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The catastrophic rainfall events of May 2023 in the Emilia-Romagna region, Italy, triggered more 14 
than 80,000 landslides, as documented in a publicly available inventory 15 
(https://doi.org/10.5281/zenodo.13742643), and placed extraordinary demands on emergency 16 
response systems. One of the most critical emergency tasks was landslide mapping, which was carried 17 
out manually and required substantial time and effort. This study investigates the potential of 18 
automated landslide mapping to support rapid disaster response by evaluating two deep learning 19 
models, U-Net and SegFormer, under realistic emergency constraints, including limited training data.  20 

The models were trained using data from one affected municipality, Casola Valsenio (84 km²), and 21 
tested on three additional municipalities, Predappio (91 km²), Modigliana (101 km²), and Brisighella 22 
(194 km²), characterized by different geological settings. To represent a range of operational 23 
scenarios, we tested seven combinations of input data, from post-event Sentinel-2 imagery alone to 24 
the integration of high-resolution aerial imagery, vegetation change maps, and slope data. Both 25 
models achieved comparable segmentation performance, with SegFormer showing greater robustness 26 
to variations in input data and geological conditions, while U-Net was more sensitive but occasionally 27 
more accurate when richer inputs were available. Both models successfully identified landslides, but 28 
showed limitations in shadowed areas, cultivated fields, and geologically distinct terrains. A major 29 
limitation emerged in the Brisighella area, where poor generalization was associated with the 30 
dominance of Blue Clay formations and the limited lithological diversity of the training data. These 31 
results highlight the importance of geologically balanced datasets for improving model 32 
transferability.  33 

Overall, the study confirms the operational value of automated landslide mapping as a first-pass tool 34 
for emergency response. Although manual revision remains necessary, both models produced reliable 35 
baseline maps that can support validation and help prioritize interventions in time-critical situations, 36 
offering a scalable and time-efficient approach to the growing need for rapid and spatially detailed 37 
hazard information. 38 

 39 
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1. Introduction 40 

Rapid and accurate landslide mapping over large areas is a challenging task, particularly in the context 41 
of regional-scale rainfall or earthquake events (Iverson et al. 2015; Casagli et al. 2016; Robinson et 42 
al., 2017; Holbling et al. 2017; Mondini et al., 2021). This task is crucial for implementing timely and 43 
effective response measures, assessing the extent of impact, and planning for recovery and mitigation 44 
efforts. The complexities of rapid landslide mapping vary depending on several factors including the 45 
extent of the affected area, the availability of cloud-free imagery, the precision needed for the 46 
mappings, and the difficulties of detecting landslides due to shadows, vegetation cover, or weak 47 
geomorphic evidences (Mondini et al. 2019; Amatya et al., 2023). Typically, these complexities are 48 
addressed by expert geologists through the visual interpretation of satellite or aerial imagery (Guzzetti 49 
et al., 2012; Scaioni et al., 2014; Ferrario and Livio 2023). These experts are skilled at identifying 50 
subtle variations in the terrain and can integrate complex contextual knowledge, including field 51 
reports, personal accounts, and specific geological information, to create highly accurate landslide 52 
maps. However, manual mapping is both time-consuming and inherently subjective, which are 53 
significant limitations during an emergency (Novellino et al. 2024). 54 

Before the widespread adoption of deep learning, automated landslide mapping approaches evolved 55 
through several methodological stages. Early methods relied mainly on pixel-based techniques, such 56 
as thresholding of spectral indices or terrain parameters, which were simple to implement but highly 57 
sensitive to noise and illumination conditions. These approaches were later complemented by object-58 
based image analysis (OBIA), which segments images into meaningful objects and classifies them 59 
based on spectral, spatial, and contextual features (Blaschke 2010; Martha et al. 2010). OBIA-based 60 
methods represented a substantial improvement by incorporating shape, texture, and neighborhood 61 
information, and were widely applied to landslide detection from high-resolution imagery. However, 62 
both pixel- and object-based approaches typically depend on manually designed rules or handcrafted 63 
features, limiting their transferability across different events, sensors, and geological settings. 64 

More recently, machine-learning and deep-learning approaches have progressively replaced rule-65 
based systems by enabling data-driven feature extraction and end-to-end learning. Automated 66 
landslide recognition techniques using convolutional neural networks (CNNs) have emerged as 67 
promising alternatives to manual mapping (Sameen and Pradhan 2019; Chen et al. 2018; Ye et al. 68 
2019; Tang et al. 2022; Ji 2020). Numerous studies have demonstrated their effectiveness in real-69 
world post-disaster scenarios. For example, Meena et al. (2021) applied a deep learning approach for 70 
rapid landslide mapping in India following extreme monsoon rainfall, while Prakash et al. (2021) 71 
introduced a generalized CNN framework designed to improve applicability across different 72 
geographic contexts. Prakash and Manconi (2021) further demonstrated the operational value of 73 
CNN-based mapping by rapidly delineating landslides triggered by severe storm events. Beyond 74 
individual case studies, recent research has focused on transferability, reproducibility, and systematic 75 
comparison of methods. Prakash et al. (2020) explicitly compared deep-learning models with 76 
traditional machine-learning approaches for landslide mapping from Earth observation data, 77 
highlighting the advantages of deep architectures in complex environments. In parallel, benchmark 78 
datasets such as Landslide4Sense (Ghorbanzadeh et al. 2022), HR-GLDD (Meena et al. 2023), and 79 
the CAS Landslide Dataset (Xu et al. 2024) have been released to promote standardized evaluation 80 
across multiple events, sensors, and geographic regions. These efforts have significantly advanced 81 
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the field by enabling more robust inter-comparisons and by revealing persistent challenges related to 82 
class imbalance, spatial heterogeneity, and generalization across geological domains. 83 

In parallel with CNN developments, transformer-based architectures have recently been introduced 84 
in landslide mapping to better capture long-range spatial dependencies and multi-scale contextual 85 
information. Unlike CNNs, which primarily exploit local convolutional kernels, transformers rely on 86 
self-attention mechanisms that allow each pixel (or patch) to attend to a broader spatial context. This 87 
property is particularly relevant for landslide detection, where the geomorphological setting, slope 88 
connectivity, and spatial coherence of failures extend beyond local neighborhoods. Hybrid CNN–89 
Transformer models and pure transformer-based architectures have shown promising results in 90 
improving robustness and generalization across heterogeneous landscapes (Chen et al. 2023; Wu et 91 
al. 2024). These characteristics are especially attractive for rapid response applications, where models 92 
must be deployed with limited training data and applied to large, spatially diverse areas under 93 
operational constraints. 94 

Despite these advances, a substantial gap remains between methodological developments and their 95 
practical deployment during emergency response. Most deep-learning studies rely on relatively large 96 
and well-balanced training datasets, often adopting train-to-validation ratios such as 80:20 or 70:30 97 
(Meena et al. 2023). In contrast, during an ongoing crisis only a small fraction of the affected area is 98 
typically mapped and annotated in the first hours to days, making extensive training datasets 99 
unrealistic. This limitation is often exacerbated by delays in acquiring cloud-free post-event imagery, 100 
inconsistencies in pre-event reference data, and the operational need to deploy models rapidly with 101 
minimal manual intervention. Furthermore, early training samples are frequently not representative 102 
of the full variability of landslide processes and environmental conditions, including different 103 
landslide types, lithologies, land-cover patterns, and illumination or shadow effects. As a result, 104 
models trained on limited and potentially biased early annotations may generalize poorly when 105 
applied to the broader affected region. 106 

In this study, we utilize the landslide inventory from the May 2023 crisis in the Emilia-Romagna 107 
region of Italy (Berti et al. 2025) to assess the effectiveness and limitations of automated mapping 108 
algorithms in a practical setting. We specifically focus on the performance of the U-Net and 109 
SegFormer algorithms in identifying landslides triggered by the event, despite the challenges of very 110 
limited training data. The study also considers the variety of landslide types and geological conditions 111 
prevalent in the area, which impacted the disaster response. The main goal of this research is to 112 
determine whether advanced deep-learning methods can effectively replace manual mapping in 113 
managing large-scale landslide disasters, thus bridging the gap between academic research and real-114 
world application in emergency management. 115 

 116 

2. The Romagna May 2023 disaster  117 

2.1 Overview of the disaster 118 

In May 2023, the Emilia-Romagna region of Italy was hit by unprecedented meteorological events, 119 
as detailed by Berti et al. (2025) and Foraci et al. (2023). Two major rainfall episodes, from May 1-3 120 
and May 16-17, led to severe floods and landslides primarily affecting the eastern part of the region 121 
(Fig. 1a). The first event (May 1-3) was driven by a stationary low-pressure system which delivered 122 
over 200 mm in 48 hours. The second event (May 16-17), featured a similar low-pressure system 123 
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enhanced by bora winds and moist air from the Mediterranean, resulting in rainfall exceeding 250 124 
mm in the same duration. The cumulative impact of these episodes resulted in more than 500 mm of 125 
rainfall over two weeks, nearly half the region’s annual climatic precipitation (Fig. 1a). The return 126 
period for these combined rainfall events was estimated to exceed 1000 years (Brath et al. 2023), 127 
highlighting the unprecedented nature of this occurrence. The two cyclonic events led to extensive 128 
flooding, submerging 540 km² of land, and triggered more than 80,000 landslides across 129 
approximately 1000 km2 (Fig. 1b). This widespread devastation impacted thousands of buildings, 130 
roads, and other infrastructure, with the estimated damages amounting to approximately 9 billion 131 
euros. 132 

