic activity (Table 5). 328 

Hi was calculated for the sub-basins using the GIS software. Watersheds 21-34 and 43-54 have the 329 

highest Hi (> 0.5), indicating that they are areas of high tectonic activity. Watersheds 1-20 and 35-41 had 330 

the lowest Hi (< 0.4), indicating less tectonic activity in these sub-basins (Fig. 7). 331 

The BS values indicate that most watersheds have a coefficient higher than 1, indicating elongated 332 

basins and high tectonic activity in these areas (Fig. 8). 333 

The tectonic state of a region can be determined using morphometric features. Bahrami (2013) also 334 

concluded that there is a relationship between the morphometric properties of alluvial fans located in 335 

Zagros, Iran and the tectonic state. In this study, morphometric features affecting soil erosion were 336 

identified using PCA. The parameters Af, Pf, Lf, Rf, Vf, Pb, Ab, LC, Lb, Dd, and formation material are the 337 

25 most useful parameters for predicting erosion (Sharma et al. 2015). As a result, there was a strong 338 

correlation between tectonic activity and the morphometric characteristics of alluvial fans in the study area. 339 

Therefore, the morphometric characteristics of alluvial fans can be used to determine tectonic activity in an 340 

area (Bahrami 2013; Hashemi et al. 2018; Yamani et al. 2012). 341 

  342 

 343 



15 
 

Conclusion  344 

The results show that Af, Pf, Lf, Rf, Vf, Pb, Ab, LC, Lb, Dd, and formation material had the greatest 345 

influence on erosion rates in the study area. PCA was used to identify the most important parameters 346 

influencing erosion. Using ANFIS, the soil erosion in the study area was predicted using these parameters. 347 

The effects of two large Sabzevar faults and the Sang-e-Sefid fault on the morphometric characteristics of 348 

alluvial fans and their watersheds were also investigated. The results showed that tectonic activity was the 349 

main factor in the formation, development, and evolution of alluvial fans in the study area. The Sabzevar 350 

and Sang-e-Sefid faults have been more influential on morphometry than other tectonic factors. The results 351 

show that faults are active in the study area and affect the morphometry of the watershed. One of the most 352 

important outcomes of this study is the confirmation of the ability to identify and predict the tectonic 353 

activities of the watershed quantitatively. 354 
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Table 1. Morphometric features of alluvial fans in the study area 535 
Parameters Minimum Maximum Average STDVI 

Af 0.75 38.63 6.62 7.68 
Pf 3.57 26.84 9.88 5.6 
Lf 1.43 9.59 3.85 2.2 

Hmin_f 985 10990 1292.19 1348.05 
Hmax_f 1036 1392 1217.39 100.91 

ΔHf 1010.5 6054.5 1254.79 672.1 
Rrf _L 120.8 1724.93 418.59 263.81 

βf 5.35 49.5 29.73 8.28 
Rf 0.49 9 2.19 1.42 

Erosion 3 7 6.07 1.03 
α 31 86 62.31 12.54 

BS 0.82 3.9 1.92 0.62 
Cirb 0.64 6.91 2.44 1.66 
Vf 0.11 11.6 1.89 2.41 
Pb 2.74 33.66 11.93 7.31 
Ab 0.46 62.52 11.75 13.91 

Hmin_b 1022 1411 1216.31 112.65 
Hmax_b 1049 2077 1542.59 307.47 
ΔHb/L 4 813 326.28 232.46 

