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1. Introduction

Abstract

Cultural and natural heritage assets, as a set of tangible and intangible values that reveal the
shared past and historical accumulations of the communities living together, are important
not only for the past but also for the transfer to future generations and are the responsibility
of all nations of the world. Today's digitalized information age, development, and change in
science and technology contribute to producing highly accurate three-dimensional (3D)
inventories of these cultural heritages. However, in addition to natural degradation and
destruction processes, unexpected events such as war, terrorist attacks, and natural disasters
can hinder the formulation of the traditional inventories. At this point, it is important to carry
out 3D modeling studies using crowdsourced images and videos from social media, to enhance
modeling accuracy and support digital documentation, virtual museum initiatives, and
heritage preservation. This study aims to present a strategy following the Structure-from-
Motion approach to create 3D models of cultural heritage assets by using shared
crowdsourced images and videos collected via social media platforms and applying a
normalization procedure for scale standardization to assess model accuracy. Data obtained
during nighttime, snowy conditions, or overly filtered captures were excluded, and a
segmentation procedure using the Segment Anything model was implemented to remove
irrelevant objects. As a result, an approach that can be used in inventory studies has been
presented by using images and videos shared by users on social media platforms through an
integrated and mutually supportive methodology. Quantitative analysis using the M3C2
method showed that RMSE values ranged from 0.0010 to 0.0036 across the models, with over
93% of the matched points falling within +1c. These results confirm the reliability of the
proposed approach for large-scale digital heritage documentation.

transmission to future generations. As the importance of
three-dimensional (3D) modeling applications grows,

While various artifacts and social values that have
physically existed from the past to the present contribute
to the formation of cultural heritage, transferring these
values to future generations is crucial for society to
recognize its history, identity, and culture [1]. Today,
cultural heritage faces threats from various factors,
including natural disasters, civil wars, terrorist attacks,
and vandalism. The virtualization of cultural heritage
items ensures their digital protection and facilitates their

various methods that utilize different technologies to
produce digital models have been documented in the
literature [2-4].

The most used methods in the 3D modeling of cultural
heritage include laser scanning, photogrammetry,
Unmanned Aerial Vehicles (UAVs) and computer vision
techniques [5]. Yakar [6] examined the usability of UAVs
in documenting cultural heritage. By replacing
traditional methods with modern technologies, UAVs
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provide an effective and accurate approach to heritage
documentation, ensuring the preservation of cultural
assets for future generations. With laser scanners, it is
possible to generate dense 3D point clouds and high-
resolution geometric models of objects, although the
desired color quality is not always achievable. In
photogrammetry, on the other hand, the 3D geometry of
objects is constructed using high-resolution images.
Kadobayashi et al. [7] explored the integrated use of laser
scanning and photogrammetry methods in their study,
achieving results with 1 mm accuracy. The study
highlighted the importance of such models for preserving
cultural heritage, enabling faithful restorations, and
providing interdisciplinary solutions. Sasi & Yakar [8]
presented the 3D photogrammetric modeling of
Sakahane Masjid, a historical artifact from the Anatolian
Seljuk era in Konya. Using a Nikon D90 camera and a DJI
Phantom 4 UAV, photographs were captured and
processed with Agisoft PhotoScan to create detailed 3D
models. Uslu & Uysal [9] focused on the 3D modeling of
the Demeter Statue in the Kiitahya Archaeology Museum
using terrestrial photogrammetry. Control points on the
statue were measured with a reflectorless total station,
and photographs were captured using a Nikon Coolpix
P510 camera. The findings demonstrated the advantages
of photogrammetry in archaeological documentation,
providing accuracy, speed, cost efficiency, and versatility
for preserving cultural heritage. Ulvi et al. [10] focused
on the photogrammetric survey of Kizil Kilise, located in
the Sivrihisar village of Giizelyurt district in Aksaray. By
employing digital photogrammetry techniques, scaled
drawings, 3D models, and point clouds of the church’s
exterior were produced. The research highlights how
advancing photogrammetry technologies provide time-
and cost-effective solutions for documenting and
preserving cultural heritage. However, these methods
require high costs, labor, expertise, and technological
resources, which may hinder their continuous use. Varol
[11] emphasized the importance of UAV
photogrammetry in creating detailed and accurate
cultural heritage inventories. The study demonstrated
that high-resolution 3D models and orthophotos
generated using UAVs can significantly enhance the
documentation and classification of heritage sites.
Moreover, Yakar et al. [12] emphasized the importance
of 3D documentation in the inventory and preservation
of cultural heritage, demonstrating the effectiveness of
terrestrial laser scanning for accurate data acquisition.
Technological developments in the field of
photogrammetry and computer vision techniques have
provided a new set of tools that allow 3D modeling of
cultural heritage items [13]. In addition to traditional
photogrammetric methods, recent Artificial Intelligence
(AI)-driven approaches such as Neural Radiance Fields
(NeRF) and deep learning-based super-resolution
techniques have introduced new possibilities in 3D
reconstruction. NeRF has been effective in synthesizing
photorealistic 3D  representations, yet it is
computationally demanding and typically requires high-
quality input images with consistent viewpoints [14].
Similarly, deep learning-based super-resolution
techniques enhance image details but do not inherently