Immediately after the disaster, we initiated the development of a detailed inventory map of the 133 
landslides caused by the event. This map was manually created using high-resolution aerial imagery 134 
taken only one week following the second rainfall event. The aerial images, which include four bands 135 
(RGB+NIR) and have a resolution of 0.2 m, allowed for the accurate identification and classification 136 
of the landslides. The data derived from this mapping effort are described in Berti et al. (2025) and 137 
are available for public download in shapefile format (DOI: 10.5281/zenodo.13742643, Pizziolo et 138 
al., 2024). 139 

 140 

2.2 Motivation of the work 141 

The visual identification of the landslides from May 2023 proved to be a challenging and time-142 
intensive process. It took six months for twelve expert geologists to identify and delineate all the 143 
landslides within the 1000 km² area affected by the disaster. Despite these challenges, this approach 144 
was deemed the best available method at the time to meet the Civil Protection agency's specific 145 
requirements for accuracy, precision, and oversight during the emergency response coordination. 146 

As this manual mapping progressed, we explored various automated mapping techniques to speed up 147 
the process and reduce the workload. Initial trials using NDVI methods and U-Net in a specific sample 148 
area produced promising results, demonstrating that deep-learning models can effectively replicate 149 
manual mapping efforts (Berti et al., 2026). However, these preliminary analyses were conducted in 150 
a test area (the Casola Valsenio municipality, Fig. 1), which covers only about 10% of the total area 151 
impacted by the event. Consequently, several critical questions remain unanswered: i) Can automated 152 
models trained on a small area be effectively used for rapid mapping of larger regions? ii) How do 153 
models trained in specific geological conditions perform across different geological settings? iii) 154 
Could more sophisticated deep-learning methods surpass U-Net in improving outcomes? 155 

Addressing these questions is crucial to determine whether emerging automated methods can enhance 156 
the efficiency of landslide mapping in future crisis scenarios, thereby potentially reducing critical 157 
response times. In this study, we simulate landslide mapping during a crisis, taking into account the 158 
limited data typically available and the accessible information under such conditions. This simulation 159 
is grounded in our firsthand experience of the real emergency during the May 2023 event, which 160 
provided us with valuable insights into the practical challenges and data limitations encountered 161 
during such crises. 162 
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 163 

Figure 1. Overview of the Effects of the Extreme Rainfall Event in Romagna, May 2023.  164 
a) Cumulative precipitation from 1 to 17 May 2023 derived from the regional rain-gauge network 165 
operated by Regione Emilia-Romagna. b) Manually mapped landslide distribution across the study 166 
areas, categorized by lithological units (Units 1-8) following the classification proposed by Berti et 167 
al. (2025; Table 2). 168 

 169 

 170 

 171 

 172 
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3. Study area 173 

Casola Valsenio 174 

The municipality of Casola Valsenio is situated 30 km southwest of Imola (Fig. 1), covering an area 175 
of 84 km². It is predominantly known for its agricultural activities, including the cultivation of herbs, 176 
fruit orchards, and beekeeping. The underlying geology of the region is predominantly made up of 177 
the ‘Unit 7’ mainly composed of the Marnoso-Arenacea Formation (FMA) (Unit 7 in the lithological 178 
classification of Berti et al., 2025; Table 2), a Tertiary flysch characterized by a finely interbedded 179 
sequence of marl and sandstone layers. This sequence was deposited in a deep marine foredeep basin 180 
during the Miocene epoch (Amy et al., 2006). The formation is characterized by a variable 181 
Arenites/Pelites (A/P) ratio, which reflects variations in depositional environments within the basin. 182 
In Casola Valsenio, nearly the entire area features FMA with an A/P ratio ranging from 1/3 to 3/1. 183 
The northern sector is distinguished by predominantly sandstone-rich layers (A/P > 3) along with 184 
minor outcrops of Tectonized Clays (FPP) and Messinian Gypsum (FGY) formations. Before May 185 
2023, the Geological Survey had documented 730 ancient, inactive landslides, primarily rock-block 186 
slides on cataclinal slopes that align with bedding planes. Following the May 2023 disaster, this figure 187 
dramatically increased to 5572 new landslides (Fig. 2a). Landslide types and counts reported here are 188 
derived from the official RER2023 inventory (Berti et al., 2025), which is openly available as a vector 189 
dataset on Zenodo (Pizziolo et al., 2024; https://doi.org/10.5281/zenodo.13742643). The post-event 190 
landslide inventory in Casola Valsenio is dominated by debris slides and debris flows, mainly 191 
triggered by shallow failures of the thin soil cover overlying the Marnoso-Arenacea bedrock (Fig. 192 
3b–d; Table 1). Both long- and limited-runout debris flows are observed, reflecting differences in 193 
slope morphology and vegetation. Earth movements are rare, whereas rock-block slides, although 194 
less frequent, are locally significant due to their larger size and damage potential (Fig. 3a). The May 195 
2023 disaster notably disrupted local infrastructure, blocking the main road and cutting off the 196 
southern region for weeks. Nearly 70 homes and 200 roadways were severely affected. 197 

 198 

Brisighella 199 

The municipality of Brisighella borders Casola Valsenio to the east (Fig. 1) and covers 194 km². The 200 
area is primarily composed of the ‘Unit 7’ composed by Marnoso-Arenacea Formation (FMA) (Fig. 201 
2b). The northern part of the municipality, approximately 75 km² in size, consists mainly of the Blue 202 
Clays Formation (FAA) (Fine-grain rocks ‘Unit 1’ in Fig. 1b), which is bordered by a narrow strip of 203 
gypsum (Fig. 2b). Before the event, the Geological Survey had documented 2,100 landslides in the 204 
area, mostly ancient and inactive rock-block and complex slides. Following the disaster, an additional 205 
6342 landslides were recorded. Landslide processes vary markedly with lithology in this area. Debris 206 
slides prevail in areas underlain by the Marnoso-Arenacea Formation, while earth slides and earth 207 
flows are more common in the Blue Clays sector, where badland morphologies are widespread (Table 208 
1). Debris flows occur with variable runout, and rock-block slides are relatively rare but locally 209 
impactful. 210 

 211 

Modigliana 212 

The municipality of Modigliana is located approximately 15 km to the east of Casola Valsenio (Fig. 213 
1), and is one of the area most seriously affected by the event. The area spans 101 km² and is primarily 214 
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composed of the Marnoso-Arenacea Formation, FMA (‘Unit 7’) with an A/P ratio ranging from 1/3 215 
to 3/1 (Fig. 2c). A small portion of Blue Clays, FAA (Unit 1) outcrops in the northeast. Before the 216 
disaster, 795 landslides were documented, mostly complex and rock-block slides. After the May 2023 217 
event, the number of landslides jumped to 6974, drastically reshaping the landscape. The landslide 218 
inventory in Modigliana is largely dominated by debris slides, with debris flows representing a 219 
secondary but relevant process (Table 1). Both long- and limited-runout debris flows contributed to 220 
slope and channel instability, whereas rock-block slides and earth movements occur only sporadically. 221 
This pattern reflects widespread shallow instability within the Marnoso-Arenacea Formation. 222 

 223 

Predappio 224 

The municipality of Predappio is situated around 30 km east of Casola Valsenio (Fig. 1) and spans an 225 
area of 91 km². The geological framework of Predappio is mainly characterized by the Marnoso-226 
Arenacea Formation, FMA (‘Unit 7’) with an A/P ratio ranging from 1/3 to 3/1. The central part of 227 
the municipality also features the Colombacci Formation (‘Unit 8’ in Fig. 1b), interspersed with 228 
gypsum from the Gessoso-Solfifera Formation (‘Unit 3’). Towards the northeast, the landscape 229 
transitions to the Blue Clays formation (‘Unit 1’), interbedded with deposits of the Colombacci 230 
Formation and several occurrences of Pliocene sandstones (Borello Sandstones, ‘Unit 7’). Debris 231 
slides, here, represent the most common landslide type, accompanied by numerous debris flows with 232 
variable runout behavior (Table 1). Rock-block slides are infrequent but potentially severe, while 233 
earth slides and earth flows are more common than in purely sandstone-dominated areas, reflecting 234 
the local presence of clay-rich lithologies. The area experienced weeks of isolation due to several 235 
landslides blocking the main road, impacting 19 homes and damaging 138 roadways, again with long-236 
lasting consequences. 237 

 238 

Table 1. Summary of the landslides mapped in the four study municipalities after the May 2023 239 
Emilia-Romagna event, including total counts and breakdown by landslide type. DS = debris slides; 240 
DF = debris flows; DF1 = long-runout debris flows; DF2 = limited-runout debris flows; ES = earth 241 
slides; EF = earth flows; RS = rock-block slides. Data are from the RER2023 landslide inventory 242 
(Berti et al., 2025) and its open-access release (Pizziolo et al., 2024). 243 

