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Flood events rank among the most destructive natural hazards, necessitating comprehensive Average Merit Variance inflation Jackknife-based test SoF
risk management strategies to mitigate their impact on human health, the environment, c . Tangenﬁalcm:: 1oz g 4 B @ 7 5 9 iyl
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This study investigates the potential of the Random Forest (RF) model to map flood-prone « MMDP e — SoilTexture § ir X X
areas and assess the flood susceptibility of the Italian territory. The optimal set of predictor e DE% “;:i HAND X X X X
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information and avoiding redundancy and high correlations among factors through innovative S Tangenﬁammﬁé R e :_ PNR A0 Il I i Wl Il M Wl Wl M
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Management Service maps, along with regional data from historical flood event records and s o e oSN Nl I I el ol I I e
permanent water areas. The results highlight that AMI effectively identifies the most relevant o TongentalSipe " - 0 e W Ml I
factors. Furthermore, the RF model trained with Set of Factors - 1 (SoF-1) demonstrated Q s cowenagd [T ) o i ol el el e
superior generalization capacity compared to other tested sets, as evidenced by a 2 0 02 Eifi 06 08 BSOFS mSoF2 mSoF1 o il ol ol
quantitative comparison with official flood hazard maps (AUCROC greater than 0.9).
The inclusion of GFI significantly improved prediction accuracy in unexplored areas, though The selection of the most relevant factors was based on: AMI value greater than 0.3, ensuring relevance was detected by at least two of the
challenges persist in extensively flat regions where geomorphic indicators are less distinct. three applied approaches, and VIF below 10 to discard multicollinearity. This process resulted in the exclusion of only the "Sand" factor.
Therefore, the integration of satellite-derived information and complementary datasets Subsequently, eleven different SoFs were created and evaluated using a Jackknife-based test to determine the influence of categorical
facilitates the accurate identification of flood-prone areas, streamlining computational factors. The analysis revealed that HSG, Curvature, Geomorphology, Soil Texture, and SRF had a negligible or negative impact on the results.
processes and enabling preliminary analyses for decision-makers. These findings underscore Only the factors with a positive impact were used for the final prediction
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to inform effective flood risk management policies and practices.
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which were evaluated with the internal set (validation) and an external Set (COMPAIISON WITN | seiirmiiimiiirirrirrm s s e s s e e e r e e s e m s s s e s Eaa s Eaa s E e a s S S a s e £ oS £ o aE 8 S E S S E £ B A £ 8 a £ B R £ 8 E e E £ oo e E R a R H RS S E R eSS R oSS e R RS RN Rm R HRmR S RRmsR e Rmss e annsnnmssnnmssnnmssnnnnss
official flood maps).

The flood conditioning factors used are elevation, tangential slope, aspect, tangential and
profile curvature, TWI, SPI, Topographic Position Index (TPI), Surface Roughness Factor (SRF),
geomorphology (terrain forms), geomorphic features including HAND, GFl, potential
floodwater depth (hr), Distance to the nearest rivers (DNR), Contributing Area (CA), Flow
Accumulation (FA), percentage of organic matter, sand, silt, and clay particles of the topsoil,
soil texture, Hydrologic Soil Groups (HSG), a geolithological map, land cover (LC), hourly
precipitation to calculate the Mean Maximum Daily Precipitation (MMDP), and the NDVI to
estimate the mean minimum NDVI.

e Analyse the importance of the flood conditional factor and its influence,
e Map flood-prone areas based on different sources (Satellite observations and others)
e Explore the transferability skills of the RF model.
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performance and efficiency. A maximum of 10 factors is recommended for accurate predictions.

e Satellite data effectively identified flooded areas, aligned well with hazard maps provided by ISPRA and proposed susceptibility levels in

3) regions with limited or no prior information. However, data scarcity in certain regions constrained the model predictive capacity.
Integrating multiple satellite data sources could help mitigate these limitations.

e The incorporation of a secondary verification step (comparison) utilising hazard maps facilitated the evaluation of the model

1 Flood susceptibility generalisation capacity, thereby uncovering limitations that were not apparent during internal validation. This methodology improved the
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Flood maps Flood maps et dependability of the outcomes and is advised as an auxiliary practice for future studies.
comparison , ;4 validation e Geomorphic features such as GFl, DNR, and MMDP consistently emerged as highly relevant factors for flood susceptibility. The analysis
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« Combinedermor | i L o : " The result is a cost-effective and robust methodology capable of accurately identifying flood-prone areas across large, diverse territories,
: offering a valuable tool for risk assessment that can be rapidly updated.
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