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Abstract—Effectively and precisely identifying damages
after a seismic event is fundamental to ensuring timely
intervention and optimizing the building life cycle. The com-
bination of multisensor inspection and artificial intelligence
(Al) technologies is powerful in this context. This work
presents the results of the development of a multisensor
measurement procedure relying on drone-embedded visi-
ble and thermal cameras and a terrestrial laser scanner
(TLS) to acquire data on a masonry church damaged by
an earthquake. These data were carefully aligned into a
unified reference system and enabled the reconstruction of
high-resolution 3-D models of the building, from which mul-
tichannel orthophotos were extracted, with visible, thermal,
and depth data, to identify surface lesions. The analysis
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procedure involved three main stages: 1) preprocessing using principal component analysis (PCAs) to improve feature
separability and reduce redundancy between channels; 2) lesion detection using a deep learning U-Net segmentation
model trained to identify surface cracks; and 3) morphological postprocessing to refine the predicted masks and
eliminate (or reduce) false positives predictions. The combination of multimodal data improves lesion detection,
highlighting cracks that are not immediately visible, particularly when thermal gradients or geometric discontinuities

provided complementary evidence. The results are promising

and demonstrate both the feasibility of lesion identification

and the validity of the proposed approach in the context of structural health monitoring. The use of sensors that can
acquire data remotely and without contact offers significant advantages in terms of safety in a postearthquake context.

Index Terms—3-D reconstruction, crack identification, damage identification, drone-based monitoring, masonry
structures, measurement, structural health monitoring (SHM), terrestrial laser scanner (TLS).

I. INTRODUCTION
IVIL engineering structures are often exposed to multiple
agents, such as loads, both operational and accidental,
environmental degradation, and unexpected hazards, like earth-
quakes, floods, and fire, just to name a few. If structures are
not adequately designed, the development of cracks and more
serious damage can compromise the serviceability and safety
of artifacts. Crack detection and mapping are pivotal, espe-
cially to evaluate the service condition accurately [1]. Routine
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inspections are essential to maintain structures/infrastructures’
safety, and cracks assessment is imperative to predict and avoid
their possible premature failure [2]. Traditional techniques
used for cracks detection are often based on manual (mostly
visual) methods, which are inefficient, labor-demanding, local-
ized, and susceptible to errors and omissions [3]. This differs
from the promptness and accuracy required in real-world
engineering scenarios [4]. The timely identification of damages
in buildings is fundamental to optimizing the building’s life
cycle as well as the needed interventions. Recent research
has highlighted the importance of classifying seismic damage
in reinforced concrete structures. For example, Ma et al. [5]
proposed a probabilistic model based on Bayesian theory to
identify the failure modes for bending, shear, and bending
shear of reinforced concrete columns, achieving good accuracy
in predicting collapse mechanisms under seismic loading,
which is very important in the postearthquake context. Along
the same lines, in [6], a method based on fragility curves
was developed for reinforced concrete buildings with base
isolation subjected to earthquakes near faults, demonstrating
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how probabilistic seismic demand analysis can effectively
capture the probability of structural damage. Indeed, De Sit-
ter’s law of Fives underlines the importance of adopting
proper maintenance strategies on buildings to avoid a five-
fold increase in costs for repair per decade [7]. In the last
decades, many different technologies have been applied for
damage identification, like visual inspection, crack gauges,
vision systems, nondestructive testing (e.g., ultrasound-based
sensors), analysis of vibrations, electrical impedance mea-
surement, etc. In recent years, using drones for inspections
in buildings, bridges, and other types of constructions has
become common [8], thanks to the relatively fast, cheap,
safe, and flexible acquisition of images [9]. The continuous
evolution of digital tools, computer hardware, and intelligent
algorithms has contributed to the affirmation in research and
applied sciences of machine learning and deep learning crack
detection methods [10]. Disposing of regular information on a
building allows for proper designing of retrofitting operations
and this is crucial for climate change resilience [11] as well
as to timely act in consequence to extreme natural events
such as earthquakes. They develop in seismic areas, such
as the Apennine region, which spans across Italy. In this
area, the most used building typology consists of masonry
structures. Masonry is a heterogeneous material, commonly
constituted of units and joints. There are several types of
masonry; indeed, units can be made of natural stones or
ceramic bricks, whereas joints can be either low-strength
lime-based mortars or good-quality cementitious mortars. The
emergence and development of cracks in masonry structures
is often a precursor to accidents and greatly affects the
performance of the structure itself [12]. The development of
efficient, accurate, and large-scale inspection-oriented crack
detection methods is paramount [13]. A newly automated
measurement system based on the acquisition of red, green,
blue - depth (RGB-D) image to localize and measure the
geometric features of cracks has been used [14]. This tool,
used previously for concrete structures, has been extended
to masonry structures, which are characterized by a higher
presence of nondesired elements, such as boundaries between
bricks and mortar joints, which could be mistaken for masonry
cracks and defects. Moreover, the same building typology
(i.e., masonry) and a similar seismic risk of Italy can also
be found in Greece, Cyprus, and Turkey. In this regard, not
only is the local impact huge, but it can also be extended to
many other Mediterranean areas. Additionally, many masonry
artifacts belong to the cultural heritage, and hence it is
essential that we all have a responsibility to preserve these
monuments as long as possible [15]. However, at present,
periodic inspections still prevail over regular monitoring
strategies [16].

