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Abstract: The capture of 3D reality has demonstrated increased efficiency and consistently
accurate outcomes in architectural digitisation. Nevertheless, despite advancements in
data collection, 3D reality-based modelling still lacks full automation, especially in the
post-processing and modelling phase. Artificial intelligence (AI) has been a significant
focus, especially in computer vision, and tasks such as image classification and object
recognition might be beneficial for the digitisation process and its subsequent utilisation.
This study aims to examine the potential outcomes of integrating Al technology into the
field of 3D reality-based modelling, with a particular focus on its use in architecture and
cultural-heritage scenarios. The main methods used for data collection are laser scanning
(static or mobile) and photogrammetry. As a result, image data, including RGB-D data
(files containing both RGB colours and depth information) and point clouds, have become
the most common raw datasets available for object mapping. This study comprehensively
analyses the current use of 2D and 3D deep learning techniques in documentation tasks,
particularly downstream applications. It also highlights the ongoing research efforts in
developing real-time applications with the ultimate objective of achieving generalisation
and improved accuracy.

Keywords: digitalisation; cultural heritage; artificial intelligence; 3D modelling; object
detection; semantic segmentation; machine learning; deep learning

1. Introduction

The rapid advancement of reality-based modelling technology has led to an increased
need for digital documentation of architecture and cultural heritage in recent years. This
technology is widely seen as essential in the totally digital society of today and has become
more affordable due to its ease and efficiency of usage. While many techniques provide
comprehensive digitalisation capabilities in the field, procedures such as data processing,
3D reconstruction, registration, information modelling, and quality control for reality-based
modelling are predominantly performed off-site and remain time-consuming due to their
manual nature. Hence, the imperative to enhance the efficiency of 3D modelling gives rise
to two pressing concerns: prompt (real-time) examination (diagnosis) feedback and the
interpretation of specific objects in a three-dimensional space.

This is the point at which Al technologies demonstrate their ability to automate,
accelerate, make more objective and uniform numerous labour-intensive human tasks,
particularly in the context of interpreting large datasets. Semantic segmentation and data
labelling are now the most effective and advanced methods for processing digitalised
data, particularly for 2D images. These techniques utilise established machine learning
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models, such as YOLOv10 [1], to enhance the process because they can achieve quick
real-time object detection with a frame rate (FPS) of 200 or more. Machine learning models
have also been successfully applied to 3D point clouds, attaining classification accuracy
of over 90% by using geometric features from a wide range of data, such as DGCNN [2].
In recent years, there has been a significant amount of research focused on combining 2D
and 3D automatic processing techniques to map objects and items in environments. This
integration provides semantic information to spatial data, allowing for a rapid assessment
of sites under investigation in conjunction with data-gathering activities.

The utilisation of Al in 3D reconstruction activities can provide significant advantages
and enhance data collection processes. Of all the Al applications, assigning semantic
meaning to data samples is quite popular because 3D data that include semantic meanings
enhance the ability to understand and use digital assets. They also allow for easy compari-
son and integration with prior surveys or a BIM. The inclusion of semantic 3D data greatly
enhances the utilisation of BIMs in population analyses and fieldwork monitoring. In fact,
by integrating artificial intelligence processing with reality-based modelling, it is possible
to provide real-time monitoring of architecture and heritage buildings. It allows making
quick assessment of material deterioration, structural integrity, and various construction
intervention processes. This is made possible by leveraging the unique properties of distinct
data types and the accompanying technologies.

This document compiles and arranges significant research that is important for those in
the field of reality-based modelling in architecture and cultural-heritage scenarios. While the
research disciplines have introduced numerous promising technologies, their applicability is
primarily limited to certain contexts. Enumerating the methodologies and uses demonstrates
certain shared methods and a prevailing inclination towards extensive analysis.

1.1. An Initial Overview of Al Techniques for Digitalisation

Al, especially machine learning, usually refers to a field of research in computer science
that enables machines to learn from given data and generate responses to defined demands.