reconstruct 3D structures [15]. While these methods
provide advantages in specific scenarios, their
applicability to large-scale and unstructured image
datasets, such as those obtained from social media,
remains limited. The Structure-from-Motion (SfM)-based
approach is more suitable for handling crowd-sourced,
variable-quality images without requiring large-scale
training datasets [16, 17]. SfM algorithm allows the
production of high-quality 3D models of objects using
two-dimensional (2D) images. Herman et al. [18] have
created a 3D model of Romanian wooden churches using
images obtained by photogrammetry methods. The
conclusion of the study has shown that photogrammetry,
which offers the advantage of lower resource usage in 3D
model production compared to laser scanning methods,
may be used in future research. Deliry & Avdan [19]
emphasized the effectiveness of Unmanned Aerial
Systems (UAS) combined with SfM for rapid and accurate
topographic surveying. By analyzing flight height,
Ground Control Points (GCPs), and software, the research
demonstrated that optimized UAS-SfM workflows can
produce high-accuracy 3D models and digital surface
models, offering a cost-effective alternative to traditional
methods. Bakirman & Gumusay [20] explored the
integration of body motion with a custom Street View
service created for Yildiz Technical University Davutpasa
Campus using Microsoft Kinect and Flexible Action and
Articulated Skeleton Toolkit. By leveraging Google Maps
Application Programming Interface and panoramic
images, the research demonstrated a low-cost approach
to virtual reality, offering applications for virtual
museums, heritage sites, and planetariums.

Cultural heritage items have suffered irreversible
damage due to wars, terrorist attacks, and deliberate
destruction. In war zones, security threats and limited
access have made fieldwork impossible. This has led
researchers to explore new data sources for digital
reconstruction of structures. Documenting cultural
heritage using internet archives has become a popular
research topic. Griin et al. [21] investigated the utility of
archived images in the physical reconstruction of a
structure in Afghanistan that no longer exists due to the
deliberate destruction of 1700-year-old Buddha statues
by Taliban forces in 2001. Grussenmeyer & Al Khalil [22],
succeeded in creating 3D geometric solutions by creating
a photogrammetric archive of a 900-year-old mosque
that was severely damaged in the clashes during the
Syrian war. In 2015, the Mosul project (namely Rekrei)
was launched for the digital restoration of damaged
artifacts after videos of ISIS destroying the Mosul
Museum in Iraq, which contains many artifacts dating
back to 2500 years ago, were shared on the Internet.

Research has shown that the use of crowdsourced
data has yielded successful results in the 3D
reconstruction of structures that no longer exist in
physical form today [23-25]. The Plate Stone Bridge
Project [26] is an example of this. After the collapse of the
largest stone bridge in the Balkans due to heavy rains in
2015, volunteer groups created by the National Technical
University of Athens used crowdsourced data to model
the bridge's original shape and size before its collapse.
The use of crowdsourced data reduces the resource
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requirements in projects by a significant amount, but the
data obtained is not always sufficient to create a 3D
model, so it is recommended to integrate as much data as
possible.

Crowdsourced data can be provided by volunteer
groups or data captured by tourists and shared on social
media platforms. Today, there are numerous projects
based on the use of crowdsourced data with the
cooperation of different institutions and non-
governmental organizations. For instance, the Heritage
Together project [27] aims to document cultural heritage
in partnership with local communities, while the Zamani
Project collaborates with international heritage
organizations to create a digital heritage collection,

Image Acquisition from Social
Media

Alignment of Images

intending to promote the recognition and preservation of
heritage items by the public. Image-based 3D model
production with the use of crowdsourced social media
data provides advantages in terms of low cost and
manpower requirements and minimizing fieldwork. In
addition, domestic studies have also shown that
crowdsourced data can effectively document cultural
heritage. Uslu & Uysal [28] used Flickr images for 3D
documentation of the Afrodisias Tetrapylon, and Uslu &
Uysal [29] reconstructed the Trojan Horse using UAV
data with SfM.

To understand and validate models generated from
different data sources, it is essential to register them
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Figure 1. Study workflow

within a common reference system [24]. While this
process is straightforward for existing structures, it
becomes significantly more challenging for artifacts that
no longer exist due to the absence of direct reference
points. This paper presents an approach to create digital
models of structures and to evaluate the accuracy of
models generated using crowdsourced data from social
media. Generally, 3D models are compared to a reference
model, which is assumed to be more accurate than the
others. However, due to the use of diverse data sources
and the absence of GCPs, this study introduces a
normalization method to ensure comparability across
models. Specifically, all models were normalized along
three axes to achieve a uniform scale. This method
addresses a challenge in multi-source 3D modeling and
offers a more flexible, scalable approach for validating
models derived from crowdsourced data. In this context,
3D models were created for prominent historical
landmarks, including the Holy Trinity Column in the
Czech Republic, Roskilde Cathedral in Denmark, the rock-
cut tombs of El Hazne in Petra, Jordan, and the Bode
Museum located on Berlin's Museum Island, which are
listed on the UNESCO World Heritage List. As data
sources, publicly available images and videos from
popular platforms like Instagram, Twitter, Facebook, and
YouTube were collected.

2. Methodology and Case Study

This section focuses on the techniques and methods
employed in the study, followed by a description of the
data and study area. Finally, the analysis is presented.