The seismic series that has affected the center of Italy from
August 2014 to January 2017 was prolonged and destruc-
tive [17] and resulted in several structural failures and damages
affecting different types of structures, e.g., reinforced concrete,
masonry, and steel ones. The usage of remotely observed
images for inspection purposes has been explored in literature
and proved to be promising [18]. Gathering information from
the combination of sensing and digital technologies can play

a pivotal role in an enhanced design of resilient structures;
open databases like the observed damage database (Da.D.O)
[19] represent a valuable contribution to the research related
to postearthquake inspections. In fact, these types of data can
also be exploited to train artificial intelligence (AI) models
for risk predictions that could also be fine-tuned and scaled to
face different types of hazards (e.g., floods [20]). Objective
data gathered on site are pivotal to make better choices
in case of catastrophic events, also prioritizing interventions
when needed, considering the different importance levels of
structures and infrastructures. Multidomain sensors can pro-
vide synergies enabling to thoroughly depict the effective
status of a certain structure [21]; in this context, this article
concerns a multisensor framework providing multidomain data
to exhaustively inspect a masonry structure struck by an
earthquake. The building is the “San Pietro” church located
in Pieve Torina, which is a small village in the center of Italy
affected by the seismic swarm of summer 2016. A variety of
technologies were employed for a more accurate and inno-
vative reconstruction of the effective structural status of the
building, going from drones equipped with visible and thermal
cameras to terrestrial laser scanners (TLS) through data fusion
strategies. The activities were performed in the framework
of the reCITY project, aiming at developing different types
of solutions to enhance resilience at the urban level. The
analysis of the data collected on site were exploited for
two different 3-D reconstructions of the damaged building,
performed using the photogrammetry technique, one with
visible images and one with thermal ones, aligned with TLS
data for increased reconstruction accuracy. With the aim of
recognizing lesions on surfaces, the information obtained after
data processing with an Al-based algorithm can be useful to
support decision-making processes in terms of reconstruction.

The contribution of this work beyond the state of the art

can be summarized in the following points.

1) Data Fusion: The combined use of drones (with dual
sensors) and TLS, as well as an in-depth processing
pipeline including photogrammetry and advanced image
analysis techniques, represents an improvement on the
state of the art, which does not usually involve such
in-depth analysis.

2) Use of Multidomain Al: Al algorithms are applied to
multidomain data in an innovative way.

