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Abstract: Besides the E?ﬂ Under Curve (AUC) of Receiver Operating Characteristic (ROC) curve to check the
accuracy of the models and the predictive curve, the percentage of pixels of landslide susceptibility classes and
landslide data for validation that lied within different susceptibility classes is calculated. The weight of causal
factors was counted using Artificial Neural Network (ANN) Model and derived by SPSS software. Six causal
factors which are curvature, aspect, slope angle, lithology, distance from river and distance from fault were
used as independent variables subsequently landslide inventories for dependent variables. Those variables were
processed and converted into pixel format using ArcGis software. This study applied ten times trials to find the
best weight of causal factors. The results show satisfactory and therefore, the landslide susceptibility map
(LSM) can be used to mitigate landslide and landuse planning managements.

Keywords: GIS, ANN model, ROC Curve, Landslide susceptibility, South Sulawesi Province, Indonesia.

1.Introduction

Landslide  disasters almost every year,
especially during the rainy season in Indonesia.
Particularly at southern of South Sulawesi province,
landslide nearly occurs along rainfall period in
Lompobattang Bawakaraeng mountains (Fig. 1). The
area of both Mountains is essential to contribute
agriculture and hydrology system. After the landslide
hit at that Mountain in 2004 and 2006, the concerning s
to reduce the loss of the catastrophes is increasing, -
and research related to creating the landslide
susceptibility maps (LSM) is an effort towards a
solution. In a study of LSM, awareness to find a fit
method and simple procedures of ill]ill became an 0 5
obsession for the researchers. The probability of
landslides occurrence is one of the significant
components of the analysis. Susceptibility and hazard
assessment are the first step towards risk analysis in
an area. Qualitative and quantitative methods have
been developed, proposed, and applied for assessing
landslide susceptibility and hazard. Determination of
a method of analysis dcpcndsm the needs of the
users, the goal of analysis, the scale of work, quality
a input data, availability of time and funding [1].
Qualitative methods are subjective and portray the
susceptible and hazaazones in descriptive terms. On
the other hand, quantitative methods produce

layer) then sigmoid function as transfer function are

acour selected for mapping.

ot

—_—

Landslide Area

— 051

Figure 1: Location map of the study area

Moreover, the best result of the predictive landslide is
a requirement when most of the landslide data
validation lay on the high class in susceptibility map.
The aim of the study is to create the LSM using ANN
model at Bawakaraeng Lompobattang Mountain. The
results of this study can therefore be used to mitigate
landslide and landuse planning managements.

numerical estimates (probabilities) of the occurrence
of landslides phenomena in any susceptible and
hazard zones. Currently, one of statistical model,
which is Artificial Neural Network (ANN), is very
popular approaches to create the LSM. The ANN
mdB¥l is inspired by biological systems and consists
of three layers (input layer, hidden layer, and output

Received: October 2

2.Material and Method

T()p{)gralphiadulal namely, curvature, aspect, slope
angle were derived from ASTER DEM with a spatial
resolution of 30 m. Lithology, distance from river and
distance from fault, which were collected from the
respective governmental institutions. Those data were
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referred to as landslide causal factors, and they were
used as independent variables. Dependent variable
was set up by using landslide inventories from google
earth image interpretation and they were divided into
two portions. First portion, which were used to create
the models, and the second portion were used as data
validation. All parameters and landslide distribution
map were digitized and then processed by converting
all the raster and vector maps into a raster format with
30 m pixel size using ArcGIS 10.0 software. The total
numbers of cells of study area are 1528 838 pixels.
The number pixels of landslide data were using to
create the models are 6,728 pixels and to validate the
models are 1,449 pixels. The ANNs, which is a useful
technique for regression and classification problems,
has been successfully applied in other fields, and
B)mises to be suitable for the delineation of areas
prone to landslide activity. It has been found that
ANNs have several advantages for LSM, as these are
non-linear and thus has the capability to analyze
complex data patterns. The characteristic of artificial
neural networks seems to relate to the term of “learns”
[2]. It comes up from its ability to learn by adjusting
the weights between the neurons in response to the
errors between actual output values and target output
values. At the end of the training phase from an input
value, the neural network represents a model, which
should be able to predict a target value [3].

