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Testing NDVI and U-Net for automated map-
ping of multiple-occurrence regional landslide
events using satellite and aerial multispectral
data (Casola Valsenio, Emilia-Romagna, North-
ern Apennines, Italy)

Abstract In May 2023, the Emilia-Romagna Region (northern
Italy) experienced a severe multiple occurrence regional landslide
event, resulting in more than 80,000 debris slides and flows as well
as some hundreds of rock-block slides. One of the more severely
affected areas was the Municipality of Casola Valsenio, with more
than 5200 landslides in 84 km?. In this study, we assess the perfor-
mances of two established methods for automated landslide map-
ping (NDVI change and U-Net) applied to satellite and aerial mul-
tispectral data of resolutions ranging from 10 to 0.2 m (the latter
resampled to 1 and 2 m). In doing so, we used a basic configuration
(i.e., no additional data layer in the analysis) to simulate their appli-
cation in the aftermath of a MORLE scenario, when time and train-
ing data are limited. The results show that, even with limited train-
ing, U-Net outperforms NDVI in terms of accuracy only in case
of 2 m resolution aerial data (achieving an Fi-score higher than
0.6), while with 10 m resolution satellite data, the NDVI performs
better (F1 up to 0.5) than U-Net (F1 lower than 0.4). The enhanced
performance of U-Net with higher resolution data is ascribed to its
proficiency in detecting landslides not only by changes in vegeta-
tion but also by analyzing the landslide’s physical shape. However,
the research ultimately evidence that in the case study area, auto-
mated mapping using NDVI change and U-Net in basic configura-
tion still is affected by too many false positives and misses, so it
cannot eliminate the need for manual verification, especially for
precise identification of affected buildings and roads.

Keywords Automated mapping - NDVI - U-Net

Introduction

In May 2023, the Emilia-Romagna Region (northern Italy) has
experienced one of the most severe multiple occurrence regional
landslide event (Crozier 2005) (Fig.1). The inventory of the effects
on slopes of the May 2023 MORLE in Emilia-Romagna has been
recently published by Berti et al. (2025). It includes approximately
81,000 landslides, classified as debris slides (DS), debris flows (DF),
rock-block slides (RS) (in the coarse-grained bedrock units), and
earth slides (ES), earth flows (EF) (in the fine-grained bedrock
units), which have been manually mapped by geologists on the

basis of high-resolution multispectral aerial images. The event has
been caused by the subsequent occurrence of two major rainfall
events: May 1-3 2023, which delivered approximately 200 mm of
rain in 48 h, and May 16-17, which resulted in rainfall reaching
200-250 mm in 48 h. The estimated return period of the two com-
bined events exceeds 500 years (Brath et al. 2023).

One of the areas more severely affected by the May 2023 event
is the Municipality of Casola Valsenio. In 84 km?, a total of 5507
landslides have been triggered, damaging roads and endanger-
ing buildings (Berti et al. 2025). With reference to this area, that
is representative of the geological setting of the sector of the
Emilia-Romagna region affected by the disaster, and on the basis
of 4-bands (RGB + NIR) satellite and aerial imageries at different
resolution, this study aims to (i) test the performance of automated
landslides mapping techniques based either on NDVI changes
(Normalized Difference Vegetation Index; Tucker 1979) or U-Net
convolutional neural network (Ronneberger et al. 2015); (ii) assess
the extent to which false positives and misses resulting from auto-
mated mapping can affect the inventory of buildings and roads
impacted by landslides.

Background and rationale

The use of remote sensing data is crucial for landslides inventories
after major hydrogeological disasters (Guzzetti et al. 2012; Behling
et al. 2014; Tanoli et al. 2017; Gorelick et al. 2017; Ghorbanzadeh et al.
2020; Ferrario and Livio 2023). In Europe, the Copernicus Emer-
gency Management Service (CEMS) makes use mid- to high-resolu-
tion pre- and post-event satellite imagery (such as Sentinel-2 MSI at
10 m resolution in visible and NIR and Pléiades-1A/B at 0.5 m reso-
lution) to provide rapid mapping of landslides and flooded areas
using both visual and automatic methods (Joubert-Boitat et al.
2020). Similarly, in the USA, services of Rapid Response Landslide
Inventory are provided by the USGS (Martinez et al. 2021) using
visual interpretation of mid- to high-resolution pre- and post-event
satellite imagery including Sentinel-2, WorldView (0.3-0.5-m res-
olution), and Planet (2.7-4.0-m). ALADIM-VHR is a service cre-
ated by CNRS-EOST in Strasbourg, France, designed to map land-
slides triggered by significant events. It utilizes high-resolution or
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Fig. 1 Overview of the May 2023 disaster in the Emilia-Romagna region (from Berti et al. 2025, modified). Colors indicate the landslide density

(number of landslide per km?) determined through manual mapping

very-high-resolution satellite imagery (typically Pléiades, Spot6/7,
Geo-Eye and Planets) and employs change detection and machine
learning techniques for automated mapping (Stumppf and Kerle
2010). Recently, Amatya et al. (2021) introduced a novel landslide
mapping system named SALaD (NASA’s Semi-Automatic Landslide
Detection), which integrates object-based image analysis (OBIA)
and machine learning (ML) into open-source Python modules. This
system is designed to quickly map landslides across large areas
after extreme events.