3) Support in Intervention Management and Inspection
Optimization: especially after an extreme event, it is
essential to prioritize interventions, and this study
presents a method that could support this choice by
exploiting remote inspections, which also guarantee a
greater degree of safety for operators.

Il. MATERIALS AND METHODS
This section details the sensing equipment employed for
data acquisition and describes the data processing pipeline
aiming at the 3-D reconstruction of the building and the
consequent damage identification, focusing on cracks.

A. Drone-Based Data Acquisition

In April 2024, a remote aerial survey was carried out
on a masonry church in Pieve Torina (42°58°40.9" N
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13°04°45.6" E). The drone flight was conducted at approx-
imately 13:00 CET with clear sky and minimal wind,
a condition specifically chosen to minimize the negative effects
of shadows, which, when the sun is low, can change from
the beginning to the end of the flight, and therefore, lead to
difficulties in 3-D reconstruction. Obviously, the total absence
of shadows (for example, on a cloudy day) would be prefer-
able. The drone used was a DJI Mavic 2 Enterprise Advanced
(M2EA, DJI, Shenzhen, China), equipped with both RGB and
thermal cameras (Table I); both sensors are stabilized by a
three-axis gimbal and synchronized at the factory so that each
visible frame is matched with a thermogram.

The flight path was executed manually, and also due to the
large size of the church, data acquisition was performed both
in nadir mode and at different angles; oblique angles were
manually changed between horizontal views (90° off-nadir)
and intermediate angles of about 45°. The stand-off distance
also varied from around 3 m to values above 10 m, both to
better capture details of the building texture and to capture
a large part of the building in one frame. The built-in timer
triggered the shot every 3 s, resulting in consecutive images
overlapping in the range 50%-80%. A total of 404 RGB
frames and 404 corresponding thermal frames were collected.
The visible camera acquired at full resolution (8000 x
6000) and automatic exposure and focus were maintained
throughout the flight, while the thermal camera operated with
default emissivity (¢, = 1); radiometric R-JPEGs were subse-
quently converted to 16-bit GeoTIFF to preserve temperature
information.

The masonry church was additionally surveyed using the
FARO Focus 3-D MS 120 TLS (FARO Technologies Inc.,
Lake Mary, FL, USA) [22]. This instrument employs a
phase shift distance measurement principle at a wavelength
of 905 nm, operates over a range of 0.60—-120 m, and delivers
an accuracy of £2 mm under standard lighting conditions. Its
field of view spans 320° vertically and 360° horizontally, with
an angular resolution of 0.009°. With an acquisition rate of
976 000 pts/s and a beam divergence of 0.19 mrad, it generates
high-density point clouds in minimal time. These capabilities,
combined with its compact form factor (5.2 kg; 240 x 200 x
100 mm) and IP54 protection rating, ensure reliable operation
in confined spaces and under variable environmental condi-
tions. The point-cloud density of the FARO Focus 3-D MS
120 was configured prior to each acquisition via the scanner
control panel.

The selected density and accuracy settings directly affect
scan duration: increasing acquisition time typically yields
higher-quality point clouds with reduced noise. A network
of reference targets was deployed on the church facades
to guarantee a minimum of three common targets between
consecutive scans.

The combined use of TLS and remotely sensed images sig-
nificantly reduced the time (compared to traditional surveys)
to obtain a 3-D “copy” of the church.

The choice of sensors is due to the need of extracting
different characteristics from the data, which can often be
complementary and allow for a more complete analysis of the
structure under examination. The thermal camera, in particular,

Fig. 1. Point cloud of TLS (FARO Focus 3-D) block.

is able to highlight certain lesions in a different and sometimes
better way than the visible camera. Furthermore, for this study,
the sensors used are complementary in the data acquisition
phase, since the TLS is certainly limited by the type of
structure and what is around it, it is unable to acquire data
from parts of the building hidden by others, or it may have
difficulty detecting the highest parts of some buildings. The
opposite is valid for drones, as they are usually freer to move
around the structure and acquire data very well in the highest
parts of the structure, whereas they may struggle more with
the lower parts.