 244 

Automated methods for landslide mapping were applied in the four municipalities shown in Figure 2 245 
(Casola Valsenio, Brisighella, Modigliana and Predappio). These areas, situated in the eastern part of 246 
the Emilia-Romagna region (Fig. 1), were significantly affected by the meteorological event of May 247 
2023. The Casola Valsenio area was chosen for training models, whereas Brisighella, Modigliana, 248 
and Predappio served as validation sites. In their study, Berti et al. (2026) used Casola Valsenio to 249 
train a conventional U-Net model, and compared the results with those obtained using the traditional 250 
NDVI change detection method. We opted to continue using this area for training to ensure 251 
consistency with previous research. The other three areas were selected because together they 252 
encompass approximately 35% of the regions most impacted by landslides and represent around 25% 253 
of the recorded 80,997 landslide events (20148). Moreover, these municipalities exhibit varied 254 
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geological conditions, with both similarities and differences to Casola Valsenio, thereby offering a 255 
comprehensive test of the models’ adaptability to diverse terrains and landforms. 256 

To represent geological variability in a way that is both meaningful and operational for the analysis, 257 
we adopted the lithological classification introduced by Berti et al. (2025), which groups the over 600 258 
geological formations of the Emilia-Romagna region into eight lithological units (Table 2, Fig. 1b). 259 
This classification combines lithological characteristics with structural domains, acknowledging that 260 
the same rock type may exhibit different mechanical properties depending on its tectonic setting. 261 
Units 1 to 3 consist of fine-grained materials (e.g., clays, marls, tectonized shales), while units 4 to 8 262 
mainly comprise coarse-grained rocks (e.g., sandstones, flysch, conglomerates). This simplified 263 
scheme captures key differences in the weathering behavior and mechanical response of the rock 264 
masses, which are known to influence the type and frequency of landslides. Fine-grained units 265 
generally produce cohesive soils prone to earth slides and flows, whereas coarse-grained units 266 
generate granular soils more susceptible to debris slides and debris flows. This categorization aligns 267 
with the “earth” and “debris” material types defined in the Cruden and Varnes (1996) landslide 268 
classification and is used throughout this study to interpret landslide patterns in relation to geological 269 
setting. 270 

 271 

Table 2. Simplified classification of the geological formations in the Emilia-Romagna region into 272 
eight litho-structural units, adapted from Berti et al. (2025). The classification is based on lithological 273 
composition and structural domain. Units 1 to 3 predominantly include fine-grained rocks, while units 274 
4 to 8 are composed mainly of coarse-grained lithologies. 275 

 276 
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 277 

Figure 2. Schematic geological map of the municipalities of Casola Valsenio (a), Brisighella (b), 278 
Modigliana (c) and Predappio (d). FMA = Marnoso-Arenacea Formation, FAA = Blue Clays 279 
Formation. 280 
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 281 

Figure 3. Examples of Landslides in Romagna from May 2023 event following Berti et al. 2025 282 
classification.  283 
a) Rockslide (RS) at Baccagnano, Brisighella, triggered during the night of May 2-3. 284 
     (WGS84: 44.2069085, 11.7739792). 285 
b) Debris slide (DS1) at Monte Albano, Casola Valsenio. (WGS84: 44.2356093, 11.6682287). 286 
c) Debris flow with extended runout on gentle unforested slope (DF1) at Casola Valsenio.  287 
     (WGS84: 44.20834, 11.64312). 288 
d) Debris flow with limited runout on steep forested slope (DF2) at Modigliana.  289 
     (WGS84: 44.15124, 11.75511). 290 
e) Earth Slide (ES) at Brisighella. (WGS84: 44.23912, 11.78393). 291 
f) Earth Flow (EF) at Predappio. (WGS84: 44.08947, 11.99627). 292 

Images © Regione Emilia-Romagna, Geoportale 3D (https://mappe.regione.emilia-romagna.it) 293 

 294 
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4. Methods 295 

4.1 Data 296 

Deep-learning models for landslide mapping typically utilize a multi-layer input approach, integrating 297 
a combination of satellite or aerial imagery, topographical data, and land use information to capture 298 
the complex characteristics of landslides (Ghorbanzadeh et al., 2019, Meena et al., 2022). In our 299 
analysis, we considered the following seven layers (Fig. 4): 300 

 L1) Post-event Sentinel-2 images: Four-band (RGB+NIR) satellite images at 10 m spatial 301 
resolution, acquired after the second rainfall event on May 23, 2023. Sentinel-2 Level-2A 302 
(L2A) products (bottom-of-atmosphere surface reflectance) were used. They represent the 303 
first post-event Sentinel-2 images obtained with minimal cloud cover (Fig. 4b). 304 

 L2) Pre-event Sentinel-2 images: Four-band (RGB+NIR) satellite images at 10 m spatial 305 
resolution acquired in May 2022, one year prior to the event. Sentinel-2 Level-2A (L2A) 306 
products (bottom-of-atmosphere surface reflectance) were used. These images provide a 307 
similar vegetation state to that of May 2023 and were selected due to the lack of cloud-free 308 
images in the two months preceding the event (Fig. 4a). 309 

 L3) NDVI change Sentinel-2 map: Single-band raster generated by subtracting the pre-event 310 
NDVI map (Kriegler et al., 1969) derived from L2 from the post-event NDVI map created 311 
using L1 (Fig. 4c). 312 

 L4) Post-event CGR images: Four bands (RGB+NIR) aerial photographs with a very high 313 
resolution of 0.2 m captured on May 23, 2023, shortly after the event. These images were 314 
committed by the Emilia-Romagna Region specifically for the disaster (Fig. 4f). 315 

 L5) Pre-event AGEA images: Four bands (RGB+NIR) aerial photographs with a very high 316 
resolution of 0.2 m captured 3 years before the event (April to June 2020). These images were 317 
committed by the Agency for Agricultural Payments mainly for agricultural purposes (Fig. 318 
4e). 319 

 L6) NDVI change CGR map: Single-band raster generated by subtracting the pre-event NDVI 320 
map derived from L5 from the post-event NDVI map created using L4 (Fig. 4g). 321 

 L7) Slope map: Single-band raster derived from the 5x5 m Digital Terrain Model (DTM) of 322 
the Emilia Romagna Region. The DTM, which is based on the 1:5000 scale Regional 323 
Technical Map, captures the pre-event slope morphology (Fig. 4d). 324 

These layers were combined to define seven data-availability scenarios (cases 1-7 in Table 3), each 325 
reflecting realistic operational conditions following a landslide-triggering event. 326 

In all scenarios, the availability of a slope map (L7) was assumed. In the present study, L7 was derived 327 
exclusively from the regional 5 × 5 m DTM. However, this assumption reflects a more general 328 
operational condition, as slope information can be readily derived from freely available global digital 329 
elevation models (e.g., SRTM, ASTER, ALOS, Copernicus DEM), which are commonly accessible 330 
even in data-scarce emergency contexts. 331 

Case 1 (Table 3) represents the most data-limited scenario, where only post-event Sentinel-2 imagery 332 
(L1) is available. Owing to its global coverage, short revisit time, and free accessibility, Sentinel-2 333 
data often constitute the primary information source immediately after large-scale disasters 334 
(Wasowski et al., 2014; Yang et al., 2019; Ban et al., 2020). 335 
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Case 2 considers situations in which pre-event Sentinel-2 imagery (L2) is also accessible, allowing 336 
the computation of an NDVI change map (L3). While this condition is frequently met, prolonged 337 
cloud cover or strong seasonal vegetation variability may prevent the availability of suitable pre-event 338 
images. 339 

Cases 3 and 4 describe scenarios in which high-resolution post-event imagery is acquired, either alone 340 
(case 3) or in combination with Sentinel-2 data (case 4). Such data may originate from very-high-341 
resolution satellite systems (e.g., WorldView, Pleiades, SkySat) or dedicated aerial surveys and 342 
substantially improve the detection of small or geomorphically subtle landslides. 343 

Cases 5 and 6 address less common situations in which high-resolution imagery is available both 344 
before and after the event, optionally complemented by a high-resolution NDVI change map. The 345 
effectiveness of these scenarios depends strongly on the temporal proximity of the pre-event imagery 346 
to the triggering event. 347 

Finally, case 7 represents the most data-rich configuration, combining all available layers (L1-L7). 348 

Although the post-event (L4), pre-event (L5), and derived NDVI change (L6) aerial datasets were 349 
originally available at 0.2 m spatial resolution, their use at native resolution resulted in systematic 350 
out-of-memory errors during training and inference due to the large size of the input tensors. To 351 
ensure computational stability, were therefore downsampled to 2 m, representing a practical 352 
compromise between spatial detail and computational feasibility for regional-scale mapping. By 353 
contrast, Sentinel-2 layers (L1–L3) and the slope layer (L7) were resampled to the same 2 m grid 354 
solely to ensure pixel-wise alignment when used together with the aerial datasets; this step does not 355 
add information beyond their native resolution and was performed for operational consistency. 356 
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Table 3. Overview of the various input layer configurations used during the training processes. 'NDVI' 357 
refers to the ‘ΔNDVI-CGR’ Change map created using CGR imagery, while ‘ΔNDVI-S2’ refers to 358 
the NDVI Change map created using Sentinel-2 imagery. 359 