Lc 0.63 11.77 3.68 2.7 
Lb 1.03 13.56 4.64 3.02 

ΔHb 0.88 247.02 81.03 54.37 
βb 30 86 72.37 12.08 
Dd 141.5 1135 759.1 257.82 

Mel 3.83 7.9 13.79 7.82 

 536 
Table 2. Special vector of each parameters using the PCA method 537 

Code Parameters 
Component 

1 2 3 4 5 6 

A Af .928 -.048 .030 -.116 .169 .044 
B Pf .969 -.041 .089 -.101 .053 .064 
C Lf .941 .001 .225 -.075 -.040 .047 
D Hmin_f -.090 -.210 .242 .794 .261 .315 
E Hmax_f .143 .726 .222 .271 -.108 -.461 
F Rrf -.629 -.038 .105 .656 .281 .105 
G βmin-f -.305 .690 -.193 .060 -.131 -.045 
H βmax-f .094 .075 -.095 .172 -.492 -.129 
I Rf .838 -.078 -.234 -.129 .355 .092 
J α -.232 .186 .594 -.293 .414 -.237 
K BS -.029 -.061 .737 -.089 -.404 .125 
L Vf .878 .024 .099 -.168 .314 .007 
M Pb .965 -.044 .040 .128 -.046 -.041 
N Ab .935 -.048 .081 .030 .004 -.054 
O Hmin_b .172 .812 .272 .219 .076 -.375 
P Hmax_b .537 .813 .020 .059 .062 .053 
Q Mel -.461 -.006 .545 -.372 -.003 .244 
R CC .012 -.056 -.699 -.141 .113 -.233 
S LC .930 -.096 .125 .113 -.023 -.034 
T Lb .935 -.077 .138 .150 -.059 -.016 
U Rrb -.166 .823 -.262 -.120 .036 .284 
V βmin-b .150 .781 -.113 -.005 -.166 .417 
W βmax-b .249 .856 -.035 -.088 .096 .252 
X Dd .815 -.147 -.248 .284 -.059 .013 

Y 
Geology 

unit 
.767 -.230 -.030 .056 -.411 .099 

 538 
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Table 3. Analysis of variance of parameter values 539 
  540 

Erosion Lithology 

Code Parameters 
Sum of 

Squares 
df 

Mean 

Square 
F Sig. 

Sum of 

Squares 
df 

Mean 

Square 
F Sig. 

A Af 110.666 3 36.889 .612 .610 275.688 5 55.138 .930 .470 
B Pf 86.282 3 28.761 .914 .441 149.084 5 29.817 .948 .459 
C Lf 19.884 3 6.628 1.406 .252 20.742 5 4.148 .848 .523 
D Hmin_f 1898599.934 3 632866.645 .335 .800 5.329 1 5.329 1.089 .302 
E Hmax_f 113876.637 3 37958.879 4.458 .008 6.919 1 6.919 1.414 .240 
F Rrf 220379.409 3 73459.803 1.059 .375 22166497.023 5 4433299.405 2.870 .024 
G βmin-f 226.071 3 75.357 .920 .438 219793.633 5 43958.727 6.597 .000 
H βmax-f 120.235 3 40.078 .217 .884 466141.586 5 93228.317 1.389 .245 
I Rf 3.185 3 1.062 .509 .678 2616.331 5 523.266 14.741 .000 
J α 1849.880 3 616.627 4.757 .005 808.241 5 161.648 .909 .483 
K BS 4.039 3 1.346 4.086 .011 9.926 5 1.985 .976 .442 
L Vf 19.254 3 6.418 1.111 .353 1378.765 5 275.753 1.904 .111 
M Pb 213.538 3 71.179 1.358 .266 1.270 5 .254 .634 .675 
N Ab 621.650 3 207.217 1.076 .368 31.870 5 6.374 1.108 .369 
O Hmin_b 72939.452 3 24313.151 2.027 .122 5.216 1 5.216 .906 .346 
P Hmax_b 340177.989 3 113392.663 1.214 .314 150.057 5 30.011 .536 .748 
Q Mel 83709.498 3 27903.166 3.289 .028 771.637 5 154.327 .782 .568 
R CC .094 3 .031 2.370 .082 256793.148 5 51358.630 5.930 .000 
S LC 17.433 3 5.811 .785 .508 1140675.212 5 228135.042 2.830 .026 
T Lb 33.181 3 11.060 1.228 .309 46815.179 5 9363.036 .975 .443 
U Rrb 16768.019 3 5589.340 1.997 .126 .162 5 .032 2.604 .037 
V βmin-b 293.478 3 97.826 .594 .622 25.736 5 5.147 .683 .638 
W βmax-b 498.113 3 166.038 .606 .614 35.014 5 7.003 .749 .591 
X Dd 487089.803 3 162363.268 2.674 .057 63091.729 5 12618.346 6.471 .000 

 541 
Table 4. Results of three models for predicting soil erosion 542 

Methods Different modes Model 
Training error Test error rate (test) 