Furthermore, these types of sensors allow data to be
acquired remotely, particularly for drones, which could be very
important in the context of postearthquake inspections from a
safety perspective.

B. 3-D Model Reconstruction

The raw TLS dataset was imported into Autodesk ReCap
v.23.1.000 [23], manually aligned, and then cleaned from noise
and outliers using predefined distance and angle thresholds.
In this initial processing stage, no automatic filters were
applied, resulting in an E57 file of ~2.2 x 108 points.
Following segmentation to isolate the study area, the point
cloud was reduced to 29.3 x 108 points, each annotated with
intensity and RGB values derived from the scanner-integrated
imagery. The postprocessed cloud is shown in Fig. 1.

A separate photogrammetric workflow was carried out for
the RGB images and the co-registered thermal frames acquired
with the drone. The processing was performed with Agisoft
Metashape v 2.1.2 [24] on a workstation equipped with an
Intel i9-13900K CPU (32 threads), 128 GB RAM, and an
NVIDIA RTX 4090 GPU. The first step was the alignment
of the images, which was performed at medium quality with
predefined pair preselection. The key point and tie point limits
were set to 60 000 and 6000 for the visible block and to 40 000
and 1000 for the thermal block.

The procedure generated 556 676 tie points for RGB anal-
ysis and 171652 tie points for the IR one. Five geometric
control markers (ground control points) extracted from the
TLS survey were then placed on the images and manually
cross-checked on them; other markers (13 check points) were
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Fig. 2. Point cloud of visible (RGB) block.

also placed manually on the model and checked (and adjusted
on the images, if necessary) to improve accuracy. These
coincided with key points of the building that were easily
recognizable as certain edges. To assess the quality of the
reconstruction, the values of the residuals were observed;
the control points residuals were 0.039 m (1.9 px) for RGB
block and 0.075 m (1.2 px) for IR one, and the check points
residuals were 0.061 m (1.8 px) for RGB block and 0.076 m
(1.8 px) for IR one, keeping the overall reprojection error
within acceptable values considering the actual building size.

Depth maps were processed with medium and ultrahigh
quality for the RGB and IR block, respectively, and with the
mild filter for both. The dense cloud phase was performed
from the depth maps at high quality for the RGB block and
ultrahigh for the IR block, resulting in ~ 1.80 x 108 points
(RGB) and 5.76 x 106 points (IR), after manual cleaning of
noninterest points (i.e., those furthest from the building).

The differences between qualities used in different blocks
were determined by the computational power required. Figs. 2
and 3 show the point clouds obtained from the two blocks, i.e.,
visible and thermal, after the overall processing.

After the co-registration of the two point cloud blocks
(RGB, IR) in a common local reference system defined by the
markers exported from the TLS point cloud, the point clouds
of the RGB and IR blocks were manually segmented in Agisoft
Metashape to isolate the fagades of interest. The north, south
(including the bell tower), and east facades were retained and
subsequently analyzed; the west facade was discarded because
dense vegetation obscured most of its surface. For each facade
of interest, two independent 3-D surface models were derived,
one from the RGB dense cloud and one from the IR dense
cloud.

Meshes were generated from the depth maps; triangular
meshes were constructed with the high-quality preset and
hole filling (interpolation) enabled, resulting in highly detailed
geometric representations.

To obtain the orthophotos of the facades, a plane was
defined for each of them through a series of markers manually

Fig. 3. Point cloud of thermal (IR) block.

positioned (minimum three per facade), some coinciding with
previously defined markers.