shide Data
For Training

| 1= Using ANN Model 10 Times || P2 = Validation

Figure 2: Flow chart showing the whole process
using ANN Model and validation

neural network is a massively parallel distributed
sessor that has a natural propensity for storing
experiential knowledge and making it available for
. Neural networks, with their outstanding capacity
derive meaning from complicated or imprecise

, can be used to extract patterns and detect trends

that are too complex to be noticed by either humans or
msr computer techniques. Trained neural networks
can be thought of as an “‘expert’ in the category of
)l’malli()u it has been given to analyze. Other
advantages  include: adaptive learning, self-
organization, real-time operation and fault tolerance
via redundant information coding. The ANN can
process data at varied measurement scales such as
continuous, ordinal and categorical data, a scenario
Biich is often encountered in LSM [4]. ANNs are an
attempt, in the simplest way, to imitate the neural

system of the human brain. Besides the ability to
handle imprecise and fuzzy data, in the analysis
process, ANN deals with continuous or discrete,
categorical or any combination of both types
vantages compared with statistical approaches) and
ary data without violating any assumptions. It may
considered an ideal application for ANNs because
assessment of probability for landsliding is
performed through the forecast of future events from
experience of past landslides [2]. Another advantages
in analysis process of ANN model in creating
landslide susceptibility mapping are there is no need a
specific statistical variable for evaluation of model
[3], and accurate analysis is possible through a few
training dataset because of pixel-based calculation.
aie application of an ANN starts by identifying the
kind of problem that is going to be modelled. In
general, ANNs are applied to classification or
rression problems. The susceptibility of the territory
landsliding can be seen as a classification problem
most applications. In this way, the ANN outputs

n be considered as a sort of degree of membership
of each terrafgjunit to the class of landslide. The
Ns trained could be usefully applied in large areas,
Ewhich geological and geomorphological conditions
are very similar to those of the test site [5]. The study
area was located at southern of South Sulawesi
Province in Indonesia and they are famous Mountains.
They were surrounded by eight regions and play an
important role for agricultural area especially in foot
or flat slope. Quarter lompobattang volcanic (gqlv) was
found as a dominant geological formation and the

youngest volcanic products in this area are the
Lompobattang Volcanic, which form a broad
stratovolcano located in the southeast of South

Sulawesi [10].
3. Results and Discussion

In the study of susceptibility mapping, it is important
to assume that future landslides will occur in the same
condition that caused the past landslides. In general,
the procedures using ANN models in landslide
susceptibility mapping was begin; 1) the study area
was selected 2) Landslide inventories was prepared
and its causal factors as well were collected 3)
artificial neural networks were trained 4) landslide
susceptibility was analyzed, 5) the result was verified
and 6) the landslide susceptibility map was created. In
this study, we attempt to validate the LSM by
overlaying landslide for verification into the map as a
final verification. The aim of this process is to
calculate the ratio of future landslide fall in high to
very high class in the LSM.

In the process of analysis using an ANN model, the
merge data of landslide and causal factors will
randomly be selected by SPSS software as for training

testing. The training sample comprises the data
gords used to train the neural network: some
percentage of cases in the dataset must be assigned to
the training sample in order to obtain a model. The
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testing sample is an independent set of data records
used to track errors during training in order to prevent
overtraining. It is higl'a recommended that to create a
training sample then network training will generally
be most efficient if the testing sample is smaller than
the training sample. The holdout sample is another

independent set of data records used to assess the final
neural network; the error for the holdout sample gives
an "honest" estimate of the predictive ability of the
model because the holdout cases were not used to
build the model. The default values mode are 70% for
training and 30% for testing.

