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A B S T R A C T   

Transportation networks are severely affected by natural hazards, including landslides. The prioritization of 
maintenance works is required to preserve the efficiency and functionality of road infrastructure. To overcome 
the subjectivity of traditional visual inspections for road pavement condition assessment, advanced (semi-) 
automatic approaches have been emerging. Still, the quantitative and objective description of damage typology 
and extent, and its severity classification remain the major issues for the assessment of landslide impacts on 
transportation routes. The objective of this work is to provide a ready-to-use tool for semi-automatic damage 
assessment of asphalt-paved roads in landslide-affected areas to support risk analysis and planning of mitigation 
measures. The use of 3D models and 2D images as reconstructed from UAV-based photogrammetry is investi-
gated to detect longitudinal and transverse cracks on the road pavement and assess their severity in landslide 
areas, as a rapid, systematic, objective and less laborious alternative to traditional field surveys. A semi- 
automatic procedure is proposed to i) select asphalt-paved roads exposed to landslides, ii) rapidly map dis-
tresses on selected road sections, iii) quantitatively detect and describe longitudinal and transverse cracks, and 
iv) classify their severity according to the International Roughness Index (IRI). The procedure is applied to the 
Province of Como (northern Italy), where three test sites are selected for detailed analyses. The results indicate 
that the proposed procedure is useful for road management purposes at different levels of details by providing 
four outputs: i) a road damage hotspot map to detect deformations, ii) a multi-criteria binary classifier to detect 
pavement damage, iii) an IRI-based criterion to rate the pavement quality, and iv) a road damage severity map.   

1. Introduction 

Management of transportation networks in landslide-affected areas 
requires efficient, precise and objective methods for damage detection 
and assessment, including its quantification. By providing 3D models of 
the road infrastructure, digital photogrammetry based on Unmanned 
Aerial Vehicles (UAV) has a strong potential for rapid and more auto-
matic characterization of pavement damage. 

Landslides can induce severe physical damage to road infrastructure, 
also threatening human lives and vehicles (Bordoni et al., 2018; Mav-
rouli et al., 2019; Postance et al., 2017; van Westen et al., 2006). The 
impacts of ground movements on transportation networks involve 
pavement deterioration, traffic disruptions, decrease in road service-
ability and transportation efficiency, and in the worst case, partial or 

complete failure of the infrastructure (Mavrouli et al., 2019; Postance 
et al., 2017). Preserving the quality and operational efficiency of 
transportation facilities is therefore essential for the social and economic 
development of a territory and to ensure the safety and comfort of users, 
also in landslide-affected areas (ANAS, 2004; Cubero-Fernandez et al., 
2017; De Blasiis et al., 2020; Lee et al., 2015; Nappo et al., 2019; Ragnoli 
et al., 2018). 

Road pavements are composed by layers of different materials and 
thickness fulfilling structural and operational functions. The surficial 
layer, which can be asphalt or concrete, can be subjected to ground and 
slope instabilities besides vehicle loadings, weathering and other envi-
ronmental factors, as for example tree roots expansion (ANAS, 2004; 
George et al., 1989). As summarised in Table 1, the major effects on 
asphalt-paved roads are cracking, distortion and disintegration (AASHO, 
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1962; ANAS, 2004; ASTM, 2020) that determine progressive pavement 
deterioration and loss of functionality. By inducing localized displace-
ments, landslides typically cause cracking (i.e. longitudinal and trans-
verse cracks) and/or distortions (i.e. depression and upheaval) on the 
road surface (Mavrouli et al., 2019; Nappo et al., 2019). However, 
differentiating between the causes of pavement disruption (see Table 1) 
remains difficult, as the observed damage is often due to the synergistic 
action of multiple factors, including landslides. 

Pavement distress catalogues as provided by AASHO (1962), ANAS 
(2004) or ASTM (2020) are useful for minimizing the subjectivity in 
visual identification and description of road condition, but they do not 
provide numerical indicators for distress characterization or severity 
classification that are essential to prioritize interventions (Inzerillo 
et al., 2018; Ragnoli et al., 2018). As part of the Pavement Management 
System (PMS), the maintenance of transportation networks during their 
life-cycle is usually based on pavement condition indices, which assess 
the surface roughness, distress, bearing capacity and skid resistance 
(George et al., 1989; Inzerillo et al., 2018; Ragnoli et al., 2018; Tan and 
Li, 2019). When investigating the road vulnerability to natural hazards, 
damage severity levels are defined as function of the impacting phe-
nomena, and used to rate the expected effects on the infrastructure (e.g. 
Mansour et al., 2011; Mavrouli et al., 2019; Nappo et al., 2019). How-
ever, a quantitative and efficient description of damage typology, extent 
and severity using road-related parameters is still lacking (Nappo et al., 
2020). 

Traditionally, the pavement condition is assessed via visual in-
spections of the road surface, which can be expensive, time-consuming, 
labour-intensive, and subjective (Coenen and Golroo, 2017; Inzerillo 
et al., 2018; Ragnoli et al., 2018; Wang et al., 2019). (Semi-)automatic 
methods involving computer vision algorithms and terrestrial or mobile 
platforms are becoming a common objective for road damage charac-
terization (Inzerillo et al., 2018; Ragnoli et al., 2018). Laser scanners and 
UAV are currently widely available in commercial and industrial prac-
tice for rapid acquisitions and/or mapping of the surveyed object. 
However, the application of these technologies for PMS is still limited 
because of i) the high cost of laser scanners to survey several sections of 

the road infrastructure, ii) the need for qualified pilots to fly UAV, and 
iii) the lack of standard procedures for road practitioners to automati-
cally characterize the road pavement damage at wide scale. 

The following Sections 1.1 to 1.3 give an overview of the current i) 
use of pavement quality indices to assess the road condition under usual 
stress, ii) classification of road damage severity in landslide vulnera-
bility analyses, and iii) methodologies for automatic detection and 
mapping of pavement distress. The objectives of this paper are then 
stated in Section 1.4. Based on the existing gaps of knowledge and 
considering the need to objectively characterize road pavement damage 
in landslide areas, this paper aims at detecting and classifying longitu-
dinal and transverse cracks on asphalt road pavements by combining 3D 
and 2D photogrammetry products. 

1.1. Pavement quality indices 

As part of worldwide applied road maintenance and rehabilitation 
procedures, the International Roughness Index (IRI), the Pavement 
Condition Index (PCI) and the Pavement Serviceability Index (PSI) are 
the mostly used indicators of pavement structural and operational per-
formance under usual stress conditions. These indices are based on the 
road roughness, distress, bearing capacity and skid resistance (George 
et al., 1989; Hatmoko et al., 2019; Pawar et al., 2018; Ragnoli et al., 
2018; Tan and Li, 2019). 

The International Roughness Index (IRI) rates the smoothness of a 
pavement, and it is calculated as the deviation of the current road sur-
face (typically, longitudinal profile) from a reference planar surface in 
optimum conditions (ASTM, 2015). The road longitudinal profiles are 
commonly obtained using inertial or laser profilers and other in-
struments that simulate the vehicle motion response while travelling 
along a road path (ANAS, 2004; ASTM, 2015; Ngwangwa et al., 2010; 
Zhang and Wang, 2018). Statistic-based approaches using linear and 
nonlinear regression models are also applied to correlate the IRI with 
road surface distress (e.g. Kirbaş, 2018; Mubaraki, 2016a, 2016b; Pat-
rick and Soliman, 2019) or the PCI (e.g. Elhadidy et al., 2019; Hatmoko 
et al., 2019; Park et al., 2007; Psalmen Hasibuan and Sejahtera Surbakti, 
2019; Shah et al., 2013). 

The Pavement Condition Index (PCI) measures the structural integ-
rity and operational efficiency of a linear infrastructure based on the 
distress observed on the pavement surface using a numerical scale from 
0 (failed) to 100 (good) (ASTM, 2020). Similarly, the Pavement 
Serviceability Index (PSI) describes the functionality and serviceability 
of a road surface with respect to the ride quality, user safety and comfort 
(AASHO, 1962). Both indexes are used to prioritize maintenance in-
terventions based on the quality of road pavement (e.g. Ahmad et al., 
2018; Al-Rubaee et al., 2020; Boyapati and Prasanna Kumar, 2015) or 
statistical deterioration models of the road surface (e.g. Bryce et al., 
2019; George et al., 1989; Sidess et al., 2020). 

IRI, PCI and PSI are commonly adopted to rate the overall condition 
of road infrastructure subjected to aging or pavement deterioration due 
to traffic loading or poor construction practices, rather than ground or 
slope instabilities. Maintenance interventions are then planned accord-
ing to the rating of the whole infrastructure condition that depends on 
the presence of damage, but does not reflect the typology, extent or 
severity of pavement distress. 

1.2. Classification of road damage severity due to landslides 

In the framework of landslide risk and vulnerability analysis, few 
classification methods exist that allow to rate the impacts of landslides 
on transportation networks, and even fewer that consider the typology 
and extent of road damage in landslide-affected areas (Mavrouli et al., 
2019; Nappo et al., 2019). 

Qualitative approaches classify the road damage severity from low to 
high level based on the blockage extent of the infrastructure (from 
partial to total interruption) and the amount of human losses caused by a 

Table 1 
Typologies of damage on asphalt-paved roads and their typical causes (modified 
from AASHO, 1962; ANAS, 2004; ASTM, 2020).  

Class of 
damage 

Typology of damage Associated cause 

Cracking Fatigue cracking (alias 
alligator cracks) 

-Traffic loading 
-Insufficient pavement thickness 

Block cracking -Shrinkage of the pavement 
Longitudinal and transverse 
cracking 

-Shrinkage of the pavement 
-Poor construction joints 
-Local settlements (e.g. 
subsidence, landslides) 

Edge cracking -Lack of support at the pavement 
edge 

Reflection cracking -Poor construction materials 
Slippage cracking -Traffic loading 

-Vehicle motion 
Distortion Rutting -Lack of subgrade compaction 

-Poor asphalt mixture 
-Insufficient pavement thickness 

Shoving -Poor asphalt mixture 
Depression (alias bird-bath) -Local settlement (e.g. 

subsidence, landslides) 
-Poor construction materials 

Upheaval -Frosting of the asphalt 
pavement 
-Poor asphalt mixture 
-Local settlement (e.g. 
subsidence, landslides) 

Disintegration Ravelling -Water infiltration 
-Traffic loading 
-Poor asphalt mixture 

Potholes -Poor asphalt mixture  
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landslide (Petrucci and Gullà, 2010; Winter, 2019). Donnini et al. (2017) 
categorize the damage in esthetical, functional or structural according to 
the repair costs needed to restore the road pavement after an event of 
certain intensity. Quantitative approaches, instead, rate the severity of 
the pavement distress according to the movement of the affecting 
landslide (Mansour et al., 2011). Mavrouli et al. (2019) consider both 
the landslide displacement rates and interventions needed to restore the 
road functionality to distinguish four pavement damage patterns. 
Finally, considering pavement distress typologies and their geometrical 
characteristics, Nappo et al. (2019) and Ferlisi et al. (2020) associate 
three severity levels with differential displacements induced by slow- 
moving landslides on the road surface. 

However, these classification criteria do not include quantitative 
estimates of road roughness and extent of pavement damage to rate the 
effects induced by the landslides. An exception is the methodology 
proposed by Anbazhagan et al. (2012) that is based on the width of 
cracks to distinguish the effects of earthquakes of different intensity. 
Therefore, quantitative road damage classification criteria need to be 
established for damage detection in landslide-affected areas. 

