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Abstract: The analysis and preservation of the cultural heritage sites are critical for maintaining their
historical and architectural integrity, as they can be damaged by various factors, including climatic,
geological, geomorphological, and human actions. Based on this, the present study proposes a semi-
automatic and non-learning-based method for detecting degraded surfaces within cultural heritage
sites by integrating UAV, photogrammetry, and 3D data analysis. A 20th-century fortification from
Romania was chosen as the case study due to its physical characteristics and state of degradation,
making it ideal for testing the methodology. Images were collected using UAV and terrestrial sensors
and processed to create a detailed 3D point cloud of the site. The developed pipeline effectively
identified degraded areas, including cracks and material loss, with high accuracy. The classification
and segmentation algorithms, including K-means clustering, geometrical features, RANSAC, and
FACETS, improved the detection of destructured areas. The combined use of these algorithms
facilitated a detailed assessment of the structural condition. This integrated approach demonstrated
that the algorithms have the potential to support each other in minimizing individual limitations and
accurately identifying degraded surfaces. Even though some limitations were observed, such as the
potential for the overestimation of false negatives and positives areas, the damaged surfaces were
extracted with high precision. The methodology proved to be a practical and economical solution
for cultural heritage monitoring and conservation, offering high accuracy and flexibility. One of the
greatest advantages of the method is its ease of implementation, its execution speed, and the potential
of using entirely open-source software. This approach can be easily adapted to various heritage sites,
significantly contributing to their protection and valorization.

Keywords: cultural heritage; photogrammetry; 3D data analysis; degradation detection; point cloud
processing; algorithms; structural analysis

1. Introduction

The preservation and analysis of cultural heritage (CH) sites are critical in maintaining
their historical and architectural integrity, considering that they can be partially or fully
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damaged by a series of factors, among which the ones worth mentioning are climatic, geo-
logical, and geomorphological factors, and human action [1,2]. With the advances in survey
techniques, photogrammetry and 3D point cloud (PC) have become essential tools for accu-
rately documenting and assessing the condition of these sites [3,4]. Now, the PCs and the
meshes of the CH objectives obtained following the application of photogrammetric or laser
scanning survey techniques can be used in many practical applications, from visualization
and promotion [5–7], to evaluation and analysis [8,9], to virtual restoration [10,11].

The photogrammetric survey technique and 3D data collection through PCs (especially
those that include the SfM algorithm) have become indispensable tools in documenting and
assessing the conservation status of CH sites. Thus, PCs represent an efficient and accurate
method for mapping and identifying damage in CH structures, offering several significant
advantages [12]. They allow a quick and detailed assessment of the structural condition of
the sites, eliminating the need for laborious field inspections [13]. By means of advanced
laser scanning and photogrammetry techniques, large areas can be covered in a short time,
which is particularly useful in managing extensive or hard-to-reach sites [14]. Modern
techniques allow the capture of fine details and the exact identification of damaged surfaces
(DS), including cracks and material loss, thus contributing to a better understanding of the
structural condition of heritage objects [15]. The data acquisition process and subsequent
analysis of the collected data are faster and less expensive compared to traditional inspec-
tion and measurement methods [16]. At the same time, PCs can be used to document and
analyze sites in various environmental conditions and places inaccessible by traditional
methods, making it possible to assess areas that are otherwise difficult to monitor [17].

Among the advantages that the process of PCs registers, one of the most interest-
ing is undoubtedly their ability to identify DS within the objectives belonging to the CH.
Specific techniques for detecting DS in heritage buildings using PCs acquired through
imaging techniques, building information modeling (BIM), and heritage building infor-
mation modeling (HBIM) include semantic segmentation based on deep learning and the
use of unsupervised machine-learning methods for automatic segmentation and alteration
detection. Semantic segmentation using dynamic convolutional neural networks enables
the accurate recognition of architectural elements and accelerates the modeling process of
historical buildings for the development of HBIM [18,19]. Brand works in the identification
of different work techniques are those of Mohan and Poobal [20] and Bruno et al. [21] who
proposed a compilation of an up-to-date review of them, both in terms of manual, as well
as semi-automatic and automatic techniques.

Unsupervised machine-learning and clustering methods are used to automatically
segment PCs and detect alterations on historical surfaces, such as chromatic variations and
biological colonization, based on color information from PCs [22]. The primary objective is
to automatically detect objects and data using specific algorithms to assess and monitor the
condition of the objectives and to identify DS. Transfer learning and data augmentation
improve the performance of semantic PC segmentation, reducing computation time and
increasing model accuracy [23]. These advanced techniques contribute to the accurate and
rapid assessment of structural degradations, facilitating continuous monitoring and the
development of effective conservation strategies [24]. In the specialized literature, Peng
and Nam [25] developed an automatic system for identifying cracks by Gaussian filter,
intensity gradient, and pattern recognition; Hamrat et al. [26] implements the determination
of DS based on the measurement of tensors; Muñoz-Pandiella [27] considers the use
of the Gaussian filter and the random sample consensus algorithm (RANSAC) for the
detection of the initial shape, while Sánchez and Quirós [28] consider that a semi-automatic
detection method is optimal for the detection of degradations on a facade based on an
image-based approach.
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Nowadays, regarding the PC segmentation, both learning-based methods (LBMs)
and non-learning-based methods (NLBMs) are used [29]. The LBM leverages machine-
learning and deep-learning techniques to automatically detect and classify DS in CH objects
from PC data. These methods benefit from the ability to learn from large datasets and
improve their performance over time [30]. In the meantime, the NLBM typically involves
traditional image processing and geometrical analysis techniques. These techniques do
not rely on extensive training datasets and are often used for initial assessments or in
conjunction with the LBM [22]. Even if the LBM is a more advanced technique, the NLBM
has the advantage of being simple to implement and intuitive, efficient in terms of time
and cost, and implemented and applied directly, and has the ability to reduce the risk of
overfitting [31,32].

Therefore, affordable and adaptable methods are critically needed to evaluate the
deterioration of historic buildings and CH sites. Therefore, the present study proposes
the development of a technique that considers a semantic-segmentation-based approach
and a semi-automated pipeline, which uses unmanned aerial vehicles (UAVs), structure
from motion (SfM) and PC processing, for the detection of DS within the objectives of
CH using an NLMB. The proposed method is characterized by great flexibility and can
be easily replicated for most CH objectives, regardless of the geometric complexity of the
investigated scenes. The segmentation algorithms and morphological and mathematical
operators were applied to identify the properties of the scene and finally to classify and
identify the DS. This has the advantage of being fast and economical, using open-source
software and financially accessible data capturing tools, without compromising the quality
of the results obtained.

Within the specialized literature, we have identified a significant gap concerning the
development of low-cost methodologies for this purpose. Consequently, our approach
not only involves the use of cost-effective software but also the implementation of a quick
and easily deployable methodology. This methodology innovatively combines existing
computational algorithms, which are integrated into a series of open-source software.
By leveraging these resources, we aim to create an efficient and affordable solution for
assessing the deterioration of historic structures and CH sites. At the same time, unlike
other existing methods, this approach can extract DS with a high accuracy even from
unstructured datasets, without the need to train a machine-learning model. The final goal
of this work is to provide an efficient and accessible solution for monitoring and preserving
CH, thus contributing to its protection and valorization in the current technological context.

2. Materials and Methods

To test the functionality of the developed pipeline, a 20th-century fortification located
in the immediate vicinity of the Municipality of Oradea (Romania), in the Nojorid Com-
mune, was chosen as a case study. The object is made of reinforced concrete with walls up
to one meter thick (Figure 1). The specific target selected is a defense casemate, an integral
part of a defensive line consisting of 320 casemates built during the Second World War,
which extends over most of the western part of Romania. This line of defense has been
likened by many to France’s Maginot Line, which was in operation at the beginning of the
Second World War. The defensive structures were partially destroyed using explosives
in 1940 after the cession by Romania of this territory to Hortyste Hungary following the
Vienna Dictatorship; but some can still be found in a partial state of preservation even
today, while others have been reduced to a pile of rubble [33,34].
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developed technique. 