Tablel: Weights derived from ANN model from ten trials

, . “ . : AUC AUC
Sampling ILR Mom As Curv Li Rv Sl Flt Model Predictive (X) (Y)
1 04 09 0064 0069 0211 0.119 0350 0.186 0948 69.63 787
2 03 06 0072 0037 0342 0.099 0223 0228 0939
3 0.5 0.7 0032 0036 0220 0.123 0378 0.211 0943
4 065 09 0083 0049 0.260 0.157 0218 0.234 0939
5 0.8 0.5 0037 0024 0.262 0.140 0299 0.237 0940
6 0.7 04 0068 0027 0220 0.118 0366 0.201 0948 0.891 6970 851
7 0.5 05 0038 0073 0246 0.124 0311 0208 0935
8 06 06 0015 0027 0.252 0.150 0336 0.219 0934
9 0.7 0.7 0049 0051 0210 0.118 0365 0.206 0939
10 0.8 08 0127 0089 0.159 0.101 0331 0.193 0940

ILR is initial learning rate, Mom is momentum, As is aspect, Curv

is curvature, Li is lithology, Rv is

distance from river, Sl is slope, Flt is distance from f’elul“)() %Landslide Fall H+VH, (Y) % Area H+VH

The network used in this study consisted of three
layers. The first was the input layer, where the nodes
were the elements of a feature vector, the second was
the internal or hidden layer, and the third was the
output layer that presented the output data. Each node
in the hidden layer was interconnected to nodes in
both the preceding el’()ll()wing layers by weighted
connections [6]. The hidden layer contains
uno&rvable network nodes (units) and serves as
the weighted sum of the inputs. The function is the
activation function, and the values of the weights are
determined by the esnmtion algorithm. In the
process of analysis, the activation function "links" the
weighted sums of units in a layer to the values of units
in the succeeding layer. The sigmoid fumm was
used in activation and output layer, and takes real-
valued arguments and transforms them to the range
from O to 1. In the case of landslide susceptibility, the
input lilm includes 6 (six) factors influencing
landslide such as slope, aspect, curvature, lithology,
distance from river and disﬂce from fault. Figure 2
describes the whole process in this study.

The output laﬂ' includes landslide data inventories
that contain a single neuron that represents the

sence or absence of landslide. The hidden layer is
introduced to improve the network ability to analyze
complex function. The number mlidden layer may
be one or more but generally, one hidden layer is
enough to ap]:aimatc the continuous function in
literature. The number of neurons in the hidden layer
is not easy to set,n,lt the SPSS software package
provides an option to compute the optimum number
of nodes in the hidden layer, and it was applied in this

study.

To develop an artificial neural network in analysis,
the procedure commonly needs to partition the data

into at least two subsets such as training and test data.
It is expected that the training data include all the data
belonging to the problem domain. Certainly, this
subset is used in the training stage of the model
development to update the weights of the network.

On the other hand, the test data should be different
from those used in the training stage. The main goal
of this subset is to check the network performance
using untrained data and to confirm its accuracy.
Furthermore, no exact mathematical rule to determine
the required minimum size of these subsets exists [7].
In this study, the training dataset was set in 80% of
the parent database and 20% for testing. These
combinations were recommended by [7] and [8].
Back-propagation learning rule in ANN is influenced
by initial weights, learning rate, and momentum [9].
Learning rate is put in the neural network process to
speed up or slow down the learnisd that nominally
equal to one. There is no universal guideline to select
suitable learning rate, and in las‘t of the cases, it is
determined by trial and error. A higher learning rate
means that the network will train faster,assibly at
the cost of becoming unstable and the momentum
term helps to prevent instabilities caused by a too-
high learning rate. In this study, by using SPSS
software to calculate the weight of causal factors, a
number of trials were performed to obtain a perfect of
learning rate and momentum. According to these
trials, learning rate 0.65 and momentum 0.9 was
found stable and they used for ANN analysis. The
initial weights were set between .5 and 0.5. The
input data are spatial database of frequency ratio
maps. ANN model will produce the weights of
landslide  parameters that depict the relative
imp()rlemcm)f each causative factors of landslide.
Finally, landslide susceptibility index (LSI) was
calculated by summation of each factor’s rating
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multiplied by the weight of each of the factors in
ArcGIS, as seen in Eq. 1.