2.1. Methods

This study aims to create 3D models of cultural
heritage structures using crowdsourced aerial and
terrestrial videos and images from social media,
incorporating location and time tags. Therefore, the
study areas were chosen from cultural and natural assets
on the UNESCO World Heritage List. The integration of
data from different social media platforms is a critical
component of the study. This involves the incorporation
of data from various acquisition principles and
resolutions. In general terms, the study includes the
acquisition of data, quality control, classification,
generation of the integrated model, and assessment of
the results. Using the datasets produced within the scope
of the study, 3D point cloud models were produced by
photogrammetric evaluation based on SfM. Figure 1
summarizes the steps followed in the workflow diagram.
Detailed information regarding methods applied is given
in the following subsections.

2.1.1. Segment Anything Model (SAM)

In this study, the Segment Anything Model (SAM) was
used to remove the background from the images. SAM is
an advanced image segmentation model based on state-
of-the-art techniques. The model was trained on a
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dataset consisting of millions of images and billions of
masks. The Segment Anything 1 Billion Mask (SA-1B)
dataset, the largest labeled segmentation dataset to date,
was explicitly designed for the development and
evaluation of advanced segmentation models. SAM can
segment objects based on the input provided. SAM
consists of three main components: an image encoder, a
prompt encoder, and a lightweight mask decoder (Figure
2). In Figure 2, the segmentation prompt (top-left) is
passed to the Prompt Encoder, while the image itself
(top-right) is processed by the Image Encoder. The
Lightweight Mask Decoder then merges these encoded
features to generate the final segmentation mask
(bottom image), effectively isolating the target object, in
this example, the Holy Trinity Column, from the
background. This workflow demonstrates how SAM can
semi-automatically identify and extract specific elements
of interest from a complex scene, thereby simplifying
subsequent processing steps in 3D modeling workflows.

Segmentation
Prompt

SAM Model y

Y y

Prompt Image
Encoder Encoder

v v

Lightweight Mask Decoder

: Valid Mus »
Figure 2. SAM Model (adapted from [30])

The image encoder generates vector profiles of the
input images. The prompt encoder processes input data
such as points, regions, and text and passes this
information to the mask decoder. The mask decoder uses
data from the prompt and image encoders to generate
three different masks. Here, SAM has been applied to
segment the object from the background using region
sampling. This approach allows for semi-automatic
identification of the object and separation from the
background.

2.1.2. Structure from Motion (SfM)

Advanced computer vision techniques such as SfM
and Multi-View Stereo (MVS) are being used to predict
the position and structure of an object in 3D space using
images. SfM algorithms are based on the reconstruction
of the scene geometry and the estimation of the camera
parameters. The basic principle of the SfM is based on
binary vision and estimation of the observed point by a
method that uses changing vision from a moving point.
Contrary to traditional photogrammetry, the technique
does not require GCPs and camera calibration since
camera position and orientation are solved together
within the model geometry [31, 32]. For this purpose,
relative and absolute positions of scene images must be
analyzed to determine the relationships between
different images [33]. SfM uses distinctive key points of
structures to identify and optimize the positions of these
points in terms of camera position, orientation, and
intrinsic parameters. In this way, it reconstructs the 3D
geometry of the scene by defining key features of
structures [34, 35].

Compared to traditional photogrammetric
approaches and laser scanning, SfM provides a cost-
effective and accessible solution, particularly for
historical and inaccessible sites where extensive
fieldwork may not be feasible. The ability to reconstruct
3D geometry from crowdsourced and publicly available
images makes it especially useful for cultural heritage
documentation [32, 36]. The method also allows for
automated feature extraction and scene reconstruction,
making it a flexible alternative to conventional surveying
techniques.

The MVS technique, on the other hand, establishes the
relationship of measurements made from several images
simultaneously. In other words, the SfM algorithm
predicts camera movements and object positions using
images of objects taken from different angles, whereas
the MVS algorithm detects common features between
images.

The SfM workflow follows several key steps to
achieve an accurate 3D reconstruction [31]:

1. Feature detection and matching - Identifying
keypoints in multiple overlapping images using
algorithms such as SIFT (Scale-Invariant Feature
Transform).

2. Camera pose estimation and bundle adjustment
(BA)- Optimizing the relative positions and orientations
of images to ensure geometric consistency.

3. Sparse point cloud generation - Establishing a
preliminary 3D  structure based on feature
correspondences.

4. MVS densification - Enhancing the sparse model by
generating a dense point cloud representation.

5. Mesh reconstruction and texturing - Converting the
dense point cloud into a surface model with detailed
textures.

This structured workflow enables automated and
scalable 3D model generation, making SfM a robust
method for reconstructing historical structures using
publicly available imagery. Following these steps, the
final 3D model is generated and evaluated using accuracy
assessment techniques such as Multiscale Model to
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Model Cloud Comparison (M3C2) to ensure reliability
before documentation and analysis.

2.1.3. Multiscale Model-to-Model Cloud Comparison
(M3C2)

For the accuracy analysis of the created models, the
M3C2 method developed by [37] was used, which
measures the distance between two points, estimates
confidence intervals and compares calculations using
synthetic point clouds with existing techniques. When
comparing different model results, this method employs
scaling and statistical analysis to evaluate the quality and
reliability of the generated models. The fundamental
principle is the creation of a calculation set called core
points, and the use of this set to calculate the M3C2
distance and confidence interval [37]. Unlike other
commonly used methods for measuring the distance
between two-point clouds in the literature, the M3C2
method directly operates on the point cloud itself,
eliminating the need for meshing or gridding [38].
Additionally, it is robust against missing data between
scans and variations in point cloud density.