The orthophotos were then constructed from the 3-D mod-
els, disabling the interpolation of the holes. Pixel sizes were
defined at the maximum resolution available, i.e., 1.67 mm/px
(RGB) and 1.54 cm/px (IR), resulting in orthophotos with
dimensions of 7475 x 7257 px (north), 10795 x 9798 px
(south), and 13 115 x 6864 px (east) for the visible block, and
750 x 713 px, 1044 x 912 px, and 1530 x 676 px, respec-
tively, for the thermal block. RGB and thermal orthophotos
were exported as 32-bit GeoTIFF; the visible ones in three
bands (R, G, B) and the thermal ones with storage of measured
temperature (°C).

To also have a depth reference, digital elevation models
(DEMs) of each fagade of the visible block were produced.
They were generated with point clouds as the data source and
with interpolation disabled to avoid artifacts. For the definition
of the reference plane, the same markers were used as for the
generation of the corresponding orthophotos.

The resolution was set as high as possible, resulting in
3.07 mm/px and images of 4021 x 3762 px (north), 5715 x
5364 px (south), and 7385 x 3342 px (east). The DEMs were
exported in 32-bit GeoTiff format.

The facade orthophotos obtained via RGB and IR cameras,
and the DEM obtained from the RGB camera, were merged
into a single five-band raster using QGIS’s Build Virtual Raster
tool v 3.44.1 [25]. The output is multichannel data in TIFF
format with consistent spatial resolution and coverage for
further analysis.

C. Crack Identification

The reconstruction of 3-D models based on the combination
of several sensors resulted in five-channel images contain-
ing depth (DEM), temperature (IR), and visible (R, G, B)
information. These data were the input for the next stage of
processing pipeline (depicted in Fig. 4), i.e., the inspection for
cracks/structural fractures with Al-based algorithm.
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Fig. 4. Overall pipeline of the crack identification.

The algorithm involves a preprocessing step, the application
of an Al model for crack detection and a postprocessing to
refine the resulting mask.

The analysis was focused on three specific areas of the
facades of interest as, due to their large size, it was not
possible to analyse entire images as a single piece of data. The
preprocessing phase included the manual cropping of the zone
of interest, a normalization, and the application of the principal
component analysis (PCAs) algorithm, reducing the dimen-
sionality of a dataset (from five to three in this case) by
transforming a set of correlated variables into a new set of
uncorrelated variables, i.e., the principal components (PCs)
[26]. The normalization was executed between the minimum
and maximum values present for depth and thermal bands to
transform them into greyscale images and allow subsequent
Al-based analysis, and to fill the image with missing data (for
the DEM and IR data there are no-data pixels). Hence, the
Al model was applied to identify the cracks. Specifically, the
model was U-Net [27], a semantic segmentation model trained
with 750 manually annotated images of cracks on concrete
and brick walls, collected both from different buildings with
damage and online, additional details on the model used are
available on [28] and [29]. The dataset was split into training,
validation, and test subsets according to the ratio: 80:10:10;
the training lasts 130 epochs, and the loss function was defined
by summing Dice Loss and Focal Loss, obtaining a final value
of 0.135. The metric used to evaluate the model (on the test
sub-set) was the intersection over union (IoU) score and the
value achieved was 0.991.

Inference with the model is performed by taking the image
in consideration as input (resized according to computational
capabilities) and providing as output a mask with a confidence
value for each pixel (0 to 1), and these masks were binarized
using the threshold set at 0.5. In order to avoid any possible
recognition mistakes by the U-Net model due to the fact that
the dataset consists mainly of images of cracks on concrete

surfaces or more or less regular brick walls, significant post-
processing was carried out.

The first two components obtained from the PCA were
segmented using the U-Net model and the two binary masks
were subjected to a morphological denoising operation, con-
sisting of erosion followed by dilation, implemented using the
OpenCV library [30] to reduce small-scale noise, and then
merged; this was done to include a greater variance in the
identification of cracks than using RGB images alone.