LSI=YW.FR 1)

Fflere W is weights of each factor and FR is
frequency ratio of each factor class.

LS = 0366 (slope) + 0.220 (lithology) + 0.201
(fault) + 0.118 (river) + 0.068 (aspect) + 0027
(curvature) (2)

The LSI was reclassified to create landslide
susceptibility map (LSM) in Fig. 3b usinggftural
breaks method or Jenks optimization method into five

Figure 3: (A) LSI and (B) LSM

The selection of best learning rate and momentum
values was started from the LSI. When creating the
independent variable of importance in SPSS, the rate
AUC of ROC predictive was produced.

The higher rate of AUC curve of model was chosen as
the best fit of both learning rate and momentum
values. To obtain the best fit of weights of landslide
causal factors, we proposed to repeat ten times using
different initial learning rate and momentum. One of
ANN output is the importance of independent
variable, which represents the weight of landslide
causative factor, as seen in Table. The results showed
that sampling 1 and 6 have higher of AUC curve of
model than other sampling that 0.948 which mean
94 8% accuracy. In this case, because the AUC curve
is similar, then the process was continuing to the next
validation. The sampling no.6 has the best result
because the ratio of the landslide fall into the area of
high to very high class susceptibility is slightly higher
than sampling no.l. It indicates that around 8.51%
area of high to very high susceptibility of landslide,
the ratio of landslide data for validation which fall
was 69.70%. The LSI (Fig. 3a) was produced using
the weights values of landslide causal factors from
sampling number 6 as in equation below

N 4000~ E 120790 E b "] . -

I"‘"‘ daiide Susceptbility Tndex (LSD classcs include very low, low, moderate, hlgh‘, gnd
- | Index Value sy scemements . very high. To complete the ROC test, AUC predictive
R =" Ko st 3 was calculated and the results were 0.891 which
' means 89.1 % accuracy. [11] Classified the AUC

value for accepting or rejecting ANN model. The
el fails if the area under curve is less than 0.50,
r 7 acceptable: 0.70-0.80, excellent: 0.80-0.90, and
g . | outstanding: 0.90-1.00. Based on the AUC of model
'--(:)-' : & and validating datasets or predictive rate, it is easy to
Kilometers “’%‘ conclude that ANN models are acceptable for
— — - - ERTES B . .
0 4 8 16 ° mapping landslide susceptibility in this study area.
11 S0 U~ IFa o - -
T e raierer el 4240 m e e atap 4189
Landslide Susceptibility Map (LSM) 40.00 Class
o | B Very Low s sostements - = Ratio of Landslide
5. Low Landsides Data 3 35.00 - 33 04 data for validation
& Moderate "™ For Validation &
S High 30.00 27.81
B Very High
25.00
B 17.05 16,36
z £ 15.00
= ? 10.90
10.00 620
T 500 3.04 2.31
Kilometers
——  E— 000 v
0 4 8 16 oNi N S—
T e —— = Very low Low Moderate High Very High

Figure 4: Ratio of landslide susceptibility @ses and
ratio of landslides data for validation on landslide
susceptibility map

Finally, the ratio of landslide susceptibility classes
and the ratio of landslide data for validation that lay
on susceptibility class illustrate the accuracy of the
result (Fig. 4). The reason is that the accuracy of the
predicted future landslide that laid on the LSM must
have a small ratio value (8.51%) ila'le susceptibility
class of low to very low and higher in the high to very
high of susceptibility class (69.70%).

