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Extended abstract

Introduction

Landslides are one of the natural hazards in mountainous areas that threaten the safety of residents and the
environment. In the past few decades, landslides have caused damage to natural and human resources in the
Saqezchi Basin in the south of Ardabil Province. Landslides have occurred in more than 9.2% (2600 ha) of
the area. In this basin, like other landslide areas, for land-use planning and management, it is necessary to
analyze the whole area in order to estimate the probability of landslides occurrence in the future. It is possible
to solve this problem by analyzing the geomorphology, topography, geology, land use, hydrology and climate
factors of the basin in the form of information layers in the geographic information systems on a regional
scale. Landslide susceptibility assessment has not been done with modern methods and with high accuracy in
the Saqzachai Basin until now. The results of this research can be used in predicting the possible occurrence
of landslides and reducing damage in the Saqzachai Basin.

Materials and methods

The research basin with an area of 27,918 ha is located in the south of Ardabil Province and in the southwest
of Khalkhal City. In this basin, the inventory map was generated based on 113 landslides, the training dataset
and validation dataset were, respectively, prepared using 70% landslides and the remaining 30% landslides.
Ten landslide causative factors based on slope angle, slope aspect, distance to faults, distance to stream
network, distance to the roads, distance to settlement area, lithology, land-use, peak ground acceleration
(PGA) and average annual precipitation were applied for the models analysis. Two nonlinear methods of
neural network called multi-layer perceptron with feed forward structure and logistic regression were used to
predicting the susceptibility of landslide occurrence. The probability of landslide occurrence in each pixel was
calculated based on both models. The prediction accuracy of the two models were evaluated using the
Receiver Operating Characteristic (ROC) curve.

Results and discussion

In the neural network model, landslides triggering factors, including the average annual precipitation (0.136)
and the peak ground acceleration (0.134), have been the greatest effect in predicting the probability of
landslides. The factors of slope angle (0.067), slope aspect (0.069), distance to faults (0.110), distance to
stream network (0.101), distance to the roads (0.109), distance to settlement area (0.096), lithology (0.109)
and land-use (0.068) are respectively important in landslides susceptibility modeling to using artificial neural
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networks. Therefore, all ten factors were used in modeling by artificial neural networks. The results indicated
that the probability of landslide occurrence varies from 0.00 to 0.961. In the classification of the watershed
according to the degree of landslide susceptibility by the natural breaks method based on the estimated
probability by the neural network method, 85.7% of the area is placed in the zones with low and very low
susceptibility. In 6.6% of the area, there is a probability of moderate susceptibility, and in 7.7%, there is a
high and very high landslide susceptibility. Landslide susceptibility analysis is started without independent
variable and ended by adding variables in the tenth step using logistic regression method. The results show
that only three levels of the factor of slope aspect are ineffective in the logistic regression model. Probability
values were calculated between 0 and 1 for all pixels in the area based on the values of independent variables
by estimating constant and coefficients related to logistic regression model. The landslide-prone areas of low
and very low susceptibility, medium susceptibility and high to extremely high-susceptibility grades are
79.9%, 10.1%, and 10%, of area, respectively, by the natural breaks method in the logistic regression model.
The accuracy and validity of the logistic regression and artificial neural network models based on the ROC
curve and the area under it (AUC) are equal to 0.848 and 0.929, respectively. The findings of the models
show good results with the accuracy of two models being higher than 84%. The results obtained from two
methods in most studies in the world and in Iran indicate their ability to accurately estimate susceptibility to
landslides occurrence, but the artificial neural network method is more accurate despite its specific
complexities.

Conclusion

Landslides are an important limitation for development in the landslide areas in the south of Ardabil Province.
The environmental conditions in the Saqzachi Basin are susceptible to the occurrence of new landslides or the
reactivation of old landslides. The probability of landslides occurrence was simulated using effective factors
and using logistic regression and artificial neural network models in the region. The results obtained from the
artificial neural network model are the most accurate and better than the logistic regression model. The
landslides triggering factors, including the average annual precipitation and the peak ground acceleration have
the greatest impact to predicting the probability of landslide occurrence using the artificial neural network
model. The findings of the models show good results with the accuracy of two models being higher than 84%.
The artificial neural network method is superior in explaining the relationship between landslide occurrence
and influencing factors. The landslide susceptibility map was prepared using this method by dividing into five
class, namely: very low (71.4%), low (14.3%), moderate (6.6%), high (4.3%) and very high (3.4%)
susceptibility zones. Therefore, it is recommended to use the artificial neural network models in landslide
susceptibility assessment in the basin and similar regions to help decision makers, planners, land use
managers and government agencies in hazard and damage reduction.
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Table 1. The success rate of the artificial neural network model in training and testing samples