According to the working principle of the algorithm,
reference point clouds should be determined first, and
then a two-step path is followed, consisting of
determining the surface normal on these reference
clouds and measuring the distance between two-point
clouds along the determined surface normal.

2.1.4. Determination of the Surface Normal

Alocal model with a radius D/2 of the D normal scale
is created around the core point i, and the surface normal
vector is defined in this local model plane. Although the
D /2 radius value may be a variable value depending on
the user experience, it can be calculated by taking 20-25
times the estimated roughness values from the point
cloud. More detailed information can be found in [37].

2.1.5. Determination of the Distance Between Two
Point Clouds

A new plane with a radius of d/2 is drawn on the
projection scale d within the area with the defined
normal scale D. d/2 has a relatively smaller value
compared to the D/2 scalar value and can be explained
as the reason why the method is called multiscale [39].
The new plane created should be expanded in the
direction of the surface normal to form a cylinder. This
cylinder encloses both the reference point cloud and the
cloud to be compared, so that two subsets of points, n,
and n,, are obtained in the area remaining in the cylinder.
To calculate the distance between two-point clouds,
called the M3C2 distance, the average positions of the n,
and n, subpoint clusters must be calculated. The M3C2
distance is equal to the distance between the average
positions. The smoothness of the point cloud around the
core point is calculated as the standard deviation of the
distances between points on the D normal scale. For each
distance measurement, a confidence interval is defined
based on the smoothness of the point cloud and
registration errors. As a result, the measurement of two-

point clouds in the M3C2 algorithm requires the
following parameters [40].
o Determination of the point cloud to be
compared with the reference point cloud
o Definition of the core point
o Definition of Normal Scale (D), projection scale
(d) and cylinder depth
o Identification of the registration error
2.2. Study Areas and Data Collection

Cultural heritages are selected based on their
architectural differences, structural features, number of
visitors, and the amount of data that can be obtained
through social media platforms. The selected study areas
are the Holy Trinity Monument in the Czech Republic,
Roskilde Cathedral in Denmark, Bode Museum in
Germany, and the ancient city of Petrain Jordan. The Holy
Trinity Monument in Olomouc, Czech Republic, reflects
the rich detailed baroque architecture. At the same time,
Roskilde Cathedral on Zealand Island, Denmark, is
characterized by the smooth geometric outlines and
monochromatic fagade design of Gothic architecture. The
Bode Museum in Berlin is surrounded by water, allowing
for photography from different perspectives. The rock-
cut tomb in Petra, Jordan, called “El-Khazneh” or “The
Treasure”, is multicolored and dynamic because it is
carved out of sandstone rock with various shades of pink,
red, yellow, orange, and other colors depending on the
angle at which the sunlight falls on it, and the inability to
capture 360-degree views of its surroundings makes it
necessary to investigate whether modeling can be
accomplished.

The data on the cultural heritage addressed in the
study were obtained from social media platforms such as
Facebook, Twitter, Instagram, YouTube, Flickr, and
TripAdvisor. Images and videos shared on these
platforms publicly available by users were classified
separately for each cultural heritage and four inventories
were created. The temporal resolution determined for
these four inventories is planned to cover one year
between 01.01.2022 and 01.01.2023. The main reason
for choosing a temporal resolution of one year is the
definition of [41], which includes “.. the threat of
extinction due to natural degradation, major changes due
to unknown causes, abandonment of an asset for any
reason; the outbreak of an armed conflict or the threat of
conflict; disasters and catastrophes; the threat of serious
and significant hazards such as serious fires,
earthquakes, landslides, volcanic eruptions; changes in
water level, floods and tidal waves...” elements may cause
structural changes and consistency in the data obtained
was ensured. However, a sufficient number of images and
videos could not be obtained during the data collection
process in the specified one-year period. Therefore, the
data duration was extended. Although it was desired to
extend the duration while maintaining the up-to-date
data, the travel restrictions imposed by the Covid-19
outbreak, which was declared a pandemic by the World
Health Organization on March 11, 2020, negatively
affected tourism and therefore cultural heritage visits,
which led to a decrease in social media posts.
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Considering this situation, data was collected by
extending the period until April 2024.

2.3. Analysis

The initial search analysis was a crucial step in our
process, as it provided valuable insights into the type and
quantity of data available. We found that queries related
to location and structural attributes generated a
significant number of results. The assessment of these
search results highlighted several factors that influenced
the quantity and quality of the usable data. The quality of
the data was often compromised by posts with
inaccurate or inconsistent tagging, nighttime photos with
dark areas, and excessive use of filters on images. In the
analysis section and later in the study, datasets will be
abbreviated and referred to as "DS" to improve
readability and indicate the datasets used in the study.
Taking these factors into consideration, we constructed
the DSs, which are presented in Table 1. By incorporating
publicly available images and videos from all social
media platforms, along with posts from private accounts,
we were able to significantly increase the number of
search results.

In the obtained images and videos, both temporal
consistency and alignment with the relevant inventory
were considered. Upon examining these conditions, it
was observed that the relevant inventory is inconsistent
in the images and videos shared on social media due to
the factors listed above. To ensure the highest data
quality, a rigorous manual quality check was performed
during the initial screening stage, leading to the exclusion
of inconsistent data. For temporal consistency, the date
of sharing on social media platforms was taken into
account for the images and videos. This consideration
includes situations where older images or videos are
shared as current within the defined range. Additionally,
images and videos are shared using hashtags like #tbt or
#ThrowbackThursday, which is part of the Throwback
Thursday trend on social media.

