ARCHIVIO ISTITUZIONALE
ONIVERSITA DI BOLOGNA DELLA RICERCA

Alma Mater Studiorum Universita di Bologna
Archivio istituzionale della ricerca

Automating Landslips Segmentation for Damage Assessment: A Comparison Between Deep Learning and
Classical Models

This is the final peer-reviewed author’s accepted manuscript (postprint) of the following publication:

Published Version:

Ciccone, F., Ceruti, A., Bacciaglia, A., Meisina, C. (2024). Automating Landslips Segmentation for Damage
Assessment: A Comparison Between Deep Learning and Classical Models. Cham : Springer [10.1007/978-
3-031-58094-9 11].

Availability:
This version is available at: https://hdl.handle.net/11585/970796 since: 2024-09-09

Published:
DOI: http://doi.org/10.1007/978-3-031-58094-9 11

Terms of use:

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's website.

This item was downloaded from IRIS Universita di Bologna (https://cris.unibo.it/).
When citing, please refer to the published version.

(Article begins on next page)

07 May 2026



http://doi.org/10.1007/978-3-031-58094-9_11
https://hdl.handle.net/11585/970796

Automating landslips segmentation for damage
assessment: a comparison between deep learning and
classical models

Francesco Ciccone![0000-0002-0983-3266]  AJessandro Cerutitl0000-0001-7947-3932] " Antonio Bac-
Ciaglial[0000-0002-4384-6300] Claudia Meisina2[0000-0003-3673-3794]

! Department of Industrial Engineering — DIN, University of Bologna, Italy
2 Department of Earth and Environmental Sciences, University of Pavia, Italy
francesco.ciccone2@unibo.it

Abstract. Natural disasters have a significant effect in terms of impacted indi-
viduals and casualties. Artificial Intelligence (Al) techniques for automatically
segmenting landslides from aerial photos is a relatively new field of research.
Segmenting landslips quickly and accurately can significantly aid in assessing
the damage caused by natural disasters. This research aims to compare the per-
formance of Al techniques with more classical methods for the automatic seg-
mentation of landslides from aerial images for damage assessment.

It is presented a dataset of satellite images containing landslides collected in the
Broni (Italy) region and annotated to train and test the segmentation model.
Both classical image processing techniques, such as thresholding and edge de-
tection, and Al-based methods, such as U-Net, are applied to the dataset.
Overall, this research demonstrates that Al-based methods are a promising tool
for automatically segmenting landslides from aerial images and can be a power-
ful asset in assessing the damage caused by natural disasters. The study also
highlights the importance of combining classical and Al-based methods for bet-
ter performance, especially in challenging and complex scenes.

Keywords: Semantic Segmentation, Artificial Intelligence, Landslips, Damage
Assessment.

1 Introduction

Landslides are a significant geological hazard that causes death, property damage, and
interruption of transportation networks. Catastrophic events have more than doubled
globally in recent years [1]. Monitoring and predicting landslides is a critical task that
can help mitigate their impact. In recent years, satellite imagery has become a valua-
ble tool in landslide detection and monitoring [2]. Satellite images offer a wide cover-
age area and allow frequent monitoring of areas prone to landslides. Damage assess-
ment using satellite images can be critical in determining the impact of devastating
events [3].



On the other hand, analysing satellite photos for landslide identification and hazard
assessment is a complex process. Landslide features can be tiny and difficult to see,
and air conditions and other noise sources might influence images. The manual pro-
cess of segmentation (the sketching of a closed path of lines to encircle a significative
area in an image) is painstaking and time-consuming. As a result, automated systems
for analysing satellite photos for landslide identification and monitoring could help
reduce operators’ workload.

Deep learning and traditional computer vision segmentation approaches have emerged
as valuable tools for image analysis tasks. Deep learning approaches, such as convo-
lutional neural networks (CNNs), have demonstrated extraordinary success in picture
segmentation tasks, achieving state-of-the-art performance in various applications.
Besides, traditional computer vision approaches such as edge detection and threshold-
ing have been widely employed for picture segmentation applications and are compu-
tationally efficient.

This paper investigates segmentation techniques using deep learning (U-Net [4]) and
classical computer vision methods for landslide detection in satellite images for dam-
age assessment. We aim to compare the performance of those techniques and evaluate
their suitability for different types of landslides and image conditions. Specifically,
we will focus on the following objectives:

elnvestigating the performance of classical computer vision methods for land-
slide segmentation;

eTesting a deep learning U-Net segmentation model for landslide detection in
satellite images;

eComparing the performance of deep learning-based and classical computer vi-
sion-based segmentation methods for landslide detection in satellite images;

The results included in this study can help improve the efficacy of segmentation algo-
rithms for landslide detection in satellite or aerial pictures, as well as inform the de-
velopment of automated landslide analysis systems.

