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Introduction: Landslides result in extensive damage to infrastructure, including the destruction of buildings, significant modification of arable land, and alterations to the natural environment. Approximately 

9% of global natural disasters are attributed to landslides. This issue is particularly critical in residential areas, highlighting the importance of monitoring landslide progression and its impact on human 

infrastructure. In the field of remote sensing, both optical and radar-based measurements have been employed for landslide detection. Furthermore, object-based and pixel-based methods such as Object-

Based Image Analysis (OBIA) and machine learning techniques have been developed and increasingly utilized over the past decade to improve detection capabilities. The primary advantage of combining remote 

sensing with these analytical approaches lies in their ability to deliver faster and more cost-effective solutions compared to traditional field-based methods.

Study area: During the 2018 autumn/winter season, the Pomarico 

area, located within the municipality of Matera in the Basilicata Region 

of southern Italy, was affected by frequent rainfall events. The 

Pomarico landslide began and evolved between January 25th and 29th, 

triggered by a prolonged rainfall event that occurred overnight from 

January 24th to 25th, following an especially rainy autumn and winter. 

The landslide is a complex phenomenon, consisting of an upstream roto-

translational slide (approximately 760 meters in length and 80–100 

meters in width), which transitions downstream into an active, complex 

earth flow. 

Results

Machine learning models, such as SVM, require extensive input data. In this study, the 

analysis incorporated four spectral bands (Bands 2, 3, 4, and 8) from Sentinel-2 imagery, 

along with Ground Control Points (GCPs) collected from the study area and Google Earth. A 

total of 40 GCPs were gathered, with 70% used for training the model and the remaining 30% 

for validation. The GCPs were derived using a landslide inventory map based on an in-field 

survey.

Support Vector Machines (SVM) 

Objectives  

This study aims to evaluate the impact of landslides on urban infrastructure, including roads and 

built-up areas, by comparing three distinct techniques: Robust Satellite Technique (RST), 

Support Vector Machines (SVM), and OBIA.

The results demonstrate the effectiveness of the RST approach for landslide detection, outperforming both the SVM and 

OBIA. Additionally, the findings highlight the impacts of landslides on urban infrastructure, including built-up areas and 

roads. The analysis confirms that computer-based techniques both pixel-based and object-based can be effectively 

employed for landslide modeling, mapping, and impact assessment on human infrastructure. The efficiency of these 

methods offers significant support to researchers in the field of natural hazards, enhancing their understanding of mass 

movement mechanisms. This, in turn, facilitates the simulation of landslide dynamics and their effects on human 

infrastructure using long-term remote sensing datasets.

Date and number of employed images

The accuracy of the results was assessed using an error matrix, which was generated through weighted random stratified 

sampling. Based on this matrix, key accuracy metrics were computed, including Overall Accuracy (OA), Kappa Coefficient, 

User’s Accuracy (UA), and Producer’s Accuracy (PA). The following figure and table present the results of the 

methodologies applied. The results indicate that the RST performed effectively in detecting landslides, achieving an OA of 

90.00%. The SVM also yielded satisfactory results, with an OA of 87.50%. The OBIA ranked third, attaining an OA of 

85.00% for landslide detection. The implementation of RST provided the ability to detect statistically significant negative 

changes in land cover such as decreases in the NDVI coinciding with the time of displacement within the temporal range of 

2016 to 2019. RST is an unsupervised technique capable of identifying landslides without the need for prerequisite data, 

such as an inventory map.

The total area of the destroyed built-up structures was estimated at 1182105 m2. Additionally, the analysis shows that the 

main road passing through the affected area was severely damaged by the landslide, with the destroyed section covering 

approximately 762721 m2. Numerous parked vehicles along the road were damaged, some of which were displaced downhill 

due to the force of the landslide. 

Methods

The multi-resolution segmentation algorithm was applied to the data to identify relevant 

features and determine appropriate segmentation scales for landslide detection. 

Subsequently, object-based rule sets were developed using both spatial and spectral 

information to enable the semi-automatic classification of landslides. The classification 

categorized the terrain into two classes: landslide and non-landslide.

Object-Based Image Analysis (OBIA) 

Data Collection

CONCLUSIONS

The RST approach relies on a comprehensive analysis of historical satellite data series to 

characterize signals across spectral, spatial, and temporal dimensions. This analysis is followed 

by an anomaly detection phase that employs locally generated, self-adaptive thresholds, 

tailored to the specific time and location of each observation. In the context of landslide 

applications, the objective is to detect potential changes in land cover, using the NDVI as an 

indicator. All implementations have been carried out using the Google Earth Engine (GEE) 

platform. See the following flowchart:

Robust Satellite Technique (RST)

Sentinel-2 datasets were used from 2016 to 2019 to detect landslide. A landslide inventory 
map produced by Perrone et al., 2021 was utilized in this study. Additionally, Google Earth 
imagery and field observations were employed to assess the damage to urban infrastructure 
caused by landslides within the study area.

Error matrix RST SVM OBIA

Kappa 88.00% 85.00% 83.00%

Overall 

accuracy

90.00% 87.50% 85.00%

Affected 

infrastructure

Building (m2) Road (m2)

Area 1182105 762721

Methods RST SVM OBIA

Date of images 2016-2019 09/02/2019 09/02/2019

Number of 

images

48 1 1

Sentinel-2 data (pseudo-natural colour, 3-8-2)

Accuracy 
assessment of the 
applied methods

Area of the Urban 
Infrastructure 
Affected by 
Landslide
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Location of Pomarico in 
Italy and images from 
affected infrastructure

The Deepness plugin in QGIS Desktop 3.42.1 was employed for the segmentation of affected 

urban infrastructure, including built-up areas and roads within the study area. Building 

segmentation was performed using a model trained on annotated masks for buildings and 

background, utilizing the XUnet network architecture. Similarly, a road segmentation model 

was used to classify Google Earth satellite imagery into two categories: ‘road’ and ‘non-road’.

Detecting affected infrastructure by landslide 
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