 360 
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 361 

Figure 4. Example of the layers included in case 7, Tile No. 86. (a) Pre-event Sentinel-2 image 362 
(2022); (b) Post-event Sentinel-2 image; (c) NDVI change map derived from Sentinel-2 imagery; (d) 363 
Slope map; (e) AGEA imagery (2020), pre-event; (f) CGR aerial image (2023), post-event; (g) NDVI 364 
change map derived from high resolution imagery; (h) Binary raster showing manually mapped 365 
landslides (ground truth). 366 

 367 

4.4 Data preparation and training-testing design 368 

To reproduce operational conditions typical of post-event emergency mapping, the deep-learning 369 
workflow was designed to prioritise spatial generalisation rather than random pixel-level splitting. 370 
All input layers described in Section 3.1 were harmonised to a common spatial resolution and grid 371 
prior to training. 372 

The training area (Casola Valsenio municipality) was subdivided into regular 1 × 1 km tiles (Fig. 5) 373 
to define consistent spatial sampling units and to reduce spatial autocorrelation effects. When 374 
resampled to a spatial resolution of 2 m, each tile corresponds to 512 × 512 pixels in the CGR imagery. 375 
Individual tiles typically include a large number of mapped landslides (often exceeding 50), providing 376 
a robust representation of landslide morphology and surrounding land cover. 377 

Instead of conventional random splits (e.g. 70/30 or 80/20; Hastie et al., 2009), we adopted a strategy 378 
tailored to emergency response scenarios. The models were trained exclusively on data from Casola 379 
Valsenio and subsequently applied, without retraining, to three neighbouring municipalities, 380 
Predappio, Modigliana, and Brisighella, for independent testing. This setup simulates a realistic 381 
operational context in which a model trained on a limited reference area is rapidly deployed to map 382 
other affected regions. 383 

Within Casola Valsenio, a stratified random sampling strategy was used to partition the tiles into 384 
training, validation, and internal testing subsets. Out of 97 tiles, 60 (62%) were assigned to training, 385 
15 (15%) to validation, and 22 (23%) to internal testing (Fig. 5). External evaluation was then 386 
conducted on all tiles from the three remaining municipalities, providing a spatial hold-out test to 387 
assess cross-municipality generalisation. This tile-based spatial splitting yields a strongly imbalanced 388 
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pixel-level segmentation problem, because landslide pixels represent only a small fraction of the 389 
mapped area. In Casola Valsenio (training area), landslide pixels account for ~ 4% of the total pixels 390 
(non-landslide:landslide ratio ~24:1). A comparable imbalance characterises the external test areas, 391 
with ~6% landslide pixels in Predappio (~ 16:1), ~7.6% in Modigliana (~12:1), and ~5% in 392 
Brisighella FMA (~19:1). The most extreme imbalance occurs in Brisighella FAA, where landslide 393 
pixels represent ~2% of the pixels (~48:1). The implications of this class imbalance for model 394 
evaluation are discussed in Section 4.7. 395 

 396 

Figure 5. Training and test tiles used for models’ construction in Casola Valsenio, illustrating the 397 
spatial split of the area. 398 

 399 

4.5 Deep Learning Semantic Segmentation Models 400 

To evaluate the performance of different deep-learning paradigms under variable data-availability 401 
scenarios (Table 3), two semantic segmentation architectures were implemented: a convolutional 402 
encoder-decoder network (U-Net) and a Transformer-based segmentation model (SegFormer). 403 
Schematic representations of both architectures are provided in Fig. 6 to facilitate understanding and 404 
comparison. 405 

 406 

4.5.1 U-Net 407 

U-Net is a convolutional neural network originally developed for biomedical image segmentation 408 
(Ronneberger et al., 2015) and subsequently adopted in a wide range of geomorphological and Earth-409 
observation applications. Its encoder-decoder structure enables the extraction of contextual 410 
information while preserving fine-scale spatial detail, a key requirement for accurate landslide 411 
delineation. The suitability of U-Net for landslide mapping has been demonstrated in several recent 412 
studies (Meena et al., 2021, 2022; Ghorbanzadeh et al., 2022, 2023; Nava et al., 2022). 413 

The architecture consists of a contracting encoder path and an expanding decoder path. In the encoder, 414 
spatial resolution is progressively reduced through convolutional and max-pooling layers to capture 415 
high-level contextual features. In the decoder, feature maps are upsampled using transposed 416 
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convolutions and concatenated with corresponding encoder features via skip connections, which 417 
preserve spatial information and improve boundary localisation (Fig. 6a). 418 

In this study, U-Net was implemented manually in Python and configured for binary semantic 419 
segmentation (landslide vs non-landslide). The network employed two downsampling scales, each 420 
comprising two convolutional layers. The initial number of filters was set to 64 and increased with 421 
network depth to capture progressively more complex features. 422 

Training was performed using the Adam optimiser (Kingma and Ba, 2017) with a learning rate of 1 423 
× 10⁻⁴ and Dice loss, for up to 300 epochs. Early stopping with a patience of 20 epochs was applied 424 
based on validation loss. All experiments were conducted using Python 3.8.18, TensorFlow 2.5.0, 425 
and CUDA 11.2. 426 

 427 

4.5.2 SegFormer 428 

SegFormer is a Transformer-based architecture specifically designed for efficient semantic 429 
segmentation of high-resolution and multispectral imagery (Xie et al., 2021). It addresses several 430 
limitations of earlier Vision Transformer models, including high computational cost, dependence on 431 
positional encodings, and inefficient multi-scale feature aggregation (Dosovitskiy et al., 2020). 432 

The SegFormer architecture comprises two main components (Xie et al., 2021): (i) a hierarchical 433 
Transformer encoder that captures features at multiple spatial scales using efficient self-attention 434 
without positional encodings and Mix-FFN blocks with depth-wise convolutions, and (ii) a 435 
lightweight all-MLP decoder that fuses multi-level encoder features for dense per-pixel prediction 436 
(Fig. 6b). The absence of positional encodings allows the model to handle variable input resolutions 437 
without interpolation, which is advantageous for heterogeneous landslide imagery. 438 

We adopted the MiT-B0 variant (Xie et al., 2021), with hidden sizes [32, 64, 160, 256], encoder 439 
depths [2, 2, 2, 2], and a decoder hidden size of 256. Although SegFormer was originally designed 440 
for three-channel RGB imagery, we exploited the flexibility of the 441 
SegformerForSemanticSegmentation implementation provided by the Hugging Face Transformers 442 
library (Wolf et al., 2020) to accommodate multi-channel inputs. 443 

Training was performed using Cross-Entropy loss and the Adam optimiser with a learning rate of 1 444 
× 10⁻³, for up to 300 epochs, with early stopping based on validation loss (patience = 20 epochs). 445 
Computations were carried out using Python 3.8.10, PyTorch 1.9.0 (Paszke et al., 2019), and CUDA 446 
11.1. 447 
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 448 

Figure 6. Conceptual overview of the deep-learning semantic segmentation architectures used in this 449 
study. (a) U-Net encoder-decoder architecture with skip connections, illustrating the contracting path 450 
for contextual feature extraction and the expanding path for precise spatial localisation (adapted from 451 
Ronneberger et al., 2015). (b) SegFormer architecture, composed of a hierarchical Transformer 452 
encoder (MiT) with overlapping patch embeddings and efficient self-attention, and a lightweight all-453 
MLP decoder for multi-scale feature fusion and dense per-pixel prediction (adapted from Xie et al., 454 
2021). 455 

 456 

4.6 Model application and geological transferability 457 

Following training, the models were applied to the municipalities of Predappio, Modigliana, and 458 
Brisighella. Although ground-truth landslide inventories were available for these areas (Fig. 1a), they 459 
were not used during training and were reserved exclusively for model evaluation. 460 

A key limitation of the training dataset is the predominance of the Marnoso-Arenacea Formation 461 
(FMA) in Casola Valsenio (Fig. 3a). To explicitly assess geological tralnsferability, the Brisighella 462 
municipality was subdivided into two distinct lithological domains: one dominated by the Marnoso-463 
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Arenacea Formation (Brisighella FMA) and one characterised by Pliocene Blue Clays (Brisighella 464 
FAA; Fig. 3d). 465 

The FAA domain is dominated by earth flows (EF) and earth slides (ES), typically developed within 466 
fine-grained, clay-rich materials and often associated with badland-like morphologies. These 467 
landslides generally exhibit elongated shapes, lobate toes, and sparse or degraded vegetation cover, 468 
reflecting repeated reactivation processes (Fig. 7a-b). In contrast, landslides in the FMA domain, both 469 
in Brisighella and in the training area, are mainly debris slides (DS) and debris flows (DF) triggered 470 
within thin colluvial layers overlying flysch bedrock. These failures tend to be rapid, with well-471 
defined scarps and runout zones, and commonly affect densely vegetated slopes (Fig. 7c-d). 472 

 473 

Figure 7. Comparison examples are shown between pre-event (a) and post-event (b) earth flow (EF) 474 
landslides in the Blue Clays Formation (FAA) and pre-event (c) and post-event (d) debris slide (DS) 475 
in the Marnoso-Arenacea Formation (FMA), both triggered by the May 2023 disaster in Brisighella. 476 
Images © Regione Emilia-Romagna, Geoportale 3D (https://mappe.regione.emilia-romagna.it) 477 