Machine learning is closely related to statistical models. It fits input data and generates
classification (predicting predefined class labels), segmentation (dividing an image or data
into multiple segments or regions), or regression (predicting continuous numerical values)
strategies. Some widely used algorithms are Decision Trees, Random Forest (RF), Support
Vector Machine (SVM), K-nearest neighbours (KNN), Naive Bayes (NB), etc. Generally,
these statistical models are simple and easily explainable. However, these models must be
expanded and integrated with sophisticated feature extractors to accurately predict more
complex inputs, such as images and point clouds. These feature extractors induce context
information for the data points (e.g., pixels in images), but at this stage, they are mostly
human engineered.

Deep learning, as a subsector of machine learning, largely increases the model com-
plexity and further automates the learning process, allowing models to handle intricate
data efficiently. Nowadays, DL tools can be expected to perform more complicated tasks
such as object detection (identifying and localising objects within images), pose estimation
(determining the positions of the subject’s key points, e.g., joints of the human body), and
text generation (producing sequences of words to create contextually relevant text).

DL models learn context information automatically. Considering the task and the data
being analysed, inputs can be classified based on their dimensionality, and they include
the following:

(1) One-dimensional inputs: Sensor data, including data from sensors such as accelerom-
eters, gyroscopes, and temperature sensors; audio data, including speech, music, and
other audio recordings; some time-series data.
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(2) Two-dimensional inputs: Image data, including photographs, drawings, and spectro-
grams. Digital images are fundamental objects in the field of computer vision (CV),
which focuses on extracting meaningful information from visual data. A sequence of
image data or video can be considered multi-dimensional.

(38) Three-dimensional inputs: Point cloud data and 3D scans of objects or environments,
such as buildings, landscapes, and industrial equipment. Point cloud data can be
analysed using algorithms that are specifically designed for 3D point cloud data.
Addressed in a work on PointNet [3], points from the Euclidean space are unordered,
which greatly differentiates them from pixel arrays in 2D images or voxel arrays
in volumetric grids. Changes in the data feeding order do not change the essence
of a point cloud. Another popular representative 3D format is RGB-D data, which
combines RGB colour data with depth data (D). Depending on the methods (either
structural light or time-of-flight methods), a camera acquires the precise distance of an
object’s surfaces from the specific viewpoint from which RGB information is collected.

(4) Multi-dimensional inputs: Text data, including articles, reviews, and more, can have
many features, such as word frequency, word length, and syntactic structure. The
field of natural language processing (NLP) mainly focuses on analysing text data, and
researchers have made outstanding progress in benefiting from human literature and
other sources.

Generally, different types of inputs require specific data analysis tools and feature
extractors. In some cases, Al methods can also generalise well to other types of inputs,
e.g., in the NLP field, the “attention” mechanism, which uses “transformer” modules to
calculate attention weights of words within specific sections of a sentence, was applied in
image object detection [4] and a convolution filter application in the 3D point cloud [3,5].

In recent years, Al methods such as DL have allowed data processing such as classifi-
cation to achieve satisfying results with less labour and time. Since the introduction of the
convolutional neural network (CNN), i.e., a regularised version of a multilayer perceptron,
by Lecun et al. in 1989 [6], the feature extraction, task accuracy, and scalability with larger
datasets of DL methods have been greatly enhanced. Unlike the other machine learning
methods, DL is based on artificial neural networks, with ‘deep” referring to the depth of
neural layers. The depth of deep networks (and, hence, their complexity) has been gradu-
ally enlarged; correspondingly, they can fit bigger datasets. As training data have become
more available in recent years, the performance of Al is witnessed to be largely improved.

A typical workflow for a DL process (illustrated in Figure 1) includes the inference
phase and a relatively long training process. Generally, a DL model must be first trained
by feeding it a dataset; afterwards, it can be expected to make inferences from related
unseen data.