The increasing availability of free services and open-access tools
for automated landslide detection highlights the vibrant nature of
this research field, driven by recent advancements in artificial intel-
ligence (Prakash et al. 2020, 2021; Tehrani et al. 2022; Meena et al.
2022; Chen et al. 2023; Khalili et al. 2024). Deep learning (DL) algo-
rithms, particularly those based on convolutional neural networks,
have emerged as the predominant methods due to their outstanding
pattern recognition and image segmentation capabilities (Su et al.
2021; Minaee et al. 2022). Over the past decade, a substantial body
of research has been published, featuring numerous variations of
the U-Net architecture originally proposed by Ronneberger et al.
(2015). Notable adaptations include ResU-Net (Ghorbanzadeh et al.
2022), Attention U-Net (Nava et al. 2022), Dual-encoder U-Net (Lu
et al. 2023),and U-Net with a ResNet Backbone (Chandra et al. 2023).
Other recent studies have focused on enhancing traditional methods
for automated mapping based on change detection indexes (Scheip
and Wegmann 2021; Milledge et al. 2022; Notti et al. 2023), pixel-based
approaches (Nichol and Wong 2005; Mondini et al. 2017; Lu et al.
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2019), or object-oriented techniques (Holbling et al. 2017; Comert
et al. 2019; Amatya et al. 2021), or integrating these methods with DL
techniques (Shahabi et al. 2022).

Despite these advancements, substantial challenges persist. In
a recent literature review, He et al. (2024) noted that the applica-
tion of DL models in landslide detection is “still in its infancy.”
They pointed out that both the design of DL architectures and the
enhancement of model performance and generalization capabili-
ties require more in-depth research. Novellino et al. (2024) also
emphasized the need for further studies to improve the opera-
tional effectiveness of these tools, including the establishment of
standardized training protocols for DL models. These challenges
are particularly crucial in the urgent context of landslide map-
ping. Automated methods are generally trained and tested using
databases of landslides from past rainfall or seismic events, often
with a training-to-test ratio of 70:30 or more. However, few studies
explore the application of these methods with very limited training
data available, which is a common situation in real-time emergency
scenarios, which demand quick and precise mapping. Further-
more, while advanced deep learning (DL) methods benefit from
high-resolution imagery—since greater spatial resolution allows
for finer detail detection (Bhuyan et al. 2023)—this advantage
comes with considerable practical limitations, including increased
computational load, higher memory demands, and a heightened
risk of overfitting, particularly when the training dataset is small
(Wang et al. 2024). Although these challenges are manageable in a
research setting, they can become substantial obstacles in practical



emergency applications. Indeed, the issues identified by Williams
et al. (2018) regarding the difficulties of rapid landslide mapping
under data and time constraints are still pertinent.

In this study, we assess two established methods for automated
landslide mapping (NDVI change and U-Net) by simulating their
application in a MORLE scenario. Our aim is to determine whether
automated methods can truly reduce mapping efforts, even when
time and calibration data are limited.

Methods
Landslides and damages dataset used for training and testing

The Casola Valsenio municipality extends for 84 km”® in the eastern
flank of the northern Apennines, in Italy, and it ranges in elevation
from 770 to 100 m above sea level (Fig. 2). Hillslopes are predomi-
nantly made of turbidite rock masses of the Marnoso-Arenacea
Formation (FMA). The structural setting is that of a monocline that
results in steep 30-50° slopes with FMA dipping uphill and gentle
15-20° slopes with FMA dipping downbhill.

Prior to the May 2023 MORLE, the Italian National Landslides
Inventory (IFF; Trigila et al. 2008) included 730 landslides in Casola
Valsenio, the majority being dormant rock-block slides (Fig. 2a). In
the May 2023, the municipality has been affected by a total of 5507
landslides, almost all of which were first-time failures (Berti et al.
2025) (Fig. 2b). Debris flows (DF) and debris slides (DS) have widely
affected steep forested slopes, leading to clearance of vegetation in
the source and track areas and deposited bare debris along or at
the bottom of slopes. At the same time, rock-block slides (RS) have
affected gentle slopes, determining clearly recognizable detachment
scarps and displaced rock blocks and boulders. Altogether, in Casola
Valsenio, the May 2023 MORLE landslides inventory of Berti et al
(2025) includes 4224 DS (1.73 km?), 1076 DF (1.81 km?), and 111 RS
(0.63 km?). Based on the size classification suggested by McColl and
Cook (2024), debris slides are generally small with an average area
of about 400 m? whereas debris flows and rock slides are considered
medium-sized, averaging about 1700 m* and 5700 m?, respectively.
These landslides affected 64 houses and 185 roads, considering struc-
tures inside or within 20 m of the landslides. These elements were
manually identified using aerial imagery with a high-resolution of
0.2 m per pixel, taken 1 week after the event. The data will be used to
evaluate the accuracy of automated methods in detecting damage,
which requires precise identification of landslide boundaries.

Satellite and aerial multispectral datasets

Table 1 provides details of the original satellite and aerial multi-
spectral datasets (4-bands, i.e., RGB + NIR) used in this study as
reference for pre- and post- May 2023 MORLE conditions.
Satellite datasets: (i) pre-event dataset S1 includes 10 m resolu-
tion Sentinel-2 images from May and June 2022; images just before
the event (April 2023) were unsuitable due to persistent cloud cover,
and images of March 2023 have been discarded as early spring is
marked by rapid vegetation growth and intense agricultural activi-
ties. (ii) Pre-event dataset S2 includes a single 10 m resolution Sen-
tinel-2 image captured in May 2022, exactly 1 year before the May

2023 event. (iii) Post-event dataset S3, includes the first available
10 m resolution Sentinel-2 images characterized by low cloud cover,
captured on 2023-05-23 (1 week after the main event). (iv) Post-
event dataset S4 includes 8 Sentinel-2 images with low cloud cover-
age captured during June 2023.

Aerial datasets: (i) Pre-event dataset A1 includes tiles of the
0.2 m resolution 2020 AGEA coverage (Agency for Agricultural Pay-
ments), surveyed between April and July 2020. It generally reflects
the vegetation state during the event period, although there might
be local variations owing to different agricultural practices. (ii)
Post-event dataset C1 includes tiles of the 0.2 m resolution 2023
CGR coverage, commissioned ad hoc by the Emilia-Romagna
Region in the aftermath of the 2023 MORLE,; it is the same data-
set used for manual landslides mapping by Berti et al (2025), and
Casola Valsenio has been surveyed on 2023-05-23.