Image backgrounds were segmented and masked
using the SAM model to minimize any potential impact
on point cloud generation and enhance the accuracy of
the resulting 3D model. Images and data accessible
through social media platforms were downloaded using
the time range and tags specified in Table 1.

For data integration, the DSs have been designated
as A for image-based data, B for images generated from
videos, and C for cases where both A and B DSs are
considered together. In this context, DS-A and DS-C were
considered when generating point clouds.

A three-stage approach was followed in the creation
of the 3D model. Accordingly, the models created using
raw, unprocessed images and videos are designated as
Model 1 (M-1). Models obtained by eliminating the
effects that could compromise the integrity of the subject
in the raw DSs (such as nighttime, snowy, and filtered
images) are designated as Model 2 (M-2). Models derived
from applying the SAM to the images in Model 2 are
designated as Model 3 (M-3). All DSs classified were
processed using the SfM method with the open-source
software VisualSFM to obtain point clouds. To ensure

optimal keypoint detection and matching, the SIFT
algorithm was utilized, allowing for robust feature
extraction across varying lighting conditions. The camera
calibration parameters, including focal length and lens
distortion, were estimated automatically within the
VisualSfM workflow. Additionally, BA optimization
process was performed to refine camera positions and
improve overall accuracy.

The resulting sparse point cloud was then processed
through MVS to generate a dense point cloud. The Patch-
based Multi-View Stereo (PMVS) algorithm was used for
this process.

Accordingly, point cloud models obtained using the
raw data designated as DS-1A and DS-1C (M-1, A-C; M-2,
A-C; M-3, A-C) are presented in Figures 3-6 for the Holy
Trinity Column, Roskilde Cathedral, Bode Museum, and
Petra, respectively. In Figures 3-6, subfigures (a) through
(f) illustrate how incremental filtering and SAM-based
segmentation progressively enhance point cloud quality.

The obtained raw point cloud models were
subjected to the filtering process using the open-source
software CloudCompare. A three-stage filtering approach
was followed consecutively. Accordingly, (1) noise
selection and filtering through segmentation based on
RGB color codes (Colorimetric Segmenter), (2) noise
filtering (Noise Filter), and (3) manual filtering were
applied. The model representations obtained as a result
of the filtering processes were presented using Model-1C
for each structure to avoid redundancy. The point clouds
obtained at each filtering step and the results are shown
in Figures 7-10 for the Holy Trinity Column, Roskilde
Cathedral, Bode Museum, and Petra, respectively. As
illustrated in figures, each subfigure shows the
incremental removal of unwanted points at each filtering
stage, ultimately providing a refined point cloud. The
color-coded areas highlight which points were removed
or retained to provide a clear visualization of the
progressive cleaning process for each structure.
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Table 1. Data and attributes obtained from social media platforms

Structure Social Media | Location | Attribute Tag # # Resolution Range
Platform Tag Videos Images (Pixel)/
Video FPS Range
Holy Trinity Facebook Olomouc | Holy Trinity; 3 41 720-1080/
Column Holy Trinity Column; 25-30
(Czechia) Holy Trinity Column
Olomouc
Instagram - Sloupnejsvetejsitrojice; 5 428
holytrinitycolumn
Twitter Olomouc, | Holytrinity; - 45
Chechzia | holytrinitycolumn
Youtube - Holy Trinity Column; 32 -
Holy Trinity Column in
Olomouc; Olomouc;
Holy Trinity Column in
Czech Republic
TripAdvisor Olomouc, Holy Trinity - 33
Chechzia | Column
Roskilde Facebook Roskilde 5 96 720-1080/
Cathedral Instagram Cathedral | Roskildedomkirke; 19 715 25-30
(Denmark) 5 Roskilde | roskildecathedral
. Domkirke
Twitter Roskilde 3 39
Youtube Katedrali 24 -
Flickr - 28
TripAdvisor - 45
Bode Museum | Facebook Bode Bodemuseum; - 30 720-1080/
(Germany) Instagram Mus'eum museumisland 15 450 25-30
Berlin
Twitter Museum - 38
Island
Youtube Miizeler 33 -
Adasi
Flickr - 84
TripAdvisor - 50
Petra Facebook Petra; Petra; Petra Jordan 5 159 720-1080/
(Jordan) Urdiin 25-30
Instagram - petrajordania 20 1201
Twitter Jordan Petra; petrajordan 6 54
Youtube - Petra; Petra Urdiin; 35 - 480-1080/
Petra Jordan; El-Hazne; 25-30
El-Hazne Petra; Al-
Khazneh; Al-Khazneh
Petra; Petra Hazine
Binasi
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Figure 3. Holy Trinity Column - raw point clouds generated for M-1, M-2, and M-3 using images (A) and
images+videos (C)

a) . M-1A] b

M-2A| 9

M-3A
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Figure 4. Roskilde Cathedral - raw point clouds generated for M-1, M-2, and M-3 using images (A) and
images+videos (C)

Figure 6. Petra - raw point clouds generated for M-1, M-2, and M-3 using images (A) and images+videos (C)
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Manual Removal

-Removed Points -Retained Points
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Figure 8. Filtering process and result for Roskilde Cathedral
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RGB Filter
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Noise Filter
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Manual Removal

