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- NATURAL HAZARDS CONTROL AND ASSESSMENT

INTRODUCTION RESULTS
<* Natural hazards such as earthquakes, landslides, and ground subsidence have| |« A harmonized geodatabase supports multi-hazard analysis with traceable data
intensified in frequency and impact, threatening linear infrastructure worldwide (Koks provenance and automated update routines.
et al., 2019). ** The methodology has been applied in a pilot area, represented by a 110km long linear
¢ These geohazards often lead to transport disruptions and socio-economic losses, infrastructure in Northern Italy.
highlighting the urgency for intelligent risk assessment tools. <* PS-InSAR E-W displacement data were combined with landslide susceptibility maps to
“* SGAM aims to enhance infrastructure resilience through a smart, data-driven produce the Landslide Attention Index, supporting prioritization of critical segments.

approach to monitoring, hazard assessment, and decision support (Mazzanti, 2017). — ——
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METHODOLOGY AND DATA
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** SGAM (Smart Geotechnical Assessment Management) is a modular and scalable
framework designed to evaluate the impact of multiple geological hazards on linear
infrastructure, through a combination of remote sensing, machine learning, and
geospatial data integration.

** The first step for SGAM application is the integrative research of dataset. Table 1 shows

the input data for the main database.
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Input Data Dataset
D ini 1
e TM (Tinitaly 10 m) for slope, curvature, and
roughness

Geology National Lithological Map 1:100.000

Land Use Regional databases

Seismicity PGA and Vs30 for liquefaction analysis

InSAR (PS) EGMS Ortho Dataset (EW and UD)

Table 1: Input Data for SGAM database —

-10 mm/yr 10 mm/yr

» A comprehensive workflow is instrumental in identifying key geohazards—such as Figure 3: PS Data in E-W and U-D components

landslide hazards, subsidence phenomena, and liquefaction processes (Figure 1). SummianyLevel o SGAM Feature
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These are the key aspects of the workflow:

NG

** Machine Learning for Landslides: Predictive models based on regression and
classification on slope units & pixels. REMARKS AND FUTURE OUTLOOK
*»* Landslide Attention Index: Combines susceptibility + PS movement (as in table 2).

** Asset Classification: Risk scoring along infrastructure segments

Figure 4: SGAM hazard classification

** SGAM represents a novel, modular framework for multi-hazard infrastructure risk
assessment.

V>12.5|mm/yr ¢ Innovations include:

» Improved integration of PS-InSAR for landslide and subsidence monitoring

» A scalable geodatabase design supporting reproducible analyses

V<|2.5|mm/yr

Hazard class 1 Medium - high

Hazard class 2 Medium - Low Medium - high *¢* Future work includes:
» Adaptive analytics
Hazard class 3 Medium p. Y . .
» Al-driven hazard validation
Hazard class 4 Medium Medium - Low » Integration of EO data from multiple missions.
Hazard class 5 Medium - high Medium REFERENCES o | | |
* Koks, E. E., Rozenberg, J., Zorn, C., Tariverdi, M., Vousdoukas, M., Fraser, S. A,, ... & Hallegatte, S. (2019). A global multi-hazard risk analysis

of road and railway infrastructure assets. Nature communications, 10(1), 2677.
Table 2: Landslide Attention Index matrix * Mazzanti, P. "Toward Transportation Asset Management: What Is the Role of Geotechnical Monitoring?" Journal of Civil Structural Health
Monitoring 7, no. 5 (October 17, 2017): 645-656.
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