To achieve the final results, a structured workflow was implemented, segmented into 
various stages. Each stage is built upon the previous one, ensuring systematic progression. 
Initially, the dense PC was processed to extract the points of interest. These points under-
went detailed geometric analysis to identify structural features and anomalies. Subse-
quently, the DI algorithm quantified the extent of degradations and obtain partial results. 
Then, RANSAC algorithm refined the dataset by isolating inliers and eliminating outliers, 
at the same time, dividing the analyzed surface into types of geometric shapes. Finally, 
the FACETS algorithm segmented the PC into facets and families of planes, allowing the 
extraction of the final DS and NDS. This multi-stage workflow ensured precise and relia-
ble structural assessment (Figure 2). 

In order to test the workflow, it was decided to validate the results by including a 
new case study, namely, a 13th-century fortification, included in the list of historical mon-
uments in Romania, the Cheresig Tower. It is located in the Metropolitan Area of the Mu-
nicipality of Oradea, right on the western border of Romania with Hungary. It is reminis-
cent of a medieval fortress built in the Romanesque style, with a hexagonal plan and a 
height of approximately 24.7 m, arranged on 4–5 levels. The objective in question is an 
excellent case study for testing the methodology due to its complexity, historical context, 
and degree of preservation. 

Figure 1. The location of the analyzed casemate at the level of Romania and the Nojorid commune.

This casemate, due to its state of degradation and historical relevance, provides an
ideal framework for testing and validating the semi-automatic working pipeline proposed
for the detection of the DS. The advanced state of degradation provides a challenging
scenario for detecting the DS and extracting non-degraded surfaces (NDS), thus allowing
a detailed assessment of the accuracy of the working pipeline even under severe degra-
dation conditions. The specific historical background and complexity of the present case
study are ideal to demonstrate the efficiency, accuracy, and general applicability of the
developed technique.

To achieve the final results, a structured workflow was implemented, segmented into
various stages. Each stage is built upon the previous one, ensuring systematic progres-
sion. Initially, the dense PC was processed to extract the points of interest. These points
underwent detailed geometric analysis to identify structural features and anomalies. Sub-
sequently, the DI algorithm quantified the extent of degradations and obtain partial results.
Then, RANSAC algorithm refined the dataset by isolating inliers and eliminating outliers,
at the same time, dividing the analyzed surface into types of geometric shapes. Finally,
the FACETS algorithm segmented the PC into facets and families of planes, allowing the
extraction of the final DS and NDS. This multi-stage workflow ensured precise and reliable
structural assessment (Figure 2).

In order to test the workflow, it was decided to validate the results by including a new
case study, namely, a 13th-century fortification, included in the list of historical monuments
in Romania, the Cheresig Tower. It is located in the Metropolitan Area of the Municipality
of Oradea, right on the western border of Romania with Hungary. It is reminiscent of a
medieval fortress built in the Romanesque style, with a hexagonal plan and a height of
approximately 24.7 m, arranged on 4–5 levels. The objective in question is an excellent
case study for testing the methodology due to its complexity, historical context, and degree
of preservation.
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evenly distributed within the scene, which were measured with a GNSS GPS-RTK system 
to determine the real coordinates (Table 1). 

  

Figure 2. Implemented workflow for structural analysis and degradation detection.

2.1. Image Collection and Processing

The collection of images from the field involved capturing an area of 2185.3 using
an UAV and a terrestrial photography sensor, through a process that carefully takes into
account the specific techniques and practices in terms of obtaining data in the case of
photogrammetry based on SfM algorithm [35,36]. The UAV used was a DJI Mavic 2
Pro equipped with a LID 20c 1” CMOS Sensor (20 MP), while the terrestrial sensor was
represented by a Canon EOS R with sensor objective RF 15–35 mm F2.8 L IS US (Table 1).
The UAV was controlled by means of the 3D Survey Pilot v.2.18.1 software, which allows
for a careful adjustment of the flight and image acquisition parameters. Considering
the complexity of the scene, the UAV photos were acquired both from nadir and with
the gimbal at different angles (oblique), from the height of 10 m, 15 m, 20 m, 25 m, and
30 m; at each altitude, the flight grid was double. In the case of the photos taken with
the terrestrial sensor, they were aimed at capturing in detail the features of the scene that
suffered from occlusions and accentuated noise and could not be optimally acquired with
the UAV. This working methodology ensured a homogeneous distribution of points within
the PC, both horizontally and vertically. Moreover, in the phase of acquiring data from the
field, obtaining measurements for georeferencing the model was considered, by using a
Stonex S700A (Stonex SRL, Milan, Italy) with a controller Stonex S40 (Stonex SRL, Milan,
Italy). These consisted of six coded ground control points (GCPs) and three check points
(CPs), evenly distributed within the scene, which were measured with a GNSS GPS-RTK
system to determine the real coordinates (Table 1).
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Table 1. Sensors used and photogrammetry survey characteristics.

Photos Acquisition and Processing

Camera model DJI Mavic 2 Pro-Sensor LID 20c 1 CMOS (20 MP)
Canon EOS R-sensor

objective RF 15–35 mm
F2.8 L IS US

Altitudes 10 m 15 m 20 m 25 m 30 m Ground
No. of raw photos 227 211 176 154 140 108
No. of photos after

pre-processing 221 205 163 150 17 92

Camera tilt to the vertical (◦) 0◦–45◦ 0◦–45◦ 0◦ 0◦ 0◦ Between 0◦ and 90◦

Overlapping (forward-side; %) 85–85 80–80 75–75 75–75 70–70 Between 60% and 80%;
both forward and side

GSD (cm/px) 0.27 0.40 0.54 0.67 0.81 Not applicable.
Acquisition design Double grid and circle Circle

Image size (pix)/image bit
depth (bi) 5464 × 3070/16 6720 × 4480/16

Ground control

Sensor model Stonex S700A with a controller Stonex S40
Number of GCPs 6
Number of CPs 3

GCP dimensions (m) 1 × 1
GCP measurement method GNSS-RTK base and rover

Min/Max GCP precision (XY,
Z; mm) ±8/±21; ±15/±35

Coordinate reference systems WGS84

The first phase in terms of image processing considered testing their quality in order to
implement corrections in terms of lens and geometric distortions, and chromatic aberrations,
as well as adjustments of dynamic range, sharpening, contrast, saturation, noise filtering,
exposure, consistency metadata, contrast between pixels, etc. [36]. For these actions, the
software Adobe Photoshop (v.25.9; Adobe Systems, San Jose, CA, USA), Agisoft Metashape
(v2.1.1; Agisoft LLC, St. Petersburg, Russia) and Digital Lab Notebook Inspector (v1.0 beta;
Cultural Heritage Imaging, San Francisco, CA, USA) were used. All the corrections were
performed using non-destructive editing techniques to ensure that the original metadata
remained intact. This was achieved by working with adjustment layers and smart objects,
which allowed for changes in the features of the images without altering the original image
file or its metadata. Additionally, when exporting the corrected images, care was taken
to use file formats and export settings that preserved the metadata (include metadata),
ensuring that all necessary information was maintained for subsequent processing in
Agisoft Metashape. At the same time, there is a potential issue of image distortion related
to the movement of the UAV if its speed exceeds approximately 1–1.5 m/s. In our study,
the speed of the UAV was maintained below this threshold. Therefore, the rolling shutter
effect was negligible, and no additional modeling was necessary for this effect [37]. It is
also important to note that all sensors were stopped at the time of image capture to ensure
the highest quality of the data.

The final processing of the images was implemented in Agisoft Metashape, where,
before aligning all the data in a single reference space, the setting of the coordinate system
was considered based on the GCPs measured in the field and the CPs. Furthermore, the
generation of the four results that the software can provide (sparse PC, dense PC, mesh,
and textured model) was considered. The results were cleaned, and the points considered
dispensable were eliminated, each stage being optimized.

Finally, a spatial noise reduction filter was added by means of the median denoising
filter technique within the PC and mesh surfaces, in order to eliminate abnormal values
resulting from image processing and acquisition errors. To achieve this, quantitative and
qualitative techniques were implemented to remove or correct all the points characterized
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by a low base–height ratio (such as those located at the edges of the images), eliminate all
less reliable points, and clean out the points characterized by significant residual values.
Moreover, points with significant residual values, indicative of discrepancies between
observed and modeled data, were also identified and cleaned. This step was crucial for
ensuring that the final 3D model accurately represented the actual physical structure
without the distortions introduced by noise and errors during the data acquisition phase.
The combined application of these methods allowed for a robust noise reduction, leading
to a cleaner and more precise 3D model that better represents the true geometry of the
scanned surfaces. This meticulous approach ensured that the final data were of high quality,
facilitating more accurate analysis and interpretation of the structural conditions.