Training Process
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Figure 1. A typical pipeline of DL for object detection.
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The training process of a DL model starts after data acquisition and a series of pro-
cessing steps, including cleaning, pre-categorising (structuring), annotation, and data
augmentation. The input data go through a “backbone” network, which is a feature extrac-
tor. Then, the extracted features pass through the “neck”, which collects, combines, and
transforms features. Afterwards, the “head” processes the output and makes decisions.
The loss is generated to start an optimisation process, such as gradient descent. Based
on the loss function, the model slightly updates the parameters in the neural layers to
reduce the loss. This process runs repetitively for numerous epochs until an acceptable
loss value is achieved. This process can be time-consuming, but afterwards, a learnable
parameter is ready for inference, namely, prediction on unseen data. In this inferencing
process, the input goes through the whole network once, and the gradient is not involved,
so the learnable parameters are no longer updated.

1.2. Digitalisation in Architectural Scenarios: Data Collection, Fusion, and Processing

This study aims to examine architectural scenarios with a specific focus on the applica-
tion of Al in the field of cultural heritage (CH). It will explore how Al has been employed
to assist in documentation procedures for existing buildings. Typically, various situations,
such as remote sensing or medical imaging, result in varying scales of representation, levels
of tolerance for errors, and methods of digitalisation. The unique attributes of architectural
spaces present distinct difficulties when it comes to their practical implementation, such as
the following:

(1) Large and complicated volumes: Architectural elements are characterised by their
huge size and intricate geometric structure. Often, it is necessary to combine many
techniques, such as image-based and range-based methods, in order to provide a
comprehensive representation of such complicated environments. A dataset that
characterises the components of a large volume will necessitate substantial computer
resources for both processing and storage.

(2) Unavoidable noises and shadows: Generally, the raw output data from an investi-
gation will not be ideal, with architectural surfaces usually not being fully covered
and stuffed with noisy information. Noises and shadows will cause confusion in
classification and other automatic tasks, consequently requiring the repetition of in
situ work and robustness of the processing model.

(8) Scales of interest: Investigations related to architectural elements must be on multiple
scales to represent geometric features, such as walls, which sometimes require global
information at a smaller scale (1:50-1:100), as well as other superficial characteristics,
such as cracks and disintegration, which need the millimetre- or submillimetre-scale
representations of their geometry (1:1-1:10).

(4) Recurrent monitoring of architectural spaces: Architecture is constantly threatened by
environmental issues, anthropogenic damage, and continuous interventions. So, data
acquisition implies a constant need for monitoring. The acquired data will be used for
object tracking, detecting translation, deformation, twisting, chromatic alteration, etc.

Understanding the state is crucial for ensuring construction and lifelong protection,
and a reality-based digitalisation process is the first mandatory step in this understanding.
Documentation is always a key topic that starts from the needs derived from the construc-
tion and conservation practices for historical heritage. The abundant bibliography of the
last twenty years shows that research related to documentation in architecture and CH
scenarios cover all phases of digitalisation, from field survey methods and data elaboration
procedures to methods of representation and fruition. The high demands of as-is docu-
mentation and the complicated semantic structures of architectonic elements and facilities
provide stimulation for research and practical applications.
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Regular maintenance, restoration, and investigation missions yield valuable data
over time, especially in cultural heritage (CH) scenarios. However, the lengthy intervals
between documentation updates often result in outdated measurement and representa-
tion technologies; the traditional manual methods and paper-based drawings of 30 years
ago are being replaced today by digital reality-based survey techniques, enhancing the
modern documentation process. Various methods have been used to record architecture,
such as writings and drawings in past centuries. In the 19th century, photography and
phonautography emerged, producing photos, audio records, and video records. However,
2D photography is not enough for architectural projects: they are better supported with 3D
information [7]. Photogrammetry and laser-scanning techniques have provided a boost to
3D documentation, and nowadays, they have become the most favoured techniques for
reality-based survey activities in architectural scenarios. Image-based 3D reconstruction
techniques (formerly called photogrammetry) have become more popular in the last few
years because of their lower cost and greater flexibility. In addition, photogrammetry, as a
competitor to modern range-based mobile mapping systems, even if not yet largely tested in
the architectonic and construction fields, is used in a mobile modality and gives quite good
results in terms of reliability. Achille, Fassi, and Fregonese (2012) addressed their practices
in the Milan Cathedral [8], while Perfetti, Polari, and Fassi (2017) even presented fisheye
photogrammetry in narrow spaces [9]. Photogrammetric techniques can generate spatial
information from paired images and be applied to IRT [10] and multispectral [11] images.