-Removed Points -Retained Points

Denoised Point Cloud

Figure 9. Filtering process and result for Bode Museum

-Removed Points

-Retained Points

d)

Denoised Point Cloud

Figure 10. Filtering process and result for Petra
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The models represented in Figures 7-10 are also used 0.5,0.0, 0.5, 1.0 for the Holy Trinity Column, -6.0, -3.0, 0.0,
as reference to compare with the other models for 3.0, 6.0 for Roskilde Cathedral, -1.5, -0.75, 0.0, 0.75, 1.5
statically assessing the performance of the crowdsourced for the Bode Museum, and -0.7, -0.35, 0.0, 0.35, 0.7 for
data supported via social media. Figures 11-14 show the Petra. These intervals illustrate the extent of deviations
M3C2 comparisons and difference intervals for the Holy between point clouds in a uniform manner. Hereinafter,
Trinity Column, Roskilde Cathedral, Bode Museum, and noise-filtered point clouds have been presented and
Petra, respectively. For each structure, equal intervals designated as MP.

are provided along the negative-to-positive range: -1.0, -

a) MP-1C — MP-1A M2 |y MP-1C — MP-2A M3C2
Distance Distance
1.00f 1.00)
0.5( 0.50,
0.00 0.00
-0.5( -0.50]
-1.00 -1.00!
¢) MP-1C — MP-2C e ) MP-1C — MP-3A M3C2
Distance Distance
1.00, 1.00
0.50 0.50]
0.00 0.00]
-0.50¢ -0.50f
-1.00% -1.00!
e) MP-1C — MP-3C M3C2
Distance
1.00y
0.50)
0.00]
-0.50)
-1.00

Figure 11. The M3C2 difference for Holy Trinity Column
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MP-1C — MP-1A M3C2 b) MP-1C — MP-2A M3C2
Distance Distance
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MP-1C — MP-2C Ma | ) MP-1C — MP-3A M3C2
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Figure 12. The M3C2 difference for Roskilde Cathedral
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Distance Distance
1.50 1.50]
0.75 0.75
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Figure 13. The M3C2 difference for Bode Museum
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Figure 14. The M3C2 difference for Petra

3. Results and Discussion

The statistical results obtained for four structures
with distinct architectural features are presented in
Table 2. The study aims to create inventories of cultural
heritage through the evaluation of data sourced from
different social media platforms on a crowdsourcing
basis. Therefore, ensuring structural integrity without
GCPs and irrespective of metric size measurements is
conducted. This allows for the comparison of models
obtained under different scenarios, but it does not allow
the evaluation of comparative difference values between
the structures. In other words, the variations among the
models depend not on the metric properties of the
structures but on the size of the structure itself. To
overcome this issue and perform this evaluation within
the scope of the study, a scaling factor based on the
dimensional size of each structure obtained through SfM
along three axes has been calculated. The scaling factors
are as follows: 1/14.94 for the Holy Trinity Column;
1/78.36 for Roskilde Cathedral; 1/26.63 for the Bode
Museum; and 1/9.62 for Petra. The statistical results
presented in Table 2 are scaled values and are given in
unitless terms. Table 2 includes the RMSE values and
standard deviations. RMSE values were calculated based
on the differences. However, standard deviations were
obtained around the means of the differences. The lowest
RMSE and standard deviation values for the Holy Trinity
Column were obtained as 0.0036 between the reference
model and the MP-2C model. Here, the MP-2C point cloud
model was obtained using source data generated from
filtered images and videos. In the comparison, the

minimum difference was calculated as -0.0637, the
maximum difference as 0.0677, and the range as 0.1314.
The next lowest RMSE and standard deviation values
were obtained from the comparison with the MP-3A
model, which used only image data and underwent a
filtering procedure followed by the application of SAM.
The effect of SAM in modeling appears to be relatively
lower model deviations (minimum difference -0.0652,
maximum difference 0.0649, range value 0.1301). For
Roskilde Cathedral, the lowest RMSE values of 0.0038
were obtained from the comparison of the reference
model with the MP-3A model and the MP-1A model
(0.0035), which both used only image data post-filtering
procedure. Here, in the MP-3A comparison, the minimum
difference was -0.0692, the maximum difference 0.0704,
and the range value 0.1395. The Bode Museum has a data
set with a high density of data sourced from social media
platforms, which has been effective in model comparison
accuracy. In the M3C2 comparison conducted, the lowest
RMSE and standard deviation values were 0.0010, with a
minimum difference of -0.0569, a maximum difference of
0.0617, and a range of differences of 0.1186 achieved
with the MP-2C point cloud. The source data used for
creating MP-2C involved images and videos combined
and subjected to a noise filtering procedure. The
application of the SAM algorithm here resulted in a
relatively smaller range of differences. Finally, in the
modeling study conducted in the Petra site, the model
created using source data obtained from images with a
noise filtering procedure exhibited the lowest model
deviation values. Here, the RMSE and standard deviation
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values were 0.0016, with a minimum difference of -
0.0752, maximum value 0.0949, and the range of
differences 0.1701.

Overall, the comparative analysis of the models
demonstrated that accuracy varied based on data density
and quality. Among all models, the lowest RMSE was
observed for the Bode Museum (0.0010), indicating the
highest geometric precision. However, the Petra model
exhibited the highest percentage of matched points

within 10 (96.30%), suggesting superior consistency in
structural accuracy. These findings highlight that while
RMSE is a crucial metric for assessing geometric
precision, the distribution of matched points also plays a
significant role in evaluating overall model reliability.
Therefore, depending on the evaluation criteria, both the
Bode Museum and Petra models can be considered the
most accurate representations within this study.

