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Landslide Prediction
Rainfall induced landslide is one of the main geological hazard in Italy and in the world. 

– Worldwide based on the study [1] of Natural Hazards and Earth System Sciences
• from 2004 to 2016, 55997 people were killed in 4862 non seismic landslide events worldwide

• The same authors identified rainfall as the main the triggering factor of 79% of non-seismic landslides.

– In Italy based on the ISPRA report: 

• 19.9% of the Italian territory is at risk of landslides (59981km² )
• Tuscany is among the regions with the largest areas at risk (26%)

Accurate short-term PREDICTIONS (1 day in advance) of
landslides can be extremely important and useful, in order
to both provide local authorities with efficient prediction/
early warning and increase the resilience to manage emergencies.
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[1] Froude, M. J. and Petley, D. N.: Global fatal landslide occurrence from 2004 to 2016, Nat. Hazards Earth Syst. Sci., 18, 2161–2181, https://doi.org/10.5194/nhess-18- 2161-2018



Scenario

• The solution and its validation have been 
performed by using data collected in in the 
area of the Metropolitan City of Florence with
– 41 Municipalities

– 3514 Km² of Surface Area

– altitude between 100-1000 above the sea level

– land predominantly of deciduous forests and 
cultivated areas

– 1.5 M inhabitants
• The data history covers the years 2013-2019 

with a total of 341 landslide events
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Predicting Land slides

E. Collini, L. A. I. Palesi, P. Nesi, G. Pantaleo, N. Nocentini and A. Rosi, "Predicting and Understanding Landslide Events with 
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Dataset Details

• With the aim of computing a prediction / early warning in each point of the 
area, a dense grid of points was defined where the prediction could be 
estimated.

• The grid was composed of 1000x1000 mt squares obtaining 3582 areas 
covering the whole Florence Metro area
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● Grid and landslide events in 

the Florence Metro Area 

(Tuscany, Italy) from 2013 to 

2019.

● the RED dots are the events 

of landslide registered

The set of points in the grid may have a set of associated data that would be taken from: 

sensors (for example: rain, temperature, humidity, etc.), geographical information systems 

of the territory, satellite services, and from the landslide occurred dataset

Dataset Details



Static and Dynamic Features 
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The values of sensors have been interpolated by using IDW (Inverse Distance Weighting) algorithm



Data Analytic Solutions
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● Aiming at creating an early warning can be traced back to the estimation of areas 

presenting a high probability of landslide event occurrence in the next day, as in 
this case. 

● On the basis of the above-described dataset, a number of techniques 
to predict landslide events has been tested:

- Random Forest, RF
- eXtreme Gradient Boosting, XGBoost
- Convolutional Neural Network, CNN
- Autoencoders, AE
- decisional algorithm SIGMA



Comparing Predictive Model Architectures

● The considered dataset is composed 

of about 9 million estimations, 

among which 2342 positive events 

(labeled with Value = 1)

● The dataset was divided into two 

groups: training set (80%) and test 

set (20%)



Global Explainable AI Feature Relevance

● The graph describes the overall impact of features 

on predictions. 

● The relevance of features is calculated as the 

average of the absolute Shapley values of the 

entire dataset. 

● Features contributing most to the prediction of a 

landslide event or its absence are Day3, 

MaxTempSIR, and LevelSIRIdr. Therefore, we 

discovered that precipitation, temperature, water 

level in rivers, humidity are the main aspects for 

the prediction



Global Explainable AI Feature Relevance

● The graph describes the distribution of SHAP values for 

each feature, sorted by relevance. 

● Each dot/point represents the samples of our dataset, the 

color of the point stands for the value of a specific 

feature, with blue indicating a small value, while red large 

values for that feature. 

● The horizontal position of the point denotes whether the 

feature value leads to a positive or negative prediction. 

● For example, as to feature LevelSIRIdr or Humidity or 

rain values (Day1, Day3, Day15, Day 30), high values 

(red dots) contribute positively to the prediction of a 

landslide. 

● We can get a confirmation from the graph that high 

rainfall values associated with high temperatures and 

high levels of water within the soil have their main 

correlation with the prediction of landslide events.



Local Explainable AI - understanding the single event 

● The local explanation puts in 

evidence the features which 

provided major contribution to the 

prediction

● For example considering 

Figure10a, the value of 

VelMaxSIR, MaxTempSIR, Day3 

and Humidity contributed 

significantly to the classification of 

the observation as a landslide 

event



Local Explainable AI - understanding the single event 

The trends of the SHAP values of 

the most relevant features have 

been plot with respect to the 

time/days. 

It can be noted that in coincidence 

of the day before the event, most of 

the SHAP values of the relevant 

features assumed a relevant value 

at the same time. And in particular 

for this event: LevelSIRIdr, Day3 

and MaxTempSIR. 



Impact of Features on corresp. SHAP Values vs MaxTemp
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Conclusions

• The problem of landslide event prediction has been addressed, for early warning specific to 
the case study in the Metropolitan City of Florence, using

– static land description,

– dynamic features as rain fall, temperature, wind, etc. 

• Numerous AI solutions has been compared 

– the best performing architecture has been XGBOOST

• XAI: based on Shapley additive explanation (SHAP), global and local, derived relevance:

– rain the last 3 days, max temperature in the previous day, lever of water in the river

– land static features are preconditions for landslide, while they are not efficient in creating an early 
warning system. 

• Computationally: predictions can be assess every day, 

– susceptibility map usually are computed 1 or two times per year. 

• Prediction models can prevent disaster 

– susceptibility map are mainly used for taking decision on planning. 
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Data Driven Decision Support

•Decision Support system
•Assessment / Strategies
•Data Rendering, visual 
analytics
•Data Analytics
•Data aggregation, Storage, 
indexing
•Data Ingestion
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Decision Support System, targeting: Quality of Life, KPI, SDG, 15MinIndex,…

Snap4City Analytics
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Data Type Coverage  
• POI, IOT Devices, shapes,.. 

• GIS, maps, orthomaps, WFS/WMS, 
GeoTiff, calibrated heatmaps, ..

• Satellite data, ..

• traffic flow, typical trends, ..

• trajectories, events, Workflow, ..

• 3D, BIM, ..

• Dynamic icons/pins, ..

• OD Matrices of several kinds, .. 

• Synoptics, animations, ..

• KPI, personal KPI,..

• social media data, TV Stream, 

• routing, multimodal, constraints, ..

• decision scenarios, ….

• prediction models, ….

• etc. 
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2022 booklets
• Snap4City

• Snap4Industry
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• https://www.snap4city.
org/drupal/sites/default
/files/files/Snap4City-
PlatformOverview.pdf
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Be smart in a SNAP!
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