Figure 3 highlights the relevance of image resolutions (both in
RGB and NIR spectrums) for detecting landslides in our scenario.
It is noteworthy that the smallest landslides, those under approxi-
mately 400 m?, can be identified in the high-resolution CGR images
(Fig. 33, b), whereas they are represented by a mere 4 X 4 pixels or
less in the Sentinel-2 images (Fig. 3¢, d).

Automated landslides mapping using NDVI changes

NDVI changes have been used to automatically map landslides that
caused disruption of vegetation (Fiorucci et al. 2019; Scheip and
Wegmann 2021). Ideally, pre- and post-event images should refer
to a similar season on the year (so to have comparable vegetation
states), and the post-event images should be from soon after the
event (so to better capture changes due to landslides). This should
allow to minimize the risk of mistakenly attributing to landslides
vegetation changes that are actually caused by other factors, such
as agricultural activities, deforestation, or fires (Mondini et al. 2013;
Yang et al. 2019).

We implemented the NDVI changes method with various com-
binations of pre- and post-event imagery as outlined in Table 2
(NDVI-1/2/3). For NDVI-1, we computed pre-event and post-event
NDVTI using datasets S1 and S4, respectively. This involved averaging
NDVI values from multiple images over approximately 2 months to
reduce noise and anomalies. Conversely, NDVI-2 was calculated using
datasets S2 and S3 to reflect the vegetation state from individual Sen-
tinel-2 images, enabling the detection of localized vegetation changes.
Lastly, NDVI-3 was conducted using high-resolution aerial images
from datasets S3 and C1, with a resolution of 0.2 m. This, potentially,
allows for the identification of small-scale vegetation changes not
observable in images with 10 m resolution, but it also introduces
additional “noise,” primarily due to shadows and lighting conditions
(Burgess et al. 1995; Yang et al. 2022). To address this, we resampled
the original 0.2 m images to 0.5, 1, 2, 5, and 10 m pixel size using
bilinear interpolation, which preserves the spectral integrity of the
original spectral bands. Ultimately, a 1 m raster resolution was found
to offer the best balance between accurate landslide delineation and
limitation of noise. All the Sentinel-2 images used in the NDVI analy-
sis (NDVI-1 and NDVI-2) were manually inspected and confirmed to
be cloud-free in the area of interest. Therefore, no additional cloud
masking (e.g., using s2cloudless or Sentinel QA bands) was applied.
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Fig.2 a Schematic geological map of the municipality of Casola Valsenio (Province of Ravenna, Italy). The Marnoso-Arenacea Formation is
categorized into three distinct members based on the prevailing Areneties/Pelites (A/P) ratio. b) Landslides triggered by the May 2024 MORLE
manually identified using high-resolution aerial imagery (0.2 m resolution) (from Berti et al. 2025)

972 | Landslides 23 « (2026)



Table 1 Satellite and aerial imagery used for landslide mapping through manual and automated methods

Dataset Period Image source Image type Spectral bands Pixel (m) Date Num-
ber of
images

S1 Pre-event Sentinel-2 Satellite RGB+NIR 10 5 May-30 June 2022 9

S2 Pre-event Sentinel-2 Satellite RGB+NIR 10 13 May 2022 1

S3 Post-event Sentinel-2 Satellite RGB+NIR 10 23 May 2023 1

S4 Post-event Sentinel-2 Satellite RGB+NIR 10 23 May-30 July 2023 8

A1 Pre-event AGEA Aerial RGB+NIR 0.2 April-July 2020 1

C1 Post-event CGR Aerial RGB+NIR 0.2 23 May 2023 1

Automated landslides mapping using U-Net

U-Net is a convolutional neural network (CNN) originally developed
for biomedical image segmentation (Ronneberger et al. 2015). The
architecture of U-Net features a contracting (downsampling) path
that captures the context and details of the input image, and an expan-
sive (upsampling) path designed for precise localization of features.
A key feature of U-Net is the incorporation of “skip connections,”
which allows the network to bypass deeper layers in certain instances,
enabling the transfer of rich, local information (such as textures or
specific shapes) directly across the network without loss of detail.
This feature is particularly useful for tasks requiring high precision in
image reconstruction, such as the segmentation of complex structures
(Litjens et al. 2017). As in any machine learning model, the effective-
ness of U-Net heavily depends on the quality and suitability of the
training dataset that accurately represents the variety of conditions
under which the target features can occur (Minaee et al. 2022).

U-Net has been extensively used for landslide mapping (Soares
etal.2020; Qi et al. 2020; Meena et al. 2022; Nava et al. 2022; Bhuyan
et al. 2023; Lu et al. 2023; Chandra et al. 2023; Shafapourtehrany,
et al. 2023; Chen et al. 2023). In these studies, the model was trained
using image tiles of varying sizes, sampled through different strate-
gies, including random and regular grid sampling, and commonly
enhanced with data augmentation techniques such as random rota-
tions and flips (Ronneberger et al. 2015). Currently, there are no
established general rules or standardized procedures regarding the
optimal number of tiles, their size, and other specific parameters.

For our analysis, we initially employed a standard U-Net architec-
ture integrated into an open-source Python script (Iakubovskii 2019).
This script was used to conduct several numerical experiments and
to validate the outcomes against the built-in functionality in MAT-
LAB. Ultimately, we opted to perform the final analysis using MAT-
LAB, as it offers enhanced facilities for processing and visualizing
geospatial data. The U-Net architecture itself comprises a moderately
deep encoder with four levels, each containing two convolutional lay-
ers, followed by a ReLU activation function, and max-pooling layers
interspersed to decrease spatial dimensions. The network employs 32
filters and utilizes the Adam solver for optimization with an adjust-
able initial learning rate ranging from 0.0001 to 0.01.