1.3. Detection of road pavement damage 

Traditional inspections of road pavements involve visual evaluation 
of the surface condition that may produce unreliable and inconsistent 
results (Coenen and Golroo, 2017; Naddaf-Sh et al., 2019; Ragnoli et al., 
2018; Wang et al., 2019). Aiming at reducing the subjectivity of manual 
measurements, semi-automatic or automatic methods for damage 
detection on asphalt-paved roads have been developed based on com-
puter vision and image processing algorithms (Inzerillo et al., 2018). 

Vehicles equipped with laser profilers or LiDAR (Light Detection and 
Ranging) can greatly improve the accuracy of the road inspections by 
creating high-resolution 3D point cloud models (Coenen and Golroo, 
2017; Mathavan et al., 2015; Ragnoli et al., 2018; Wang et al., 2019). 
According to Laurent et al. (2012) and Tsai et al. (2012), laser-based 
techniques are effective to measure the IRI from road profiles and 
detect cracks wider than 2 mm in different lighting conditions. The 
roughness of road pavements can be also computed as the residual 
values with respect to a planar reference surface using 3D point clouds 
reconstructed from either terrestrial (Alhasan et al., 2017) or mobile 
laser scanners (Díaz-Vilariño et al., 2016; Kumar et al., 2015). However, 
most of the studies using terrestrial, mobile or aerial LiDAR are focused 
on the identification of the road surface (e.g. Barazzetti et al., 2020; 
Holgado-Barco et al., 2017; Sairam et al., 2016), edges (e.g. Xu et al., 
2019) or traffic signs (e.g. Landa and Prochazka, 2014); while still few 
concern automatic road damage detection from 3D models (Chang et al., 
2005; De Blasiis et al., 2020; Van Der Horst et al., 2019). 

Although being very valuable, all these approaches for road pave-
ment inspections are expensive, affect the traffic flow and need multiple 
surveys (Tan and Li, 2019). Because of these limitations, Unmanned 
Aerial Vehicles (UAV) have been proposed in recent years as a rapid and 
low-cost alternative for road pavement condition assessment with a 
wide coverage of the road network (Gomez and Purdie, 2016; Green-
wood et al., 2019; Nex and Remondino, 2014). UAV are commonly 
equipped with digital or video cameras capturing RGB images in nadir or 
oblique direction with pixel resolution varying according to the intrinsic 
parameters of onboard cameras (Nex and Remondino, 2014). The 
collected images can be then processed with photogrammetry software 
(e.g. Agisoft Metashape, Pix4D mapper, Visual SfM) to reconstruct 3D 
point cloud models with centimetric accuracy, low computational time 
and high reliability (Remondino et al., 2017). Photogrammetric recon-
struction from UAV is common for monitoring slope instabilities (e.g. 
Cardenal et al., 2019; Fazio et al., 2019; Gomez and Purdie, 2016; Lissak 
et al., 2020; Mayr et al., 2018; Stumpf et al., 2013) or for building 
damage assessment (e.g. Cusicanqui et al., 2018; Duarte et al., 2017; 
Fernandez Galarreta et al., 2015; Giordan et al., 2018; Nex et al., 2015, 
2019; Vacca et al., 2017; Vetrivel et al., 2015, 2016). As for road distress 

detection, Saad and Tahar (2019) and Tan and Li (2019) use 3D point 
cloud models to detect potholes on the pavement surface caused by poor 
mixture of asphalt components and water infiltrations. In those works, 
the potholes are detected using oblique acquisition mode and a drone 
flying at 20 m from the road surface. Inzerillo et al. (2018) compare the 
accuracy in measuring the depth of pavement cracks using 3D models 
reconstructed from digital cameras and UAV flying at 5 m from the road 
surface. Similar applications, although providing very detailed 3D 
models, are not feasible for the management of road infrastructure at 
large scale due to i) the restrictions on the drone flight altitude that 
could be applied on strategic infrastructure, as highways, ii) the acqui-
sition mode that may be affected by tree branches and therefore be 
dangerous on heavy traffic roads, and iii) the large amount of data 
produced by acquisitions at low altitudes. 

Data acquired from drones can be also used as inputs for processing 
2D digital images to extract cracks on asphalt and concrete surfaces 
based on a variety of techniques, such as binarization and thresholding, 
edge detectors, morphological operators, Markov random fields, Con-
volutional Neural Networks (CNN) and deep learning (Chambon and 
Moliard, 2011; Wang et al., 2019). Successful methods in detecting 
cracks on road surfaces are based on i) a pre-processing phase in which 
the noise is filtered from the image, ii) binarization and thresholding 
applied to smooth the image and blur the background for better detec-
tion of edges, and iii) morphological operators used to fill the gaps in 
detected cracks (e.g. Cubero-Fernandez et al., 2017; Kim et al., 2015; 
Oliveira and Correia, 2013; Powell and Satheeshkumar, 2017; Puan 
et al., 2007). Further improvements in crack detection can be achieved 
using CNN (e.g. Mandal et al., 2019; Nhat-Duc et al., 2018) or deep 
learning algorithms (e.g. Wu et al., 2019), also for real-time road dam-
age mapping (e.g. Naddaf-Sh et al., 2019). 

Although 3D models and 2D image processing have been used to 
detect surface distress on un-paved rural roads (e.g. Zhang and Elaksher, 
2012), methodologies combining 3D and 2D information for the detec-
tion and classification of damage on asphalt roads are still lacking. 
Standard and reproducible procedures need to be developed to be 
regularly applied by road practitioners in monitoring linear infrastruc-
ture affected by landslides at large scale. 

1.4. Objectives 

This paper investigates the applicability of 3D models reconstructed 
from UAV to objectively characterize longitudinal and transverse cracks 
on asphalt road pavements in landslide-affected areas. A semi-automatic 
procedure combining 3D and 2D digital photogrammetry products is 
investigated as a less laborious alternative to traditional visual in-
spections in order to i) select asphalt-paved roads exposed to landslides, 
ii) rapidly locate distresses on the road pavement, iii) quantitatively 
detect and describe longitudinal and transverse cracks, and iv) classify 
their severity according to pavement quality indices. The procedure is 
applied to the Province of Como (northern Italy). The aim is to provide a 
ready-to-use tool for local authorities or road maintenance agencies to 
semi-automatically select asphalt road sections and inspect road pave-
ment damage in landslide-affected areas. Here, quantitative descriptors 
of pavement quality are used to rate the severity of longitudinal and 
transverse cracks potentially induced by landslides. This paper also 
contributes to enhance the knowledge about landslide-induced road 
distress, its detection and classification, thus improving risk analysis and 
planning of mitigation measures for transportation networks. 

1.5. Materials 

In this study, thematic maps and space-borne Interferometric Syn-
thetic Aperture Radar (InSAR) data were collected to select asphalt- 
paved roads exposed to landslides in the Province of Como (northern 
Italy). Then, field campaigns were conducted to assess the geological 
and geomorphological setting of three selected sites (i.e. Laino, Vercana 
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and Pigra) and collect UAV images of the road pavements. 
A topographic map (i.e. Carta Tecnica Regionale – CTR) at 1:10.000 

scale (Geoportale Regione Lombardia, 2021) was exploited to extract 
the road network and select the sections to be investigated. Slope and 
aspect maps were obtained from a Digital Terrain Model (DTM) with 5 m 
spatial resolution (Geoportale Regione Lombardia, 2021) for a 
geomorphological characterization of the investigated area. National 
(Progetto IFFI - ISPRA, 2021) and regional (PAI 2019 - Geoportale 
Regione Lombardia, 2021) landslide inventory maps were also collected 
to gather information about the slope instabilities potentially affecting 
the road network. The information contained in such inventories (i.e. 
landslide location, failure mechanism, geometry and state of activity) 
were used as provided to test the proposed methodology. In this regard, 
it worth noticing that rotational and translational slides are grouped 
under the same term “slides” (Progetto IFFI - ISPRA, 2021). As for the 
landslide state of activity, the classification proposed by Cruden and 
Varnes (1996) is adopted in this paper. 

The space-borne InSAR data were collected to retrieve the ground 
deformation pattern of the investigated areas. Eighty-three X-band im-
ages (34 in ascending and 49 in descending orbit) recorded from the 
Cosmo-Skymed (CSK) mission of the Italian Space Agency (ASI) from 
2011 to 2014 were processed by TRE Altamira using the SqueeSAR 
technique (Ferretti et al., 2011). The resulting set of Persistent Scatterers 
(PS) with coherence higher than 0.7 was provided by the Italian Ministry 
of Environment, Land and Sea Protection (MATTM, 2010). Details about 
the collected dataset are provided in Table 2. A threshold of 1.5 mm/ 
year on the velocity recorded along the line of sight (LOS) was adopted 
to differentiate stable from moving points. 

Geological and geomorphological maps of the three test sites at 
1:10.000 scale (Servizio Geologico d'Italia – ISPRA, 2021; Comune di 
Vercana, 2021) were collected for a site-specific characterization of the 
investigated areas. Mesostructural analyses of bedding (Moltrasio 
limestone, Laino and Pigra sites) and metamorphic foliation (Gneiss, 
Vercana sites) were performed during field campaigns. The field surveys 
were also necessary to visually check the presence of landslides and 
measure the width of fractures on the road pavements. Finally, a set of 
camera and UAV photographic images was taken along the roadways to 
characterize the damage on the road pavement and its adjacent assets. 
The UAV adopted in this work is a DJI Phantom4 PRO drone that was 
flown at 10 m height from the road surface with an overlap of 80% 
between adjacent images. The sensor (FC6310_8.8) mounted on this 
drone is 20 mm wide with focal length of 10 mm, capable of acquiring 
images at 16.8 MP. The consequent GSD of acquired images is 0.37 cm/ 
pixel. The Phantom4 PRO can operate for approximately 28 min, and is 
equipped with a GPS system with declared accuracy ranges in vertical 
and horizontal positioning of respectively ±0.5 m and ± 1.5 m. 

2. The proposed methodology 

The semi-automatic procedure proposed in this paper (Fig. 1) pro-
vides a ready-to-use four-phase tool to rapidly detect, assess and classify 
longitudinal and transverse cracks on asphalt-paved roads affected by 
landslides. 

As a first step (Phase I), the road sections exposed to landslides and 

InSAR-derived LOS movements, with damage on their pavements 
potentially caused by landslides (for reference, Mavrouli et al., 2019; 
Nappo et al., 2019), are selected and surveyed via UAV. To this aim, the 
road network map is intersected with the landslide inventory maps and 
the InSAR velocity maps to extract only road sections crossing a land-
slide and with average LOS velocity higher than 1.5 mm/year. These 
road sections are then surveyed via Google Street View for a preview of 
their damaging status, and only those exhibiting longitudinal and 
transverse cracks, are considered as areas of interest. UAV acquisition 
campaigns are organized in these areas respecting the restrictions on 
drone flights imposed by the Italian Civil Aviation Authority (ENAC, 
2021).The UAV flights are planned to assure high overlaps between 
adjacent images and dense coverage of the surveyed area (Nex and 
Remondino, 2014). Since UAV acquisitions at low heights give better 
results in terms of image resolution (Saad and Tahar, 2019), the flight 
height is set to 10 m from the road surface (Fig. 2). At this distance, most 
of the obstacles (as trees and vehicles) are avoided, and the Ground 
Sample Distance (GSD) varies from 0.37 (when the focal length is 10 
mm) to 0.1 cm/pixel (when the focal length is 35 mm), depending on the 
UAV sensor. With similar resolutions, longitudinal and transverse cracks 
with average width of 2–3 mm are expected to be visible (Laurent et al., 
2012; Tsai et al., 2012). 