 478 

By explicitly separating these lithological contexts, we evaluated whether models trained solely on 479 
FMA-type landslides could generalise to areas characterised by fundamentally different landslide 480 
processes, geometries, and surface expressions. A summary of the spatial extent of each lithological 481 
unit within the test municipalities is provided in Table 4 to support interpretation of the evaluation 482 
results. 483 

 484 

 485 

 486 

 487 

 488 
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Table 4. Overview of the 1 km² tiles used for model training, validation, and testing across the 489 
analysed municipalities. The table reports the number of tiles assigned to each dataset split and their 490 
distribution within the main lithological units, namely the Marnoso-Arenacea Formation (FMA) and 491 
the Pliocene Blue Clays (FAA). External testing was performed on 100% of the tiles from Predappio, 492 
Modigliana, and Brisighella to assess cross-municipality and cross-lithology model generalisation. 493 

 494 

 495 

4.7 Evaluation Metrics and Expert Judgment 496 

4.7.1 Quantitative Metrics 497 

To assess the performance of our landslide detection models, we employed two widely used metrics 498 
in semantic segmentation tasks: the F1 score and the Intersection over Union (IoU). These metrics 499 
were calculated on the entirety of the test images, rather than averaging scores across individual cells, 500 
to provide a comprehensive evaluation of the models' performance. 501 

The F1 score (Dice coefficient) is the harmonic mean of precision and recall (Tharwat, 2020). We 502 
report F1 alongside IoU because the pixel-wise segmentation task is strongly imbalanced (Section 503 
4.4), with landslide pixels representing only a small fraction of the mapped area. The F1 score is 504 
calculated as: 505 

F1 = 2 ⋅  
௉௥௘௖௜௦௜௢௡ ⋅ ோ௘௖௔௟௟

௉௥௘௖௜௦௜௢௡ ା ோ௘௖௔௟௟
          (1) 506 

where Precision = TP / (TP + FP) and Recall = TP / (TP + FN), with TP, FP, and FN representing 507 
True Positives, False Positives, and False Negatives, respectively. 508 

The Intersection over Union (IoU), also known as the Jaccard index, is another common metric for 509 
assessing segmentation accuracy (Rezatofighi et al., 2019). It measures the overlap between the 510 
predicted segmentation mask and the ground truth mask. The IoU is calculated as: 511 

IoU =  
்௉

୘୔ ା ୊୔ ା ୊୒
           (2) 512 

Both metrics range from 0 to 1, with 1 indicating perfect prediction. By using these metrics on the 513 
entire test images, we can evaluate how well our models perform in detecting and delineating 514 
landslides across varied landscapes and geological contexts. 515 

 516 

4.7.2 Expert Judgment 517 

In automated landslide mapping, a higher algorithmic score does not necessarily correspond to a 518 
higher quality map (Zhang et al., 2018; Isensee et al., 2021).  This issue is particularly relevant in 519 
automated landslide mapping, where the practical utility of the map often depends more on its 520 
interpretability and coherence with geomorphological reality than on its statistical performance alone. 521 
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For example, a model might overpredict large landslide areas to optimize pixel-wise metrics like IoU, 522 
while neglecting smaller or fragmented features that are critical for field validation and emergency 523 
response. Conversely, models may introduce noise or irregular boundaries that artificially increase 524 
recall but reduce the practical readability of the map. 525 

While this issue is typically addressed by selecting evaluation metrics that emphasize specific 526 
components of the confusion matrix (e.g., recall over precision), in emergency scenarios not all 527 
components carry the same operational weight. For instance, in crisis management, a higher recall 528 
may be preferred to avoid missing active landslides, even if this comes at the cost of more false 529 
positives. In contrast, in densely urbanized areas or during resource-constrained interventions, 530 
precision may become more important to avoid unnecessary alarms and misallocation of efforts. 531 

To address this challenge, three of the authors in this study provided their expert judgment on the 532 
quality of the automatically generated landslide maps. This evaluation was conducted without prior 533 
knowledge of the scores obtained by these maps or the training input layers used to generate them.  534 

The assessment focused on seven common error types frequently encountered in automated landslide 535 
mapping: 536 

E1 - False positives in plowed fields, where plowed land is mistakenly classified as landslide; 537 

E2 - False positives along roads and in urban areas, where the absence of vegetation may be 538 
misinterpreted as landslide activity; 539 

E3 - False positives along riverbeds, often due to confusion with recent sediment scouring or bedload 540 
deposits; 541 

E4 - False negatives in areas with known landslides; 542 

E5 - Over segmentation, referring to the fragmentation of a single landslide into multiple small 543 
polygons; 544 

E6 - Inaccurate delineation of landslide boundaries; 545 

E7 - Omission errors in shadowed areas, such as steep, shaded slopes or regions obscured by cloud 546 
cover. 547 

For each error type, the experts assigned a score of 0 (limited error), 1 (moderate error), or 2 (relevant 548 
error) to indicate the severity of the issue. These scores were then summed and normalized to calculate 549 
an Expert-based Performance Index (EPI): 550 

𝐸𝑃𝐼 =
14 − ∑ 𝐸௜

௜ୀ଻
௜ୀଵ

14
 551 

The index ranges from 0 to 1, with 1 representing the highest mapping performance. This evaluation 552 
was independently carried out by each of the three experts for all 16 cases included in the analysis 553 
(see Table 4). The experts assessed the model cases without prior knowledge of the specific 554 
configurations, thereby minimizing potential bias. 555 

 556 

 557 
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4.8 Identification of At-Risk Buildings 558 

In the context of emergency mapping, a key objective was to identify buildings at risk due to the 559 
landslides triggered by the May 2023 event. This was a critical task for the Civil Protection as it 560 
allowed for timely intervention and damage assessment. Given the extensive spatial distribution of 561 
the damage caused by the event, it was essential to develop a systematic method to detect and assess 562 
the buildings at risk. Additionally, accurate damage estimation was necessary to request financial 563 
support under the European Union Solidarity Fund (EUSF), adhering to the EU's required timelines 564 
for funding requests. 565 

To evaluate the effectiveness of our automated landslide mapping models in identifying at-risk 566 
buildings, we created a 20-meter buffer around the predicted landslide boundaries. This buffer was 567 
compared to the list of buildings that the Civil Protection had classified as "at risk," based on manual 568 
mapping (Pizziolo et al., 2024; Berti et al., 2025). The buildings identified by the automated models 569 
were then compared to these reference buildings, allowing us to assess the models' capacity for 570 
accurate identification. The confusion matrix was used to quantify the performance of the models in 571 
identifying buildings at risk, including both false positives (incorrectly flagged buildings) and false 572 
negatives (missed buildings). 573 

This methodology ensured that the models were tested in the real-world context of emergency 574 
response, where timely and accurate damage assessments are crucial for effective resource allocation 575 
and intervention. The results of this methodology are discussed further in Section 6.3, while the 576 
quantitative outcomes of our models are presented in Section 5.3. 577 

 578 

5. Results 579 

5.1 Model results and performance 580 

The results of the analysis are reported in Table 5, which summarizes the F1 and IoU scores obtained 581 
by comparing the automated landslide maps generated by the two deep-learning models (U = U-Net; 582 
S = SegFormer) with the manually mapped reference inventory. Seven combinations of input layers 583 
(cases 1-7; Table 1) were tested, representing progressively richer input information. The models 584 
were trained using data from Casola Valsenio and subsequently applied to four independent test areas: 585 
Brisighella FMA, Brisighella FAA, Modigliana and Predappio. In total, 56 automated landslide maps 586 
were produced (7 input configurations × 4 test areas × 2 models). 587 

Across all municipalities, the highest performance was obtained by the most information-rich 588 
configurations, particularly U7 and U6 for U-Net and S7 for SegFormer. In Casola Valsenio, the best 589 
configuration reached F1 = 0.73 and IoU = 0.57 (U7), while in Brisighella FMA, Brisighella FAA, 590 
Modigliana and Predappio the highest F1-scores were consistently around 0.60–0.63 (e.g., U7 = 0.56–591 
0.63; S7 = 0.60–0.61). Performance was systematically lower in Brisighella FAA, where the best 592 
configurations reached F1 = 0.53 and IoU = 0.36 (U6/U7), and F1 = 0.52 and IoU = 0.35 (S7) (Table 593 
5). 594 

Despite relying on a reduced set of inputs, the Sentinel-2-based configuration S2 (post-event Sentinel-595 
2 plus Sentinel-2 NDVI change) achieved competitive results across municipalities. For instance, in 596 
Casola Valsenio S2 reached F1 = 0.62 and IoU = 0.45, compared with F1 = 0.73 and IoU = 0.57 for 597 
the best-performing configuration (U7). In Brisighella FMA, Modigliana and Predappio, S2 yielded 598 
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F1-scores between 0.54 and 0.57 (IoU = 0.37–0.40), which are close to the values obtained by the 599 
strongest configurations (typically within ~0.03–0.06 in F1 and ~0.03–0.06 in IoU). In Brisighella 600 
FAA, S2 remained among the most stable configurations (F1 = 0.47; IoU = 0.31), whereas some 601 
intermediate cases showed marked drops (e.g., U3: F1 = 0.29; IoU = 0.17). 602 