Then, the postprocessing started using the data obtained
from the depth band (DEM) to filter out plane portions in the
segmented mask (false positives) through a depth-based filter.
Indeed, in the collected data, there are wooden beams, ties, and
a canopy that can be confused with cracks due to color and
shape. The filter takes the depth data as input, divides it into
patches with a width of 500 pixels (experimentally determined
value; height does not matter), calculates the average depth
of the patch, and removes all the pixels with a minimum
difference of 0.15 m from the average value by creating a
mask (definitely a filter applicable only on vertical surfaces).
Areas smaller than 40 pixels are removed from the mask to
avoid noise. Finally, this depth-band-based mask was applied
to the mask obtained from U-Net. A final filtering step based
on region properties was applied to the resulting binary mask,
relying on the scikit-image Python library [31]. The regions
were filtered according to several criteria: 1) a minimum area
and perimeter threshold to remove small artifacts; 2) aspect
ratio constraints to discard long and narrow regions that are
likely to represent nonstructural elements, such as shadows
or edges; and 3) an eccentricity threshold to exclude highly
elongated shapes. The resulting mask retained only plausible
fracture regions, eliminating false positives and improving the
accuracy of the structural analysis.

In order to conclude the analysis with quantitative evaluation
metrics, the three areas of interest were also analyzed by an
expert in the field, who provided a manually drawn segmen-
tation mask. This mask was considered as the ground truth,
and the traditional AI model metrics were calculated for the
three areas of interest: precision, recall, Fl-score, IoU score,
and accuracy. The metrics were calculated by considering
the individual labeled pixels as true/false positive/negative
(T/F P/N).

I11. RESULTS AND DISCUSSION
A. 3-D Model

Figs. 5-7 show orthophoto and DEM from the RGB block
and the orthophoto from the thermal block (thermal and
depth data normalized) for the three facades analyzed; for
the thermal orthophoto and the DEM of the south fagade,
the background is also shown (the lowest values — i.e., the
same used for normalization—were assigned for visualization
purposes).

For thermal and depth data, the figures show a normalized,
greyscale visualization of the data, which does not allow small
variations to be visually appreciated, especially in the case of
the DEM; nevertheless, these variations are actually present in
the data.
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& orthophoto

Thermal
orthophoto

Visible
DEM

Fig. 5.  East facade: visible orthophotos and DEM, and thermal
orthophoto.
Visible
orthophoto
Thermal
orthophoto
Visible
Fig. 6.  North fagade: visible orthophotos and DEM, and thermal
orthophoto.

B. Crack Identification Results

From the orthophotos obtained from the 3-D reconstruction
of the facades, the three areas of interest were extracted, shown
in Fig. 8, where the structural damages were most severe. The
PCA applied to the three areas has produced the images shown
in Figs. 9 (top), 10 (left), and 11 (top), as first and second PCs.

The variance explained by the first two components, for the
three areas of interest, is 96.3% and 1.9%, 77.1% and 15.2%,

Visible
orthophoto

Thermal
orthophoto

Visible
DEM

Fig. 7. South fagade: visible orthophotos and DEM, and thermal

orthophoto.

Fig. 8. Three areas of interest extracted from orthophotos: on the east
facade (left) and on the north fagade (center and right).

60.4% and 29.9%, respectively. Table II lists the correspond-
ing loads, i.e., the coefficients of the linear combination of
the five input bands. Positive and negative signs indicate a
direct or inverse correlation, respectively, whereas the magni-
tude reflects the relative contribution of each band. The first
component (PC1) explains the greatest part of the variance
of the data, represented essentially in terms of appearance
and morphology (color and texture); in fact, it is mainly
composed of the visible bands (coefficient modulus). On the
other hand, the second component (PC2) can better explain
the variance of thermal or geometric anomalies (in terms of
depth), and mainly consists of the thermal and depth bands,
which are less heterogeneous than the visible band. It is
worthy to note that the sensor in the visible range has a
better resolution than the thermal; additionally, the depth band
provides more homogeneous values. This separation reflects
the high correlation of the visible bands and the orthogonal
contribution of thermal and depth data, which is essential for
highlighting cracks.
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Fig. 9. PCs number 1 and 2 (top) of the first area of interest, and related
segmented masks (bottom).

re.
.!—)_
Fig. 10. PCs number 1 and 2 (left) of the second area of interest, and
related segmented masks (right).