The problem of hydrogeological instability is increasing in importance in Italy. De-
veloping segmentation techniques can help monitor existing landslides (improving
social sustainability) and damage assessment. Very often, after intense phenomena,
public bodies have to assess the damage quickly to pay compensation requested by
the affected parties. A system of this type could help public administrations quickly
map the areas affected by natural disasters, avoiding fraud and supporting those dam-
aged (addressing economic sustainability) and suggesting places to be avoided to
build on (environmental sustainability).

2 Classical Computer Vision methods

Nowadays, landslides can be identified and monitored using images taken from satel-
lites, manned aircraft or helicopters or autonomous aerial vehicles. Landslide zones
may be segmented from pictures using a variety of approaches, including threshold-



ing, edge detection, and the Canny algorithm. This chapter will examine how these
classical strategies for image analysis can be used to segment landslides from aeri-
al/space images.

2.1  Thresholding

Thresholding is a typical image processing technique that segments images based on
pixel intensity values. It involves setting a threshold value and then classifying pixels
above or below this value as belonging to different objects in the picture. In landslide
segmentation, thresholding can separate landslide areas from the surrounding terrain
based on pixel intensity values.

We first need to select an appropriate threshold value to implement thresholding for
landslide segmentation. This can be done using various methods, such as Otsu's or
maximum entropy [5]. Once the threshold value is determined, we can apply it to the
images using a simple thresholding function. This will classify each image pixel as
belonging to the landslide area or the surrounding terrain.

2.2  Edge detection

Edge detection is a technique to identify the boundaries between objects in an image.
In the context of the segmentation, edge detection can determine the edges of the
landslide area, which can then be used to accurately segment the site from the sur-
rounding terrain.

There are various edge detection algorithms available, such as the Sobel [6], Prewitt
[7], and Roberts operators [8]. These operators work by calculating the gradient of the
image intensity values and identifying areas of rapid change in intensity, which corre-
spond to the edges of objects in the image.

To implement edge detection for landslide segmentation, we can first apply a smooth-
ing filter to the satellite image to reduce noise and enhance edges. We can then use an
edge detection algorithm to identify the edges of the landslide area. The resulting
edge map can then be combined with the thresholded image to segment the landslide
area more.

2.3 Canny Algorithm

The Canny edge detection algorithm was proposed by John Canny in 1986 [9] and has
become a standard method for edge detection in computer vision and image pro-
cessing. The algorithm aims to detect the edges of an image by finding the points of
maximum gradient magnitude in the picture. The algorithm has several steps: smooth-
ing, gradient calculation, non-maximum suppression, and thresholding.

In the context of the present research, the Canny edge detection algorithm can extract
the boundaries between the landslide areas and the surrounding terrain. Landslides are
characterised by abrupt changes in elevation and slope, which the edge detection algo-
rithm can detect.

Several studies have successfully applied the Canny edge detection algorithm for
landslide segmentation from satellite images. For example, [10] used the Canny edge



detection algorithm to extract the boundaries of landslide areas from optical images in
Greece. They compared the results with other edge detection algorithms and found
that the Canny algorithm performed better in accuracy and efficiency. Similarly, [11]
used the Canny edge detection algorithm to extract the boundaries of landslide areas
from SAR images in China.

3 U-Net for landslips segmentation

Segmentation of landslides from remote sensing images is crucial for disaster man-
agement and damage assessment. Manual segmentation of landslide areas is time-
consuming, wearing for operators, and prone to human error. Thus, there is a need for
an accurate and automated method for landslide segmentation. In recent years, deep
learning-based approaches have shown promising results in various image segmenta-
tion tasks [12-15]. U-Net's design enables rapid and precise segmentation of landslide
features from satellite or aerial imagery [16-18]. The network learns to recognise
landslide phenomena such as soil erosion, rock falls, and debris flows using a modest
number of training instances. U-Net's architecture makes it simple to apply and adapt
to diverse datasets, making it an appropriate tool for landslide segmentation in various
locales and environmental situations. Adopting U-Net as a novel and accessible tech-
nology for landslide segmentation has enormous promise in disaster management and
preventive efforts. Thanks to the model's ability and knowing the camera’s resolution,
it could be possible to compute the area interested in the landslip rapidly and precisely
to accelerate the damage assessment process.

3.1  U-Net Model

The U-Net architecture was proposed by Ronneberger in 2015 [4] for biomedical
image segmentation. It is a convolutional neural network consisting of two parts: the
contracting and expansive paths.

The contracting path consists of repeated application of 3x3 convolutional layers,
followed by a Rectified Linear Unit (ReLU) activation function and a 2x2 max-
pooling operation with stride 2. This operation reduces the spatial resolution of the
feature maps while increasing their depth. The final feature map from the contracting
path is then passed to the expansive path.

