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Article Info ABSTRACT
Article type: Background and Objectives: Landslides, among the most destructive
Research Full Paper natural hazards following earthquakes, cause irreversible damage to both

the environment and infrastructure. Due to the unique geological and
Article history: climati_c _conditions, Iran experiences_ numerous Iar)dslides annually,
Received: 09.22.2024 necessitating the ngeds for careful studies and preventive measures. This
Revised: 10.24.2024 study presents an integrated approach that leverages the capabilities of
Accepted: 10.28.2024 machine learning algorithms to identify effective features for landslide
detection. Furthermore, it compares object-based algorithms to generate a
landslide classification map utilizing Gaofen-1 satellite images. Eventually,

Keywords: the study includes partial dependence plot illustrating the relationship
Basic object, between landslides and various independent conditional factors.

Data mining,

Landslide, Materials and Methods: To identify landslides in the Mohammadabad

Random forest,

watershed of Golestan, two Gaofen-1 satellite images from March 2023
Support vector system

and June 2024 were employed. Due to seasonal variations between the
images, all processing was conducted separately. In the first phase, 218
landslides were identified through field visits, with 70% of these used for
model training and the remaining 30% reserved for evaluating the
results. The classification of satellite images and the extraction of landslide
and non-landslide classes were performed using basic object-oriented
classification approach involving two stages: segmentation and classification.
Following image segmentation with a multi-scale segmentation algorithm,
feature selection was conducted using three algorithms: neural networks,
decision trees, and random forests. Factors influencing landslide identification
were extracted from each segment based on the satellite images, and
collinearity among features was assessed. Subsequently, these features were
employed in the classification and identification of landslides using four
object-based algorithms: support vector machine, nearest neighbor, decision
tree, and random forest. The performance of these algorithms was compared
using overall accuracy indices, Kappa coefficient, Sorensen coefficient, true
positive rate, and false positive rate. Ultimately, the most effective algorithm
for landslide detection using satellite imagery was determined.
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Results: The results of the feature selection analysis indicated that out of
the three methods examined in this study, the random forest algorithm
identified the most effective features for landslide detection using satellite
images. The classification of landslides utilizing four object-oriented
algorithms, support vector machine, decision tree, random forest, and
nearest neighbor, revealed that the support vector machine algorithm
achieved the highest accuracy of 92% and a Kappa coefficient of 0.85. This
performance showed its superior capability in identifying landslides within
the studied area compared to the other algorithms.

Conclusion: This study showed that the integrating of machine learning
algorithms with object-based methods provides a reliable and cost-effective
approach for the rapid identification of landslides using satellite images.
Identifying landslides is an important step in studying this natural hazard,
as the findings can offer valuable insights to managers and practitioners to
enhance planning and management strategies to mitigate landslide-induced
damages. For future study, utilizing high-resolution images is recommended to
enable more detailed landslide identification.
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Table 1. Criteria and selected features by three machine-learning algorithms: random forest, decision tree
and neural network.
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Table 2. Quantitative comparison of machine learning algorithms in feature selection.

[GIUO e

Specificity Sensitivity kappa coefficient Overall accuracy (%) Method
0.62 0.96 0.48 94 bl JR
Random forest
0.55 0.93 0.41 92 ’ i
Neural network
0.25 0.80 0.05 68 e =0

Decision tree

(el )3 wl s o gauaib r:i)}ﬁ‘ BIVES
RSy s Sla K Olsdy Llsp ptee
L;Lav.q)jfdl (S Bl 4 s e Ol alias
Sl e olas K s oS LSS
Colom 5130 Wl pl ol o5 oLl
s ddd 55 aal a3 2ae 5 adde ol (VL
Sl ey s Sdeme YU wus e
Glawa o 555 By 0o edd glulls Olakas
Ji‘."f 9 M Sy LSLAVJJ“))Q‘ O oo
9 ubj.: &b;’ L}'A‘ krlLud‘JJ 9 obﬁ JSVS L;ML.GJ
A Gkl (o 4 o ol cals
L6 sble coudlgs (..:i))fJ\ ol el e pll
s Gla S ) o Wl alS
Comdgn Lol and o ng LS SSE e
)bf W [":'.'.)}Q‘ )\ oslazal Lr LﬁJ:JJJJwA) JKA
By °ML5.'.L"‘"L"':' leb.% 456)}» ‘J\-AT QM)A_! QL.::M_:

¥5

2> A Jelse S assema s SRS S
S e N L s
eoF Jolo sl S o0l (7 Jpd) Ld )
VS S Slme gl 50 5 5Sn mbls
o Bl S 38 s Ol5 e opl e o
el e 2o pe Sl e Ol Sy G bt
Pl o Jele Sldde 1 368 W s s muly
5 et S Sl Ol sl S5 a0 by e 1/00F
ke e by se YOAP 0T ldde oy 5t
o=ls eo5 4 by polie ol ey NIR L
adls ey Slade g5 pl u b sle (6l
A Sl gl Ol (568 Gwmer
Sroie s NIR WL Sle el & Ly e 0/1YY
Sle Gl Jole w by e A%V 1 OF Sl
el 03 Ll S
Sl S YOS A e



Oy 0 9 9255 a0 [ e (aable (6150l (SUareks )5X)I B g unny o

&qu ké‘)" ‘) 6U”Lﬁ ;Ji’ g):u_j‘) )‘ oalaiul

Table 3. Collinearity analysis between independent variables in detecting landslides.
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Figure 4. Landslides detected by different classification methods, (1): decision tree algorithm,
(2) support vector system algorithm, (3): random forest algorithm & (4): nearest neighbor algorithm.
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Table 4. The results of classification algorithms to identify landslide events on the studied images.
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Figure 5. Partial correlation between the effective factors in landslide detection based on the support vector
machine model and the response variable (presence and absence). The Y-axis represents the fitting function
and the X-axis represents the contribution of each of the dependent variables in identification.
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