Predicted
Sample Pixels
No landslide Landslide Percentage correct
No landslide 69736 1213 93.3
Training Landslide 3849 3322 46.3
Overall percentage 94.2 5.8 93.5
No landslide 29880 540 98.2
Testing Landslide 1724 1409 45

Opverall percentage 94.2 5.8 93.3
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Table 2. Variables and their coefficients in the final step (tenth step), categorical variables of lithology, slope aspect and land-use are
dummy variables

Independent variables B Wald Significant value Odds ratio Exp(B)
Lithology - 2912.264 0.000 -

Q: Alluvial and collovial deposits 1.247 86.214 0.000 3.480
A: Altered zones 1.322 31.729 0.000 3.751
SCM: Sandstone, conglimerate and marl 1.532 135.541 0.000 4.629
SL: Sandy to silty limestone -0.503 12.098 0.001 0.605
V: Volcanic rocks -0.336 8.960 0.003 0.715
SP: Phylite and metamorphic rocks 2.137 200.651 0.000 8.476
C: Limestone 0.437 12.651 0.000 1.547
Sh: Schist and shale 1.854 277.772 0.000 6.383
M: Marl and claystone 1.349 144.921 0.000 3.852

WYV: Weathered and brecciated

. -0.885 12.609 0.000 0.413
extrusive rocks

Slope aspect - 797.736 0.000 -
Flat -0.175 0.181 0.670 0.839
E 0.135 2.644 0.104 1.144
NE 0.437 40.649 0.000 1.548
N 0.352 28.337 0.000 1.421
NW -0.479 41.856 0.000 0.619
w -0.529 52.073 0.000 0.589
SW -0.510 54.609 0.000 0.600
S -0.429 36.568 0.000 0.651

Land-use - 188.098 0.000 -
Agricultural land -0.708 124.897 0.000 0.492
Forest 0.770 28.409 0.000 2.160
Good rangeland 0.247 8.380 0.004 1.280
Poor rangeland 0.257 3.984 0.046 1.293
Distance to stream network (m) -0.001 708.689 0.000 0.999
Distance to faults (m) 0.00023 648.895 0.000 1.000
Peak ground acceleration (g) 0.29 311.448 0.000 1.337
Mean annual precipitations (mmyr ") -0.025 259.386 0.000 0.975
Distance to road (m) -0.007 50.939 0.000 0.993
Distance to settlement area (m) 0.00028 205.904 0.000 1.000
Slope gradient (%) 0.00039 317.110 0.000 1.000
Constant -161.094 319.481 0.000 0.000

Landslide susceptibility
g High: 1.00

Landslide susceptibility classes

B e o
[ tow
[ ] Moderate
[ ign
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Fig. 8. a) Landslide susceptibility map based on the probability of landslides occurrence using logistic regression, b) Landslide
susceptibility classes map based on natural break method



fav/

(S Fan (ol Gloasis leolanwl b 33 e 4 Sl (g3ldo

AUCQ: 0.848

e
EY

Sensitivity

=
b

0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity

Fig. 9. The ROC curve for logistic regression model

@)l sy das Sk jsdome polie a3y
2 oJ5 5 Sl sbisel sleosls (6l bos mls
Ol jgdome polie ol ool el lis F Jgu
Sl g 009 mly (Joe 93 2 )3 baosls ples sl
AJIM ) Cesl o33l ire) €989 (b w9 <80
(Ali et al., 2021
S5 am Glgies oalh (nl polie elul
modls 9y50 1 (R (Fytas (oeas SRASD Jos oS
St G yS 5 A S 5l 02 5 D550l sl
Sl g9 0, Ses

023 D9 g D3 s @ b Sy (gatiog S 50 Sz (30,5 ) Joo Sabge (e =V Jur
Table 3. The success rate of the logistic regression model in training and testing samples

Observed . . Predicted ‘ ‘
No landslide Landslide Percentage correct No landslide Landslide Percentage correct
No landslide 70237 712 99 30126 294 99
Landslide 5988 1183 16.5 2632 501 16
Overall percentage 91.4 91.3
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Table 4. Root Mean Square Error (RMSE) to evaluate the accuracy of artificial neural network and logistic regression models

Artificial neural networks

Logistic regression

Parameter Training sample Testing sample Overall Training sample Testing sample Overall
Root Mean
Square Error 0.2232 0.2267 0.2243 0.2601 0.2622 0.2607
(RMSE)
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