The expansive path consists of repeated application of 2x2 up-convolutional layers,
increasing the feature maps' spatial resolution while reducing their depth. A concate-
nation follows each up-convolutional layer with the corresponding feature map from
the contracting path and a 3x3 convolutional layer with ReLU activation. The concat-
enation operation enables precise localisation by providing high-resolution features
from the contracting path to the expansive path.

The final layer of the U-Net model is a 1x1 convolutional layer with a sigmoid activa-
tion function, which produces the probability map of the segmentation mask. Fig. 1 it
is shown the general architecture of the U-Net model.



Input K Output
image |#|# [ s 1L E]

g B E B

& HEHEE

S
G| 5|8
l...
256 128 128
"‘“ 10
HE B o ff =l 2
B Bl E B
255 256 512 256 256
Conv 3x3, Relu
EL :l = JP- E = Copyand crop
512 512 1024 512 51 "
. Max pool 2x2
P 2 A oy = I
sl s [ A+ Upconvze
. l 102 m)dl ) Conv 1x1
8

Fig. 1. General U-Net architecture.

4 Implementation

The dataset used in this study consists of 32 high-resolution aerial images of the re-
gion of Broni (ltaly) taken from a fixed-wing manned aircraft. Every landslip con-
tained in the photos was manually segmented. The Landslide Inventory Map of the
study area was used as ground truth data to evaluate the accuracy of the segmentation
methods. Fig. 2 it is represented an example of the dataset used.

Fig. 2. Example of a dataset representing landslides manually segmented in the region of Broni
(ltaly).

Traditional computer vision approaches were used to segment the landslides in the
dataset. The photos were binarised using thresholding algorithms to create a binary
mask of the landslides. The Otsu approach was used to determine the best threshold
value for distinguishing the pixels of the landslides from the background. The Sobel
operator and the Canny edge detection method determined the landslide borders. Un-
fortunately, the findings from these approaches were unsatisfactory because they



failed to represent the landslides' intricate properties, such as their irregular forms and
textures. Fig. 3 below illustrates an application of thresholding, Otsu, Sobel and Can-
ny edge detection to a landslide aerial photo.

Fig. 3. Application of classical Computer Vision methods to dataset representing landslides of
the Broni region (ltaly): a) original image, b) original grey image, c) application of Sobel edge
detection, d) application of global thresholding, c) application of Otsu thresholding, d) applica-
tion of Canny edge detection.

To apply U-net to the landslips dataset, the first step is to prepare the dataset. The
images should be of high resolution to ensure accurate segmentation. The dataset was
then split into training and validation sets. The loss function used to measure the dif-
ference between the predicted and ground truth segmentation maps was the Binary
Cross Entropy shown in eq.1.

Hy(q) = — 2 X, v, log(p(y)) + (1 — y)log (1— p(v)) ()

Where y is the label (1 for landslide and O for background), and p(y) is the predicted
probability of the pixel being a landslide for all N' pixels.

During the training, the U-Net model needs the original RGB image containing the
landslide and the associated mask in which the corresponding landslip was manually
segmented; the mask represents pixels completely white if corresponding to a land-
slide otherwise are black.

Our U-Net model was trained for 50 epochs using a batch size of 4, with input image
sizes of 700x620 and a learning rate of I.. = 0.001.

The model achieved an accuracy of 82.59, with a loss of 0.166 and a dice score of
0.438. Fig. 4 shows an example of segmentation produced by the model.



Fig. 4. U-Net implementation. The left image represents the original RGB, the centre corre-
sponds to the manually segmented mask, and finally, the right image shows the output pro-
duced by U-Net.

It should be noted that the model has been trained using only 28 images. Typically,
deep learning models need thousands of photos to be correctly trained. The results
shown in Fig. 4 are much better than the mask output using classical methods. How-
ever, it is essential to report the difficulty of the model to segment landslips covered
by vegetation and not clearly distinguishable, as reported in Fig. 5.

Fig. 5. Difficulties of U-Net model segmentation.

5 Conclusion

The segmentation of landslides in satellite images is a challenging task due to the
complexity of the natural environment and the variability of landslide features. Clas-
sical computer vision methods, such as thresholding and edge detection, have been
widely used for image segmentation. However, these methods may not be efficient in
identifying the complex features of landslides. U-Net, a convolutional neural network
architecture, has shown promise in image segmentation, including landslide segmen-
tation. This paper presents a preliminary assessment of the performances of different
image analysis techniques, and a wide range of improvements is required to obtain
better results. In order to deeply understand the capacity of such models, the dataset
needs to be enlarged, possibly including new data such as near-infrared images. It is
also essential to analyse the possible modifications implemented in U-Net to enhance
its segmentation ability. Last but not least, a study about the dual implementation of
classical computer vision methods with U-Net could be beneficial: a possible strategy
to improve the results could be to apply a thresholding method to the images and then
merge the original RGB images with the corresponding results of the thresholding and
then using the resulting pictures to train the U-Net model.
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