2.2. Analysis Methods

The analysis proposed in this study is structured in four distinct stages, as follows:
classification of PC; the application of the degradation index algorithm (DI), the application
of the RANSAC; and the application of the FACETS algorithm. The applied algorithms
were thus chosen to detect with the greatest precision the variations of the surface and the
geometry of the scene, considering the fact that man-made objectives are characterized to
the greatest extent as having a specific geometry and somewhat predictable shapes.

The relationship between the four stages is one of subordination and inclusiveness,
each of them generating individual results and having a clearly defined objective within
the methodology. But, at the same time, the obtained results work only when analyzed
as a whole.

Regarding the software used to implement the algorithms, they are CloudCompare
2.13.1, MeshLab 2023.12, and Open 3D v0.18, all of these being open-source programs for
advance PC processing. More precisely, CloudCompare was used for the initial stage of
segmentation and classification of PCs, as well as for calculating their geometric charac-
teristics. Furthermore, the obtained results were important in MeshLab and Open 3D to
combine the features and implement DI. Finally, the RANSAC and FACETS algorithms
were also implemented within CloudCompare. In order to ensure compatibility between
programs and the preservation of metadata, the use of standard formats widely supported
by these programs, such as ply and obj, was considered. Both formats support PCs and
mesh data, including vertex, texture, and normal information.

2.2.1. Classification of the Point Clouds

For a superior knowledge of the created PCs, it is of great importance to classify them
based on different characteristics. The operation includes grouping similar points within the
3D PC based on their attributes. The segmentation process is crucial for distinguishing the
structural regions from components that could introduce noise into the model, particularly
vegetation and other objects irrelevant for structural analysis. Among the many techniques,
in the current study, a classification pipeline based on K-means-clustering-type automatic
learning was chosen and implemented. K-means is a robust and efficient technique that
aims to minimize the sum of the squared distances between the points in each cluster and its
centroid. This allows points in a PC to be grouped into clusters based on similarities in terms
of their characteristics, such as position, color, intensity, or other metric attributes [38,39].

K-means is a clustering algorithm that divides n points into k groups, where each
point belongs to the group with the closest centroid. The approach considers associating
each point xi with the nearest centroid by minimizing the squared distance:

d2(i, k) = ∑p
j=1

(
xij − s(k)j)

2 (1)

where d2(i,k) is the squared distance between the object i and the centroid vector k, xij is the
value of the variable j for the object i, and s(k)j is the j value of the k centroid [40].
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After the initial allocation of objects, the centroids are recalculated for each cluster
according to:

x(k)j =
1
nk

∑i∈Ck
xij (2)

where x(k)j is the mean value of the variable j for the group k, nk is the number of objects in
the group k, and Ck represents the set of objects in the group k [40].

The two steps are iterative, repeatable until the allocations no longer change between
consecutive iterations. In order to stop the iterations, we defined a threshold of 0.01 units
(1 cm). This ensures that the algorithm stops once the centroids have stabilized and further
iterations will not result in significant changes. This value is typically very small because
the goal is to ensure that the centroids have converged to a stable position.

In the current study, PCs were classified into terrain, medium and high vegetation,
and man-made objects, both by automatic and manual sampling techniques. The automatic
ones were implemented through feature-based clustering (FBC), through the adaptive
triangulated irregular network algorithm [41,42].

2.2.2. Application of the Degradation Index Algorithm

Based on the detailed analysis of the PCs and the information they store, various
essential geometric characteristics can be extracted that have the ability to accurately
indicate the DS within an objective, even if the data are unstructured. By applying advanced
segmentation and classification techniques, geometric features such as planarity, roughness,
and deviations from ideal shapes can be accurately quantified. The analysis of geometric
features is crucial for distinguishing between DS and NDS within a structure. By measuring
specific attributes, subtle variations that may indicate structural issues can be detected.

Although, in some specific contexts, certain geometric features can individually iden-
tify areas affected by degradation, in the present study the integration of several variables
was considered to develop a combined index. This index shows considerable potential
to be more robust and efficient in the detection and analysis of the DS, as indicated by
Son et al. [43] and Capolupo [8]. The fundamental principle on which this approach is
based is that DS in heritage structures are identified by detecting unusual geometric pat-
terns [44], and a point within the PC may have low values for certain geometric features
and high values for others; an approach that combines the variables has a higher accuracy
and registers a more realistic composite score. This process allows the point to be more
accurately classified into a specific category, thus reflecting its state of degradation and
reducing classification errors.

In the realization of DI, we considered eight geometric variables of PC, respectively:
roughness (R), surface variation (SV), planarity (P), normal change rate (NCR), anisotropy
(A), sum of eigenvalues (SE) (derived from the covariance matrix of the local neighborhood
of points in a PC), omnivariance (O), and verticality (V) [8,45–48]. The final algorithm is
represented as:

DIi = wR ·
√

1
N

N
∑

j=1
(zj − z)2 + wSV · 1

N

N
∑

j=1

∥∥∇zj −∇z
∥∥+ wP · λ2−λ3

λ1
+ wNCR

· 1
N

N
∑

j=1

∥∥nj − n
∥∥+ wA ·

(
1 − λ2

λ1

)
+ wSE · (λ1 + λ2 + λ3) + wO · (λ1 · λ2 · λ3)

1
3 + wV

·(1 − |ni · v|)

(3)

where:

Ri =

√
1
N

N

∑
j=1

(zj − z)2 (4)

SVi =
1
N

N

∑
j=1

∥∥∇zj −∇z
∥∥ (5)
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Pi =
λ2 − λ3

λ1
(6)

NCRi =
1
N

N

∑
j=1

∥∥nj − n
∥∥ (7)

Ai = 1 − λ2

λ1
(8)

SEi = λ1 + λ2 + λ3 (9)

Oi = λ1 · λ2 · λ3 (10)

Vi = 1 − |ni · v| (11)

The equation can be simplified as:

DIi = wR · Ri + wsv · SVi + wP · Pi + wNCR · NCRi + wA · Ai + wSE · SEi
+wO · Oi + wV · Vi

(12)

where Ri. . . Vi represent the values of the geometric variables calculated at the point i from
the PC, and wR. . . wV represents the corresponding weight coefficient, reflecting its relative
importance in determining the final degradation score (1–3).

We chose to use these geometric characteristics of the PC due to the fact that they
are the most sensitive to changes in the surface and to noise [49,50], which can indicate
damage. In this sense, R was chosen due to the fact that it measures the vertical variation
of points in an area and is represented by the standard deviation of the altitudes of the
points, SV measures the change in gradient between points, P indicates how flat a surface is,
NCR measures the variation of directions of the normal vectors of the points, A measures
the degree of uniformity and directionality in the distribution of points, SE indicates the
total size of local variations, O reflects the diversity of local shapes, and V measures the
alignment of the normal vectors to a given vertical vector [51,52].

In the present study, the DI algorithm serves as a comprehensive tool for evaluating
the overall degradation state of a structure by combining various geometric features into a
unified metric. This composite index provides a more nuanced and accurate representation
of structural health than any single feature could.

2.2.3. Application of the RANSAC Algorithm

RANSAC is an iterative algorithm used for estimating the parameters of a mathemat-
ical model from a dataset that contains a significant proportion of outliers. It was first
introduced by Fischler and Bolles in 1981 [53], and, since then, has become a standard
technique in computer vision, image, and PC processing.