Conclusions

In this recent study, landslide susceptibility map was
produced by using Artificial ral Network (ANN)
model. The ANN model was based on trial and error
to get the best result, therefore this study conducts ten
times trials using different initial learning rate and
momentum value in process of calculating. Overall,
the best result was found in two validation stages.
First, by usﬂ; Receiver Operational Characteristic
(ROC) and Area under curve (AUC) of the model.
The second stage is the ratio of landslide data for
validation that lay on the very high and high class of
landslide susceptibility map. All validation tests
showed satisfy output. The tests showed that the
differences among them are greatly small ranging
from 0.934 to 0.948 on the AUC test for landslide
data training.

International Journal of Earth Sciences and Engineering

ISSN 0974-5904, Vol. 11, No. 02, April, 2018, pp. 107-111




GIS based Landslide Susceptibility Mapping using Artificial Neural Network ( ANN)
Model in South Sulawesi Province, Indonesia

5. Acknowledgements

This research is conducted under collaboration
between Hasanuddin University Makassar,
INDONESIA and Ehime University JAPAN.

References

[1] Corominas, J. & Moya, J., 2008. A review of
assessing landslide frequency for hazard zoning
purposes. Engineering Geology.
doi:10.1016/).engge0.2008 03.018, Volume 102,
pp. 193-213.

[2] Go'mez, H. & Kavzoglu, T., 2005. Assessment of
shallow landslide susceptibility using artificial
neural networks in Jabonosa River Basin,
Venezuela. Engineering Geology 78, pp. 11-27.

[3] Lee, S., Ryu, J-H., Min, K. & Won, J.-§_, 2003.
Landslide susceptibility analysis using gis and
artificial neural network. Earth Surf. Process.
Landforms 28, pp. 1361 -1376

[4] Kanungo, D., Arora, M., Sarka, S. & Gupta, R.,
06. A comparative study of conventional, ANN
black box, fuzzy and combined neural and fuzzy
weighting procedures for landslide susceptibility
zonation in Darjeeling Himalayas. Engineering
Geology, Volume 85, pp. 347-366.

[5] Ermini, L., Catani, F. & Casagl, N., 2005.
Artificial Neural Networks applied to landslide
susceptibility assessment. Geomorphology
Volume 66, p. 327-343

[6] Choi, J., Oh, H-J., Lee, H-J., Lee, C., Lee, S.,
2012. Combining lamds susceptibility maps
obtained from frequency ratio, logistic regression,
and artificial neural network models using
ASTER images and GIS. Engineering Geology
124, pp. 12-23.

[7] Nefeslioglu, H., Gokceoglu, C. & Sonmez, H.,
8. An assessment on the use of logistic
regression and artificial neural net»m(s with
different sampling strategies for the preparation
of landslide susceptibility maps. Engineering
Geology 97, p. 171

[8] Pradhan, B., Lee. S. & Buchroithner, M. F., 2010.
mSIS-belsed back-propagation neural network
model and its cross-application and validation for
landslide susceptibility analyses. Computers,
Environment and Urban Systems
doi:10.10.16/j.conpenvurbys.2009.12.004,
Volume 34, p. 216-235.

[9] Yesilnacar, E. & Topal, T., 2005. Landslide
socplibilily mapping: A comparison of logistic
regression and neural networks methods in a
medium scale study, Hendek region (Turkey).
Engineering Geology 79, pp. 251-256.

[10] Sompotan, A. F., 2012. Struktur Geologi
Sulawesi. Bandung Indonesia: Perpustakaan
Sasins Kebumian ITB Bandung.

[11]Hosmer, D. W. & Lemeshow, S., 2002. Applied
logistic  resgression. ISBN; 0-471-35632-8.
Second ed. USA: JThon Wiley & Sons Inc.

International Journal of Earth Sciences and Engineering
ISSN 0974-5904, Vol. 11, No. 02, April, 2018, pp. 107-111




al_Network ANN__Model in_South_Sulawesi_Province, Ind...