Table 2. Statistical results of M3C2 differences of the structures

Statistics

Cultural Reference Compared
Heritage Model Model Mean Std. RMSE Min. Max. Range
MP-1A -0.0010 0.0059 0.0060 -0.0790 0.0731 0.1520
Tll-‘lizli};y MP-1C MP-2A 0.0004 0.0068 0.0068 -0.0721 0.0880 0.1601
Column MP-2C -0.0006 0.0036 0.0036 -0.0637 0.0677 0.1314
MP-3A -0.0007 0.0049 0.0049 -0.0652 0.0649 0.1301
MP-3C -0.0018 0.0051 0.0054 -0.0737 0.0747 0.1484
MP-1A -0.0002 0.0035 0.0035 -0.0779 0.0832 0.1611
Roskilde MP-1C MP-2A 0.0002 0.0064 0.0064 -0.0746 0.0830 0.1576
Cathedral MP-2C 0.0006 0.0049 0.0049 -0.0764 0.0725 0.1489
MP-3A 0.0003 0.0038 0.0038 -0.0692 0.0704 0.1395
MP-3C 0.0000 0.0096 0.0096 -0.0869 0.0893 0.1762
MP-1A -0.0001 0.0019 0.0019 -0.0677 0.0907 0.1584
Bode MP-1C MP-2A 0.0000 0.0016 0.0016 -0.0676 0.0593 0.1269
Museum MP-2C 0.0000 0.0010 0.0010 -0.0569 0.0617 0.1186
MP-3A 0.0000 0.0015 0.0015 -0.0758 0.0583 0.1341
MP-3C 0.0000 0.0027 0.0027 -0.0621 0.0556 0.1177
MP-1A 0.0012 0.0037 0.0039 -0.1010 0.1000 0.2010
Petra MP-1C MP-2A 0.0000 0.0016 0.0016 -0.0752 0.0949 0.1701
MP-2C 0.0001 0.0025 0.0025 -0.0933 0.0893 0.1826
MP-3A 0.0001 0.0030 0.0030 -0.1018 0.1007 0.2025
MP-3C 0.0002 0.0027 0.0027 -0.1029 0.0948 0.1977

In Table 3, statistical analysis regarding the 99.45% between *30 and 0.55% equal or greater than

distribution of the M3C2 differences for each structure
are presented. With 1,083,656 matched points, MP-2C is
the model, which has been compared by the highest
number of matched points for the Holy Trinity Column.
According to the percentages of the matched points in the
comparison and the standard deviations of the
differences, the distribution of the point numbers was
found as 93.26% between *1o, 98.40% between *20,
98.80% between *30 and 1.20% equal or greater than
+30. For the case of Roskilde Cathedral, although the MP-
1A model has the highest number of matched points, the
best results were obtained by the MP-3A model. The
distribution of the point numbers of the MP-3A model
was found to be 95.79% between +10, 98.80% between
*20, 99.08% between *+30 and 0.92% equal or greater
than #30. In the case of the Bode Museum, the best
results were yielded by the MP-1A model, and the
distribution of the point numbers was found as 96.16%
between *10, 98.60% between *20, 99.14% between
+30 and 0.86% equal or greater than +30. Considering
the other structures, the lowest standard deviations of
the averages of the model differences were obtained for
the case of Bode Museum in all model comparisons. For
Petra, the best results were obtained by the MP-2A
model, and the distribution of the point numbers was
found as 96.30% between *1o, 98.94% between %20,

+30.

Selecting an appropriate 3D reconstruction method
for cultural heritage documentation requires a careful
evaluation of cost, accuracy, and scalability. A
comparison between crowd-sourced 3D reconstruction,
laser scanning, and UAV photogrammetry highlights
notable distinctions. Laser scanning delivers sub-
millimeter accuracy but requires expensive equipment
and direct access to heritage sites, making it less feasible
for inaccessible locations [23]. UAV photogrammetry
balances cost and precision; however, it still depends on
structured data collection and controlled flight paths
[42]. In contrast, the crowdsourced approach provides a
cost-effective and scalable alternative, particularly
valuable for documenting inaccessible, endangered, or
lost heritage sites. Despite challenges related to image
quality and viewpoint inconsistencies, its ability to
leverage widely available social media data offers a
unique advantage in large-scale heritage documentation.

While this study does not incorporate real-time data
integration, future research could explore its potential
benefits for cultural heritage documentation.
Continuously updating 3D models with newly available
social media images and videos could enhance
reconstruction accuracy while enabling the monitoring
of structural changes over time [43]. This approach has
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been demonstrated in studies utilizing historical image
archives and crowdsourced UAV imagery to reconstruct
lost heritage sites digitally and monitor structural
changes through sequential updates. Such an approach
would be particularly useful for assessing the impact of
environmental factors, natural disasters, or human
interventions on heritage sites.