RGB-D must be mentioned for its ability to integrate real-time 3D data and images [12],
though not yet widely seen in applications in the architectural digitalisation field, it is quite
relevant in Al applications. This 2D representation of 3D data has become an object of
research in computer graphics and computer vision [13]. Additionally, in 3D geometric
acquisition, other types of investigations can be integrated with geometric ones to better
understand heritage and its characteristics. As presented by Adamopoulos and Rinaudo
(2021) [14], infrared thermography (IRT), multispectral imaging, ground-penetrating radar
(GPR), and active elastic-wave techniques (sonic and ultrasonic sensing techniques) are
investigations that allow us to surpass the limits of human eyes, helping in the identification
of pathological issues, material differences, the presence of damage, and changes in a
material’s physical properties behind the surface [15].

In addition to digitisation, the data utilisation methods, i.e., how the acquired data are
made available to operators to be read, processed, and interpreted, are equally important.
This is probably the most critical aspect today, especially in architecture and cultural
heritage. As a matter of fact, there are no standard methods or technologies for data storage
and data sharing, nor are there efficient and reliable automatic methodologies that aid in
data interpretation and processing.

Precisely at this stage, Al techniques are getting involved. Dealing with architectural
topics means dealing with a large amount of data, and the manual approach has become
time-consuming and unacceptable. Sharp techniques are encouraged to help in human
interventions and facilitate greater objectivity in analysis and results. Recent years have
seen many attempts to integrate Al into architectural digitalisation scenarios. As can be
expected, Al tools were not initially developed for this particular purpose, and as is normal,
the “needs emerge in the practical scenes”. Al practices are mostly tested by applying
specific adjustments to satisfy the requirements, such as inference speed, wide-ranging
categories, noise robustness, and training efficiency.

Al tasks that involve automatic semantic classification and segmentation can provide
more accessibility for investigators and monitors. As for images, a wide variety of DL
models that can perform classification, such as VGG16 [16], Inception [17], and residual
networks [18], have been developed. More complicated architectures were built to deal
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with object detection tasks, such as Yolo [19] and FAST R-CNN [20], and semantic segmen-
tation tasks, such as FCN [21]. Multiple methods have been developed to process point
clouds, such as using RF, SVM, DGCNN [2], PointNet [3], and other machine learning
methods for post-processing. The latest systems that integrate multiple modalities can
provide comprehensive analysis and understanding across different types of data, such as
Contrastive Language-Image Pre-training (CLIP) [22] and the Segment Anything Model
(SAM) [23].

1.3. Data Types and Al Methods
1.3.1. Two-Dimensional Data

Two-dimensional photographs are the predominant kind of data utilised in the doc-
umentation process, and they are currently undergoing digitisation. Such photographs
are prevalent in the sphere of “architectural reading”, documentation, and representation,
gradually replacing, to some extent, the traditional practice of sketching for documen-
tation purposes. Since its inception in 1851, photogrammetric surveying has involved
photographs and techniques such as triangulation to obtain accurate 3D measurements in
many fields of application. Different types of photos are normally used for photogrammet-
ric digitalisation processes, including high-resolution digital rectilinear images, captured
using traditional photographic devices, and fisheye images, which are often obtained using
inexpensive portable sensors, such as action and drone cameras. Additionally, panoramic
images are being increasingly used to colour static and mobile scanner data or to digitalise
extensive areas at a low cost [24-26].

Two-dimensional data processing has been a heated topic in the machine learning field
for a long time. The first known neural network application for classification tasks dates
to 1989 [6], when the researchers made a large database (MNIST) of handwritten samples
of 10 digits and built a network with limited layers to automatically recognise which
numbers were written. Afterwards, the construction of datasets gained much attention in
this research field.