ORIGINALITY REPORT

24.. . 240

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

Gokceoglu, C.. "A comparative study on
indirect determination of degree of
weathering of granites from some physical
and strength parameters by two soft
computing techniques", Materials
Characterization, 200911

Publication

3%

Demetris Demetriou. "A spatially based
artificial neural network mass valuation model
for land consolidation", Environment and
Planning B: Urban Analytics and City Science,
2016

Publication

2%

Leonardo Ermini, Filippo Catani, Nicola
Casagli. "Artificial Neural Networks applied to
landslide susceptibility assessment",
Geomorphology, 2005

Publication

2%

lan Heazlewood, Joe Walsh, Mike Climstein,
Jyrki Kettunen, Kent Adams, Mark DeBeliso.
"Chapter 12 A Comparison of Classification

2%



Accuracy for Gender Using Neural Networks
Multilayer Perceptron (MLP), Radial Basis
Function (RBF) Procedures Compared to
Discriminant Function Analysis and Logistic
Regression Based on Nine Sports
Psychological Constructs to Measure
Motivations to Participate in Masters Sports
Competing at the 2009 World Masters
Games", Springer Science and Business Media
LLC, 2016

Publication

Gomez, H.. "Assessment of shallow landslide 1
e : e %

susceptibility using artificial neural networks

in Jabonosa River Basin, Venezuela",

Engineering Geology, 20050405

Publication

Yesilnacar, E.. "Landslide susceptibility 1 o
mapping: A comparison of logistic regression ’
and neural networks methods in a medium

scale study, Hendek region (Turkey)",

Engineering Geology, 20050711

Publication

Shivani Chauhan, Mukta Sharma, M.K. Arora, 'I o
N.K. Gupta. "Landslide Susceptibility Zonation ’
through ratings derived from Artificial Neural
Network", International Journal of Applied

Earth Observation and Geoinformation, 2010

Publication




Nega Getachew, Matebie Meten. "Weights of
evidence modeling for landslide susceptibility
mapping of Kabi-Gebro locality, Gundomeskel
area, Central Ethiopia", Geoenvironmental
Disasters, 2021

Publication

T

Zhang, Xiao Rui, and Gang Chen. "Application
of Neural Network in Urban Land Use
Suitability Evaluation", Key Engineering
Materials, 2011.

Publication

T

Daehyon Kim. " Performance comparison of
neural network models: backpropagation .
fuzzy artmap ", International Journal of
Computer Mathematics, 2001

Publication

T

Maja Gregoric, Tea Baldigara. "Umjetne
neuronske mreze u modeliranju sezonske
turisticke potraznje - studija slucaja Hrvatske",
Zbornik VeleuciliSta u Rijeci, 2020

Publication

T

Abdulkadir, TS, AW Salami, AR Anwar, and AG
Kareem. "Modelling of Hydropower Reservoir
Variables for Energy Generation: Neural
Network Approach", Ethiopian Journal of
Environmental Studies and Management,
2013,

Publication

(K




Corominas, J.. "A review of assessing landslide
frequency for hazard zoning purposes”,
Engineering Geology, 20081201

Publication

T

"Landslide Science for a Safer
Geoenvironment", Springer Nature, 2014

Publication

T

Ercanoglu, M.. "Use of fuzzy relations to
produce landslide susceptibility map of a
landslide prone area (West Black Sea Region,
Turkey)", Engineering Geology, 200411

Publication

T

Jie Dou, Hiromitsu Yamagishi, Hamid Reza
Pourghasemi, Ali P. Yunus, Xuan Song, Yueren
Xu, Zhongfan Zhu. "An integrated artificial
neural network model for the landslide
susceptibility assessment of Osado Island,
Japan", Natural Hazards, 2015

Publication

<1%

Gaia Ninatti, Margarita Kirienko, Emanuele
Neri, Martina Sollini, Arturo Chiti. "Imaging-
Based Prediction of Molecular Therapy
Targets in NSCLC by Radiogenomics and Al
Approaches: A Systematic Review",
Diagnostics, 2020