However, real-time integration presents several
challenges, including data consistency, quality control,
and computational efficiency. To address these,
automated filtering techniques could be implemented to
eliminate low-quality or irrelevant data, ensuring that
only the most relevant images contribute to model
updates [24, 44]. Additionally, Al-driven image selection
could prioritize images with optimal viewpoints and

Another crucial aspect is multi-temporal dataset
fusion, as integrating data collected at different times can
lead to geometric inconsistencies. Robust data fusion
algorithms, such as deep learning-based feature
matching and statistical normalization techniques, could
minimize these distortions and improve the temporal
accuracy of reconstructions [23, 26, 45].

Furthermore, cloud-based processing frameworks
could significantly enhance computational efficiency,
enabling scalable and near-real-time 3D reconstructions.
By distributing the computational workload across cloud
servers, large-scale cultural heritage sites could be
reconstructed with minimal latency [46]. Future studies
should focus on integrating these advanced
methodologies to develop real-time, automated, and

lighting conditions, enhancing the accuracy of scalable 3D reconstruction systems for cultural heritage
reconstructions. preservation.
Table 3. Statistics of the distribution of the M3C2 differences of the structures

Cultural Reference Compared The Matched Point Numbers The Percentages (%)

Heritage Model Model Incomparable Compared tlo 20 +30 2+30
MP-1A 5,795 1,081,220 89.88 | 96.59 | 97.70 2.30

Holy Trinity MP-2A 7,174 1,079,841 91.92 | 96.21 | 97.23 2.77

Column MP-1C MP-2C 3,359 1,083,656 93.26 | 98.40 | 98.80 1.20
MP-3A 14,132 1,072,883 93.17 | 96.86 | 97.78 2.22
MP-3C 13,334 1,073,681 85.65 | 96.97 | 97.95 2.05
MP-1A 53,315 2,270,134 89.41 | 98.46 | 98.95 1.05

Roskilde MP-2A 690,396 1,633,053 94.60 | 97.28 | 97.92 2.08

Cathedral MP-1C MP-2C 122,141 2,201,308 91.35 | 96.27 | 98.16 1.84
MP-3A 261,258 2,062,191 95.79 | 98.80 | 99.08 0.92
MP-3C 58,879 2,264,570 86.08 | 94.93 | 97.32 2.68
MP-1A 16,224 1,436,429 96.16 | 98.60 | 99.14 0.86

Bode MP-2A 16,067 1,436,586 95.70 | 98.47 | 99.10 0.90

Museum MP-1C MP-2C 4,953 1,447,700 90.94 | 97.95 | 99.09 091
MP-3A 29,234 1,423,419 93.34 | 98.14 | 99.09 091
MP-3C 26,353 1,426,300 94.81 | 98.31 | 99.11 0.89
MP-1A 2,593 3,123,285 84.75 | 97.56 | 99.01 0.99
MP-2A 1,861 3,124,017 96.30 | 98.94 | 99.45 0.55

Petra MP-1C MP-2C 3,371 3,122,507 97.65 | 98.82 | 99.10 0.90
MP-3A 9,287 3,116,591 96.41 | 98.18 | 98.78 1.22
MP-3C 8,564 3,117,314 96.72 | 98.37 | 98.86 1.14

4. Conclusion

In today’s digitalized information age, advances in
science and technology contribute to the creation of
highly accurate 3D inventories of cultural heritage.
Cultural and natural heritage assets have significant
value not only for the past but also for the transfer to
future generations as entire tangible and intangible
values, where the common history of the cohabiting
communities and historical accumulations are revealed.
In addition to the expected deterioration and destruction
processes, unexpected and sudden occurrences such as
war, terrorist attacks, and natural disasters may create
circumstances that hinder the development of cultural
heritage inventories. A multitude of projects to create
cultural heritage inventories in areas that are under the
threat of extinction and difficult to access due to the
situations or even cultural heritages that no longer exist
have been conducted with the crowdsourced data by
collaboration =~ with  various  non-governmental
organizations and institutions. Based on our results, we
recommend that future research focuses on refining the

integrated methodology, standardizing data acquisition
and processing protocols, and exploring innovative
applications to enhance digital documentation and
heritage preservation. These steps will support virtual
museum initiatives and promote sustainable cultural
heritage management.

Although publicly available social media images
provide valuable resources for large-scale 3D
reconstruction, their use introduces potential challenges
related to privacy, data representation, and model
accuracy. Firstly, privacy concerns arise when utilizing
user-generated content without explicit consent, even
when images are publicly shared. While this study
strictly adheres to publicly available data, future
research  should integrate established ethical
frameworks and legal guidelines to ensure responsible
data usage and mitigate potential ethical issues.
Secondly, the spatial and temporal distribution of social
media images is inherently unbalanced, leading to biases
in the reconstructed models. Popular tourist destinations
are likely to have an abundance of images, whereas
lesser-known sites may lack sufficient data for
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reconstruction. This uneven data distribution impacts
the completeness and accuracy of 3D models. Addressing
these challenges requires further research into bias
mitigation techniques and ethical data sourcing
strategies. Lastly, several limitations should be
acknowledged. Data acquisition constraints, including
low image resolution, excessive filtering, lighting
inconsistencies, seasonal variations, and inconsistent
viewpoints, negatively affect reconstruction quality.
Future studies could explore advanced filtering
techniques and the integration of additional data sources
to improve model completeness and accuracy.
Additionally, this study does not incorporate deep
learning-based super-resolution techniques, which could
significantly enhance 3D reconstructions by refining
details and improving feature extraction. Future
research should consider integrating such methods to
further improve the accuracy, visual quality, and
reliability of reconstructed models.
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