Once all the images are collected from the UAV, in Phase II a 
photogrammetric 3D model of the selected road section is reconstructed 
via the Structure from Motion (SfM) technique. SfM simultaneously 
estimates the interior and exterior camera parameters, and determines 
the position of the detected keypoints (Nex and Remondino, 2014). By 
determining the position and altitude of the camera, the 3D scene is 
oriented into the space and the reference system automatically deter-
mined using the GNSS integrated with the UAV (Nex and Remondino, 
2014). Once the 3D coordinates of all points are determined, image 
matching techniques are used to generate a dense point cloud and an 
orthophoto of the area (Nex and Remondino, 2014). In this phase, two 
outputs are generated: a 3D point cloud with optimal point density and a 
2D orthorectified image. 

In Phase III, the dense point cloud is cropped to extract the road 
surface and remove vegetation and traffic barriers. The pavement point 
cloud is then processed to obtain i) the deviation of each 3D point from a 
reference planar surface, and ii) its covariance matrix and geometric 
features (Maas and Vosselman, 1999). First, to identify hotspots on the 
road pavement where anomalies are expected, a reference road surface 
is constructed by progressively fitting a 6-by-1-m plane perpendicular to 
the road central line along the roadway (Fig. 3a). Then, the deviation of 
each 3D point is calculated as its Euclidean distance from the reference 
fitting plane. 

To retrieve the point cloud geometric features, a spherical neigh-
bourhood is constructed around each 3D point (Fig. 3b) and its covari-
ance matrix is computed. Neighbourhoods of different kernel sizes (k) 
are chosen depending on the property to highlight (Weinmann et al., 
2013): small neighbourhoods allow to detect spatially great variations in 
the point cloud, while large kernels are used for small variations. Based 
on their physical interpretations, three features are computed:  

(i) Omnivariance =
̅̅̅̅̅̅̅
λ1∙

√
λ2∙λ3, where λ(1,2,3) are the eigenvalues of 

the covariance matrix (Hackel et al., 2016). It describes the 
geometric distribution of points into their local spherical neigh-
bourhood; high values identify volumetric objects, while low 
values linear or planar surfaces (Niemeyer et al., 2012). Within 
each neighbourhood, the points representing the road damage 
are expected to be very localized if compared to the undamaged 
surface; therefore, the kernel size is experimentally set to 0.10 m.  

(ii) Verticality = 1 - nz, where nz is the third component of the normal 
vector n to a planar surface fitted in the neighbourhood of each 
point (Hackel et al., 2016). Since this feature is used to highlight 
height variations inside each neighbourhood (Weinmann et al., 

Table 2 
Acquisition parameters of the collected InSAR data.  

Mission Cosmo-SkyMed (CSK) 
Wavelength [cm] 3.1 
Incidence angle [◦] ~ 26 
Revisit time [days] 16 
Acquisition 

geometry 
Ascending Descending 

Temporal interval 7 May 2011–28 March 2014 31 May 2011–5 April 2014 
Number of images 36 49 
Number of PS 479.615 1.273.766  
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2013), the kernel size is set to 0.02 m to distinguish the points of 
damage from the planar surface.  

(iii) Roughness is an expression of road pavement irregularity and is 
computed as the deviation of each point from the local plane 
fitted within its neighbourhood (Kumar et al., 2015). For this 
feature, the kernel size is 0.20 m to highlight the unevenness of 
the damage points against the smoothness of the undamaged 
planar surface within each neighbourhood. 

Once omnivariance, verticality and roughness are calculated for each 
3D point, a multi-criteria binary classifier is trained to distinguish 
presence from absence of pavement damage based on specific thresholds 
applied to the point cloud features (Table 3). The threshold imposed on 
the omnivariance is derived from experimental tests. The verticality 
value is constrained between 1.2 and 6 cm because lower values identify 
the undamaged pavement surface and higher values represent noise in 

the point cloud. The roughness threshold, instead, is set to 2 mm/m, as 
the average value proposed by ANAS (2004) and ASTM (2015) to 
distinguish pavements in good or poor condition. 

Since the roughness calculated from a point cloud can be used to 
describe the road surface smoothness and quality as well as the IRI 
computed from a road profiler (Zak, 2016), a second classifier is trained 
to rate the pavement unevenness. Thereby, using the IRI thresholds 
proposed in literature (e.g. Hatmoko et al., 2019; Yu et al., 2006), four 
damage severity levels are determined:  

(i) D0 (Good – undamaged condition) when IRI < 4 mm/m.  
(ii) D1 (Fair) when 4 < IRI < 8 mm/m.  

(iii) D2 (Damaged) when 8 < IRI < 12 mm/m.  
(iv) D3 (Severely damaged) when IRI > 12 mm/m. 

In summary, the outputs of Phase III are the road damage hotspot 
map, and two classification methods to i) detect the damage on the 3D 
point cloud, and ii) rate its severity. 

In order to automatically detect the damage on asphalt-paved roads, 
in Phase IV the edge detection algorithm proposed by Cubero-Fernandez 
et al. (2017) is applied to the orthorectified image obtained in Phase II. 
The image is first converted to its negative and the illumination 
enhanced with a logarithmic transformation to emphasize the pavement 
anomalies (Cubero-Fernandez et al., 2017). The resulting binary image 
is smoothed with the Gaussian filter to remove random noise without 
losing boundaries precision, so than the Canny algorithm (Canny, 1986) 
can be applied to identify damage edges. The closing morphological 
operator is applied to fill the small gaps in the edges and render the 
pavement damage continuous and more detailed, although its real width 
is lost (Cubero-Fernandez et al., 2017). To simplify the boundaries of 
damage edges, the Ramer-Douglas-Peucker algorithm (Douglas and 
Peucker, 1973; Ramer, 1972) is also applied. 

Finally, the 2D damage edges are overlaid with the 3D point cloud in 
GIS environment to obtain further information for each longitudinal and 
transverse crack. The area of these damage polygons, their position 
within the road section and orientation with respect to the central line 
are first retrieved to geometrically describe the road damage. The den-
sity of damaged and non-damaged 3D points as labelled by the multi- 

Fig. 1. Flowchart of the proposed four-phase procedure.  

Fig. 2. Scheme of the UAV acquisition in Phase I.  
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criteria binary classifier is computed for each polygon to identify the 
most fractured areas of the road pavement. The ratio between these 
points is also used to rate the extent of pavement damage. Then, 
knowing the roughness of the 3D points encompassed within the damage 
polygons, the average IRI is calculated for each distress. This allows to 
finally rate the damage severity from D0 to D3 and obtain an IRI-based 
damage severity map. 

2.1. Methodological specifications 

For the application of the proposed methodology, the authors 
adopted the set of sensor and software briefly summarised in Table 4; 
note that other sensor and software could be used for the accomplish-
ment of each task. 

3. Study area: the Province of Como 

The proposed methodology was applied to the Province of Como in 
the Southern Alps of northern Italy that is characterized by a variety of 
lithologies with different tectonic deformation and a dense road network 
often built across steep slopes and landslides (Fig. 4). 

The Province of Como extends for 1279 km2, and its territory is 
mainly formed by mountains (67%) and hills (26%), while a small 
portion (6%) is occupied by flatlands (Fig. 4a). From a geological point 

of view, the Province of Como encompasses three different macro-zones 
(Servizio Geologico d'Italia - ISPRA, 2021; Fig. 4b), respectively named 
Alpine Sector (Settore Alpino), Prealpine Sector (Settore Prealpino) and 
Hilly and Upper Plain sector (Settore Collinare e di Alta Pianura). The 
Alpine Sector occupies the northern part of the Province and is char-
acterized by the presence of the so-called Insubric Line (Linea Insubrica), 
a major E-W trending tectonic element which marks the boundary be-
tween the Central Alps basement nappes and the Southern Alps, char-
acterized by a sequence of S-verging thrust faults (Laubscher, 1985). The 
Alpine sector is formed mainly by metamorphic rocks, such as orthog-
neiss and paragneiss, with few Triassic sedimentary formations. The 
Prealpine Sector goes from the Insubric Line to the hills before the 
Piedmont belt. The northern portion of this sector is formed by meta-
morphic rocks, such as micascists and amphibolites, while Triassic to 
Jurassic sedimentary formations are grouped in the remaining part 
(Bertotti et al., 1993). The Hilly and Upper Plain Sector corresponds to 
the transition area between the Prealpine Sector and the Po Plain; this 
sector is characterized by more recent sedimentary formations and 
covered by Quaternary glacial deposits. 

The regional (PAI 2019 - Geoportale Regione Lombardia, 2021) and 
national landslide inventory maps (ISPRA, 2021) identify 4881 land-
slides (Fig. 4c) of different typologies in the Province of Como. Slides are 
the most diffuse (52.42%) type of phenomena (Martin et al., 2004; 
Fig. 4), and the typology considered in this paper. 

3.1. SP14 – Laino, SC Vercana and SP13 – Pigra 

The provincial road SP14 connects the municipalities of Laino and 
Ponna in the Province of Como. The area is located in the mountainous 
valley called “Val d'Intelvi” (Fig. 5a) composed mainly by Sinemurian – 
Lower Pliensbachian Moltrasio limestone (MOT) and Late Pleistocene 
glacial deposits, mostly massive diamicton (LNC; Lakes Supersynthem – 
Cantù Synthem) (Bini et al., 1996; Michetti et al., 2014; Fig. 5b and c). 
The MOT is constituted by grey limestone in well-defined beds, often 
irregular, of thickness varying from 5 to 70 cm with chert in nodules or 
discontinuous bands (Michetti et al., 2014). The LNC is a glacial deposit 
of overconsolidated non-cohesive granular material, typically formed by 
massive coarse gravels with alternating layers of clayey silt and limited 
sand (Michetti et al., 2014). The LCN units show well preserved mor-
phologies of thickness varying from 10 to 20 m with low range weath-
ering over the entire Val d'Intelvi (Michetti et al., 2014; Nangeroni, 
1969; Pracchi, 1954). A segment of 110 m of the SP14 crossing the 
accumulation zone of the L1 slide (Fig. 5b) in the proximity of Laino was 
initially selected. Field investigations performed in March 2020 and 
June 2021 indicated the presence of an extended unstable sector 
encompassing more than 200 m of the SP14 and of a secondary road 

Fig. 3. Phase III processing schemes. a) fitting of planes along the road track perpendicularly to the central line. b) 3D point neighbourhood selection and flowchart 
for covariance matrix computation. 

Table 3 
Multi-criteria binary classifier based on omnivariance, verticality and roughness 
thresholds.  

When Omnivariance (k = 0.10) > 1.15 ∙ 10− 4 

m 
Damage is present (Status 
= 1) 

0.012 m < Verticality (k = 0.02) <
0.06 m 
Roughness (k = 0.20) > 2.00∙10− 3 m/ 
km 

Otherwise  Damage is absent (Status =
0)  

Table 4 
Sensor and software adopted in this paper.  