Publication

<1%

B K N Rao. "Failure Diagnosis and Prognosis
of Rolling - Element Bearings using Artificial

<1%



Neural Networks: A Critical Overview", Journal
of Physics Conference Series, 05/28/2012

Publication

Mehrnoosh Jadda, Helmi Z. M. Shafri, Shattri <1 o
B. Mansor. "PFR model and GiT for landslide ’
susceptibility mapping: a case study from
Central Alborz, Iran", Natural Hazards, 2010
Publication

Praveen Subedi, Kabiraj Subedi, Bina Thapa, <1 o
Pradeep Subedi. "Sinkhole susceptibility ’
mapping in Marion County, Florida: Evaluation
and comparison between analytical hierarchy
process and logistic regression based
approaches", Scientific Reports, 2019
Publication

Arun Kumar Pandey, Avanish Kumar Dubey. <1 o
"Neuro Fuzzy Modeling of Laser Beam Cutting ’
Process", Applied Mechanics and Materials,

2011
Publication
Hyun-Joo Oh, Saro Lee, Wisut Chotikasathien, <1 o

Chang Hwan Kim, Ju Hyoung Kwon.
"Predictive landslide susceptibility mapping
using spatial information in the Pechabun
area of Thailand", Environmental Geology,
2008

Publication




A. Seal, D. Bhattacharjee, M. Nasipuri. <1 o
"Predictive and probabilistic model for cancer
detection using computer tomography
images", Multimedia Tools and Applications,

2017
Publication

Ahmad, Zahoor, and Aysha Saleem. <1 y
"Predicting Level of Development for Different ’
Countries", Journal of Sustainable
Development, 2012,

Publication

Zuzana Jandova, Attilio.Vittorio' Vargiu, <1 o
Alexandre M. J. J. Bonvin. "Native or non-
native protein-protein docking models?

Molecular dynamics to the rescue", Cold
Spring Harbor Laboratory, 2021
Publication

Afsaneh Morteza, Manouchehr Nakhjavani, <1 o
Firouzeh Asgarani, Filipe L.F. Carvalho, Reza
Karimi, Alireza Esteghamati. "Inconsistency in
albuminuria predictors in type 2 diabetes: a
comparison between neural network and
conditional logistic regression”, Translational
Research, 2013
Publication

Agis Spentzos, George Barakos, Kenneth <1 o

Badcock, Bryan Richards. "Modelling of 3D
Dynamic Stall Using CFD and Neural



Networks", 44th AIAA Aerospace Sciences
Meeting and Exhibit, 2006

Publication

Sérgio C. Oliveira, Jose L. Zézere, Sara Lajas, <1 o
Raquel Melo. "Combination of statistical and ’
physically based methods to assess shallow

slide susceptibility at the basin scale", Natural

Hazards and Earth System Sciences, 2017

Publication

Azemeraw Wubalem. "DEM Resolutions for <'I o
Landslide Susceptibility Modeling", Research ’
Square, 2021

Publication

Corominas, J., C. Westen, P. Frattini, L. Cascini, <1 y
J.-P. Malet, S. Fotopoulou, F. Catani, M. ’
Eeckhaut, O. Mavrouli, F. Agliardi, K. Pitilakis,

M. G. Winter, M. Pastor, S. Ferlisi, V. Tofani, J.

Hervas, and J. T. Smith. "Recommendations

for the quantitative analysis of landslide risk",

Bulletin of Engineering Geology and the

Environment, 2013.

Publication

J. Chacodn, C. Irigaray, T. Fernandez, R. El <1 o
Hamdouni. "Engineering geology maps: ’
landslides and geographical information

systems", Bulletin of Engineering Geology and

the Environment, 2006

Publication




Mohamed M. Mostafa, M. Duran Toksari.
"Market segmentation of organ donors in
Egypt: a bio-inspired computational
intelligence approach"”, Neural Computing and
Applications, 2011

Publication

32 <1%

Exclude quotes On Exclude matches <5 words

Exclude bibliography On