TABLE |
SPECIFICATIONS OF DRONE, RGB, AND THERMAL
CAMERA AND LENS

Drone DJI Mavic 2 Enterprise Advanced (M2EA)
1/2.3" CMOS,

Effective pixels: 48M, 8000x6000 px
FOV: approx. 84°,

35 mm format equivalent: 24 mm,
Aperture: /2.8

Focus: 0.5 m to o

Uncooled VOx Microbolometer,
Spectral band: 8-14 um,

Resolution: 640 x 512.

Focal length: = 9 mm,

35 mm format equivalent: + 38 mm

+2 °C or £2%

RGB camera sensor

RGB Lens

Thermal camera sensor

Thermal lens

Accuracy of thermal
temperature

The masks segmented by the U-Net model from the two PCs
of the three areas of interest are shown in the same figures,
i.e., Figs. 9 (bottom), 10 (right), and 11 (bottom).

The two masks obtained, for each area, were then merged
to comprehend the variability of the two PCs; the results are

TABLE Il

PCA ANALYSIS: COEFFICIENTS OF THE LINEAR COMBINATION

OF THE FIVE INPUT BANDS

Area | Component | Depth IR Red Green Blue
1 1 -0.007 0.002 0.585 0.583 0.563

2 -0.208 0.970 0.072 0.017 -0.098

) 1 -0.074 | -0.328 0.541 0.540 0.550

2 0.546 0.776 0.150 0.181 0.211

3 1 -0.089 -0.204 0.567 0.569 0.553

2 -0.493 -0.829 -0.027 -0.119 -0.235

Fig. 11.  PCs number 1 and 2 (top) of the third area of interest, and

related segmented masks (bottom).

shown in Fig. 12. The combination of the two masks shows a
better generalization in identification, in fact in the case of area
number 1 the mask of the first component is more complete
and better identifies the lesions, whereas in the case of area
number 2 the second component shows a more continuous
identification in the upper part of the image (the opposite at
the bottom). Concerning the third area, the identification in
the second component is almost void, and the first two PCs
show a smaller explained variance, i.e., 90.3%, compared to
98.2% and 92.3% in the other two cases.

The application of the depth-based filter led to the removal
of areas of out-of-plane wall; Fig. 13 compares the upper part
of the north facade before and after the filter application.

For each facade, the white areas were excluded from the
merged masks previously obtained, being identified as non-
crack pixels due to their distance from the mean depth plane,
and the resulting masks for the three areas of interest are
shown in Fig. 14. On the newly produced masks, the final
filter based on region properties was applied, as explained in
Section II-C.
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Fig. 12. Merged masks of two PCs for the three areas of interest.

Fig. 13.  Upper part of the north fagade (visible bands, top), and the
same after the application of the depth-based filter (bottom).

Fig. 14. Resulting masks after depth-based filter.

The final masks obtained after the application of the entire
algorithm were compared to masks manually produced by an
expert on the field, in Figs. 15—17 the overlaps of the two types
of masks (algorithm on the right and manual on the left) on
the visible image of the area of interest are shown. As can
be seen from the figures, the masks are certainly similar, but
there are some differences.

The algorithm proves to be more conservative, producing
reduced masks compared to the ground truths, particularly

Fig. 15. Overlaps of manually produced mask (left) and algorithm mask
(right) on visible image of first area of interest.

Fig. 16. Overlaps of manually produced mask (left) and algorithm mask
(right) on visible image of second area of interest.