It is based on the idea of repeatedly selecting a random subset of the input data, fitting
a model to this subset, and then evaluating how well this model fits the entire dataset. The
key strength of RANSAC is its ability to cope with a high level of outliers in the input
data. Unlike traditional fitting methods that may be significantly affected by outliers, this
algorithm effectively ignores the outliers and focuses on the majority of the data that fits
the model well [54]. For RANSAC, in order to determine the constant vector of the plane
in the case of points x, y, and z, the product of the two vectors defined by these points is
used [55]. The calculation of the normal vector of the plane is expressed by:

n = (x2 − x1, y2 − y1, z2 − z1) · (x3 − x1, y3 − y1, z3 − z1) (13)

Once the vector n is calculated, it proceeds to the determination of the constant d from
the plane equation ax + by + cz + d = 0. For this, the point P1(x1, y1, z1) is used:

d = −(ax1 − by1 − cz1) (14)
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The distance from a point P(x,y,z) to the plane defined by the equation ax + by + cz + d = 0
is given by the formula:

Distance =
|ax + by + cz + d|√

a2 + b2 + c2
(15)

Counting the points that are at a distance smaller than a threshold (inliers) of a plane
and generating the final results is carried out by:

Inliers = ∑i

(
|axi + byi + czi + d|√

a2 + b2 + c2
< threshold

)
(16)

By applying the described calculation methods, RANSAC aims to determine the
normal vector of a plane, its constant term, and evaluate the distance of points from this
plane to identify the points that are close to it. This process is essential in determining
DS within an object, contributing to a better understanding and management of the CH
objects [56].

In this case, The RANSAC algorithm was applied on the PC that was considered to
represent NDS that resulted from the application of the DI algorithm, in order to improve
the analysis pipeline. The algorithm was chosen due to its ability to process data with a large
number of outliers, its efficiency in processing large volumes of unstructured data belonging
to an object with a varied geometry, and its ability to extract the essential characteristics of
the structures. RANSAC leaves the possibility of a more direct and adaptable approach,
reducing the need for frequent manual interventions and constant adjustments.

Therefore, the primary purpose of applying RANSAC in this case study is to improve
the robustness of model fitting in the presence of noise and outliers, which are common
in real-world datasets. By focusing on the majority of the data that fits a given model and
ignoring the outliers, RANSAC ensures that the resulting model is representative of the
actual structure.

2.2.4. Application of the FACETS Algorithm

The FACETS algorithm is used to identify and analyze planar surfaces from a 3D PC.
By segmenting the surfaces into facets, the algorithm allows a detailed geometric charac-
terization of each area of the scanned surface. Although it has multiple implementation
techniques, the fast marching (FM) algorithm was chosen. FM is usually preferred for
comparative analysis due to its ability to model the propagation of phenomena through a
cloud of points and to detect complex structures and shapes. This is particularly relevant
for degradation analysis, where modeling the propagation of damage or erosion is essential.
However, it may be more complex to implement and may require more computation time
for large volume data compared to KD-Tree.

FM is a numerical technique used to solve the Eikonal and static Hamilton–Jacobi
equations. The Eikonal equation, essential for the FM method, is formulated as follows:

F(x)|∇T(x)| = 1 (17)

where T(x) is the arrival time at point x, and F(x) is the speed function, which can vary
depending on the position. In the Eikonal equation, T(x) is the time required for a wave to
reach point x from an initial source, and F(x) is the speed of the wave at point x [57,58].

The FM technique uses finite-difference numerical schemes to compute the solutions
of the Eikonal equation, being similar to Dijkstra’s algorithm, but applied in the context
of wavefront equations [57]. The process involves initializing a discrete grid with known
arrival time values on a subset of the grid, followed by propagating them to neighboring
points in increasing order of arrival time using a priority queue. At each step, the point
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with the lowest current arrival time is selected and the T(x) values for the neighboring
points are updated according to the scheme:

T(i, j) = min(T(i − 1), T(i + 1, j), T(i, j − 1), T(i, j + 1)) +
h

F(i, j)
(18)

where h is the distance between grid points [57].
The FM algorithm solves the Eikonal equation using the following discretized relation:(Ti,j−Ti−1,j

h

)2

+

(Ti,j−Ti,j−1

h

)2

=
1

F2
i,j

(19)

This equation is solved iteratively for each grid point until all points have been
processed [57].

The FACETS algorithm was applied to the NDS PC obtained from the application of
the RANSAC algorithm, for a more detailed identification of the DS and the completion
of the previous approach. The FACETS algorithm was chosen to improve the combined
performance of the RANSAC and DI algorithms due to its ability to segregate the data into
specific subsets and reduce the impact of outliers. This combination optimizes the process
of identifying DS and provides a more accurate and detailed analysis.

The FACETS algorithm applied in the present workflow aims to provide a detailed ge-
ometric characterization of surfaces by segmenting large, potentially noisy areas identified
by RANSAC into smaller, more accurate sub-facets. This refinement is crucial for detecting
and analyzing fine degradations and subtle surface variations that may be overlooked by
broader segmentation techniques.

Thus, the final degradation index (FDI) for identifying the DS within the PC analyzed
is represented by a formula that includes multiple variables and geometric parameters to
provide a comprehensive and precise assessment of the state of degradation, facilitating a
robust and efficient classification of the affected areas, by:

FDI = ∑N
i=1 DIi + R+F (20)

where FDI is the final damage index, DI is the degradation index calculated for each point
i, R is the result of the RANSAC method applied to the set of points, and F is the result of
the FACETS algorithm applied to the set of points

3. Results
3.1. Processing and Classification of the Point Clouds

The initial dense PC, generated based on the detailed results of the photogrammetric
survey, contained a total of 5,643,759 individual coordinates (Figure 3a). This significant
amount of spatial data allowed a faithful and precise reconstruction of the analyzed surfaces,
providing a solid basis for further evaluations of geometric features and the identification
of the DS. The analyses to determine the reprojection error (RE) indicated a combined
average value of 0.087 m, while the root mean square error (RMSE) values are built up by a
value of 0.071 m for the X coordinate, 0.074 for the Y coordinate, and 0.069 for Z coordinate.
The obtained RE and RMSE values are indicative of a high-precision measurement system
and a faithful model.

The PC classification analyses based on FBC and by K-means indicated that the most
extensive category is the one that presents points related to the ground (48.75%), closely
followed by mad-made objects (46.51%) and medium and high vegetation (4.74%) (Figure 3b).

In the segmentation process, PC was classified to isolate points corresponding to
man-made objects. From this subset, the southeastern wall of the objective was selected for
detailed analysis. Despite significant deterioration, this section of the wall was chosen due
to its high fidelity in representing the authentic characteristics of the casemate (Figure 3).
The PC data for the wall comprised 1,123,085 individual coordinates. To facilitate an easier
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implementation of the analyses, considering hardware and software resources, and given
the sufficient density and quality of the PC, the data were decimated by approximately
61%, resulting in a refined PC containing 433,856 points. This processed dataset was then
used to identify and analyze the DS.
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3.2. Implementation of the Analyses for the Determination of Damaged Surfaces
3.2.1. Implementation of the Degradation Index Algorithm

All analyses regarding the determination of the geometric characteristics of the scene
were performed using a sphere with a radius set to 0.1 m. This was implemented con-
sidering the fact that it is small enough to capture fine details of the wall surface. This is
important for detecting microcracks, roughness, and other irregularities that could indicate
degradation. This radius was chosen to balance between capturing enough detail and avoid-
ing overloading unnecessary data. A larger radius could lose fine details, while a smaller
radius could introduce excessive noise into the data, as stated by Demantké et al. [59].

The determination of the eight indicators was carried out by establishing the geometric
characteristics, calculating the normal gradient and curvature through the norms plug-in and
eigenvalues using PCA. The results were exported in a scalar field with most of the values
between 0 and 1 (1 as the maximum value), where the value 0 represents a coordinate that
has the lowest possible value for that feature compared to all other points in the PC (smooth
surface and the absence of gradient variations, in the present case), while a value closer to 1
indicates uneven, rough, and unorganized surfaces. The results obtained after the extraction
of the geometric characteristics of the scene were at the basis for the application of the formula
developed for extracting the DI (Figure 4). It was implemented within the datasets by defining
the arithmetic formula that includes the normalized scalar fields and the associated weights for
each characteristic. The implementation of the weights involves multiplying each normalized
scalar field by the appropriate weight. The weights assigned to each indicator reflect their
relative importance within the model and for detecting differences regarding the surface of
PCs. Features that may directly indicate severe structural defects, such as R and SV, are given
higher weights, while features of more general or indirect relevance, such as SE and V, are
given minimal weights (Figure 4). R and SV received the highest weighting (3) because they
directly measure surface irregularities and changes, which are strong indicators of degradation.
P and NCR were given a weight of 2 because they are essential for evaluating the flatness and
changes in the direction of the normal vectors of the surfaces; and A and O (and those with
weight 2) provide information about the uniformity and diversity of local forms. SE and V
received the lowest weighting (1) due to their more general or indirect relevance in damage
detection. In this case study, the decision to assign these weights was based on the sensitivity
of each feature to surface changes and noise, ensuring that the model accurately reflects the
degradation state of the analyzed PCs.
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Figure 4. The results obtained for the eight geometric characteristics of the analyzed PC (GF-
PC—geometric features of the PC; MF-GF-PC—the mathematical formula for calculating the geomet-
ric characteristics of the PC; and W-GF—the weight of the geometric features in the final model).