Phase I ArcMap (road section selection) 
Pix4D (data acquisition planning) 

Phase II Pix4D 
Phase III MATLAB (processing) 

CloudCompare and ArcMap (visualization) 
Phase IV Python – Open CV library (processing) 

ArcMap (visualization) 
UAV DJI Phantom4 PRO  
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located uphill with respect to the main roadway (Fig. 5b). Here, an 
additional slide (L2) moving along the MOT discontinuities was identi-
fied and tentatively mapped in Fig. 5b. The geometric parameters of 
these slides are summarised in Table 5. The MOT in the area is in sharp- 
edged blocks with variable orientations that, moving from east to west, 
result in a slope progressively stable (bedding dipping upslope, “anti- 
dip”), unstable (bedding dipping downslope with dip angle lower than 
slope angle) and stable (anti-dip). The unstable sector of the inspected 
area presents blocks of MOT sliding on top of each other of 20–30 cm 
and partially covered by lawn with thickness of 50–70 cm (Fig. 5d). The 
instabilities are demonstrated by extensive cracks and deformations (e. 
g. Fig. 5e and f) along the SP14 and the secondary road in the upper 
sector of the slides, where bumps of the pavement covered with recent 
asphalt patches mark the boundaries of the two instabilities. The curbs 

delimiting the SP14 roadway on the uphill side are tilted, and those 
posed downhill moved vertically of 8 cm and horizontally of 4 cm 
(Fig. 5g). The SP14 – Laino was selected because the CSK data detected 
movements up to 5 mm/year on the road surface, and the visual survey 
performed through Google Street View showed damage patterns since 
2011. However, the N-S exposition of the slope limits the capabilities of 
InSAR in detecting movements along the slope (e.g. Wasowski and 
Pisano, 2020); therefore, CSK records were not further used for small 
scale analyses. 

As a second test site, the municipal road SC connecting the localities 
of Piazzo and Pighè within the Vercana municipality in the northern 
sector of Lake Como was chosen (Fig. 6a). This area is composed by a 
substrate of migmatitic gneiss (Penninic Unit) and quartz-diorite of 
Mount Bassetta (Serizzo – Unit of Val Masino – Bregaglia – Iorio) widely 

Fig. 4. a) Morphological setting and road network. b) Geological map (Servizio Geologico d'Italia - ISPRA, 2021). c) Map of landslide distribution in the Province of 
Como (modified from ISPRA, 2021). The table lists all landslide typologies and their state of activity. Note that DSGSD stands for Deep Seated Gravitational Slope 
Deformation. 
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Fig. 5. a) Location of the SP14 – Laino within the Province of Como. b) Geological and geomorphological map (modified from Michetti, 2014). c) Geological cross 
section A-A' (modified from Michetti, 2014). d) Outcropping blocks of Moltrasio limestone (MOT) partially covered by lawn of 50–70 cm thickness. e) and f) 
Deformation and crack on the SP14 – Laino pavement. g) Misplaced curb with vertical and horizontal movements of 8 and 4 cm, respectively. 

Table 5 
Characteristics of investigated landslides (modified from ISPRA, 2021).  

Case study ID Landslide Failure mechanism State of activity Perimeter [m] Area [m2] Volume [m3] Width [m] Length [m] 

SP14 – Laino L1 Slide Inactive 422 9315 57,588 51 135 
L2 Slide – 268 4710 – 61 93 

SC – Vercana V1 Slide Inactive 1715 69,451 1,193,116 168 465 
V2 Slide Active 2864 77,366 1,231,459 101 660 
V3 Slide Inactive 772 18,871 186,229 90 236 
V4 Slide Inactive 1840 63,909 1,372,024 167 557 
V5 Slide Active 625 10,494 69,731 53 219 
V6 Slide Active 351 3483 10,755 38 103 

SP13 - Pigra P1 Slide Inactive 965 35,703 220,726 119 392  
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covered by Quaternary eluvial and glacial deposits 1–2 m thick (Fig. 6b, 
c and d; Comune di Vercana, 2021). The rocky outcrops are highly 
fractured and often oriented in dip slope direction (Fig. 6e); they also 
present foliation planes oriented as Riedel shear structures with respect 
to the Insubric Line. The investigated road section has a length of 700 m 
and crosses four different slides either active or inactive (Fig. 7b and 
Table 5). During field investigations in June 2021, extensive damage 
and deformations were observed on the road pavement (e.g. Fig. 6f) and 
the adjacent assets (i.e. ditch, curbs, retaining walls and other engi-
neered structures) within the landslides. The ditch located uphill pre-
sents numerous fractures of width ranging between 0.63 and 3.80 cm. 
Also, the concrete curbs and retaining walls are widely fractured (up to 
4.95 cm; e.g. Fig. 6g); in two locations the combined action of slope 
instability and degradation of the concrete have generated arc-shaped 
holes into these structures. Moreover, the asphalt roadway is unpaved 
for about 50 m (Fig. 6h), where crossing the V2 landslide (Table 5); here 

gabions, rockfall barriers, and other hydraulic structures for surficial 
water outflow have been placed. Damage to the adjacent ditch, retaining 
walls, gabions and rockfall barriers confirm the activity of the V2 
landslide. The SC – Vercana was selected due to the movements up to 3 
mm/year on the road surface detected via CSK data, and because the 
activity of these landslides had been known by the authors (Martin et al., 
2004). The area is not covered by Google Street View. 

Finally, the provincial road SP13 connecting the municipalities of 
Pigra and Blessagno in the Val d'Intelvi was selected (Fig. 7a). As the 
SP14 – Laino, this area is composed by Sinemurian – Lower Pliensba-
chian Moltrasio limestone (MOT) and Late Pleistocene massive dia-
micton (LCN; Lakes Supersynthem – Cantù Synthem) (Bini et al., 1996; 
Michetti et al., 2014; Fig. 7b and c). A segment of 138 m of the SP13 – 
Pigra crossing the upper body of the P1 slide (Fig. 7b and Table 5) was 
initially selected because of i) the movements of about 3 mm/year 
recorded from CSK, and ii) the damage pattern identified through 

Fig. 6. a) Location of the SC - Vercana in the upper sector of the Lake Como. b) Geological and geomorphological map (modified from Comune di Vercana, 2021). 
Geological cross sections c) A-A' and d) B-B′ (modified from Comune di Vercana, 2021). e) Outcropping highly fractured gneiss with foliation planes oriented as 
Riedel shear structures. f) Deformation and crack along the SC – Vercana. g) Fracture of concrete retaining wall in the proximity of gabions. h) View of the L2 
landslide with engineered retaining structures and unpaved road surface. 
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Google Street View images dated 2019. However, during the field in-
vestigations in December 2019 and June 2021 it was observed that i) 
fatigue cracks and disintegrations are the predominant damage typology 
along the SP13 (Fig. 7d), ii) the selected roadway had been partially re- 
paved (Fig. 7e) resulting in only 67 m (out of 138 m) of damaged 
pavement, and iii) the orientation of the MOT outcropping along the 
roadway (Fig. 7f and g) indicates a stable (anti-dip) slope and absence of 
sliding movements where a slide had been previously mapped (PAI, 
2019). Therefore, the SP13 – Pigra is presented in this paper as a cross 
validation of the proposed methodology and the typologies of road 
damage encountered in landslide-affected areas. 

4. Application to the study area and results 

In Phase I of the proposed methodology (Fig. 1) three road sections 
were selected in the Province of Como: the provincial road SP14 in 
Laino, the municipal road SC in Vercana and the provincial road SP13 in 
Pigra. 

4.1. SP14 - Laino 

The provincial road SP14 in Laino municipality (Fig. 5) was surveyed 
in March 2020 and June 2021. Four-hundred-and-ninety-two (492) RGB 

images (5472 × 3078 pixel resolution) were collected over the entire 
area. These images were used in Phase II to reconstruct the 3D point 
cloud of 60,439,041 points and the 2D orthorectified image showed in 
Fig. 8. The errors generated during the reconstruction of the dense point 
cloud are reported in Appendix A. The GSD resulting from the image 
overlap is 0.11 cm/pixel. 

At this step, the damage was manually detected on the orthorectified 
image (Fig. 8d) and its width was measured during field investigations 
to be used as ground truth for the validation of the proposed method-
ology. Twenty-seven (27) damage locations were identified along the 
SP14, and 28 along the secondary road (Fig. 8d). As for the SP14, 15 (out 
of 18) longitudinal and 8 transverse cracks with widths of respectively 
0.32–3.50 cm and 0.76–2.63 cm were observed within the landslides. 
Here, also a deformation and a fatigue crack with 0.95 cm opening 
evolving outside the landslide were identified. Along the secondary 
road, 13 (out of 14) longitudinal, 9 (out of 10) transverse and 2 (out of 4) 
fatigue cracks were detected inside the landslides. The measured widths 
of these fractures are equal to 0.32–2.00 cm for longitudinal, 0.32–1.27 
cm for transverse, and 1.27–1.44 cm for fatigue cracks. Below only the 
results obtained for the SP14 are reported; the secondary road was not 
processed in the present paper because its 3D model was obtained from 
images acquired at different flight height (i.e. 30 m instead of 10 m), 
thus their resolution varied. 

Fig. 7. a) Location of the SP13 – Pigra within the Province of Como. b) Geological and geomorphological map (modified from Michetti, 2014). c) Geological cross 
section A-A' (modified from Michetti, 2014). d) Fatigue cracks and disintegrations on the road pavement. e) Transition from old damaged to new undamaged asphalt. 
f) and g) Outcropping blocks of Moltrasio limestone (MOT) along the roadway. 
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During Phase III, the dense point cloud was cropped to extract the 
pavement surface of the SP14 (34,892,406 points), and further pro-
cessed to derive i) the deviation from the reference planes representing 
the undamaged pavement, and the ii) omnivariance, verticality and 
roughness. 

When computing the distance of each 3D point from the reference 
fitting planes (Fig. 9a), areas with positive (in red) and negative (in blue) 
deviations of ±5 cm on average were identified where longitudinal and 
transverse cracks were previously observed (see Fig. 8d for comparison) 
and the pavement deformation (i.e. non-planar surface) is more evident. 
These hotspots highlight that the road surface is not planar inside the 

landslides, and specifically nearby their edges, thus suggesting that the 
effects of slope instabilities on asphalt pavements can be heterogenous 
in terms of spatial distribution and typology. 

The geometric features computed from the point cloud equally 
highlight the presence of longitudinal and transverse cracks mainly in-
side the landslides (Fig. 9). The omnivariance (Fig. 9b) is higher where 
longitudinal and transverse cracks are wider than 1 cm and the verti-
cality (Fig. 9c) shows that cracks are higher than the undamaged planar 
surface constituting the road pavement. The same damage is visible also 
in Fig. 9d, where increased roughness indicates variations in the pave-
ment quality and distinguishes between damaged and non-damaged 

Fig. 8. SP14 – Laino. a) Top view of the orthorectified image reconstructed via SfM of the investigated area. b) and c) Axonometric views of the SP14 dense point 
cloud. d) Orthorectified image overlaid with 71 damage locations along the SP14 roadway and 28 along the secondary road. 
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spots. Outside the landslides, at the eastern edge of the road section, the 
point cloud has higher noise due to boundary effects and extensive un-
evenness of the pavement that render the recognition of longitudinal 
and/or transverse cracks harder. Noticeably, geometric features as 
omnivariance (Fig. 9b) and roughness (Fig. 9d) highlighted also the 
presence of fatigue cracks at the eastern edge of the L1 slide, although 
this damage typology is not investigated in the present paper. 

The thresholds listed in Table 3 were then applied to these geometric 
features to classify the points of the 3D model according to the damage 
status (i.e. presence or absence). The multi-criteria binary classifier 
(Fig. 10a) successfully classified as damage the longitudinal and trans-
verse cracks wider than 1 cm observed on the SP14 pavement inside the 
landslides. However, points corresponding to undamaged areas were 
labelled as damage; some of them are random errors of the classifier, 
while others reflect the same noise of the geometric features in Fig. 9. 