Dataset preparation became the basis of other research [27-29]. However, the process
is often labour-intensive and susceptible to human error, as the collection and annotation
phases typically require manual intervention. To address these challenges, semi-automated
tools (e.g., Labellmg) and crowd-sourcing platforms (e.g., Amazon Mechanical Turk) have
been adopted. Additionally, data augmentation techniques, such as rotation, scaling, and
flipping, are employed to enhance dataset diversity and improve model generalisation.
With the increasing scale of samples and the growing number of categories, research has
expanded to address critical aspects such as dataset scale (referring to the number of
categories and instances), the semantic hierarchy of the classes, accuracy (reliability of the
annotation), and diversity (appearance, positions, viewpoints, and so on). Studies have also
addressed the issue of “things” (objects with a well-defined shape, e.g., a cat or a person)
and “stuff” (amorphous regions, e.g., the sky or a forest). The authors of [30] emphasised
the importance of stuff and discussed its contextual correlation with things.

Supported by datasets, research on image processing has gained solid ground. As
a heated topic, many image classification models emerged in recent years. After LeNet,
typical human-crafted networks with limited layer depth were developed, such as VGG [16]
and the Inception network [17]. The residual network, known as ResNet [18], came out in
2015. It introduced the concept of residual connections, solved the problem of gradient
vanishing (which is typical for deep networks and leads to a slow or stalled training
process), and allowed the layer depth in the latter model to be increased.

At the same time, the object detection task attracted the attention of researchers
(Figure 2). Classification merely defines an image: object detection attaches semantic
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Deep Learning in Computer Vision

meanings to pixels or point locations, thus providing more useful information. An initial
application for face detection [31] involved the use of binary classification in sliding win-
dows. The latter trend integrated hand-engineered feature extractors [32-34] with machine
learning methods. Solutions for object detection were later developed into two mainstream
approaches: the two-step approach, which first finds where objects could be and then
classifies them, and the one-step approach, which integrates localisation and classification
into one pass. In recent years, approaches that were inspired by the NLP field also came
to light.

-

N
LeNet AlexNet VGG Net ResNet
(Lecun et al., 1989) (Krizhevsky et (Simonyan et (Heetal.,
al., 2010) al,, 2014) 2015)
l Inception
(Szegedy et
VaiNet —— FDS-TSCD al., 2014)
(Vaillant et (Karungaru et
al.,, 1993) al., 2001)
Sliding window
SIFT —— HOG —— DPM RCNN —— FastRCNN FPN PANet
(Lowe et al., (Dalal et al., (Felzenszwalb et al., (Girshick et al., (Girshick et al., (Lin etal., (Liu etal.,
1999) 2005) 2010) 2014) 2015) 2017) 2018)
Bounding Box F Feature
A aster RCNN -
Regression (Ren et al., 2015) Fusion
Anchor Boxes
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(Redmonetal., (Linetal.,, 2017) (Law et al., (Tan et al., (Wangetal., (Wangetal.,
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Hand-engineered features for detection 2016) N&g{?r)ee
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J

Attention
(Vaswani et al., 2017)

Figure 2. Chronological overview of 2D-image object detection algorithms, involving convo-
lutional networks [6,16-18], hand-engineered features [31-35], two-stage and one-stage detec-
tors [1,19,20,35-39], and attention based detectors [4,40-42].

In 2013, R-CNN [35] innovatively applied a selective search algorithm that extracts
regions of interest (Rols) for later classification, realising object detection. Fast R-CNN [20],
and Faster R-CNN [36] continued the research and accelerated the process. Algorithms such
as R-CNN are considered typical two-step approaches; they first make region proposals
and then classify only proposed crops of images using convolutional networks.

Unlike two-stage object detectors, one-stage detectors use a fully convolutional ap-
proach in which the network can find all objects within an image in one pass. Famous
examples are YOLO (You Only Look Once) [19] and SSD (Single-Shot Detector) [37]. Cor-
nerNet [38] and CenterNet [39] innovatively apply keypoint-based detection, laying the
foundation for subsequent anchor-free object detection methods. These models addressed
a common defect of all one-stage approaches, as networks cannot pay attention to internal
information within a cropped region without Rol extraction.