The formula’s application resulted in the obtaining of a new dataset that indicates the
DS of the analyzed PC with greater precision. The generation of the histogram of the scalar
field values for the composite index provides a broad perspective on the distribution of the
values and helps the operator to identify the thresholds for determining the DS (Figure 5a).
Hence, it was identified that all the values that are above the threshold of 68.62% (0.065)
in terms of fidelity to the model represent DS. The threshold was manually identified by
means of detailed visual examinations of the DS and by systematically comparing them
with the obtained results. These points, amounting to 136,813 individual coordinates, were
segmented from the rest of the PC and exported in an individual scalar field. After applying
the formula for combining geometric features into a composite index, we noticed that the
vast majority of degradations are represented by deep cracks and areas where the material
is completely missing. These findings are clearly illustrated in Figure 5b.

Although the DI algorithm accurately identified surface changes of PC indicating
the DS, it also has limitations. These consist of the fact that some areas of the model
are erroneously identified as NDS. This occurs where surfaces do not show significant
variations in the analyzed features, such as a large surface variation, drastic changes in
normal vectors, or major structural variations. Flat surfaces or those with subtle variations
in geometric features are not effectively detected by the current model, even though, upon
closer analysis, they may show obvious signs of degradation (Figure 6).
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Figure 6. The identification of the limitations of the created DI algorithm, due to the recognition
of some flat surfaces without surface changes as NDS, even if they are part of a more extensive DS
((a) the results obtained for DI within the analyzed PC; and (b) the PC visualization in RGB).

3.2.2. Implementation of the RANSAC Algorithm

To address the limitations identified in the initial DI model, it was decided to insert the
RANSAC algorithm into the geometric feature analysis. RANSAC contributes to improving
the model quality by reducing false positive and false negative errors, ensuring that fine
degradations are properly detected and non-damaged planar surfaces are not misclassified.

The RANSAC algorithm was configured with a distance threshold of 0.01 units and
a maximum number of 10,000 iterations to exhaustively explore the solution space. A
minimum percentage of 90% of the points had to match the model for validation, and the
probability of success was set at 99%. These strict settings allowed the accurate isolation of
planar surfaces and other relevant structures, reducing false positive errors.
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The algorithm segmented PC into eight individual planes, eight cylindrical shapes,
and two spheres (Figure 7 and Table 2). But, in the present case, the most important char-
acteristics of the scene that RANSAC can determine are the leftovers points. Considering
that RANSAC works by multiple random iteration of a subset of points in the PC and
adjusting a geometric model, if they are inside the optimal distance threshold, the points
are considered to be inliers (and, therefore, included in the model), and those that do
not match are outliers (leftovers) [60]. In the present case, leftovers represent with great
accuracy the presence of surface changes, degradations, or structural peculiarities within
PCs. The leftovers category was represented by 26,726 individual points (Figure 7f). The
model refinement analysis indicated that all leftovers are attributed to DS, or to areas that
are not of interest for the segmentation of the NDS.

Remote Sens. 2024, 16, 3061 15 of 29 
 

 

3.2.2. Implementation of the RANSAC Algorithm 
To address the limitations identified in the initial DI model, it was decided to insert 

the RANSAC algorithm into the geometric feature analysis. RANSAC contributes to im-
proving the model quality by reducing false positive and false negative errors, ensuring 
that fine degradations are properly detected and non-damaged planar surfaces are not 
misclassified. 

The RANSAC algorithm was configured with a distance threshold of 0.01 units and 
a maximum number of 10,000 iterations to exhaustively explore the solution space. A min-
imum percentage of 90% of the points had to match the model for validation, and the 
probability of success was set at 99%. These strict settings allowed the accurate isolation 
of planar surfaces and other relevant structures, reducing false positive errors. 

The algorithm segmented PC into eight individual planes, eight cylindrical shapes, 
and two spheres (Figure 7 and Table 2). But, in the present case, the most important char-
acteristics of the scene that RANSAC can determine are the leftovers points. Considering 
that RANSAC works by multiple random iteration of a subset of points in the PC and 
adjusting a geometric model, if they are inside the optimal distance threshold, the points 
are considered to be inliers (and, therefore, included in the model), and those that do not 
match are outliers (leftovers) [60]. In the present case, leftovers represent with great accu-
racy the presence of surface changes, degradations, or structural peculiarities within PCs. 
The leftovers category was represented by 26,726 individual points (Figure 7f). The model 
refinement analysis indicated that all leftovers are attributed to DS, or to areas that are not 
of interest for the segmentation of the NDS. 

 
Figure 7. The results generated following the implementation of the RANSAC algorithm on the 
datasets related to the NDS obtained after the DI analysis ((a) the initial dataset after the application 
of RANSAC; (b) the planes considered to be part of NDS; (c) the cylindrical geometric shapes 

Figure 7. The results generated following the implementation of the RANSAC algorithm on the datasets
related to the NDS obtained after the DI analysis ((a) the initial dataset after the application of RANSAC;
(b) the planes considered to be part of NDS; (c) the cylindrical geometric shapes considered to be part
of NDS; (d) the spherical geometric shapes considered to be part of NDS; (e) the independent datasets
considered to be part of NDS, after the elimination of non-conforming values; and (f) the independent
datasets considered to be part of DS, represented by PC and geometric shapes).
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Table 2. The individual values for the three geometric shapes obtained after applying RANSAC on
the analyzed datasets.

Plane Dip Dip-Dir DR Cylinder r h DS Sphere r DS

P1 88◦ 217◦ NDS C1 1.29 2.94 NDS S1 0.82 DS

P2 87◦ 243◦ NDS C2 1.1 2.51 NDS S2 0.97 NDS

P3 43◦ 45◦ DS C3 1.19 3.3 NDS

P4 10◦ 52◦ DS C4 1.4 2.73 NDS

P5 5◦ 25◦ NDS C5 1.68 2.91 NDS

P6 4◦ 155◦ NDS C6 0.29 3.52 NDS

P7 77◦ 95◦ NDS C7 0.66 3.22 DS

P8 41◦ 258◦ DS C8 0.3 1.84 DS

NDS—non-degraded surfaces; DR—data relevance; r—radius (sphere, cylinder); DS—damaged surfaces ; Dip-
Dir—dip direction; h—height (cylinder).

In addition to the points categorized by the algorithm as leftovers, within the geometric
shapes obtained by RANSAC, some that present DS were also identified. To extract
them, basic principles were applied regarding the plans generated by the algorithm and
the general knowledge about the objectives of this kind. Consequently, dip-dip values
(inclination and direction of inclination) were used to differentiate planes that show DS
from those that do not. Undamaged planes were determined to have dip-dip values
indicating a stable and uniform orientation. In general, they tend to be planes closer to
vertical or horizontal, suggesting surfaces that remained intact and were not subjected
to forces that would significantly deform them. These planes may represent structural
sections of the wall that are better preserved, having a better structural integrity due to
their orientation, which did not allow the accumulation of excessive stress. For example,
they could be (depending on the scene) as close as possible to 0◦ or 90◦, with an azimuth
dip of any value between 0◦ and 360◦. In the case of the casemate, the planes considered
optimal had dip-dip values of 88◦–217◦, 87◦–243◦, 5◦–25, 4◦–155◦, and 77◦–95◦ (five such
planes) (Figure 5b and Table 2).