Overall, increasing the number of input layers resulted in measurable but limited performance 603 
improvements. The largest gain was associated with the inclusion of NDVI change information (case 604 
2 vs. case 1), while subsequent additions of high-resolution inputs generally produced smaller 605 
incremental changes. These results indicate that streamlined configurations based on Sentinel-2 data 606 
(case 2), optionally complemented by high-resolution imagery, can achieve segmentation 607 
performance close to that obtained using the full set of available inputs (Table 5). 608 

 609 

Table 5. F1-score and Intersection over Union (IoU) obtained by the two deep-learning semantic 610 
segmentation models (U = U-Net; S = SegFormer) for the seven input-layer configurations (cases 1–611 
7; Table 3), evaluated against the manually mapped reference inventory. Models were trained in 612 
Casola Valsenio and applied without retraining to the external test municipalities (Brisighella FMA, 613 
and Brisighella FAA, Modigliana, Predappio). The table therefore reports 56 model outputs (7 cases 614 
× 4 municipalities × 2 models). 615 

 616 
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Figure 8 illustrates the evolution of F1-scores across the seven input configurations for each 617 
municipality. For both models, the inclusion of NDVI change information (case 2) led to an increase 618 
in F1-score relative to case 1. In Casola Valsenio, F1 increased from 0.56 to 0.70 for U-Net and from 619 
0.47 to 0.54 for SegFormer. In Modigliana and Brisighella FAA, the corresponding increases were 620 
approximately +0.15 to +0.16 for U-Net. Beyond case 2, U-Net showed gradual increases in F1-score 621 
of 0.01-0.04 per configuration up to case 7, whereas SegFormer exhibited smaller variations, 622 
generally within ±0.02, indicating a lower sensitivity to further input enrichment. 623 

Model performance varied across municipalities. In Casola Valsenio, U-Net F1-scores increased from 624 
0.56 (U1) to 0.73 (U7), while SegFormer ranged from 0.47 (S1) to 0.66 (S7). In Predappio, 625 
Modigliana, and Brisighella FMA, U-Net F1-scores were between 0.55 and 0.63, whereas SegFormer 626 
values remained more stable, typically between 0.55 and 0.60. Brisighella FAA consistently showed 627 
the lowest performance for both models: U-Net F1-scores ranged from 0.29 (U3) to 0.53 (U7), and 628 
SegFormer values ranged from 0.32 to 0.52, with no systematic improvement beyond case 2. IoU 629 
values exhibited the same spatial pattern, decreasing from 0.35-0.46 in FMA-dominated areas to 0.17-630 
0.36 in the FAA domain. 631 

 632 

 633 

Figure 8. F1-score comparison across the seven input-layer configurations for U-Net (left) and 634 
SegFormer (right). The numbering matches the input-layer cases defined in Table 3 (e.g., U1 and S1 635 
refer to Case 1; U2 and S2 refer to Case 2), and values are summarised in Table 5. 636 

Figures 9 and 10 complement the quantitative results by providing a visual interpretation of model 637 
performance under contrasting conditions. Figure 9 illustrates representative cases in which both 638 
models performed well, showing a strong spatial agreement between the manually mapped inventory 639 
and the automated outputs. In these panels, the overlap between the reference landslide map (blue) 640 
and the predicted map (yellow) produces a beige colour, corresponding to true positives and 641 
indicating accurate landslide delineation. These examples mainly refer to debris slides and debris 642 
flows occurring in well-illuminated areas with widespread vegetation removal, where spectral and 643 
textural changes are pronounced. 644 

Figure 10, by contrast, focuses on more challenging scenarios, where the models exhibited recurrent 645 
error patterns. In Brisighella FMA, false positives (yellow polygons) are frequently mapped along 646 
riverbanks and on recently constructed buildings, likely associated with flood-related sediment 647 
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redistribution and strong spectral contrasts. The most critical conditions are observed in Brisighella 648 
FAA, where widespread false positives occur within badland morphologies developed on Blue Clay 649 
formations, highlighting the limited transferability of models trained predominantly on flysch-650 
dominated terrains. In Modigliana, false positives (yellow polygons) are often observed in plowed 651 
fields, where agricultural disturbance produces spectral signatures similar to recent landslides. 652 
Finally, in Predappio, false negatives (blue polygons) dominate in shadowed slopes, where reduced 653 
illumination and altered colour profiles limit the detectability of landslide features. 654 

By explicitly contrasting successful detections (Figure 9) with failure modes (Figure 10), these visual 655 
examples clarify how different surface conditions, illumination effects, and lithological settings 656 
influence model performance, supporting the quantitative trends reported in Table 5 and Figure 8. 657 
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 658 

Figure 9. Comparative analysis of landslide mapping results using the U7 (U-Net) and S7 659 
(SegFormer) configurations across the analysed municipalities (Casola Valsenio, Brisighella 660 
FMA, Brisighella FAA, Modigliana and Predappio). The figure shows the spatial distribution 661 
and extent of the mapped landslides for both models. In the overlays, the reference inventory 662 
(True map) is shown in blue and the model prediction in yellow; their intersection is shown 663 
in brown (true positives), while blue-only and yellow-only areas correspond to false negatives 664 
and false positives, respectively. 665 
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 666 

Figure 10. Representative examples of challenging scenarios for landslide detection using the 667 
U7 (U-Net) and S7 (SegFormer) configurations across municipalities. The panels highlight 668 
recurrent error patterns under various environmental conditions: Brisighella FMA shows 669 
riverbanks and buildings as False Positives (FP), Brisighella FAA displays both False 670 
Positives and False Negatives (FP & FN) in badlands, Modigliana FN is observed on plowed 671 
fields, and Predappio FN occurs under shadows. 672 
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5.2 Expert judgement 673 

Figure 11 compares the quantitative performance (F1-score) of all model configurations with the 674 
Expert Performance Index (EPI) derived from the independent assessment of three experts (Section 675 
3.7). The EPI values reflect the severity scores assigned to seven recurrent mapping errors (E1–E7), 676 
which were aggregated and normalized to obtain a single index per model configuration. 677 

Across configurations, EPI values show the same overall ranking observed for the F1-scores (Fig. 678 
11). While the F1-scores span a relatively narrow interval across cases (Table 5), the EPI values 679 
exhibit a comparable monotonic increase from simpler to more information-rich input configurations, 680 
indicating that the expert-based assessment captures the same performance gradient. In particular, 681 
configuration U3 is associated with one of the lowest EPI values and one of the lowest F1-scores, 682 
whereas U7 consistently falls within the top-performing group in both metrics (Fig. 11). 683 

Differences among individual experts are evident for some intermediate configurations. Specifically, 684 
the highest EPI score for Expert 1 is assigned to S5, for Expert 2 to U2, and for Expert 3 to U4, despite 685 
these configurations not being uniformly ranked at the top by the other experts or by the F1-scores. 686 
However, when expert scores are averaged (mean EPI; dashed line in Fig. 11), the resulting trend 687 
closely matches the F1-score curve, reducing the influence of individual preferences and providing a 688 
more robust overall assessment of map quality. 689 

 690 

 691 

Figure 11. Comparison of model performance based on F1-scores and expert-based evaluations from 692 
three independent experts. 693 

 694 

5.3 Identification of At-Risk Buildings 695 

The identification of at-risk buildings is a crucial component in emergency response scenarios. In the 696 
aftermath of the May 2023 disaster, buildings located within landslide boundaries or within a 20-697 
meter buffer zone were considered at risk, influencing subsequent evaluations carried out by the 698 
relevant authorities. To assess the effectiveness of our automated landslide mapping for this purpose, 699 
we compared the buildings identified by our models to those derived from manual mapping (Pizziolo 700 
et al., 2024; Berti et al., 2025). 701 
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Figure 12 presents the confusion matrix for the 14 model configurations, showing the comparison 702 
between the buildings flagged by our models and those mapped manually. The F1-scores obtained 703 
for each case highlight the models' ability to identify structures at risk. For Case 1, U-Net produced 704 
an F1-score of 0.53, while SegFormer performed slightly better at 0.67. The highest F1-scores were 705 
achieved in Case 7, with U-Net reaching 0.79 and SegFormer 0.75. Notably, models U2, U4, S6, and 706 
U7 consistently yielded the best results, with F1-scores averaging around 0.78, demonstrating their 707 
effectiveness in accurately identifying buildings at risk. 708 

Despite the relatively high F1-scores, the models still produced both false positives (incorrectly 709 
flagged buildings) and false negatives (missed buildings), which underscores the necessity of manual 710 
verification in scenarios where precision is critical. However, the performance of the automated 711 
models is considerably higher than the manual mapping, especially when considering the large-scale, 712 
time-sensitive nature of emergency response. These results suggest that the automated models can 713 
significantly assist in the rapid identification of at-risk structures, potentially saving valuable time in 714 
the early stages of disaster response. These results are discussed in Section 6.3. 715 
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 716 

Figure 12. Comparison of buildings identified as at risk (within landslide boundaries or within a 20-717 
meter buffer) by automated mapping methods and manual mapping (ground truth), showing the 718 
confusion matrices for all five cases evaluated. 719 
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6. Discussion 720 