As for the classification of the point cloud according to the IRI value, 
Fig. 10b shows the 3D points grouped into 4 severity levels from D0 to 

D3. Having used a higher threshold for the roughness, this classifier 
constrains the longitudinal and transverse cracks better than the previ-
ous classification, detecting less false positives. It is worth noticing that 
in both multi-criteria and IRI-based classifications, the uphill side of the 
road, towards south, is labelled as damage with D3 severity level, 
although it represents the concrete ditch at the road edge. Similarly, 
prevalence of D3-labelled points is detected outside the landslide 
boundaries due to boundary effects and pavement unevenness already 
detected by the geometric features in Fig. 9. Both classifiers spotted the 
fatigue cracks at the eastern edge of the L1 slide (Fig. 10). 

In Phase IV, the automatic damage detection identified 6 longitudi-
nal and 4 transverse cracks wider than 1 cm on the pavement inside the 
landslides (Fig. 11), rather than the 23 cracks observed in Fig. 8d. 
Indeed, smaller cracks are difficult to be detected because of the GSD of 
0.11 cm/pixel, and therefore they are identified by few points that are 
then considered as noise by the edge detection algorithm. Outside the 
landslide boundaries, 2 longitudinal and 1 fatigue cracks were also 

Fig. 9. SP14 – Laino. a) Road damage hotspots computed as distance from fitting planes. b) Omnivariance, c) Verticality and d) Roughness computed from the 
point cloud. 
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detected, as shown in Fig. 8d. 
For each automatically detected damage polygon, its area, inclina-

tion with respect to the road central line and position within the road 
section were computed (Table 6). Knowing the width of cracks from 
measurements on the field, a comparison between real and automatic 
areas of longitudinal and transverse cracks was performed; fatigue 
cracks were discarded from this analysis because computing their area is 
not straightforward. The average width of the longitudinal and trans-
verse cracks is 2.03 cm. The area of the automatically detected fractures 
has an average error of 1.94 m2 with respect to the area derived from 
visual inspections (see Fig. 8d for comparison). These errors are due to 
the inability of the automatic algorithm to detect real width of the 
cracks. 

The 2D damage polygons detected automatically were then overlaid 
on the 3D point cloud. From the multi-criteria classification, the density 
and ratio between damage and non-damage points were derived for each 
polygon as shown in Table 7. As expected, the highest damage ratio 
characterizes the fractures located outside the landslides, where the 
classifiers are affected by greater errors (see Fig. 10a for comparison). 
Interestingly, if the fractures with errors (labelled with * in Table 7) are 
excluded, the most fractured areas (i.e. with higher damage ratio) of the 

road section are located at the edges of the landslides. However, these 
results are conditioned by the accuracy of both edge detection bound-
aries and multi-criteria classifier (see Fig. 10a for comparison), and 
therefore should be considered only indicative of the results obtainable 
from this procedure. 

Finally, the severity levels of longitudinal and transverse cracks were 
rated according to their average IRI (Table 8 and Fig. 12): 2 polygons are 
severely damaged (D3), 4 are damaged (D2) and 6 are fair (D1). The 
most frequent severity for cracks located inside the landslide L2 is D2, 
while in L1 the most frequent severity is D3. Outside the landslides, the 
longitudinal cracks at the western border have D1 severity, while the 
fatigue cracks at the eastern border have D3 severity. Obviously, also 
these results depend on the accuracy of the IRI classifier. 

4.2. SC – Vercana 

The municipal road SC in Vercana municipality (Fig. 6) was surveyed 
in June 2021, and 1209 RGB images (5472 × 3078 pixel resolution) 
were collected to reconstruct the photogrammetric products of Phase II. 
The dense point cloud of SC – Vercana is formed by 797,708,725 points; 
the errors generated during the SfM process are reported in Appendix A. 

Fig. 10. SP14 – Laino. a) Multi-criteria and b) IRI severity classification of the point cloud. Note the false positives labelled as D3 at the southern edge of the road 
where the concrete ditch is located, and outside the landslide boundaries due to noises induced by boundary effects and pavement unevenness. 
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The GSD resulting from the image overlapping is 0.17 cm/pixel. In this 
case study, 28 longitudinal, 21 transverse, 8 edge and 27 fatigue cracks 
were manually detected from the orthorectified image, together with 2 
potholes, 2 ravelling and 5 depressions (Fig. 13a, b and c). The measured 
widths of these fractures are equal to 0.37–3.59 cm for longitudinal, 
0.32–2.71 cm for transverse, 0.32–0.97 for edge, and 0.97–2.85 cm for 

fatigue cracks. Peculiarly, 2 semi-circular cracks, associated to the 
movements of the landslide scarp (Mavrouli et al., 2019), were also 
identified here. 

For convenience, Fig. 13 shows also the results of the automatic edge 
detection performed in Phase IV (Fig. 13d, e and f). The automatic 
approach detected 16 longitudinal and 11 transverse cracks, 1 

Fig. 11. SP14 – Laino. a) Top view and details of automatic road damage detection.  

Table 6 
Results of the automatic damage characterization.  

IDLandslide ID Damage Damage Type Inclination [◦] Position on the Road Width [cm] Automatic Area [m2] Measured Area [m2] Error [m2]  

1 LC 0 DL 3.50 0.48 0.58 0.10  
2 LC 0 UL 1.02 3.11 0.28 2.83 

L2 3 TC 103 AL 1.75 1.71 0.52 1.18 
L2 4 LC 0 UL 1.00 0.38 0.04 0.34 
L2 5 TC 90 AL 1.90 0.63 0.09 0.54 
L2 6 LC 0 UL 1.27 0.73 0.05 0.68 
L2 7 TC 103 AL 3.63 3.19 1.47 1.72 
L2 8 TC 90 AL 1.90 0.91 0.41 0.50 
L2 9 LC 0 UL 1.59 6.20 2.04 4.16 
L1 10 LC 30 DL 2.69 8.74 6.00 2.74 
L1 11 LC 0 DL 1.82 7.25 2.91 4.34  

12 FC – AL 1.00 80.72 – – 
L1 13 LC 0 DL 2.28 4.72 0.46 4.27 

The acronyms LC, TC and FC stands respectively for longitudinal, transverse and fatigue crack; while DL, UL and AL stands respectively for downhill, uphill and all 
lines. 

Table 7 
Rating of damage polygons based on the multi-criteria binary classifier.  

Multi-criteria Classifier 

IDLandslide ID Damage Number of points Density of damage points [No/m2] Density of non-damage points [No/m2] Damage ratio Rating  

1 148 69 239 0.29 VIII  
2 943 227 76 2.97 II * 

L2 3 601 261 89 2.93 III * 
L2 4 138 124 239 0.52 VI 
L2 5 237 73 303 0.24 IX 
L2 6 281 131 236 0.55 V 
L2 7 1192 113 222 0.51 VII 
L2 8 350 32 313 0.10 X 
L2 9 2516 29 374 0.08 XII 
L1 10 3557 34 366 0.09 XI 
L1 11 3434 26 340 0.07 XIII  

12 27,160 289 47 6.09 I * 
L1 13 1417 134 166 0.81 IV  
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depression and 17 areas classified as fatigue cracks, but encompassing 
different damage typologies (i.e. edge, fatigue, longitudinal and trans-
verse cracks, and potholes). The high interconnection among the 
different damage typologies made the distinction between them difficult 
for the automatic algorithm. In both cases, most of the damage is located 
into the landslides classified as inactive (i.e. V1, V3 and V4) by the 
national landslide inventory (ISPRA, 2021). The apparent lack of dam-
age inside the active landslide (i.e. V2) is due to i) the absence of asphalt 
pavement for about 78.70 m, and ii) the recent pavement replacement in 
the remaining 22.30 m. The activity of the landslide was confirmed 
during field investigations by the fractured ditch, tilted curb and 
deformed retaining structures that, however, could not be considered in 
the present paper. 

As for the previous case study, in Phase III the dense point cloud was 
cropped and processed to derive the road damage hotspot map (i.e. the 
distance between each 3D point from the refence planar surface) shown 
in Fig. 14 and the other geometric features (i.e. omnivariance, verticality 
and roughness). The highest deviations from the reference planar sur-
face of about ±5 cm on the damage hotspot map (Fig. 14a, b and c) were 
observed where i) longitudinal and transverse cracks wider than 2 cm 
are located (e.g. Fig. 14a), ii) the roadway is unpaved (Fig. 14b), and iii) 
fractures are highly interconnected (e.g. Fig. 14c). 

Once the point cloud was classified using the thresholds listed in 
Table 3, the multi-criteria binary classifier successfully detected the 
longitudinal and transverse cracks wider than 1 cm (Fig. 14d, e and f; see 
Table B1 in Appendix B for comparison), as already observed for the 
SP14 – Laino. Fractures with width ranging between 0.32 and 0.97 cm 
were detected by the classifier with few points, not sufficient to properly 
describe the fractures. As in the SP14 – Laino case study, also here the IRI 
classifier (Fig. 14g, h and i) constrained the longitudinal and transverse 

cracks better than the multi-criteria classifier, and resulted in less false 
positive. Here, as in the previous case study, errors of both classifiers 
were detected along the edges of the road, where ditch, curbs or vege-
tation are present, and on the unpaved road section crossing the V2 
landslide (Fig. 14e and h). Although not investigated in this paper, also 
here the fatigue cracks were identified by the multi-criteria and IRI 
classifiers. 

Then, the 2D damage polygons detected automatically in Phase IV 
(Fig. 13d, e and f) were compared with real width and area measure-
ments (see Table B1 in Appendix B). The average width of longitudinal 
and transverse cracks is 1.73 cm. Here, the fractures recognized auto-
matically have an average error of 1.84 m2 with respect to the area 
derived from visual inspections, similarly to the SP14 – Laino case study. 
Finally, the automatically detected damage polygons were overlaid with 
the 3D point cloud to be rated according to the ratio between damage 
and non-damage points (using the multi-criteria classifier), and the 
damage severity levels depending on the IRI values. The numerical re-
sults are reported in Appendix B (Tables B2 and B3, respectively). As 
already mentioned in the previous case study, these results are condi-
tioned by the accuracy of both edge detection boundaries and the clas-
sifiers, and therefore should be considered indicative of the results 
obtainable from this procedure. 

Fig. 15 shows the 2D damage polygons rated according to their 
average IRI: 1 polygon is severely damaged (D3), 9 are damaged (D2) 
and 28 are fair (D1). Here, 14 damage polygons were also classified as 
D0. In this case study, the most frequent severity for damage inside the 
landslides is D1, while outside is D0. Obviously, also these results 
depend on the accuracy of the IRI classifier. 

Table 8 
Results of the IRI-based classification of pavement distress.  