Fig. 17. Overlaps of manually produced mask (left) and algorithm mask
(right) on visible image of the third area of interest.

for the third area. From the first area, however, it can be
noticed that the algorithm is misled by shadows, which
the AI model often identifies as cracks, as they are basi-
cally the same color. Furthermore, the algorithm struggles
to recognize very thin cracks, which can be observed at
the top of the second area and in many parts of the third
area.
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TABLE IlI
COMPARISON RESULTS ON THE THREE AREAS OF INTEREST:
EVALUATION METRICS

Area Precision Recall Fl-score  Accuracy
1 0.35 0.90 0.51 0.95
2 0.61 0.41 0.49 0.96
3 0.42 0.31 0.36 0.94
Mean 0.46 0.54 0.45 0.95

Finally, the evaluation metrics mentioned in Section II-C
were calculated for each mask produced by the algorithm.
Table III shows the results of the metrics for the three areas
of interest.

The metrics confirm the difficulties in distinguishing shad-
ows (or generally very dark colors) and thin cracks. In fact, for
the first area (full of shadows), there is a very high recall and
lower precision, which means that the algorithm produced few
FNs and many FPs, mainly due to the presence of shadows
that confused the model, causing it to produce a wider mask;
and the same occurs in the lower part of the third area.

To reduce the problem of shadows, the method proposed
could be used on cloudy days. Accuracy is the highest metric,
as it considers both TP and TN, and backgrounds constitute
a large part of the images; hence, it is very high. Looking
at the metrics for area number 3, the difficulties with thin
cracks can be highlighted (in fact, many of these were not
recognized), but also the masks often produced were thicker
for large lesions.

This is a fundamental aspect because, although the
algorithm may not recognize some thin cracks, which may be
less dangerous, it certainly highlights the thicker ones more
decisively, which are generally more dangerous. Certainly,
a better prediction of fine cracks could be obtained by using
higher resolution images, which could be obtained if captured
from closer. In this case, having to reconstruct entire building
fagades, the resolution decreases, and their detection becomes
less accurate.

IV. CONCLUSION

This article presented the results of the work carried out
within the framework of the reCITY project concerning the
development of a multisensor measurement procedure for
damage identification based on data fused from cameras
embedded on a drone and data from a TLS. 3-D models
of the surveyed building (a masonry church) were obtained
by extracting multichannel orthophotos, where damage (in
particular, superficial lesions) was properly identified using
an Al-based algorithm with preprocessing and postprocessing.
The results demonstrate the validity of the proposed approach
and underline the strength of combining sensing technologies
with Al-based models to support the management of structures
and infrastructures in the case of natural extreme events like
earthquakes. It is worth noting that the method is valid and
useful as a support to operators, not as a total replacement
for them; from this perspective, this approach could be used
remotely (the distance for the drone depends on the drone
itself but may be hundreds of meters, whereas the TLS needs
to be closer to the building but still tens of meters away),

which is essential from a safety point of view, to provide key
information to operators who can then go into the field only
where necessary. The approach could also exploit a second
acquisition of the drone only in the areas most affected by
damage, taking closer images that could help in identifying the
finest cracks, a very interesting potential future work. The time
required is reduced compared to traditional visual inspection
(~30-60 and ~60 min for drone and TLS acquisitions) when
considering a single building, but this is even more valid
when considering a larger scale, since a single acquisition
(especially for TLS) produces valid data for multiple buildings.
Although data processing is time-consuming (considering the
entire pipeline, a few hours per building), it can be automated
and parallelized, running on remote machines 24 h a day. The
cost of sensors is not usually very low, especially for TLS, but
in the long term, it is quite reasonable.

The procedure has therefore proved to be efficient in terms
of time for both data acquisition and processing and can be
easily scaled and fine-tuned to different application fields in
support to municipalities and stakeholders needing to prioritize
interventions based on objective assessment of actual condi-
tions, especially after massive destructive events.
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