Planes considered to represent DS have dip-dip values that indicate an uneven and
often unusual orientation. They are tilted in a way that suggests they have been subjected
to external forces such as erosion, cracking, or structural movements that caused deviations
from their original position. They can vary in a wide spectrum and can record many
different dip-dip values. After validation with the help of the initial data captured in the
PC for the analyzed casemate, the elimination of three planes was considered due to the
non-uniformities with the general structure, characteristics that indicate damage. These
had dip-dip directions of 43◦–45◦, 10◦–52◦, and 41◦–258◦ (Table 2). A pattern becomes
evident when we compare the dip-dip values of the planes considered intact with the
degraded ones, but all the values were previously validated, for high accuracy.

Not only were planes exhibiting damage based on dip-dip values eliminated, but
certain cylindrical and spherical models were also excluded (Figure 7c,d). The exclusion of
these patterns was not solely based on specific threshold values; rather, it was validated
against the original datasets. The analyzed object features partially curved surfaces, with
cylindrical and spherical shapes being significant. Therefore, the validation process en-
sured that these geometric forms were accurately represented, eliminating those that were
incorrectly identified as degraded based on their geometric characteristics alone. However,
two cylinders and a sphere were considered based on empirical validation to represent false
positive surfaces, rather attributed to DS zones. They have a pattern and a well-defined
geometric structure representative of NDS surfaces, but they are actually detached pieces
from the basic objective, which acts independently. These are not of interest for the analysis
to determine NDS in the present case, being therefore categorized as DS (Figure 7f and
Table 2).
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3.2.3. Implementation of the FACETS Algorithm

Although RANSAC improves the results of the analysis, there are still some areas
categorized as false positives and, therefore, included as NDS. These are especially related to
points assigned based on geometric features as belonging to the same shape (predominantly
planes), even when there are significant surface differences between them and the rest of
the coordinates in that plane. This leads to an inaccurate representation of the structure and
introduces noise into the final model (Figure 8a). The errors may occur due to algorithm
limitations in handling local surface variations and inherent noise in the collected data.
Areas of small but significant degradation are often incorrectly attributed to dominant
geometric forms such as planes. These degradations are critical to the ultimate success of
the model as they influence the structural integrity of the walls. A correct identification
and removal of the points that represent DS are crucial in order to ensure model accuracy
and prevent structural interpretation errors.
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Figure 8. The identification of some limitations of the geometric representations generated by
the RANSAC algorithm, due to the recognition of slightly different surfaces from the normal as
belonging to the same plane and how they can be determined with greater accuracy by the FACETS
algorithm ((a) PC belonging to the same plane-which therefore, it must be represented by surfaces
with similar characteristics; (b) dividing the same PC by facets into different families of planes; and
(c) visualization of areas with shortcomings within the real object).

The solution for eliminating the shortcomings left after the implementation of the
RANSAC algorithm is to refine the methodology by integrating other filtering and post-
processing algorithms, such as the FACETS algorithm. It allows the subdivision and
refinement of surfaces detected by RANSAC, more precisely, identifying transition zones
and subtle surface differences. It locally analyzes the structure of the PC, generating facets
that better match the fine variations of the surface. In the case of a large plane identified
by RANSAC that includes significant variations, FACETS can segment this surface into
smaller and more precise sub-facets, more faithfully reflecting the real structure (Figure 8b).

For the FACETS algorithm, the object size was set to small values, between 0.5 and
2 units, allowing a detailed analysis and the detection of fine degradations. The RMS
distance threshold was set to values between 0.01 and 0.05 units, ensuring that only points
that closely matched the generated facet were included, thereby eliminating noise and
outliers. The algorithm was configured to run a maximum number of 10,000 iterations
to fully explore the adjustment possibilities and find the best matches for the facets. A
minimum percentage of 90% of the points was required to accept a geometric model, thus
ensuring that only models with a significant fit were accepted. Noisy point filtering has
been enabled, applying a strict threshold to remove them and thus reducing the impact of
noise on the quality of the generated facets. The type of surface selected was predominantly
planar, reflecting the prevailing structure of the walls, with adjustments for curvilinear
forms where the specific geometry dictated.
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In the case of FACETS, the same PC segmentation principle was implemented as in
the case of the RANSAC results. Thus, NDS planes were considered those with dip-dip
values indicating stable orientations, such as near-vertical or near-horizontal angles. Plans
that indicate decay usually have more varied and less stable values, suggesting potential
structural problems. Values can be spread over a wider range without being clustered near
stable orientations. The analysis of the frequencies of dip directions and dip angles between
non-degrading and degrading plane families shows significant differences.

For most families that represent NDS, it was taken into account that the most common
dip directions are 15◦ and 75◦ while dip directions such as 165◦, 225◦, and 255◦ occur less
frequently. In contrast, dip families show a greater variety of dip directions, including
angles such as 105◦, 195◦, 315◦, and 345◦. The frequencies of dip angles indicate that,
in NDS families, angles of 15◦ and 75◦ are the most common, while, in families with
degradation, the angle of 45◦ is more common. It is thus observed that families of planes
with DS tend to have a more diverse set of dip directions and angles, especially angles of
45◦, compared to those with NDS, which are more concentrated around specific angles such
as 15◦ and 75◦ (Figure 9 and Table 3). In this way, 14 families of planes that are assigned
to NDS were individualized and segmented, respectively, and 16 families of planes that
represent DS. Within them, only two families come out of the stability pattern above, these
being F12 in the case of NDS, and F21 in the case of DS, which, although they have dip-dip
values, can fit to some extent within the other category compared to the one in which
they were distributed. In the case of F12, it is the only family within NDS that records dip
directions of 45◦, and F21 is the family with the lowest value of dip angles (highlighted in
red in Table 3). Although unusual, they were assigned to the respective categories after a
careful validation of the FACETS results with the initial database, in order to refine and
eliminate outliers (Figure 9).
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Figure 9. The results obtained after the implementation of the FACETS algorithm on the datasets
related to the NDS obtained after the RANSAC analysis ((a) the initial dataset after the application of
FACETS, represented according to the family; (b) the independent datasets considered to be NDS;
(c) the sets of independent data considered to be DS; and (d) visualization of areas with shortcomings
within the real object).
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Table 3. The values obtained for each family of plans following the implementation of the
FACETS algorithm.

NDS Dip-Dip Dir. No. F RMS DS Dip-Dip Dir. No. F RMS

F1 15◦–15◦ 2 0.04; 0.001 F3 55◦–15◦ 4 0.002; 0.006; 0.002; 0.001
F2 45◦–15◦ 3 0.002; 0.007; 0.002 F4 105◦–15◦ 1 0.003
F5 165◦–15◦ 1 0.04 F6 195◦–15◦ 1 0.001
F7 225◦–15◦ 4 0.001; 0.08; 0.008; 0.005 F10 315◦–15◦ 1 0.002
F8 255◦–15◦ 2 0.008; 0.002 F11 345◦–15◦ 4 0.005; 0.002; 0.003; 0.001
F9 285◦–15◦ 4 1.79; 1.60; 0.05; 0.02 F13 75◦–45◦ 2 0.003; 0.004

F12 15◦–45◦ 9
0.001; 0.001; 0.08; 0.001;
0.001; 0.001; 4.20; 0.001;

0.001
F14 165◦–45◦ 1 0.004

F20 15◦–75◦ 5 0.001; 0.07; 0.001; 0.001 F15 195◦–45◦ 2 0.002; 0.001

F23 105◦–75◦ 1 0.07 F16 225◦–45◦ 8 0.004; 0.002; 0.001; 0.001;
0.001; 0.001; 0.002; 0.005

F24 135◦–75◦ 1 0.09 F17 255◦–45◦ 1 0.002
F25 165◦–75◦ 2 0.02; 0.001 F18 285◦–45◦ 1 0.001
F27 225◦–75◦ 4 0.05; 0.02; 0.007; 0.002 F19 345◦–45◦ 1 0.002

F28 255◦–75◦ 8 0.003; 0.009; 0.002; 0.01;
0.05; 0.05; 0.002; 0.005 F21 45◦–75◦ 10

0.003; 0.005; 0.004; 0.01;
0.002; 0.004; 0.01; 0.004;

0.001; 0.002
F30 315◦–75◦ 1 0.03 F22 75◦–75◦ 2 0.002; 0.009

F26 195◦–75◦ 10
0.001; 0.001; 5.1; 0.001;

0.001; 0.001; 0.001; 0.002;
0.003; 0.003

F29 285◦–75◦ 1 6.2

Dip-Dip Dir.—dip-dip directions; NDS—non-degraded surfaces; no. F—number of facets per family;
DS—damaged surfaces; RMS—root mean square—indicates the degree of match between the adjusted facet
and the original points in the PC.