The U-Net analyses were carried out using both Sentinel-2 (case
UNET-1, dataset S3; Table 2) and high-resolution CGR imagery (case
UNET-2, dateset Ci; Table 2). To manage the challenges of memory

allocation and computational time, CGR images were resampled to
a 2 m resolution. Deep learning models like U-Net, in fact, require
significant memory for storing input images, handling augmented
data and training (Wang et al. 2024). For instance, a 1 km? image at
2 m resolution requires 4 MB of memory and forms a 500 X 500 pixel
array, whereas the same area at the original 0.2 m resolution requires
400 MB for a 5000 X 5000 pixel array. A computer with 12 GB of VRAM
can process multiple 2 m resolution images but struggles with a single
full-resolution image. Furthermore, training time escalates non-lin-
early with image size; training a tile for 100 epochs takes about 1 min
at 2 m resolution but could extend to 5 days at 0.2 m on a GeForce
RTX 3060 GPU. The decision to use lower resolution was dictated by
the limits of computational power and hardware resources typically
available in civil protection agencies or technical support structures,
where advanced computing infrastructure may not always be acces-
sible. A commonly adopted alternative in such cases is to preserve
high resolution by splitting the imagery into smaller tiles. However, in
our application, this approach proved problematic. Tiles smaller than
1km? often contained too few landslides for effective training, and a
significant number of polygons became fragmented at tile boundaries,
resulting in unrealistic shapes that negatively affected model perfor-
mance. For these reasons, reducing image resolution emerged as the
only viable solution for running the model on standard hardware.

NDVI and U-Net training and testing approaches

Automated landslide mapping requires ground-truth datasets
for training and testing models. Ideally, ground-truths should be
distributed across the study area and should encompass diverse
conditions related to terrain types, vegetation, and landslide types
and shapes. Conventionally, ground-truth dataset is randomly
divided into training and testing segments, typically using 80-20%
or 70-30% proportions (Chung and Fabbri 2005; Nava et al. 2022;
Chandra et al. 2023). However, such approach implies to have sub-
stantially completed the landslides inventory before being able
to train and test the automated mapping algorithms. This under-
mines the main added value of any automated algorithm, namely its
capacity to provide reliable landslides maps with limited time and
effort. Consequently, we have developed an unconventional train-
ing approach to explore the possibility of training NDVI and U-Net
using minimal ground-truth datasets.
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Fig.3 Examples of imagery from a small section of the study area illustrating various products. a CGR aerial image with 0.2 m resolution in
RGB; b CGR aerial image with 0.2 m resolution in NIR false colors; ¢ Sentinel-2 satellite image with 10 m resolution in RGB; d Sentinel-2 satellite

image with 10 m resolution in NIR false colors

At first, the study area was segmented into 86 grid tiles of
1x1 km size (Fig. 4). Each tile corresponds to 100 x 100 pixels in
the 10 m Sentinel-2 imagery, 500 X 500 pixels in the CGR imagery
resampled at 2 m, and 1000 X 1000 pixels in the CGR imagery resa-
mpled at 1 m. Generally, a single grid tile contains over 50 land-
slides, providing a reliable overview of landslide pattern. Then, we
proceeded to train the NDVI and U-Net models using a limited
number of tiles, specifically 1-2-4-6-8-10-12 tiles. Considering a
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total of 86 tiles, our training dataset ranged from 1% (1 tile) to 14%
(12 tiles) of the entire area. Testing was then carried out on the
remaining tiles, leading to a variable training-to-testing ratio from
1-99% to 16-84%.

Our approach incorporated two different strategies for tile selec-
tion: a random layout and a clustered layout (Fig. 4). In the random
layout, training tiles are randomly selected across the study area. This
approach aims to capture a wide range of conditions, thereby enhancing



Table2 Summary of the cases considered in the automated landslide mapping. Dataset codes refer to Table 1

Method Case Pre- Post- Pixel (m) Description
event event
dataset dataset
NDVI NDVI-1 S1 S4 10 Low resolution Sentinel-2 images (10 m). Pre- and post-event NDVI maps created
by averaging a series of images
NDVI-2 S2 S3 10 Low resolution Sentinel-2 images (10 m). Pre- and post-event NDVI maps obtained
by a single image
NDVI-3 A1 (@ 1 High-resolution aerial images (0.2 m) resampled at T m
U-Net  UNET-1 \ S3 10 Low resolution post-event Sentinel-2 image (10 m)
UNET-2 \ C1 2 High-resolution post-event aerial image (0.2 m) resampled at 2 m
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Fig.4 Location of tiles utilized for training the automated mapping models in both clustered and randomly selected training scenarios. The

numbers show the sequential inclusion of tiles in the analysis

the statistical robustness and generalizability of the results. In contrast,
the clustered layout involves grouping training tiles that are geographi-
cally close to each other. This approach is designed to simulate sce-
narios where post-event imagery is only available for a limited area and
manual mapping is possible only for specific local conditions. These
selection strategies led to the creation of 14 unique training scenarios:
seven in the clustered layout and seven in the random layout (Fig. 4).
In the NDVI method, training consists of identifying the NDVI
change threshold (ANDVI) that best distinguishes landslide pixels
from non-landslide pixels. All NDVI models (NDVI-1 to NDVI-3)
rely on simple NDVI differencing between pre- and post-event
images. To determine the optimal threshold, a range of ANDVI
values (from —2 to +2) was tested on the training dataset. For each
value, the corresponding F1-score was calculated (Tharwat 2018), as
the Fi-score is well-suited for highly unbalanced datasets like ours,
in which landslide pixels typically account for less than 10-15%

of each tile. The threshold that yielded the highest Fi-score on
the training tiles was selected as the optimal value. This adaptive
threshold was then applied to the testing tiles, and model perfor-
mance was again evaluated using the F1-score.