ID07-09-2021Landslide ID Damage IRI Classifier Roughness Overall severity 

Number of points Min Max Mean (μ) St. Dev. (σ) CV (¼ σ/μ) 

D1 D2 D3  

1 51 21 38 0 41.01 7.46 6.67 0.89 D1  
2 310 116 74 3.39 30.50 5.07 4.11 0.81 D1 

L2 3 185 73 13 3.11 16.70 8.31 3.08 0.37 D2 
L2 4 30 6 0 2.81 12.00 4.16 3.35 0.80 D1 
L2 5 88 29 6 1.17 22.92 4.28 2.26 0.51 D1 
L2 6 129 36 13 4.00 19.62 6.94 3.06 0.44 D1 
L2 7 0 37 150 0 31.14 8.42 3.13 0.37 D2 
L2 8 128 75 40 4.05 22.74 8.46 3.66 0.43 D2 
L2 9 263 102 202 4.01 40.39 11.41 7.50 0.65 D2 
L1 10 338 84 263 4.00 56.98 13.44 11.00 0.81 D3 
L1 11 127 6 0 4.02 10.16 5.42 1.21 0.22 D1  

12 51 21 38 0 120.00 12.40 12.72 1.02 D3 
L1 13 310 116 74 10.83 103.10 22.76 19.43 0.85 D3  

Fig. 12. SP14 – Laino. Severity classification of 2D automatic damage polygons according to their average roughness (i.e. IRI). The numeration from 1 to 13 refers to 
the ID Damage reported in Table 8. 
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Fig. 13. Orthorectified image of SC – Vercana overlaid with: a), b) and c) manual damage detected on the pavement sections crossing respectively V1, V2, V3 and V4 
landslides; d), e) and f) automatically detected damage on the road pavement crossing respectively V1, V2, V3 and V4 landslides. 
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Fig. 14. a), b) and c) Road damage hotspots of the SC – Vercana crossing respectively V1, V2, V3 and V4 landslides. d), e) and f) Multi-criteria classification of the 
point clouds respectively in V1, V2, V3 and V4 landslides. g) h) and i) IRI severity classification of the point clouds respectively in V1, V2, V3 and V4 landslides. 
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4.3. SP13 – Pigra 

The provincial road SP13 in Pigra municipality (Fig. 7) was surveyed 
in December 2019 and June 2021. Here, only 67 m of the road section 
originally selected resulted to be damaged, and therefore used to further 
validate the proposed methodology. The collected 330 RGB images 
(5472 × 3078 pixel resolution) were used to reconstruct the photo-
grammetric products of Phase II. The dense point cloud of SP13 – Pigra is 
formed by 13,627,998 points; the errors generated during the SfM 
process are reported in Appendix A. As done for the previous cases, 
damage was first manually detected from the orthorectified image. Ten 
(10) longitudinal cracks with width varying from 8 mm to 2 cm and 4 
areas of fatigue cracks were observed (Fig. 16a). However, here the 
damage is highly interconnected and complicates distinguishing be-
tween typologies. 

When the cropped point cloud of 10,131,397 points was processed in 
Phase III, both longitudinal and fatigue cracks were detected on the 
damage hotspot map (Fig. 16b). Here, as in the previous cases, the 
highest deviations of about ±3 cm highlighted the deformed (i.e. non- 
planar) portions of the road pavement, where fractures are localized. 
As for the geometric features, they also detected both types of cracks, 
thus rendering the distinction between them difficult for the multi- 
criteria binary classifier (Fig. 16c). Indeed, by applying the thresholds 
in Table 3, the classifier recognized both longitudinal and fatigue cracks. 
Similar results were obtained by applying the IRI-based classifier 
(Fig. 16d): points with severity level from D1 to D3 identify either 
longitudinal or fatigue cracks. The presence of extensive fatigue cracks 
on the SP13 pavement affected the automatic edge detection performed 
in Phase IV (Appendix B). Wide areas of damage encompassing both 
longitudinal and fatigue cracks were detected as unique polygons that, 

Fig. 15. Severity IRI-based classification of 2D automatic damage polygons of SC – Vercana crossing a) V1, b) V2, and c) V3 and V4 landslides.  
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as expected, have only 45% overlap in terms of area with the damage 
detected via visual inspections. For this reason, the quantitative damage 
characterization was not performed for this road section. 

4.4. Correlation between road damage typologies and landslides 

In addition to the results presented beforehand, a correlation be-
tween the damage typologies that are listed in Table 1 with the pres-
ence/absence of landslides was assessed for each study area. During the 
field investigations, 4.91 km of the SP14 – Laino, 1.10 km of the SC – 
Vercana and 4.00 km of the SP13 – Pigra were inspected to evaluate the 
distribution of different road damage typologies. Table 9 reports the 

total number and percentage of the locations where damage was 
observed along the surveyed 9.91 km of road. 

Longitudinal and transverse cracks are mainly observed within the 
landslide boundaries. Other types, such as fatigue cracks, can be found 
either inside or outside the landslide boundaries; however, the statistical 
results indicate that 79% of fatigue cracks are found outside the land-
slide areas, thus suggesting that landslides are not their primary driver. 
Depressions are observed inside or outside the landslides with similar 
frequency, so that they cannot be used as an efficient discriminator. 
Other types of pavement damage, instead, are likely associated with 
other causes rather than local movements due to landslides or subsoil 
instability. 

Fig. 16. a) Orthorectified image of SP13 – Pigra overlaid with 14 damage locations. b) Road damage hotspots computed as distance from fitting planes. c) Multi- 
criteria and d) IRI severity classification of the point cloud. Note the false positives where the fatigue cracks are identified. The dashed orange line indicates the 
boundaries of the P1 landslide mapped in PAI (2019), but not observed on the field. 
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5. Discussion 

The previous section presented the application to the Province of 
Como of the methodology proposed in this paper to detect and classify 
longitudinal and transverse cracks on asphalt road pavements in 
landslide-affected areas using 3D point clouds and 2D images obtained 
from UAV. Specifically, the provincial road SP14 – Laino, the municipal 
road SC – Vercana and the SP13 – Pigra resulted from the selection 
procedure within the Province of Como, and were therefore investigated 
in further detail. These case studies are representative of two different 
situations: i) the SP14 – Laino and the SC – Vercana intersect slides 
developing along unstable (dip) slopes prone to slow sliding movements, 
although some of these instabilities had been classified as inactive 
(source: ISPRA, 2021); and ii) the SP13 – Pigra was thought to be 
intersected by an inactive slide (source: PAI, 2019 - Geoportale Regione 
Lombardia, 2021), but instead it resulted to be on a stable (anti-dip) 
slope. Noticeably, this underlines the importance of accurate, complete 
and updated landslide inventories to analyse the vulnerability of road 
networks to landslides (Nappo et al., 2019; van Westen et al., 2006), and 
also of accurate geological investigations aimed at evaluating the sta-
bility/instability of the slopes. 

In this paper, a hotspot map of the asphalt road pavement damage 
was derived from the 3D point clouds. High deviations from the refer-
ence road surface were detected where pavement anomalies were 
mostly expected. In all tested areas, the results underlined that abrupt 
changes from positive to negative deviation values can be observed 
mainly within the landslides, thus suggesting that the deformation 
process of the road surface is heterogeneous and can result in localized 
cracks, not necessarily widespread over the entire pavement. This, 
however, gives only a first indication of the effect of landslides on 
asphalt-paved roads and needs more investigation to be generalized. The 
cases of SC – Vercana and SP13 – Pigra showed that anomalies are 
highlighted almost independently from the type of pavement damage. 
Indeed, longitudinal or transverse cracks are only the last expression of 
distress on asphalt-paved roads, and deformations of the road surface 
are possible even in absence of cracks. This underlines that the hotspot 
maps retrieved from UAV-based 3D models could be used by road 
maintenance authorities as a first warning of the deformation of road 
pavements from their undamaged (i.e. not deformed) condition, thus 
preventing the formation of severe cracks on asphalt pavements. 

Moreover, a broader range of road sections with different distress pat-
terns should be tested in future works to assess the possibility of 
differentiating between deformations and damage typologies in the 
hotspot maps. 

The geometric features of the 3D point clouds allowed to train two 
classifiers to respectively detect the presence or absence of damage (i.e. 
multi-criteria binary classifier) and rate the quality and severity of the 
asphalt-paved roads (i.e. IRI-based classifier). When computing the 
point cloud geometric features, the results were highly affected by the 
point density of the 3D model. Although a minimum overlap of 80% was 
always guaranteed, the pictures were acquired manually from the drone 
to avoid impact with the surrounding vegetation, thus resulting in an 
irregular acquisition grid. This implied that some road portions were 
detected from more images than others, thus resulting in different 
density of points into the 3D model. Regardless of this limitation, the 
high resolution of UAV images and the multi-image approach allowed to 
obtain a model of good quality with decreased noise. The proposed 
kernel sizes and thresholds applied to omnivariance, verticality and 
roughness were retrieved from i) technical assumptions based on the 
meaning of each geometric feature, ii) standards already adopted in road 
maintenance practice, and iii) numerous tests on point clouds of 
different density, until an optimal result for all case studies was ach-
ieved. The proposed methodology produced results highly consistent 
with the observed damage, as demonstrated by the comparison with 
manually detected damage. 

The multi-criteria classifier was able to identify the longitudinal and 
transverse cracks wider than 1 cm, although some false positives were 
also detected. Most of the errors were produced by the presence of i) 
random noise in the point cloud, ii) concrete structure or ditch at road 
edges, or iii) smaller fractures not fully detectable using the proposed 
procedure. Although more tests are needed to refine and generalize the 
proposed thresholds to point clouds of different density and resolution, 
the presented results demonstrate the capability of this procedure to 
detect presence/absence of road damage directly from the 3D point 
clouds without needing a priori knowledge about the damage typology 
or location. Further adjustments of the thresholds used to train the 
multi-criteria classifier can be addressed to optimally detect different 
damage typologies. Indeed, the SC – Vercana and SP13 – Pigra case 
studies underlined that if fatigue cracks have the same 3D geometric 
characteristics as the longitudinal cracks, it is more difficult for the 
proposed classifier to differentiate between them. 

The classification of pavement quality based on the International 
Roughness Index (IRI) performed better than the multi-criteria classifier 
in constraining the longitudinal and transverse cracks wider than 1 cm. 
The results presented in this paper show that the IRI can be applied to 
rate the road damage severity in landslide areas in four different levels: 
from D0 corresponding to good pavement quality to D3 representing 
severe damage. Although less false positives were generally detected 
using the IRI-based classifier, noise is still present. Regardless of this 
limitation, the IRI-based severity levels can be used to classify either the 
3D point cloud to determine the quality of the entire road surface, or a 
single damage polygon to rate the severity of each crack and prioritize 
maintenance interventions. 

Although beyond the scope of this paper, both the multi-criteria and 
the IRI-based classifiers detected also fatigue cracks on the road pave-
ments. This determined wide areas encompassing several damage ty-
pologies to be detected as fatigue cracks, as in SC – Vercana, with 
reduced pavement smoothness and therefore classified as severely 
damaged. 

The location and geometry of cracks wider than 1 cm could be suc-
cessfully determined via automatic edge detection algorithm applied on 

Table 9 
Distribution of road damage typologies inside and outside landslide boundaries.  

Class Typology Inside a 
landslide 

Outside a 
landslide 

Total 
Number 

Number 
and 
percentage 
of locations 

Number and 
percentage 
of locations 

Cracking Fatigue 39 21% 146 79% 185 
Block 11 28% 29 73% 40 
Longitudinal 39 62% 24 38% 63 
Transverse 30 83% 6 17% 36 
Edge 11 14% 66 86% 77 
Joint 
Reflection 

- - 10 100% 10 

Slippage 4 11% 34 89% 38 
Distortion Rutting 1 14% 6 86% 7 

Shoving - - - - - 
Depression 5 50% 5 50% 10 
Upheaval - - - - - 

Disintegration Ravelling 6 6% 91 94% 97 
Potholes - - 12 100% 12  
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2D orthorectified images. Although the process can be affected by the 
presence of shadows, the comparison of automatically detected cracks 
with manual measurements shows sub-centimetre accuracy, with dif-
ferences ranging between 0.01 m2 and 1.56 m2 for SP14 – Laino, and 
0–8.65 m2 for SC - Vercana. Similar accuracies have been achieved by 
Zhang and Elaksher (2012) in detecting distresses on unpaved roads 
combining UAV-based 3D models and 2D images. Moreover, the results 
obtained in this paper demonstrates that when the fractures are de-
tached from each other as for the SP14 – Laino case study, the automatic 
detection has an overlap of about 93% with the distress identified 
manually from the orthorectified image. Conversely, when the damage 
pattern is very interconnected as for the SC – Vercana and the SP13 – 
Pigra, the automatic detection as applied in this paper needs further 
improvements. A possibility might be masking out the areas of fatigue 
cracks as for background removal of useless parts of the scene; however, 
this needs more investigation and tests, which are beyond the scope of 
the present study. The automatic edge detection as proposed by Cubero- 
Fernandez et al. (2017) and applied in this paper allowed to retrieve the 
boundary of each longitudinal and transverse crack, although its width 
is lost. However, when combining this 2D-based information with the 
3D point clouds, more quantitative properties can be computed for each 
damage location. In previous studies (e.g. Mavrouli et al., 2019; Nappo 
et al., 2019) the road damage due to landslides was represented by 
point-based locations or circular areas surrounding a damage point that 
could not take into consideration the shape, extension, orientation or 
width of each crack. The possibility to combine 2D and 3D photo-
grammetric products as presented in this paper allows to objectively 
detect longitudinal and transverse cracks and classify their severity ac-
cording to the average roughness of points representing the distress. 

