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GEO-UNIT AGE AGE-ERA Description

Cm Carboniferous PALEOZOIC Dark grey to black fossiliferous Limestone with subordinate black Shale (MOBARAK FM)

E3c Eocene CENOZOIC Conglomerate and Sandstone

pC-C Pre Cambrian PROTEROZOIC | Late Proterozoic - early Cambrian undifferentiated rocks

Cb Cambrian PALEOZOIC Alternation of Dolomite, Limestone and variegated Shale (BARUT FM)

Ek Eocene CENOZOIC Well bedded green Tuff and Tuffaceous Shale (KARAJ FM)

Ek.a Middle Eocene CENOZOIC Calcareous Shale with subordinate Tuff (Asara Shale)

Ekgy Late Eocene CENOZOIC Gypsum

COm Cambrian PALEOZOIC Dolomite platy and flaggy Limestone containing trilobite ; Sandstone and Shale ( MILA FM )

Ed.at Eocene CENOZOIC Dacitic to Andesitic tuff

Edt Eocene CENOZOIC Rhyolitic to Rhyodacitic Tuff

Ebt Eocene CENOZOIC Basaltic Tuff

Edavt Middle Late Eocene | CENOZOIC Dacitic Andesitic volcanic Tuff

Edav Eocene CENOZOIC Dacitic to Andesitic volcanic

Ebv Middle Eocene CENOZOIC Basaltic volcanic rocks

Ea.bv Eocene CENOZOIC Andesitic and Basaltic volcanic

Eav Middle Eocene CENOZOIC Andesitic volcanic

PeEz Paleocene-Eocene CENOZOIC Reef-type Limestone and Gypsiferous Marl (ZIARAT FM)

gb Eocene CENOZOIC Gabbro

Jk Middle Jurassic MESOZOIC Conglomerate, Sandstone and Shale with plant remains and Coal seams (KASHAFRUD FM)

J1 Jurassic-Cretaceous | MESOZOIC Light grey, thin - bedded to massive limestone ( LAR FM )

TRIJs Triassic-Jurassic MESOZOIC Dark grey shale and sandstone (SHEMSHAK FM)

TRIJs Triassic-Jurassic MESOZOIC Dark grey shale and sandstone (SHEMSHAK FM)

Jsc Early-Middle MESOZOIC Conglomerate
Jurassic

Ktzl Early Cretaceous MESOZOIC Thick bedded to massive, white to pinkish Orbitolina bearing Limestone (TIZKUH FM)

K212 Late Cretaceous MESOZOIC Thick - bedded to massive Limestone (Maastrichtian)

K2shm Late Cretaceous MESOZOIC Shale calcareous shale and sandstone with intercalations of limestone

Knl Early Cretaceous MESOZOIC Massive grey to black limestone

Kbv Early Cretaceous MESOZOIC Basaltic volcanic

Mm,s,1 Miocene CENOZOIC Marl, calcareous sandstone, sandy limestone and minor conglomerate

Odi Oligocene CENOZOIC Diorite

Pd Permian PALEOZOIC Red Sandstone and Shale with subordinate Sandy Limestone (DORUD FM)

Pgke Paleocene-Eocene CENOZOIC Light-red coarse grained, polygenic Conglomerate with Sandstone intercalations

pCk Pre Cambrian PROTEROZOIC | Dull green grey slaty Shales with subordinate intercalation of Quartzitic Sandstone (KAHAR FM

; Morad series and Kalmard FM)

pC-Cs Pre Cambrian- PROTEROZOIC- | Thick Dolomite and Limestone unit, portly cherty with thick Shale intercalations (SOLTANIEH
Cambrian PALEOZOIC FM)

Plgr-di Jurassic-Cretaceous | MESOZOIC Granite to Diorite

Plgr-di Pliocene CENOZOIC Granite to Diorite

Plgr Pliocene CENOZOIC Granite

Pldv Pliocene CENOZOIC Rhyolitic to Rhyodacitic volcanic

Pr Permian PALEOZOIC Dark grey medium - bedded to massive Limestone (RUTEH LIMESTONE)

PzImt Early Paleocene CENOZOIC Gneiss, Anatectic Granite, Amphibolite, Kyanite, Staurolite Schist, Quartzite and minor Marble

(Barreh Koshan Complex and Rutchan Complex)