6.1 Models comparison 721 

One of the key observations from this study concerns the differing sensitivity of U-Net and 722 
SegFormer to input data combinations, particularly in the context of emergency response mapping. 723 
U-Net’s performance varies significantly depending on the layers used, while SegFormer yields more 724 
consistent results across different configurations. This contrast is likely rooted in their architectural 725 
differences. U-Net, designed for pixel-wise segmentation, relies heavily on the spatial and spectral 726 
characteristics of the input data, making it more sensitive to the quality and availability of 727 
supplementary layers such as pre-event imagery or NDVI change maps. SegFormer, being a 728 
transformer-based model, is better equipped to capture global context, thus reducing dependency on 729 
specific input combinations and improving robustness under complex geological conditions. 730 

This architectural contrast becomes even more evident when models are transferred across different 731 
geological domains. As shown in the results (Figure 8), U-Net exhibits a marked decline in 732 
performance when moving from areas geologically similar to the training site (e.g., Predappio, 733 
Modigliana) to Brisighella FAA, where lithological conditions differ significantly. This suggests that 734 
U-Net has limited generalization capacity beyond the Marnoso-Arenacea Formation (FMA), and 735 
struggles in fine-grained, clay-rich terrains like those found in the FAA domain. SegFormer, although 736 
generally more stable, also underperforms in Brisighella FAA, highlighting the broader challenge of 737 
transferring models across heterogeneous geological settings. 738 

The feature importance values for U-Net and SegFormer (Figure 13) reveal notable differences in 739 
how each model prioritizes the input channels. Upon examining the results, we can observe the 740 
following key points: 741 

 SegFormer places the highest importance on the post-event CGR channels, particularly the 742 
Red and NIR bands, followed by Sentinel-2 Red and Sentinel-2 NIR. This makes sense in the 743 
context of post-event analysis, as Red and NIR bands are sensitive to vegetation and surface 744 
changes, which are crucial for detecting variations in the landscape after a landslide event. The 745 
reliance on these bands is likely due to their ability to capture the shift in vegetation cover 746 
(from green to beige or brown) after a disturbance, which can be a key indicator of landslide 747 
activity. The CGR (post) channels are particularly effective at highlighting these changes, 748 
making them essential for SegFormer’s decision-making process. 749 

 U-Net, on the other hand, follows a similar pattern but with lower variability in feature 750 
importance across different channels. While the CGR (post) channels remain important, U-Net 751 
seems to show a more uniform distribution of feature importance across the input channels, 752 
indicating that the model is less sensitive to specific features like Red and NIR. This could be 753 
a result of the model’s pixel-wise segmentation approach, which might focus more on spatial 754 
relationships within the image rather than relying heavily on spectral differences between the 755 
bands. 756 
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 757 

Figure 13. Feature importance values for U-Net and SegFormer across different input channels. The 758 
bar chart compares the relative importance assigned to each channel by both models. The blue bars 759 
represent U-Net, while the orange bars represent SegFormer. The analysis shows that SegFormer 760 
tends to assign higher importance to the post-event CGR channels, particularly the Red and NIR 761 
bands, while U-Net exhibits more uniform importance across the channels, with a slightly more 762 
localized focus. This difference in feature importance highlights the varying strengths of the models 763 
in utilizing spectral information. 764 

 765 

Both models exhibit a similar trend in emphasizing the post-event data, particularly the CGR (post) 766 
channels. However, SegFormer seems to make use of a wider range of channels, including Sentinel-767 
2 Red and Sentinel-2 NIR, which suggests that SegFormer is more adept at capturing a broader, global 768 
context. This capability allows it to effectively integrate multiple data sources. In contrast, U-Net 769 
appears to rely more heavily on the specific channels it uses, with its performance being more 770 
sensitive to the quality and selection of those channels. 771 

This difference in how the models handle feature importance reflects their underlying architectural 772 
differences. SegFormer, with its transformer-based design, is able to capture larger-scale patterns and 773 
dependencies within the data, giving it the flexibility to work with diverse and comprehensive input 774 
combinations. On the other hand, U-Net’s pixel-wise segmentation approach tends to focus on more 775 
localized patterns, which can make it less adaptable when handling a variety of input channels. 776 

Nevertheless, both models encountered certain challenges that influenced their performance, which 777 
we will now address in the following section. 778 

 779 

 780 
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6.2 Challenges Scenarios 781 

The models in this study encountered several challenging scenarios related to the environmental 782 
conditions of the test sites. These challenges, including riverbank areas affected by flooding, 783 
geological variations, plowed land, and shadowed regions, directly influenced the models' ability to 784 
detect landslides accurately. Spectral analysis of each scenario (Figure 14) reveals distinct patterns 785 
that explain the models' performance limitations, while Figure 10 displays the corresponding mapping 786 
results with recurrent error patterns. 787 

a) Riverbank Areas Post-Flooding 788 

The May 2023 flood events caused spectral signatures in riverbank areas that partially overlap with 789 
those of landslides (Figure 14a). A comparison of pixels from non-landslide riverbank areas and those 790 
affected by landslides reveals that while the spectral signatures are similar, there are noticeable 791 
differences, particularly in the CGR RGB channels. These differences, although subtle, are 792 
appreciable enough to help differentiate the two types of areas. Additionally, the lower slope values 793 
in riverbank areas, due to their gentler topography along watercourses, and reduced vegetation change 794 
indicators (NDVI Δ channels) set them apart from genuine slope failures. Post-flood sedimentation 795 
and bank erosion generate surface disturbances that resemble landslide scars, especially where 796 
floodwaters have stripped vegetation and redistributed sediments. Despite these similarities, these 797 
features were not sufficiently weighted during training on the Casola Valsenio dataset, leading to 798 
false positives in flood-affected environments. However, the distinction in the CGR RGB channels, 799 
along with the differences in slope and NIR values, played a crucial role in limiting false negatives 800 
(FN) along riverbanks, particularly in the best models (Caso 7, S7, and U7), despite the error still 801 
being present. 802 

b) Geological Differences (FMA vs FAA) 803 

The geological difference between Marnoso-Arenacea (FMA) and Blue Clays (FAA) proved 804 
challenging. Pixels from landslides in both lithologies were compared, with notable differences in the 805 
CGR (Red) and CGR (NIR) channels, which are critical for landslide detection (Figure 14b). FAA 806 
regions exhibit lighter colors in both pre- and post-event imagery, indicating typical erosion and 807 
sediment redistribution in badlands (see Figure 10). This aligns with the diluvial processes observed 808 
in the Blue Clays region. Training the models solely on FMA lithology, such as Casola Valsenio, 809 
rendered them ineffective when applied to FAA regions, where the spectral characteristics differ 810 
significantly. This highlights the limited transferability of models trained on a single lithology. 811 

c) Plowed Fields (Modigliana) 812 

Spectral signatures from landslide-affected areas in Modigliana were compared with those from 813 
plowed fields outside the landslide zones (Figure 14c). The similarities in spectral signatures, 814 
particularly in the CGR (Blue) and CGR (Green) channels, led to false positives (yellow polygons) 815 
in Figure 10. Agricultural fields, when plowed, share similar characteristics with disturbed landslides, 816 
especially when considering the differences in pre-event imagery. These differences are more 817 
pronounced in the Slope and pre-event channels. However, due to the relatively low importance 818 
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assigned to these channels during training on the Casola Valsenio dataset, the models struggled to 819 
differentiate these fields from landslides, resulting in confusion and false positives in plowed fields. 820 

d) Shadow Effects (Predappio) 821 

Shadowed regions, particularly in Predappio, made it nearly impossible for the models to classify 822 
these areas as landslides. The spectral analysis (Figure 14d) highlights much darker values in 823 
shadowed areas in the CGR (post-event) imagery, which complicates the recognition of landslides. 824 
This is due to the drastically reduced reflectance in shadowed pixels, which prevents the models from 825 
detecting landslides in these regions. Fortunately, this issue is isolated to a small portion of Predappio. 826 
The reduced illumination and altered color profiles in shadowed areas hinder the model’s ability to 827 
detect the land movement, causing false negatives in these regions, as shown in Figure 10. 828 
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 829 

Figure 14. Spectral analysis of different land types and landslide detection. (a) Comparison between 830 
riverbank areas affected by flooding and landslides. The blue line represents the spectral 831 
characteristics of buildings along the river, while the red line corresponds to landslides. (b) Spectral 832 
differences between landslides occurring on Marnoso-Arenacea Formation (FMA) and Blue Clays 833 
(FAA), showing the significant spectral dissimilarity. (c) Comparison between spectral signatures of 834 
plowed fields and landslides. The green line represents plowed fields, while the red line corresponds 835 
to landslides, with noticeable overlap in spectral characteristics. (d) Impact of shadowed regions on 836 
landslide detection, comparing normal conditions (red) with shadowed regions (black). The graph 837 
reveals how shadows significantly reduce the ability of the models to detect landslides. 838 
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The analysis of various challenging scenarios, including flood-affected riverbanks, geological 839 
variations, plowed land, and shadowed regions, reveals a consistent pattern: while identifiable 840 
spectral discriminants exist for each challenge, the models' training on a single geological and 841 
environmental domain (Casola Valsenio, FMA lithology) limited their ability to generalize across 842 
varying conditions. The failure to adapt to different geological contexts, land use patterns, flood-843 
affected areas, and illumination conditions highlights the importance of domain-adaptive approaches 844 
and more geographically comprehensive training datasets for robust landslide detection across 845 
diverse landscapes. 846 