In the U-Net method, training is achieved through a process where
batches of data are continuously fed into the network. The network
makes predictions, and the weights are adjusted based on the calcu-
lated loss from these predictions. This cycle of prediction, adjustment,
and feedback is repeated across multiple epochs, or complete passes
through the training dataset, until the network achieves satisfactory
performance levels. Once trained, the U-Net model was applied to test
tiles to assess its effectiveness in real-world scenarios. The accuracy
and reliability of these predictions were evaluated using the F1-score.

To further assess the generalizability of the U-Net model and
improve the statistical robustness of the performance metrics, we
also implemented a k-fold cross-validation strategy. The 86 tiles
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were partitioned into k folds, with k set to 7, 8, 10, 15, 22, 44, and 86,
corresponding to 12,10, 8, 6, 4, 2, and 1 tiles per fold, respectively. For
each value of k, the models were trained on k - 1 tile groups ran-
domly selected and tested on the remaining group. This process was
repeated k times, yielding k Fi-scores per configuration. The average
F1-score * standard deviation across folds was then compared to the
values obtained using the random and clustered training layouts.
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Automated identification of affected buildings and roads

The prompt identification of damages caused by landslide is
crucial in the aftermath of a MORLE. For instance, in the May
2023 event, a rapid assessment of damages and related costs
was required to coordinate responses and to gather economic
resources.



Table 3 Effectiveness of automated mapping models across scenarios outlined in Table 2. F1-score values represent the highest score
achieved on the validation dataset. “Threshold” denotes the optimal NDVI change threshold identified

Training tiles Parameter Number of training tiles
distribution
NDVI-1 Clustered F1-score 0.49 0.51 0.51 0.52 0.51 0.52 0.52
Threshold -0.1 -0.12 -0.12 -0.12 -0.12 -0.14 -0.14
NDVI-2 F1-score 0.4 0.42 0.45 0.45 0.46 0.45 0.45
Threshold -0.08 -0.1 -0.14 -0.16 -0.16 -0.16 -0.16
NDVI-3 F1-score 0.46 0.45 0.46 0.46 0.45 0.45 0.45
Threshold -0.34 -0.32 -0.35 -0.34 -0.34 -0.35 -0.35
NDVI-1 Random F1-score 0.49 0.51 0.51 0.52 0.51 0.52 0.52
Threshold -0.1 -0.12 -0.16 -0.16 -0.16 -0.14 -0.14
NDVI-2 F1-score 0.43 0.42 0.45 0.45 0.45 0.45 0.45
Threshold -0.2 -0.22 -0.18 -0.18 -0.17 -0.17 -0.17
NDVI-3 F1-score 0.36 0.41 0.45 0.45 0.44 0.46 0.46
Threshold —-0.47 -0.43 -0.37 -0.37 —-0.41 -0.37 -0.37
UNET-1 Clustered F1-score 0.33 0.35 0.35 0.32 0.36 0.36 0.35
UNET-2 F1-score 0.47 0.50 0.56 0.60 0.59 0.64 0.64
UNET-1 Random F1-score 0.20 0.26 0.36 0.32 0.37 0.37 0.37
UNET-2 F1-score 0.46 0.51 0.58 0.60 0.58 0.62 0.58

To test the automated identification of buildings and roads
impacted by landslides, the maps generated by NDVI and U-Net
were overlaid to the map of vulnerable elements. Such dataset
(available in vector format from the Emilia-Romagna region’s topo-
graphic database, updated in 2024, just before the disaster) includes
buildings, cultural heritage sites, bridges, hydraulic structures, tun-
nels, roads, and railways. Mirroring the criteria used for manual
damage identification from high-resolution aerial images (see
Sect. “Landslides and damages dataset used for training and test-
ing”), we extracted buildings and roads, and any of these elements
intersected by, or within a 20 m buffer, an automatically mapped
landslide, is considered possibly damaged. The effectiveness of the
automated identification is assessed using a confusion matrix using
the manual detections as a ground-truth, thus computing correctly
identified potential damages (true positives TP), missed potential
damages (false negatives, FN), and erroneous detections (false posi-
tives, FP). Since only a small fraction of buildings and roads was
affected by the disaster, true negatives (TN) were not considered,
and the precision of the models was measured as P=TP/(TP + FP).

Results

Automated landslides mapping

The performances, in terms of F1-score, of the different automatic
mapping techniques with reference to the different combinations of
clustered and random training tiles show that (Fig. 5, Tab.3)

® The U-Net method outperforms the NDVI approach when using
high-resolution images (UNET-2, F1=0.64), with F1-scores
up to 30% higher than those achieved by the best NDVI map
(NDVI-1,F1=0.52).

® U-Net’s effectiveness significantly drops with lower-resolution
Sentinel-2 images (UNET-1, F1=0.35), bringing its performance
below that of the NDVI approach.

e NDVT’s performance is more influenced by the choice of pre-
and post-event images rather than image resolution. The best
NDVI results are obtained using Sentinel-2 images where
pre- and post-event scenes are averaged over a span of about 2
months (NDVI-1). In contrast, employing a single pre- and post-
event image (NDVI-2 and NDVI-3) leads to considerably lower
NDVI scores (F1=0.45 in both cases). Unexpectedly, reducing
the pixel size from 10 to 1 m does not lead to an improvement
in the F1-scores.

e The optimal NDVI threshold varies with image resolution,
showing values around —o.14 to —o.12 for Sentinel-2 images
(10 m resolution) and between —o0.40 and —o.34 for high-reso-
lution images downsampled to 1 m (Table 3).