3.2.4. Final Results Obtained for Degraded Surfaces and Non-Degraded Surfaces

The results indicate that the PC of the DS is represented by 202,502 individual coor-
dinates, and that of the NDS is individualized by 230,892 points. Most of the points that
registered DS were segmented after the implementation of the DI algorithm (31.5%), 13.8%
being individualized after the RANSAC algorithm, and, after the application of FACETS,
1.4% of the points were eliminated, the remaining 0.1% of the points being eliminated
from the model due to the fact that they were redundant. The PCs obtained after the
implementation of the DS were further processed to extract the polygonal surfaces, for
quantitative and qualitative analyses on the mesh. They indicated that, out of the object’s
total surface of 109.9 m2, the DS represents 48.3 m2 (43.5%), and the remaining 61.6 m2

(56.5%) of the surfaces are classified as NDS (Figure 10).

3.2.5. Validation of the Results

In order to validate the results obtained in the previous stage, the use of the same
indicators regarding the geometric characteristics and the calculation algorithms used
was considered. Unlike the case study represented by the casemate, within the Cheresig
Tower, the only changes were in the weights that were given to the geometric character-
istics in the model and in the thresholds set for RANSAC and FACETS. Otherwise, the
workflow followed remained identical, and the user’s intervention to adjust it was minimal
(Figure 11). These changes were performed due to the volume of points that make up the
PC (3,658,453 individual coordinates), the characteristics of the monument, and the visual
inspections that took place in situ and within the eight components of the DI.
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Figure 10. The spatial distribution of the areas that recorded DS and NDS within the PC of the
analyzed casemate and their quantitative and qualitative analysis (FPC-DS—final PC that represents
DS; MDA—major damage areas; MWDA—major areas without damages; DI—the degradations iden-
tified following the DI algorithm implementation; RANSAC—degradations identified by RANSAC
algorithm; FACETS—degradations identified by FACETS algorithm; E-OOI—points removed because
they were outside the area of interest; and TS-PC—total surface of the model).

The geometric features were determined in a sphere with a radius of 0.1 m, so that
even the finest details of the tower could be captured, but large enough to optimize the
computational time and avoid introducing noise into the data. In this context, the highest
weights were assigned to the SV, NCR, and V (3), followed by R, P, and O (2), while A and SE
were considered to have a relatively low importance within the model (1). The application
of the DI algorithm led to the segmentation of a PC in 563,767 points (representing 15.4%
of the total area of the fortification), which was considered to represent DS, following the
application of a threshold of 48.31% (all values below this threshold were classified as DS,
while values above it were assigned to NDS) (Figure 12). After combining the DS into a
composite index, it was found that most of the degradations are represented by the lack of
material and deep cracks, and most of them are inside the monument (Figure 11).

The application of the RANSAC algorithm on the PC identified as part of the DS
following the DI analysis was configured with a distance threshold of 0.1 units between
primitives, a resolution of 0.2 units, and a maximum deviation from the normal of 25◦. The
algorithm was run with a maximum number of 10,000 iterations to explore the solution
space, requiring a minimum of 90% of the points to match the proposed model, a 99%
probability of success, and a minimum of 1000 support points per primitive. Following
this configuration, 28 planes, 20 cylinders, 5 spheres, and 174,717 leftovers were generated
(Figure 12). Of the generated geometric shapes, four planes and three cylinders were
assigned to the DS class (16,693 points), being considered as false positive surfaces; planes
showed dip-dip directions that did not align with scene features to a standard close to
0◦ or 90◦, while the assignment of cylinders to the DS class was made based on visual
inspections. Finally, a total of 191,410 points were removed from the model because they
represented DS (Figure 11).
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Figure 11. Implementation of the DI, RANSAC, and FACETS within the Cheresig Tower and obtaining
the final DS and NDS.

The PCs containing NDS, obtained from the application of the RANSAC algorithm,
were exported to a separate entity and subjected to FACETS-based analyses. The parameters
set for this analysis included a relative distance of 2 units with a maximum angle of 20◦

and a maximum distance of 99%, an RMS distance threshold of 0.01 units, and a maximum
number of 10,000 iterations. The implementation of the FACETS algorithm resulted in the
generation of 186 facets, which were compressed into 34 plane families. Of these, 29 were
considered to represent NDS, and five were assigned to DS (Figure 11). Plane families that
did not align with the pattern, according to visual inspection, showed dip-dip directions of
195◦–75◦, 225◦–75◦, 15◦–15◦, 45◦–15◦, and 15◦–45◦, having dip angles of 15◦, 45◦, or 75◦ as
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a common point. Finally, the families of plans considered to be DS after applying FACETS
were represented by a total of 31,335 points (Figure 12).
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associated with NDS obtained after each stage).

Finally, the results obtained after applying the workflow on the analyzed fortifica-
tion show that DS are represented by 786,512 points, and NDS are individualized by
2,871,941 individual coordinates. In the case of DS, most points were segmented after the
application of DI (15.4%), followed by RANSAC (5.2%) and FACETS (0.9%), the total area
allocated to this group being 21.5%. The processing of the two obtained PCs (DS and
NDS) in order to extract the polygonal surfaces and their analysis indicated that, of the
total surface of 1447.84 m2 of the model, the DS represents 311.29 m2, and the remaining
1136.55 m2 of the surfaces are classified as NDS (Figure 12).

4. Discussion

The results demonstrate that the approach is considerably accurate in identifying
the DS. The method is robust in identifying very fine degradations and minor surface
differences, which is crucial for the detailed monitoring and prevention of major structural
problems. As indicated by Zang et al. [61], the use of the geometric characteristics of the
PC for the identification of DS is very efficient. However, there are notable limitations of
the model. This is also observable in our interpretation, where, although DI has identified
most of the DS, a high sensitivity can lead to the overestimation of degradation in certain
areas, or, on the contrary, a low sensitivity can generate false negative areas. Studies in
the field [62–64] indicate that these shortcomings are determined both by data noise and
especially by variations in the local geometry of the scene.

The use of RANSAC improved the detection process of fine degradations and small
surface differences, identifying cracks and areas where material is missing within the NDS
PC identified by DI. It was used by several authors [65,66] to improve the feature extraction
pipeline and eliminate mismatched points. In the present case, RANSAC complemented
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the DI algorithm by its ability to detect essential characteristics, thus contributing to a more
detailed representation of the structural state of the walls. By effectively filtering noise,
RANSAC enabled a more accurate analysis and improved the overall model quality by
conforming to visually observed DI [67]. Although the RANSAC algorithm is robust and
efficient in detecting the predominant geometric shapes in the PCs, it also presents certain
limitations and introduces noise into the final model.

The implementation of FACETS on the obtained PCs (after RANSAC) thus improves the
results obtained by segregating the data into subsets based on specific characteristics, reducing
the impact of outliers and improving the accuracy of the estimated model, evaluating the
performance of the combined index in different subsets to optimize accuracy, identifying
complex interactions between variables and providing clear data visualizations for interpreting
patterns and trends [68]. Thus, the combined use of the three algorithms contributes to a
deeper understanding of the behavior of DS within such a typology of monuments.

Such a combination of algorithms leaves the possibility of applying the developed
methodology to wider typologies of CH monuments, as indicated by Donato and Giuf-
frida [69]. The combination of DI, with RANSAC and FACETS, can highlight the monuments’
DS without the methodological pipeline being modified, or with minor modifications. The
same situation is found in the present study, where, between the two case studies, only certain
features were slightly changed (geometric feature weights and thresholds), while the rest of
the workflow remained unchanged. At the same time, the vast majority of applications in
the field [70] have in mind the extraction of DS only from PCs that indicate flat areas, but the
model developed in this work has the ability to extract characteristics from a wide variety
of PCs, provided that the analyzed object registers a more or less obvious geometric shape
(plane, cylinder, sphere, curvilinear, etc.). At the same time, DS are most often analyzed
based on level breaks, since they are generally located at a greater depth than the remaining
surface [71,72]. But some situations are individualized in which changing the threshold value
does not accurately identify DS, because, in some areas, even if they have a different depth and
record an individual slope, they can still represent NDS. The elimination of these shortcomings
was implemented through a combined RANSAC-FACETS algorithm, but also through the
manual validation of the results, which makes the method semi-automatic.