Qal Quaternary CENOZOIC Stream channel, braided channel and flood plain deposits

Qcf Quaternary CENOZOIC Clay flat

Qftl Quaternary CENOZOIC High level piedmont fan and valley terrace deposits

Qft2 Quaternary CENOZOIC Low level piedmont fan and valley terrace deposits

sea Sand beach

Qtr Quaternary CENOZOIC Travertine

Qabv Quaternary CENOZOIC Andesite to Basaltic volcanic

TRe Early-Middle MESOZOIC thick bedded grey Oolitic Limestone ; thin - platy, yellow to pinkish Shaly Limestone with worm
Triassic tracks and well to thick - bedded Dolomite and Dolomitic Limestone (ELIKAH FM)
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Criteria Data Source Unit The previous studies used for variable selection in zoning
the landslide susceptibility
Elevation DEM* 30 m, STRM Meter Mohammady et al. (2012); Xu et al. (2012)
Slope DEM 30 m, STRM Degrees Komac (2006); Kayastha et al. (2012)
Aspect DEM 30 m, STRM direction Azimuthal Guzzetti et al. (2006); Thiery et al. (2007)
Distance to Fault 1:100,000 Geo-map Meter Bai et al. (2008a); Marjanovic et al. (2011)
Distance to Streams DEM 30 m, STRM Meter Yalcin (2008); Moradi et al. (2012)
Distance to Village 1:50,000 H.Geo-map** Meter Bai et al. (2008a and b)
Distance to Road 1:100,000 Geo-map*** | Meter Ayalew and Yamagishi (2005); Moradi et al. (2012)
Erosion MNR##*** - Pradhan et al. (2012); Faraji Sabokbar (2014)
Soil Type MNR - Mohammady et al. (2012); Pradhan (2013)
Mean annual precipitation 30 years IMO data***** | Millimeter Hong et al. (2005); Moradi et al. (2012)
Vegetation Cover 8 Imagery Landsat - Althuwaynee et al. (2012); Akgun et al. (2012)
Land use MA % s - Sarkar and Kanungo (2004); Feizizadeh et al. (2013)
Lithology 1:100,000 Geo-map - Ohlmacher and Davis (2003); Feizizadeh and Blaschke
(2011)
Stream Density DEM 30 m, STRM UNITS-MAP-SQUARE | Sarkar and Kanungo (2004); Pourghasemi et al. (2015)
Density Lineaments 8 Tmagery Landsat UNITS-MAP-SQUARE | Kartic Kumar and Annadurai (2013); Simon et al. (2014)
kTt Calises 3lae I ol RMSE (gllas Ol jee Jgiler =¥ J g
Threshold 0.1 0.2 0.3 0.4 0.5
RMSE 0.608891041 0.611677742 0.521640531 0.498296418 0.416496564
Threshold 0.6 0.7 0.8 0.9
RMSE 0.451753951 0.498296418 0.521640531 0.586120649
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Abstract

Mass movements, especially landslides, are one of the natural hazards that to a large extent occur, are controlled, or are prevented by human.
It is obvious that human interferences in nature regardless of stability conditions and its natural balance leads to physical reactions from the
environment to return the sustainability and balance. Damages caused by the landslides, which have been growing in recent decades, have
made humans to find appropriate solutions to reduce and control this phenomenon. Zonation of areas susceptible to landslide is one of the most
widely used methods to avoid hazardous areas or applying controlling methods in hazardous areas. This research uses artificial neural network
for zonation of landslide susceptibility in the Qazvin-Rasht quadrangle area. The studied area is one of the most susceptible areas for landslide
event in terms of topography, climate, and geology, as the history of the area shows 338 recorded landslides. Fifteen variables studied in other
researches as effective variables in occurrence of landslides were selected to investigate this area. By combining these variables and the map of
existing landslides, value of each of the 15 variables was extracted for sliding points. In the next stage, a number of points (1000 points) were
randomly selected from the area and values of these variables were extracted for them. Each of the two data sets was divided into two training
(70%) and test (30%) categories. We combined each of the two training and test categories, and used their output for training and testing the
network. The number of internal layers of the neural network was determined to be 9 layers based on trial and error method and calculation of
the root mean square error value (RMSE = 0.4041). The constructed neural network is of feedforward networks type with back-propagation
algorithm and its training algorithm is of Levenberg-Marquardt back-propagation training algorithm type. After training and testing the network
and conducting necessary corrections on it, the constructed neural network was used to predict the sensitivity of landslides in studied areca. We
placed results of this prediction in a range from 0 to 1 and obtain the best zonation map of the landslide susceptibility by choosing a threshold.
Final evaluation of the zonation map of landslide susceptibility in the Qazvin-Rasht quadrangle shows an error of approximately RMSE = 0.4164

and the constructed neural network identifies 298 out of 338 occurred landslides in the high-risk zone, indicating the accuracy of 88.1%.

Keywords: Landslide, Zonation, Artificial Neural Network, Qazvin-Rasht Quadrangle.
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