With respect to previous studies using UAV flight heights of 20 or 5 m 
to detect potholes on asphalt-paved roads (e.g. Inzerillo et al., 2018; 
Saad and Tahar, 2019; Tan and Li, 2019), in this work the drone flying 
height was set to 10 m from the road surface. After several attempts, this 
choice was made to i) avoid obstacles as trees or vehicles, and ii) obtain a 
Ground Sample Distance (GSD) small enough to distinguish longitudinal 
and transverse cracks on the asphalt road pavement. Lower flying alti-
tudes are often forbidden above strategic infrastructure or highways, 
depending on local regulations (e.g. ENAC, 2021), while higher altitudes 
would lead to high GSD values and therefore low image resolution, thus 
limiting the applicability of the proposed procedure. The flight height 
and pattern to acquire images of the road pavement can be easily 
adapted according to the operational conditions. In general, UAV images 
can be nadir and/or oblique views to mitigate the problem due to 
occluded parts of the vegetation. For the present study, the image 
acquisition was operated with a DJI Phantom4 PRO drone assuring a 
GSD of 0.37 cm/pixel on the images acquired in nadir view. Once these 
images were overlapped, the 3D models generated via SfM had GSD of 
0.11 cm/pixel for the SP14 – Laino and SC – Vercana, and 0.21 cm/pixel 
for the SP13 – Pigra. This allowed to identify all cracks in the selected 
road sections, which width ranges between 1.00 and 2.63 cm for SP14 – 
Laino, 0.78 and 2.85 cm for SC – Vercana, and 8 mm-2 cm for SP13 – 
Pigra. Moreover, since the GSD affects the precision of 3D models, the 
value adopted in this paper guaranteed low levels of noise in the 
generated point clouds, thus ensuring that the proxies obtained from the 
3D model are significative and reliable, and they can effectively be 
compared with road-related standards. Low image resolutions, instead, 
induce high noise in the point clouds, thus generating unreliable mea-
surements. Moreover, the 3D models reconstructed in this study via SfM 
were automatically georeferenced using the GPS integrated with the 
Phantom4 PRO drone, instead of Ground Control Points (GCP). This 
generated georeferencing errors lower than 0.7 m when locating the 3D 

models on the topographic maps (reference system: WGS 84/ UTM zone 
32 N). However, this does not affect the detection and classification of 
damage on asphalt-paved roads. 

The three tested areas were inspected on different dates and times: 
SP14 – Laino was surveyed around 11 a.m., SC – Vercana around 10 a. 
m., and SP13 – Pigra around 3.30 p.m. This time difference in drone 
acquisitions resulted in shadows on the road pavements, captured in the 
images and therefore reproduced in the 3D point clouds. To overcome 
such limitation, which is likely to occur in mountainous regions affected 
by landslides, the proposed procedure is based on the combination of 2D 
and 3D photogrammetric products, thus obtaining geometric informa-
tion not affected by pixel colours or lighting conditions (Hackel et al., 
2016; Maas and Vosselman, 1999; Weinmann et al., 2013). Further 
improvements of the procedure could be achieved by applying a shadow 
removal algorithm before the image orientation step; however, this is 
beyond the scope of the present study. 

Noticeably, the obtained results also underlined some incoherence 
between areas of observed damage and landslide borders, as observed 
for the SP14 – Laino or SC – Vercana, that can be ought to not only 
geolocation errors of the 3D models but also inaccuracies of the land-
slide inventories. Assuming that there is a displacement at the edges of 
the landslide, boundary damage effects are demonstrated in the cases of 
SP14 – Laino and SC – Vercana via transverse cracks. In this paper, 
longitudinal and transverse cracks can be observed either inside or 
outside the boundary of a landslide, but with higher frequency (62% and 
83%, respectively) inside a landslide. Therefore, longitudinal and 
transverse cracks can be considered as primarily caused by the move-
ments generated by local slope/ground instabilities, as already observed 
by Mavrouli et al. (2019) and Nappo et al. (2019). These authors 
mention also depressions being associated to landslide movements. In 
this paper, depressions were observed either inside or outside the 
landslides, thus underlining the necessity of additional investigations to 
characterize such distress. By analysing the correlations between dam-
age typologies and presence/absence of landslides as presented in 
Table 9, it was concluded that one type of pavement distress cannot be 
easily associated with one specific cause, but it rather manifests as the 
combination of several factors, including the slope/terrain instability. 
The combined action of, for instance, local settlements, traffic loading, 
water infiltrations, shrinkage and frosting of the asphalt could generate 
damage on the road pavement that progressively evolves from depres-
sion to longitudinal or transverse crack to fatigue crack to potholes or 
ravelling. This underlines the importance of extensive analyses of the 
road pavement damage by considering the combined action of land-
slides, asphalt aging and vehicles-induced stress. 

Regardless the mentioned limitations, the methodology proposed in 
this paper is helpful for road practitioners to i) rapidly identify the road 
sections affected by landslides at large scale, ii) characterize the pave-
ment damage using a point-based criterion, rather than segmenting the 
road into portions of variable lengths, and iii) prioritize the small-scale 
interventions on damaged roads. Additional efforts are needed to extend 
the applicability of the proposed damage detection and classification 
procedure over entire road networks. For instance, drone acquisition 
protocols could be established to enhance the level of automation and 
render this procedure more feasible at larger scales. 

6. Conclusions 

In this paper a semi-automatic procedure for road damage detection 
and assessment in landslide areas was applied to the Province of Como in 
northern Italy. Here, the provincial road SP14 – Laino, the municipal 
road SC – Vercana, and the SP13 – Pigra were investigated because 
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affected by landslides. This work is part of an ongoing project for the 
development of tools to characterize the damage induced by landslide 
on road networks. 

The proposed procedure, which is based on the combination of 3D 
and 2D photogrammetric products retrieved from UAV acquisitions, 
allowed to successfully detect and classify longitudinal and transverse 
cracks wider than 1 cm. These types of damage can be caused by dif-
ferential settlements of the road subgrade induced by landslide-related 
movements, which add further stress on the asphalt pavement already 
subjected to other loadings. Although the distinction between damage 
typologies and causes is not straightforward, the present paper con-
tributes to the collection of road damage data and the understanding of 
the effects of landslides on road pavements. Indeed, from the analysis of 
the 3D model of a road section, it is possible to detect heterogenous 
deformations of the asphalt pavements located on unstable slopes. The 
damage can be quantitatively classified according to its typology or 
severity based on the International Roughness Index (IRI). 

In this paper, the 3D model was used to obtain three main outputs: a 
hotspot map to locate the pavement anomalies, a multi-criteria binary 
classifier to rapidly detect presence or absence of road damage, and a 
roughness-based methodology to rate the quality of the pavement and 
the severity of each distress. The hotspot map can be used by road 
practitioners to have an overview of the damage distribution at large 
scale, while both multi-criteria and IRI-based classifiers can be applied 
at medium or detailed scales to plan and prioritize the maintenance 
works. However, further refinements of the proposed classifiers are 
needed to reduce the error and improve their capability of detecting 
different typologies of damage on a broader range of infrastructure. As 
further photogrammetric products, a 2D orthorectified image of the 
investigated road section was used to automatically detect longitudinal 
and transverse cracks wider than 1 cm on the road surface that are likely 
to be induced by slope/subgrade instability. This allowed to precisely 
locate the damage on the road pavement and extract its boundaries that, 
once overlaid with the 3D model, could be used to quantitatively 
characterize the road damage. The precision of these outputs depends on 
the quality of the point clouds and UAV acquisitions. 

A Phantom4 PRO was proved adequate for rapid road inspections at 
relatively low costs. The surveyed roads were extra urban and non- 

strategic, therefore less restrictions applied for flying (ENAC, 2021). 
However, to extend the applicability of the proposed procedure to other 
infrastructure, such as highways or motorways, different flying altitudes 
may be necessary to respect local regulations. In such cases, also the 
parameters used in this paper, such as the kernel size and thresholds 
applied for the point cloud processing, need to be adjusted for point 
clouds of different quality or density. Therefore, further tests will be 
essential to validate these parameters and assess their capability to 
detect damage using different drone acquisition modes. 

The methodology proposed in this paper is intended as a ready-to-use 
tool to automatize the inspection and assessment of road pavements 
affected by landslides, at local scale. However, further refinements are 
needed to provide a standard protocol for road practitioners. Comple-
mentary information, such as InSAR displacement data and ground- 
based measurements, can be also included in the procedure to detect 
road damage in larger areas. 
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Appendix A 

In this section, the errors generated during the reconstruction of 3D models via Structure from Motion (SfM) are reported for each case study, i.e. 
SP14 – Laino in Table A1, SC – Vercana in Table A2 and SP13 – Pigra in Table A3.  

Table A1 
Quality report of the 3D model generation for the SP14 – Laino.  

Case study: SP14 - Laino  

Absolute camera position and orientation uncertainties 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree]  

Mean 0.142 0.106 0.178 0.053 0.067 0.094  
Sigma 0.038 0.015 0.016 0.003 0.010 0.013    

Relative camera position and orientation uncertainties 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree] Reprojection error [pixel] 

Mean 0.001 0.002 0.002 0.022 0.015 0.011 0.127 
Sigma 0.001 0.001 0.001 0.003 0.007 0.004    

Geolocation variance 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree]  

Mean 0.001 0.002 − 0.009     
Sigma 0.321 0.614 0.374     
RMSE 0.321 0.614 0.374 1.406 3.393 7.969    
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Table A2 
Quality report of the 3D model generation for the SC – Vercana.  

Case study: SC – Vercana  

Absolute camera position and orientation uncertainties 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree]  

Mean 0.115 0.128 0.191 0.065 0.060 0.072  
Sigma 0.024 0.035 0.010 0.006 0.003 0.001    

Relative camera position and orientation uncertainties 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree] Reprojection error [pixel] 

Mean 0.010 0.031 0.011 0.045 0.092 0.015 0.130 
Sigma 0.003 0.020 0.007 0.025 0.018 0.004    

Geolocation variance 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree]  

Mean 0.001 0.002 − 0.007     
Sigma 0.604 1.844 0.665     
RMSE 0.604 1.844 0. 665 1.404 3.174 5.487    

Table A3 
Quality report of the 3D model generation for the SP13 – Pigra.  