To further investigate the role of geology in model generalization, an additional analysis was 847 
conducted to assess the impact of including lithology among the input layers. For this, the lithological 848 
layer was categorized into 8 distinct classes, with each class corresponding to a unique Unit ID (as 849 
detailed in Table 2). These classes were numerically encoded from 1 to 8, representing different 850 
lithological units. We compared the performance of Case S3 (RGB + slope) with the same 851 
configuration plus the lithology layer. However, this did not yield significant improvements in 852 
Casola, Predappio, Modigliana, or Brisighella MA, as these areas are predominantly characterized by 853 
the Marnoso-Arenacea Formation ("Unit 7"), which was already well represented in the training 854 
dataset (Figure 2a). As a result, the addition of the lithology layer provided redundant information. 855 
However, when the same model was applied to Brisighella FAA, where the lithology is dominated 856 
by Blue Clays ("Unit 1"), the model failed to detect any landslides, resulting in a very low F1-score 857 
of 0.02. This underscores a key limitation: simply adding lithology as a static input layer is 858 
insufficient for ensuring generalization. If the training dataset is not lithologically balanced, the model 859 
may reinforce existing biases, associating landslide occurrence primarily with "Unit 7" and failing to 860 
detect events in "Unit 1". 861 

This finding highlights a fundamental issue in landslide detection models: effectively incorporating 862 
lithological information requires more than just adding it as an input feature. The training dataset 863 
itself must include landslide polygons from a representative range of lithological settings. When the 864 
model was explicitly trained and tested on Brisighella FAA using the same configuration (Case S3: 865 
RGB + slope), the F1-score increased from 0.32 to 0.41, confirming that geological consistency in 866 
the training data significantly improves the model's ability to detect landslides in previously 867 
underrepresented domains.  868 

Although the F1-scores and Intersection over Union (IoU) achieved in this study may appear modest 869 
compared to generic machine-learning benchmarks (e.g., Ghorbanzadeh et al., 2021, 2022; Prakash 870 
et al., 2021; Meena et al., 2023), it is important to ground these results within the context of landslide 871 
detection and segmentation literature, where lower scores are often observed. Several factors 872 
contribute to these relatively low F1-scores, including class imbalance between landslide and non-873 
landslide areas, the spatial heterogeneity of landslides, uncertainties in reference inventories, and the 874 
influence of image resolution and labeling quality. Landslide mapping, unlike conventional image 875 
classification tasks, requires precise delineation of irregular and complex shapes across highly 876 
variable terrain, which makes it more challenging to achieve high scores. 877 

Our dataset was specifically designed for emergency response scenarios, where a small portion of the 878 
affected area (Casola Valsenio) is mapped and the model is applied to the rest. This led to a train-879 
validation-test ratio of 12% for training, 3% for validation, and 85% for testing. The limited training 880 
and validation sets, combined with the complex nature of landslide mapping, contribute to modest 881 
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F1-scores. Such a trade-off between accuracy and generalization is common in remote sensing, where 882 
high-resolution, fine-grained feature extraction is both critical and difficult to achieve at a large scale. 883 

Nevertheless, the potential of these automated approaches in emergency scenarios is considerable. 884 
By rapidly generating landslide maps of comparable quality to expert-drawn products, these methods 885 
could significantly accelerate initial response efforts. Reducing the need for time-consuming manual 886 
digitization could save weeks of work, which is crucial during crisis events (Berti et al., 2025). The 887 
automatically generated maps may serve as a robust initial product, enabling practitioners to focus on 888 
refinement and validation rather than starting from scratch, ultimately delivering high-quality final 889 
maps in a fraction of the time required for full manual mapping. 890 

 891 

6.3 Identification of At-Risk Buildings 892 

A further consideration in our study is the use of automated landslide maps to identify damage and 893 
at-risk structures. Following the May 2023 disaster, the Emergency Commission determined that all 894 
buildings located within landslide boundaries or within a 20-meter buffer were considered at risk and 895 
potentially subject to relocation. To evaluate the effectiveness of our automated mapping products 896 
for this task, we compared the buildings identified automatically with those derived from manual 897 
mapping. 898 

The F1-scores for the models indicate that "U2", "U4", "S6", and "U7" are the most accurate CNN 899 
outputs, identifying on average 528 out of 654 buildings at risk (~0.78 F1-score). These results 900 
demonstrate the models' ability to estimate the spatial extent of the phenomenon, even when using 901 
Sentinel-2 imagery at 10 m resolution (U2). However, all models produced both false positives 902 
(incorrectly flagged buildings) and false negatives (missed buildings), underscoring the need for 903 
manual verification when high accuracy is required. Even a small number of misclassified structures, 904 
especially inhabited buildings, can have serious consequences in emergency situations, thus 905 
highlighting the importance of improving model performance for more effective response efforts. 906 

Improving the landslide mapping itself is crucial for improving the accuracy of at-risk building 907 
identification. As discussed in Section 7, refining mapping methodologies will lead to more reliable 908 
and consistent results in future disaster scenarios. 909 

 910 

6.4 Future Research Directions 911 

To overcome the limitations identified in this study, future research should focus on key areas. A 912 
primary challenge is optimizing data acquisition to improve map quality, including minimizing 913 
shadow effects by scheduling imagery collection around noon, especially during winter months. 914 
Expanding training datasets to include more plowed field examples will help models better 915 
differentiate agricultural lands from landslides, reducing false positives. Further refinement could 916 
include detailed land-use layers or slope filters to improve accuracy. 917 

Improving data resolution is another important direction. While this study used 2-meter resolution 918 
data, higher-resolution datasets (e.g., 20 cm) would provide more detailed information, enabling 919 
better detection. Leveraging higher computational power would be necessary to process these datasets 920 
and enhance model performance. In terms of approach, future research could explore advanced 921 
techniques such as Multiscale Feature Pyramid Networks (FPN), which allow models to process 922 
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multiple scales simultaneously, Graph Neural Networks (GNNs) for capturing complex spatial 923 
relationships in geospatial contexts, and Neural Architecture Search (NAS) to automatically identify 924 
the best network architecture, improving robustness and generalization (Lin et al., 2017; Kipf & 925 
Welling, 2017; Zoph & Le, 2017). 926 

Lastly, addressing the issue of geologically diverse training datasets remains crucial. Training models 927 
on datasets with limited geological diversity can hinder generalization. Expanding datasets to include 928 
various lithologies and geomorphological features will enhance model robustness. As deep learning 929 
models evolve, it is essential to prioritize the collection of diverse, high-quality data, as even the most 930 
advanced models cannot replace the need for comprehensive datasets. Future research should focus 931 
on improving data acquisition, enhancing model generalization, and refining validation techniques to 932 
further strengthen AI-based mapping in disaster management. 933 

 934 

7. Conclusion 935 

This study investigated the potential of automated landslide mapping to support rapid emergency 936 
response following the extreme meteorological events of May 2023 in Emilia-Romagna, Italy. Using 937 
a deep learning approach, we trained and tested two semantic segmentation models, U-Net and 938 
SegFormer, on high-resolution aerial imagery, Sentinel-2 data, NDVI change maps, and slope data. 939 
The training was conducted solely in the municipality of Casola Valsenio, while model performance 940 
was assessed on three additional municipalities (Brisighella, Modigliana, Predappio), chosen for their 941 
geological settings and significant landslide occurrence. 942 

In the training area of Casola Valsenio, both U-Net and SegFormer achieved high performance, with 943 
consistent results across different input combinations. The models showed no significant variation in 944 
performance based on the input layers, as long as high-resolution post-event imagery (CGR) was 945 
included. However, when applied to external regions such as Brisighella, Modigliana, and Predappio, 946 
the models experienced a decrease in generalization. Despite this, the automated mapping still 947 
successfully identified the majority of landslides, demonstrating its utility in emergency scenarios. 948 

In areas like Brisighella FAA (Blue Clays), where relevant lithologies were underrepresented in the 949 
training set, the models struggled to generalize effectively. This highlights the importance of 950 
incorporating a diverse range of lithologies in the training data to ensure robust model generalization 951 
across different geologically complex regions. 952 

The choice of model architecture, whether U-Net or SegFormer, had minimal impact on performance, 953 
with both models showing similar results. Performance decreased with less detailed inputs, like 954 
Sentinel imagery alone, and improved with more rich inputs, reinforcing that data quality, not 955 
architecture, drives performance. 956 

In emergency contexts, where external data for validation may not be available, expert judgment 957 
becomes essential for selecting the most reliable maps when ground truth data is lacking. While 958 
automated maps offer rapid assessments, they often require expert adjustments to refine outputs 959 
offering a balanced approach between speed and accuracy. The correct and thoughtful integration of 960 
AI-based systems into civil protection protocols represents a critical step forward, ensuring that these 961 
technologies complement existing procedures and improve overall response effectiveness. 962 
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