® The arrangement of training tiles, whether clustered or ran-
domly placed, seems to have a negligible impact on the accu-
racy. Notable differences in performance are only seen when
U-Net is trained with a very limited number of tiles (less than
4). These findings are supported by the k-fold cross-validation
applied to the UNET-2 model, which yields consistent F1-scores
across varying numbers of training tiles (Fig. 5a,b).
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«Fig.6 Sample results of automated methods for landslide map-
ping in a selected area of Casola Valsenio. a, b Baseline data estab-
lished through manual mapping; ¢ landslide map generated using
the NDVI change method with an average from multiple Sentinel-2
images; d similar to ¢ but with NDVI change calculated using a sin-
gle image; e landslide map derived from NDVI change in high-reso-
lution AGEA-CGR images; f landslide map produced using UNET on
Sentinel-2 images; g, h landslide maps created with UNET applied to
CGR images, showing outcomes for both clustered (g) and randomly
distributed (h) training tiles. Yellow polygons in b-h indicate the
ground-truth landslide outlines

e A relatively small number of tiles, covering about 2-3% of the
total study area, is sufficient to achieve the highest score for
each method.

Figure 6 offers a visual comparison of the prediction maps gen-
erated by the different models over a selected portion of the study
area, chosen for its diverse landscape features, including agricul-
tural fields, forested slopes, and landslides of varying shapes and
sizes. The maps were produced using 12 training tiles (indicated
by circled symbols in Fig. 5). As shown, the NDVI method applied
to Sentinel-2 imagery (Fig. 6¢, d) successfully detects most land-
slides, though its accuracy is limited by the 10 m spatial resolution.
Increasing the resolution to 1 m with AGEA-CGR imagery (Fig. 6e)
enhances the mapping detail but introduces a noticeable salt-and-
pepper effect that reduces statistical performance. In contrast, the
UNET model yields accurate results only when using high-reso-
lution imagery (compare Fig. 6f with Fig. 6g, h). Its performance
appears only slightly affected by whether the training layout is clus-
tered (Fig. 6g) or random (Fig. 6h).

The limited performances of U-Net with Sentinel-2 images
(Fig. 6f) is largely due to the limited resolution of these images,
which hinders the detection of smaller landslides. Landslides that
are less than 400-500 m?, roughly equivalent to 2 X 2 pixels, are hard
to spot out even with the naked eye. The training of U-Net, which
relies on pattern recognition and contextual understanding similar
to human cognitive processes, encounters limitations under these
conditions. On the contrary, U-Net shows its effectiveness with Sen-
tinel-2 images for larger landslides that cover a more substantial
number of pixels (Chen et al. 2023).

A closer analysis of the results from two methods reveals differ-
ences not fully captured by the Fi-scores. Figure 7 presents the con-
fusion matrix and the distribution of misclassified pixels in the two
best-performing predictions (NDVI-1 and UNET-2), categorized by
land use type. For each category, the bars indicate the percentage of
false positives (FP) and false negatives (FN) within that class, rela-
tive to the total number of misclassified pixels. Figure 8 provides
visual examples of these classification errors.

The analysis shows that NDVI-1 generates a considerable num-
ber of false positives (FP) in arable lands, forested areas, and along
riverbanks. In arable lands, FP often arise when post-event imagery
captures plowed fields or a reduction in vegetation cover compared
to pre-event images, leading the algorithm to mistakenly identify
these areas as landslides (see sample areas E1in Fig. 8e). In forested
areas, false positives typically occur where trees have been cleared
(E2 in Fig. 8e), or around actual landslides, due to the coarse spatial
resolution of the Sentinel-2 imagery (E3 in Fig. 8¢). Additional false

positives are observed along rivers, where flood-induced vegeta-
tion removal confuses the algorithm’s classification (E4 in Fig. 8e).
False negatives, though less frequent, typically occur when land-
slides develop on agricultural lands that were already bare prior to
the event or, in forested slopes, where the landslide debris spreads
through the trees without significantly disturbing the vegeta-
tion. Although the canopy remains largely intact, these areas were
included in the landslide polygons during manual mapping.

UNET-2 encounters similar challenges but achieves higher accu-
racy, with a lower rate of misclassified pixels (compare the confusion
matrices in Fig. 7). This improved performance is due to the ability
of convolutional neural networks to consider not only changes in
pixel values but also the shape and spatial patterns of the features
to be identified (Ronneberger et al. 2015). For instance, some of the
plowed fields marked as E1 in Fig. 8e are correctly classified as non-
landslide areas by UNET (Fig. 8f). However, false positives still occur
in cases where cleared forests or plowed terrain exhibit shapes that
resemble landslides (Es in Fig. 8f). Another notable source of false
positives includes backyards and rooftops (urbanized areas in Fig. 7),
which UNET occasionally misclassifies as landslides due to subtle
color variations between pre- and post-event images, often caused
by differences in illumination or viewing angle. False negatives are
generally limited, except on forested slopes. In these areas, the issue
arises from manual mappings that often include both the detach-
ment and runout zones within the landslide polygons, even when
vegetation is still partially present (E6 in Fig. 8f). UNET struggles to
replicate this level of expert interpretation, which relies on contextual
understanding beyond spectral or spatial cues.

Regarding the ability to identify the different types of landslides,
both methods perform better with DS and DE but struggle with RS.
As expected, DS and DF are easier to spot as they stripped away veg-
etation, in contrast to RS, in which substantial parts of the sliding
blocks may preserve vegetation. In such cases (see an example in
Fig.9),both NDVI and U-Net methods detect the detachment area
and the fragmented debris at the toe as distinct landslide events, but
they fail to identify the real full extent of the landslide.

Figure 10 provides an additional comparison between the two
methods. It displays the 1x1 km tiles colored according to their
Fi1-scores, computed from high-resolution imagery using 12 clustered
training tiles and the two best-performing models NDVI-1and UNET-
2. The results indicate that UNET-2 reaches F1-scores higher than 0.5
in 75 of 86 tiles (approximately 87%), while NDVI-1 reaches similar
scores in only 44 of 86 tiles (about 51%). In U-Net, the tiles with the
lowest F1-scores have simultaneously low TP and high FP. This is often
observed in tiles with a sparse presence of landslides, where the few
positive pixels do not align well with the actual occurrences. Con-
versely, in the NDVI model, the lowest F1-scores are primarily due to
high FP. These inaccuracies tend to be distributed randomly across
the tiles and are in many cases associated with agricultural activi-
ties. As expected, the training tiles (marked with a thick black border
in Fig. 10) exhibit higher F1-scores, particularly for U-Net, which is
designed to identify complex data patterns. This effect is more sub-
dued for NDVI, as this method mainly tracks changes in vegetation
and is less sensitive to localized conditions.