Case study: SP13 - Pigra  

Absolute camera position and orientation uncertainties 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree]  

Mean 0.097 0.103 0.163 0.051 0.052 0.072  
Sigma 0.014 0.016 0.001 0.000 0.000 0.000    

Relative camera position and orientation uncertainties 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree] Reprojection error [pixel] 

Mean 0.001 0.001 0.001 0.006 0.07 0.003 0.137 
Sigma 0.000 0.000 0.000 0.001 0.001 0.001    

Geolocation variance 
X [m] Y [m] Z [m] Omega [degree] Phi [degree] Kappa [degree]  

Mean − 0.006 0.016 0.014     
Sigma 0.572 0.571 0.702     
RMSE 0.572 0.571 0.702 1.613 0.301 3.888   

Appendix B 

In this section, further details and images of the processing of SC – Vercana and SP13 – Pigra are reported. Specifically, Tables B1, B2 and B3 are 
referred to the SC – Vercana. Figs. B1 and B2 are referred to the SP13 – Pigra.  

Table B1 
Results of the automatic damage characterization of SC - Vercana. The acronyms LC, TC and FC stands respectively for longitudinal, transverse and fatigue crack. D_D 
stands for depression. While DL, UL and AL stands respectively for downhill, uphill and all lines.  

IDLandslide ID Damage Damage Type Position on the Road Width [cm] Automatic Area [m2] Measured Area [m2] Error [m2]  

1 FC DL 1.68 0.49 1.42 –  
2 LC DL 1.15 0.11 1.16 1.05 

V1 3 FC AL 1.54 24.04 25.54 –  
4 LC DL 1.32 0.12 0.98 0.86  
5 LC DL 1.00 0.15 1.43 1.28  
6 LC DL 1.54 0.22 0.53 0.31 

V1 7 LC DL 1.66 1.03 3.70 2.67 
V1 8 TC UL 1.43 0.17 2.11 1.94 
V1 9 FC UL 1.54 2.33 15.67 – 
V1 10 LC DL 3.59 1.45 5.52 4.07 
V1 11 D_D UL 1.32 0.12 2.10 – 
V1 12 LC UL 1.34 0.15 3.33 3.18 
V1 13 LC DL 2.12 0.36 1.85 1.49 
V1 14 LC UL 1.32 0.04 0.19 0.15 
V1 15 LC DL 3.50 0.38 1.75 1.37 
V1 16 LC DL 3.21 1.47 3.94 2.47 
V1 17 FC UL 1.59 1.02 7.37 – 
V1 18 TC UL 1.32 0.04 0.16 0.12 
V1 19 TC DL 1.00 0.04 0.18 0.14 
V1 20 LC DL 0.97 0.01 0.63 0.62 
V1 21 TC AL 1.00 0.07 0.12 0.05 
V1 22 TC DL 0.95 0.02 0.34 0.32 
V1 23 TC AL 1.73 0.34 4.07 3.73 

(continued on next page) 
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Table B1 (continued ) 

IDLandslide ID Damage Damage Type Position on the Road Width [cm] Automatic Area [m2] Measured Area [m2] Error [m2] 

V1 24 FC AL 1.40 2.57 9.38 – 
V1 25 LC DL 0.97 0.18 1.79 1.61 
V1 26 TC AL 2.71 0.06 0.06 0.00 
V1 27 LC AL 1.36 0.72 7.13 6.41 
V1 28 FC UL 1.63 1.37 8.67 – 
V1 29 FC AL 2.71 1.31 3.27 – 
V1 30 LC UL 1.78 0.08 1.49 1.41 
V1 31 TC UL 1.00 0.04 0.29 0.25 
V1 32 TC AL 0.97 0.18 1.99 1.81 
V1 33 FC UL 1.54 0.36 1.88 – 
V2 34 LC AL 2.11 1.16 9.81 8.65 
V3 35 FC AL 1.43 3.49 26.73 – 
V3 36 FC DL 0.97 0.12 0.97 – 
V3 37 TC AL 1.26 0.16 1.46 1.30 
V3 38 FC UL 2.85 5.08 12.21 – 
V3 39 FC DL 2.76 2.20 7.20 – 
V3 40 FC AL 1.28 2.99 9.68 – 
V3 41 LC DL 2.75 0.82 3.60 2.78 
V3 42 FC DL 1.27 2.74 11.90 – 
V3 43 LC UL 2.75 0.82 2.36 1.54 
V4 44 FC UL 2.85 5.08 11.11 – 
V4 45 FC AL 1.60 15.83 18.59 –  

46 FC UL 2.85 5.08 8.88 –   

Table B2 
Rating of damage polygons of SC – Vercana based on the multi-criteria binary classifier.  

Multi-criteria Classifier 

IDLandslide ID Damage Number of points Density of damage points [No/m2] Density of non-damage points [No/m2] Damage ratio Rating  

1 522 111 256 0.43 XXXIII  
2 466 230 172 1.34 III 

V1 3 40,329 135 186 0.72 XV  
4 387 134 261 0.51 XXVI  
5 550 100 285 0.35 XXXV  
6 189 151 206 0.73 XIV 

V1 7 1283 88 258 0.34 XXXVI 
V1 8 830 64 329 0.19 XLI 
V1 9 5674 113 249 0.45 XXXI 
V1 10 1965 137 219 0.63 XXII 
V1 11 822 97 295 0.33 XXXVII 
V1 12 184 26 29 0.88 X 
V1 13 527 56 229 0.24 XXXIX 
V1 14 6 5 26 0.20 XL 
V1 15 448 141 115 1.22 V 
V1 16 1573 239 161 1.48 I 
V1 17 2686 122 243 0.50 XXVII 
V1 18 63 13 381 0.03 XLIV 
V1 19 68 11 367 0.03 XLV 
V1 20 244 159 229 0.69 XVII 
V1 21 44 0 367 0.00 XLVI 
V1 22 141 29 385 0.08 XLIII 
V1 23 1327 136 190 0.72 XVI 
V1 24 3472 123 247 0.50 XXIX 
V1 25 557 88 223 0.39 XXXIV 
V1 26 28 50 417 0.12 XLII 
V1 27 2410 104 234 0.45 XXXII 
V1 28 2195 134 119 1.13 VII 
V1 29 1211 160 211 0.76 XIII 
V1 30 614 158 254 0.62 XXIII 
V1 31 60 72 134 0.54 XXV 
V1 32 770 92 294 0.31 XXXVIII 
V1 33 727 146 241 0.60 XXIV 
V2 34 3374 167 177 0.95 VIII 
V3 35 8415 149 166 0.90 IX 
V3 36 265 155 119 1.30 IV 
V3 37 563 227 159 1.43 II 
V3 38 3945 127 196 0.65 XXI 
V3 39 2615 195 168 1.16 VI 
V3 40 3472 120 239 0.50 XXVIII 
V3 41 184 23 27 0.88 XI 
V3 42 6738 180 386 0.47 XXX 
V3 43 184 36 42 0.88 XII 

(continued on next page) 
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Table B2 (continued ) 

Multi-criteria Classifier 

IDLandslide ID Damage Number of points Density of damage points [No/m2] Density of non-damage points [No/m2] Damage ratio Rating 

V4 44 3945 139 216 0.65 XIX 
V4 45 14,322 117 178 0.66 XVIII  

46 3945 174 270 0.65 XX   

Table B3 
Results of the IRI-based classification of pavement damage of SC - Vercana.  

IDLandslide ID Damage IRI Classifier Roughness Overall severity 

Number of points Min Max Mean (μ) St. Dev. (σ) CV (¼ σ/μ) 

D1 D2 D3  

1 19 4 3 0 16.05 1.64 1.76 1.07 D0  
2 86 30 15 0 23.92 3.35 3.26 0.97 D0 

V1 3 5218 1185 594 0 47.27 7.04 3.53 0.50 D1  
4 32 0 0 0.01 7.97 1.71 1.39 0.81 D0  
5 26 1 0 0 8.31 1.47 1.27 0.86 D0  
6 17 3 1 0.04 12.55 2.18 1.92 0.88 D0 

V1 7 73 16 33 0 31.16 8.96 5.29 0.59 D2 
V1 8 17 0 1 0.01 15.54 5.51 2.5 0.45 D1 
V1 9 379 18 5 0 33.72 5.41 2.05 0.38 D1 
V1 10 208 28 27 0 32.27 6.98 4.41 0.63 D1 
V1 11 49 2 0 0 9.51 5.12 1.07 0.21 D1 
V1 12 32 6 9 0.02 32.35 8.49 5.91 0.70 D2 
V1 13 22 3 1 0 17.46 5.72 2.78 0.49 D1 
V1 14 0 0 0 0.4 2.19 1.27 0.57 0.45 D0 
V1 15 46 30 65 0.03 94.41 15.49 13.85 0.89 D3 
V1 16 346 125 79 0 70.25 4.12 5.14 1.25 D1 
V1 17 276 65 20 0 38.6 6.82 3.5 0.51 D1 
V1 18 0 0 0 0.05 2.21 0.81 0.5 0.62 D0 
V1 19 0 0 0 0 2.66 0.74 0.59 0.80 D0 
V1 20 31 6 11 0 41.15 9.11 6.96 0.76 D2 
V1 21 0 0 0 0.02 1.79 0.73 0.5 0.68 D0 
V1 22 1 0 0 0 5.98 0.93 0.8 0.86 D0 
V1 23 177 53 33 0 49.23 8.03 5.37 0.67 D2 
V1 24 286 70 65 0 48.86 8.49 6.49 0.76 D2 
V1 25 54 13 16 0.01 47.5 9.4 7.68 0.82 D2 
V1 26 0 2 0 0.04 8.85 8.63 0.23 0.03 D2 
V1 27 154 10 0 0 9.13 5.39 1.25 0.23 D1 
V1 28 428 115 33 0 22.96 6.91 2.83 0.41 D1 
V1 29 157 28 13 0 40.94 6.92 4.47 0.65 D1 
V1 30 56 17 9 0.02 44.98 7.96 6.02 0.76 D1 
V1 31 2 0 0 0.09 5.76 4.9 0.86 0.18 D1 
V1 32 27 0 0 0 6.97 4.87 0.67 0.14 D1 
V1 33 59 9 4 0.01 15.91 6.37 2.58 0.41 D1 
V2 34 531 79 29 0 19.86 6.27 2.51 0.40 D1 
V3 35 1412 251 102 0 40.02 6.63 3.16 0.48 D1 
V3 36 50 6 0 0.03 11.02 5.58 1.63 0.29 D1 
V3 37 160 31 1 0 14.19 6.21 1.84 0.30 D1 
V3 38 464 59 49 0 25.73 6.75 3.47 0.51 D1 
V3 39 527 43 17 0 23.56 5.93 2.28 0.38 D1 
V3 40 286 70 65 0 48.86 8.21 3.38 0.41 D2 
V3 41 32 6 9 0 41.15 2.49 4.45 1.79 D0 
V3 42 507 12 3 0 23.56 2.67 2.21 0.83 D0 
V3 43 32 6 9 0 41.15 8.97 4.45 0.50 D2 
V4 44 464 59 49 0 25.73 2.21 2.47 1.12 D0 
V4 45 1593 201 113 0 40.02 4.66 2.68 0.58 D1  

46 464 59 49 0 25.73 2.3 2.47 1.07 D0   
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Fig. B1. SP13 – Pigra. a) Top view of the point cloud with 48,431,414 points reconstructed via SfM and calibrated cameras. b) and c) Axonometric views of the dense 
point cloud. d) Top view of the segmented road surface. 
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Fig. B2. SP13 – Pigra. Top view and details of automatic road damage detection. The dashed orange line indicates the boundaries of the P1 landslide mapped in PAI 
(2019), but not observed on the field. 
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