MSE RMSE R MSE RMSE R 

Grid 
5 

Back propagation 0.003 0.03 0.66 0.03 0.03 0.66 
Hybrid 0.002 0.02 0.79 0.03 0.03 0.79 

10 
Back propagation 0.003 0.04 0.67 0.04 0.05 0.68 

Hybrid 0.002 0.04 0.78 0.03 0.03 0.78 

Subtractive 
0.3 

Back propagation 0.001 0.04 0.91 0.003 0.04 0.92 
Hybrid 0 0.0304 0.99 0 0.0303 0.99 

0.01 
Back propagation 0.001 0.04 0.9 0.004 0.04 0.89 

Hybrid 0 0.0305 0.99 0 0.0303 0.99 

FCM 
5 

Back propagation 0.02 0.04 0.78 0.03 0.03 0.78 
Hybrid 0.03 0.04 0.81 0.03 0.02 0.81 

10 
Back propagation 0.02 0.04 0.82 0.03 0.02 0.82 

Hybrid 0.04 0.03 0.88 0.04 0.03 0.87 

 543 
Table 5. The slope coefficient of the studied basins 544 

Code At Ar Af Code At Ar Af 

1 35.78 20 55.9 28 1.91 0.59 30.92 
2 15.96 7.8 48.86 29 2.87 0.62 21.62 
3 5.47 2.3 42.08 30 1.7 0.51 29.98 
4 0.99 0.5 50.65 31 0.49 0.1 20.58 
5 2.24 0.8 35.76 32 1.11 0.44 39.53 
6 3.11 1.3 41.77 33 0.47 0.21 45.02 
7 7.84 4.4 56.11 34 0.46 0.11 23.94 
8 3.74 2.1 56.19 35 26.69 10 37.47 
9 5.37 3.37 62.75 36 15.48 3.6 23.26 
10 6.67 3.16 47.36 37 38.76 7 18.06 
11 33.84 2.2 6.5 38 33.26 15 45.09 
12 32.06 24.8 77.35 39 41.24 10 24.25 
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13 17.35 7 40.35 40 49.95 24 48.05 
14 12.56 7.4 58.91 41 62.52 25 39.99 
15 6.75 3.7 54.85 42 17.82 9.1 51.07 
16 6.71 3.2 47.72 43 5.24 2.9 55.38 
17 8.38 3.6 42.98 44 10.63 3 28.22 
18 4.62 1.5 32.45 45 6.47 2.9 44.8 
19 3.68 1.7 46.21 46 5.5 2.5 45.49 
20 3.47 1.5 43.17 47 12.66 5 39.5 
21 1.94 0.55 28.35 48 6.3 2.6 41.24 
22 1.33 0.68 51.16 49 6.6 2.3 34.86 
23 1.24 0.47 38.03 50 11.58 3.3 28.5 
24 0.92 0.33 36 51 14.49 7 48.31 
25 3.79 1.2 31.68 52 11.24 5.7 50.71 
26 3.72 1 26.9 53 10.21 7 68.56 
27 1.03 0.33 32.01 54 8.51 4.2 49.35 

 545 
 546 
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 547 
Fig. 1. Location of the study area 548 

Landsat 8 satellite imagery (Enhanced Thematic Mapper Plus (ETM+) sensor), band combination 432 549 
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 550 
Fig. 2. (a): Morphological status of a large alluvial fan (a) the alluvial fan from satellite images (b) 551 

topographic characteristics of AA’, BB’, CC’ profiles, (b): The steps to extract the alluvial fan with the 552 
GIS algorithm: (A) hydrological analysis using drainage network; (B) the radial profiling and 553 

determination of alluvial fan endpoints; and (C) interpolation of the semi-conical surface.  554 
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 555 
Fig. 3. Flowchart of alluvial fan extraction from DEM. 556 
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 557 
Fig. 4. Position of alluvial fans in the study area 558 

 559 
 560 

 561 
Fig. 5. Relationship between Af, Ab, Vf 562 
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 563 
Fig. 6. Percentage of variance expressed by the first 14 principal components for erosion  564 

 565 
 566 

 567 
Fig. 7. Altimetry integral values for the sub-basins 568 

 569 
Fig. 8. BS values for each of the sub-basins 570 
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