Finally, Fig. 11 compares the landslide index (% ratio of land-
slide area to tile area) obtained by manual mapping (observed)
and by NDVI-1 and UNET-2 for all of the 86 tiles of Casola Vals-
enio (predicted). U-Net demonstrates a higher R* and lower RMSE
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Fig. 7 Histogram showing the distribution of misclassified pixels for the two best-performing models, NDVI-1 and UNET-2. Each bar repre-
sents the percentage of false positives or false negatives associated with different land use categories, relative to the total number of misclas-
sified pixels. Below the histogram, the confusion matrices for both models are displayed (0=no landslide; 1=Ilandslide). Values in the confu-

sion matrices are expressed as percentages of the total number of pixels

compared to NDVI, although both methods successfully estimate
the proportion of landslide area over a broad range of index values,
approximately from o to 20%.

Automated identification of affected buildings and roads

The automated identification of affected buildings and roads is some-
how more problematic than the mapping of landslides. Figure 12 com-
pares the counts of houses and roads affected by landslides determined
by manual mapping or by NDVI - U-Net. Manual mapping identified
64 houses and 185 roads impacted by landslides. U-Net, utilizing high-
resolution imagery (UNET-2) and trained on 12 tiles, was able to detect
assignificant portion of the affected roads and buildings (65% and 72%,
respectively). However, it also generated a significant number of FP,
particularly with buildings, often misclassifying roof tops as landslide
areas. On the other hand, the NDVT using Sentinel-2 (NDVI-1) had
fewer issues with false positives, but its accuracy in identifying affected
buildings drops to 49%. For both methods, the precision (P) is below
0.52 for both roads and buildings.
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Discussion

In this study, we evaluated two automated methods for rapid map-
ping to aid in the detection of landslides in emergency scenarios.
Our evaluation took place in a selected area within the Emilia-
Romagna Region which was affected by a MORLE in May 2023.
The maps generated through automated processes were analyzed
against a manually created map by expert geologists. Overall, on the
basis of the F1 score, results of automated landslides mapping are
in most cases satisfactory. However, these results come with some
expectable limitations.

A first limitation is that we deliberately chose not to use additional
data layers to train U-Net or integrate NDVI changes in a multicriteria
framework. Our goal was to test the predictive capability achievable
using only multispectral images, assuming that other datasets might
not be immediately available after a MORLE. Nonetheless, incorpo-
rating additional layers can enhance accuracy. As shown in Fig. 12,
adding a fifth input band representing NDVI change improves the
detection of damaged buildings and roads. The UNET-A and UNET-B
models extend the baseline UNET-2 (which uses four high-resolution



NDVI-1

Pre-event Sentinel 2 (10 m)

0 100 200 Meters
(=]

Post-event Sentinel 2 (10 m) + manually detected landslides

}

100 200 Meters

Model-predicted landslide map

Pre-event AGEA (0.2 m)

UNET-2

100 200 Meters

¥
i

#
L

100 200 Meters

o3

e ei-._‘ i;' \;a U R Ql
£ g
:

0 100 200 Meters
’Q [\ S S S|
2

0 100 200 Meters
L4 :O [ QY S S— |
2

(] True Negatives  [] True Positives

[l False Negatives

H False Positives

E1-6 Sample clasification errors

Fig.8 Examples of classification errors for the two best-performing models, NDVI-1 and UNET-2. a, b Pre-event images; ¢, d post-event
images with manually mapped landslides; e, f classification error maps produced by the two methods. Labels E1-E6 indicate sample areas of

misclassification discussed in the text

Landslides 23 + (2026) | 981



| Technical Note

Pre-event aerial image (AGEA 0.2 m)

%d' landslide-t 8"

Post-event aerial image (CGR 0.2 m)

Fig.9 Challenges in automatically mapping rock-block slides. a, b High-resolution images before and after a typical rock-block slide in the
study area; ¢, d automated landslide maps generated from high-resolution imagery using the NDVI change method (c) and the UNET algo-
rithm (d). Purple polygon indicates the manually mapped landslide (ground truth)

AGEA-CGR bands) by including an NDVI change layer derived
from high-resolution orthophotos (UNET-A) or Sentinel-2 imagery
(UNET-B). This leads to a notable increase in precision: for buildings,
from 0.25 (UNET-2) to 0.46 (UNET-A) and 0.55 (UNET-B); and for
roads, from 0.46 (UNET-2) to 0.69 (UNET-A) and 0.65 (UNET-B).
The NDVI data help the network distinguish landslides, bare soil,and
similarly colored areas such as rooftops, reducing false positives.
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Several studies have underscored the effectiveness of a multi-layer
approach in enhancing the mapping capabilities of convolutional neu-
ral networks, as these models are inherently adept at uncovering com-
plex relationships among numerous parameters (Soares et al. 2020; Su
et al. 2021; Bhuyan et al. 2023). In principle, incorporating topographic
features such as slope, aspect, and curvature should improve segmen-
tation performance by helping detect the irregular morphologies of
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landslides shaped by local terrain. However, in our case, the inclusion
of these layers resulted in only marginal improvements. We tested the
integration of slope, aspect, and curvature, derived from a pre-event
5 m DEM using standard GIS algorithms, as additional inputs to the
UNET-2 model. The performance gain was minimal: for example,
using 12 training tiles with a clustered layout, the F1-score increased
from 0.64 (using only the 3-band CGR imagery) to 0.65 with the added
topographic layers, representing a difference of just 0.01.