Even if some studies consider a completely automatic approach for feature extrac-
tion [73], this is very difficult to implement and registers errors, due to the complexity of
the CH elements and the various types of degradation. This is also indicated by Galantucci
and Fatiguso [74], who mention that it is almost impossible to identify unique threshold
values, which give significant results in all the cases in which they are applied. Specific
attention must be paid to the areas where vegetation arranged on the object was identi-
fied before the segmentation of the PCs, areas that record even more noise, a factor that
requires a thorough filtering process to eliminate the possible inconveniences determined
by this fact [8]. Thus, most applications must also consider a post-production intervention
performed by the user, in order to evaluate the accuracy of the results and, possibly, to
make changes in the critical parameters. Even if all the steps are followed with the greatest
fidelity, the results are determined to some extent by the skills of the operator in terms of the
acquisition, manipulation, and processing of the data [75,76]. The methodology delineated
in this manuscript has undergone extensive validation, confirming its general efficacy
and robustness across various contexts. This process is divided into two distinct phases,
the method-tuning phase and the validation phase, each utilizing different datasets to
ensure the reliability and robustness of the proposed approach. The initial phase focuses on
method tuning, particularly the choice of thresholds. The thresholds are carefully selected
to balance sensitivity and specificity, ensuring the accurate identification of degraded sur-
faces while minimizing false positives and negatives. The validation step is crucial in order
to verify that the chosen thresholds and algorithm settings have the potential to extract DS
in a compressive way. This phase independently assesses the accuracy and reliability of
the method by comparing the algorithm’s outputs with manually recognized degradation
features, the process being repeated for each stage of the workflow. Simultaneously, this
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stage also involved the inclusion of a new case study, aiming to test the applicability of the
methodology within different typologies of CH and a more extensive data volume.

Nevertheless, its application to distinct case studies may necessitate slight modifications
in the threshold parameters utilized and might involve the inclusion of a more comprehensive
array of geometric variables, or different thresholds for each algorithm depending on the de-
sired quality. This underscores the necessity for fine-tuning the method to address the unique
attributes and specificities inherent to each individual case study, with particular emphasis on
the careful selection and adjustment of specific thresholds. Despite these variations, the core
principle underpinning the methodology remains invariant. Consequently, it is imperative
that the results produced at each stage of implementation undergo rigorous validation by the
user to ensure the accuracy, reliability, and overall validity of the findings.

Although one of the main features of the methodology is its potential to be easy to
implement and very fast, execution times are relative and depend on numerous factors
such as available material resources, user experience, database size, etc. However, this
approach can be optimized to be faster and more reliable, given that the main stages are
fully automated, and only the inspection and minor corrective interventions are performed
manually. Using algorithms that support each other in minimizing individual limitations
helps improve accuracy. In addition, open-source software and accessible data capture
tools are used, making the whole methodology more economical and affordable.

5. Conclusions

The methodology presented in this manuscript demonstrates the efficiency and appli-
cability of a semi-automatic method for detecting DS within CH sites, using a structured
workflow and advanced photogrammetry and PC processing techniques. The choice of the
casemate as a case study allowed testing the methodology in a real and complex context,
providing relevant results for heritage conservation. Moreover, the validation of the results
on an architectural monument (fortification) from the 13th century highlights the extended
applicability of the method in the identification of DS in the field of CH. The developed
technique proved to be fast, economical, and flexible, allowing for the accurate assessment of
DS even from unstructured datasets. The implementation of classification and segmentation
algorithms such as K-means clustering, RANSAC, and FACETS, together with a combined in-
dex encompassing multiple geometric features of the scene, contributed to obtaining detailed
results and improving the accuracy of assessments. Analysis has shown that the DS can be
accurately identified, including cracks and areas where material is missing, thus contributing
to a better understanding of the structural condition of heritage objects. The proposed method
demonstrated a robust and efficient ability to detect fine degradations and subtle surface
differences, facilitating continuous monitoring and appropriate conservation interventions.
The use of PC and photogrammetry techniques allows the capture of fine details and the exact
identification of DS, thus contributing to a better understanding of the structural condition of
CH objects. Although the method identified most of the DS, a high sensitivity may lead to
the overestimation of degradation in certain areas, and a low sensitivity may generate false
negative and positive areas. The RANSAC algorithm has improved the process of detecting
fine degradations and small surface differences, but it also has some limitations that introduce
noise into the final model. The combined algorithm methodology has the potential to be
applied to a wide range of heritage monument typologies with minor modifications to the
methodological pipeline. The manual validation of the results and the adjustment of critical
parameters are essential to ensure model accuracy.

In conclusion, this semi-automated NLMB provides a practical and affordable solution
for CH monitoring and conservation, with the potential for wide applicability and continu-
ous improvement through the integration of new techniques and analysis algorithms. The
developed method proved to be a valuable tool for the structural health monitoring of CH
sites, thus contributing to their protection and valorization in the current technological context.
Besides the fact that it offers good results, the method also has the advantage of being very
fast and cheap, being able to be implemented exclusively by using open-source software and
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cheap sensors for data capture and processing. For future work, we are considering extending
the work methodology to other types of heritage objects, improving the work methodology by
implementing efficient noise reduction and outlier detection algorithms, and implementing
longitudinal analyses to identify the progression of degradation over time.
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Abbreviations

PC point cloud
DI degradation index algorithm
RANSAC random sample consensus algorithm
R roughness
SV surface variation
P planarity
NCR normal change rate
A anisotropy
SE sum of eigenvalues
O omnivariance
V verticality
FBC feature-based clustering
NDS non-degraded surfaces
DS damaged surfaces
FM fast marching
RE reprojection errors
RMSE root mean square error
RMS root mean square
BIM building information modeling
HBIM heritage building information modeling
UAV unmanned aerial vehicle
SfM structure from motion
GCPs ground control points
CPs check points
LMB learning-based methods
NLMB non-learning-based methods

References
1. Ilies, D.C.; Caciora, T.; Herman, G.V.; Ilies, , A.; Ropa, M.; Baias, S, . Geohazards affecting cultural heritage monuments. A complex

case study from Romania. GeoJ. Tour. Geosites 2020, 31, 1103–1112. [CrossRef]
2. Le, T.D.; Le, T.A.; Nguyen, P.H.; Ho, Y.T.P.; Le, B.H.P. Factors affecting the decision of selecting a destination for international

tourists at the Hoi an world cultural heritage site. GeoJ. Tour. Geosites 2023, 51 (Suppl. S4), 1663–1675. [CrossRef]
3. Caciora, T.; Herman, G.V.; Ilies, , A.; Baias, S, .; Ilies, , D.C.; Josan, I.; Hodor, N. The Use of Virtual Reality to Promote Sustainable

Tourism: A Case Study of Wooden Churches Historical Monuments from Romania. Remote Sens. 2021, 13, 1758. [CrossRef]

https://doi.org/10.30892/gtg.31323-546
https://doi.org/10.30892/gtg.514spl08-1163
https://doi.org/10.3390/rs13091758


Remote Sens. 2024, 16, 3061 26 of 28

4. Caciora, T.; Jubran, A.; Ilies, D.C.; Hodor, N.; Blaga, L.; Ilies, A.; Grama, V.; Sebesan, B.; Safarov, B.; Ilies, G.; et al. Digitization of
the Built Cultural Heritage: An Integrated Methodology for Preservation and Accessibilization of an Art Nouveau Museum.
Remote Sens. 2023, 15, 5763. [CrossRef]

5. Franczuk, J.; Boguszewska, K.; Parrinello, S.; Dell’Amico, A.; Galasso, F.; Gleń, P. Direct use of point clouds in real-time interaction
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