This limited gain is likely due to the relatively simple mor-
phology of landslide boundaries in our study area, which can be
effectively captured using spectral and NDVI data alone. A closer
examination of the automated landslide maps suggests that much
of the remaining discrepancy with the ground truth stems from the
inherent difficulty of replicating expert-based mapping. Human
interpreters often rely on contextual and geomorphic cues beyond
pixel-level information, for example, recognizing landslide deposits
beneath partially intact vegetation, or distinguishing recent slope
failures from pre-existing bare soil. Such expert judgments remain
difficult to reproduce with automated approaches.

A second limitation concerns the use of high-resolution aerial
imagery. We resampled the original 0.2 m datasets to 2 m, thus
not fully exploiting their potential. High-resolution images offer
clear advantages for landslide mapping, notably the detection of
smaller features (Malamud et al. 2004; Guzzetti et al. 2012). How-
ever, their use in NDVI and U-Net mapping introduces problems.
NDVI changes derived from 0.2 m images generate numerous small
polygons in forested areas because leaf shadows are misclassified
as landslides. Spatial interpolation techniques (e.g., bilinear inter-
polation) mitigate this noise (Smith 1981; Bhattacharjee et al. 2014;
Xu et al. 2015), but also blur edges that are important for precise
delineation. More advanced denoising techniques like bilateral fil-
tering (Annaby and Nehary 2021), DnCNN (Wang 2021), or CGANs
(Kim and Lee 2020) can reduce noise while preserving edges, but
have not yet been widely used in landslide research. Furthermore,
processing U-Net with 0.2 m images was computationally very
demanding. Although high-resolution images should theoretically
improve deep learning performance (Bhuyan et al. 2023), they dra-
matically increase computational requirements and overfitting risk,
particularly when the training dataset is limited (Wang et al. 2024).

Many published studies on landslide mapping use image patches
ranging from 64 X 64 pixels to 224 X 224 pixels (Prakash et al., 2021;
Ghorbanzadeh et al. 2021, 2022; Lu et al. 2023; Chandra et al. 2023). At
a 10-m resolution of Sentinel satellite images, these patches represent
large areas (from 0.4 to 5 km?), likely containing enough landslide fea-
tures for training, and are easily manageable with standard hardware.
In contrast, the same patch sizes in 0.2 m aerial images correspond
to much smaller areas less than 50 X 50 m, which might not contain
enough landslide features for a proper training. Since the computational
complexity of convolutional neural networks increases quadratically
with spatial resolution (Ronneberger et al. 2015), high-resolution images
are hard to process with standard hardware. Several recent studies
address this issue with strategies such as using Transformers (Zamir
et al,,2022), Deep Multi-Feature Learning (Su et al. 2021), or specialized
hardware (Civit-Masot et al. 2021). These approaches are still primarily
used in computer vision or medical applications and, to our knowledge,
have not yet been tested for automated landslide mapping.

Another important topic is the reliability of the “ground truth,”
that is the landslide inventory used to train and test the U-Net and

NDVI approaches. We treated the manual map as an accurate rep-
resentation of the MORLE-induced landslides, but manual mapping
inevitably involves subjectivity (Guzzetti et al. 2012). For example,
in many cases, we included areas beneath partially intact vegetation
to capture the full extent of deposits (Berti et al. 2025). Distinguish-
ing shallow landslides from erosion, or identifying debris passing
over bedrock cliffs, was also challenging. Automated methods can-
not replicate such subjective expert judgement. Uniform guidelines
for landslide mapping, as advocated by Novellino et al. (2024), may
help standardize inventories used for training.

Despite these limitations, our findings confirm that U-Net out-
performs NDVI change detection in accurately identifying land-
slides. NDVI frequently misclassifies agricultural fields as landslides,
whereas U-Net reduces false positives by using both spectral infor-
mation and shape-based recognition. Both approaches achieved
relatively high Fi-scores even with limited training data, suggesting
that manually mapping only about 2-3% of the area may be sufficient
for training and achieving near-optimal performance. This demon-
strates the feasibility of applying such methods immediately after
a MORLE. However, automated identification of affected buildings
and roads remains difficult because it requires very high precision,
particularly in areas with numerous small landslides. For the 2023
Romagna MORLE, automated mapping of impacted buildings and
roads is still not reliable enough for operational use.

Finally, it should be stressed that irrespective of whether an auto-
mated or manual approach is employed, the timely availability of
high-resolution images following a MORLE is crucial for effectively
managing the crisis. Policies regulating access to high-resolution
satellite data should therefore consider enabling their rapid sharing
with public institutions involved in emergency response. Ongoing
research efforts related to the Romagna 2023 disaster entail refining
UNET for broader area application, analyzing landslide susceptibility,
and crafting predictive models for landslide initiation and spread.
The authors extend a warm invitation to colleagues for collaborative
participation, aiming to extract valuable insights from this event.

Conclusions

In our study area, U-Net clearly outperforms NDVI change detec-
tion in accurately identifying landslides, mainly due to its lower
susceptibility to false positives and its ability to exploit both spec-
tral and morphological information. Both methods achieve rela-
tively high Fi-scores even with limited training data, suggesting
that manual mapping of about 2-3% of the area is sufficient for
effective model training. This supports the feasibility of rapid auto-
mated mapping in the aftermath of a MORLE.

However, automated mapping of affected buildings and roads
remains challenging, as it requires very high precision and is still
not sufficiently reliable for operational emergency response. The
accuracy of automated methods is also constrained by the subjec-
tivity of manual inventories, the computational limitations of pro-
cessing high-resolution imagery, and the difficulty of reproducing
expert-based geomorphological interpretation.

Overall, while automated approaches offer promising capabilities
for rapid landslide detection, particularly when timely high-resolu-
tion imagery is available, they should be used with awareness of their
current limitations. Continued advances in model architectures, data
availability, and standardized mapping guidelines will be essential to
further improve their operational value in post-MORLE scenarios.
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