DETR (Detection Transformer) [4] uses a “transformer network” to perform both
feature extraction and object detection simultaneously. The transformer network was
initially used for sequence modelling in natural language processing tasks, but it has
also recently been applied in computer vision. DETR uses an “attention mechanism” to
adaptively focus on the important parts of an object without requiring prior bounding
boxes or anchor boxes. Its performance on the COCO dataset was competitive with that of
an optimised Faster R-CNN. Later transformer-based approaches can be seen in [40—-42].
They further mitigate the gap between NLP and CV.
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Currently, the available architectures for object detection are different in terms of
approaches (one-step, two-step, transformer), convolutional feature extractors (VGG, Incep-
tion, ResNet), and detection heads. The requirements for training time and computational
resources vary, as does the performance. Huang et al. (2017) [43] discussed speed and
accuracy issues. Later detection models surpass the performance of the previous ones, but
some facts remain; without region proposals, one-step detectors require fewer computa-
tional resources and are, hence, relatively faster. Later approaches (e.g., CenterNet) further
accelerate the process by avoiding Non-Maximum Suppression (NMS). However, in terms
of the overall mean average precision (mAP), one-step approaches can hardly catch up
with two-step approaches.

When it comes to practical scenarios, in architectural scenarios, the requirements of
the detector mainly concern the computational resources used during the in situ data
acquisition process, as the ex situ post-processing (e.g., 3D reconstruction) is supported
in terms of time and computational resources. In this case, one-stage detectors such as
YOLO are the preferred choice. The performance of CornerNet and the later CenterNet
in the presence of irregular shapes is critical [39]. DETR is a recent promising solution,
but the complicated training process [4] makes it unsuitable for case-wise applications in
architectural fields.

Object detection architectures are the basis of many downstream applications, such
as semantic segmentation, human key point detection, and image captioning. In 2017,
Kaiming He et al. introduced Mask R-CNN [44] as an extension of Faster R-CNN. They
added a branch to the network that predicts each object’s segmentation mask and its
class and bounding box. This allowed the model to perform object detection and instance
segmentation with state-of-the-art accuracy and inspired other models.

1.3.2. Three-Dimensional Data

Currently, 3D data are crucial for accurately and comprehensively describing the
geometry of objects, particularly in the fields of architecture and cultural heritage.

The primary digital data coming from all existing methods is 3D point cloud data,
comprising a collection of 3D points depicting an object’s outer surface geometry or envi-
ronment. A point cloud can be obtained using laser scanners, which measure the distances
from object surfaces to the laser emitter by calculating the time of flight of each returned
laser pulse. It can also be generated using photogrammetry, which derives reliable spatial
(3D) information by processing photographic images (2D). A point cloud obtained from a
scanner is typically generated in real time, but a point cloud obtained through photogram-
metry may require a post-elaboration process and, consequently, more time to be created.
Generally, many processes, including registration, referencing, filtering, down-sampling,
and feature extraction, are often carried out during post-processing and are only partially
automated. Specifically, extracting the features required for a subsequent modelling or
architectural restitution phase and data interpretation still relies on manual operations
performed by individual operators.

One of the main challenges of point cloud data is their high volume, which makes
it difficult and time-consuming to manually process and analyse a large amount of data
representing a complex geometry. For these reasons, segmentation and classification are
the two most discussed and required Al applications because, based on the results, point
clouds can be successfully exploited and better comprehended [45].

The annotation process for 3D datasets is significantly more complex compared to
2D datasets. It requires the labelling of 3D bounding boxes, object orientations, and
sometimes even semantic segmentation, using tools like CloudCompare. To streamline this
process, researchers also apply pre-trained models and sensor fusion techniques for the
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semi-automatic annotation. Another widely adopted approach is synthetic data generation,
which utilises 3D modelling software and simulation environments to create large-scale,
diverse datasets with precise annotations.

In a machine learning approach, semantic categories are learned from training data,
which are used to train classification models such as an SVM, RE, and NB. The input point
cloud must pass through handcrafted feature extractors to compute individual points” local
and global neighbouring features. After the model is trained, it is used to conduct the
semantic classification of all points in the dataset. With proper features, machine learning
models can be effective in specific tasks even with limited annotated data.

The DL approach has also shown much progress in processing 3D point cloud data

(see Figure 3).
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N
. J

Deep Learning for 3D recognition

Figure 3. Chronological overview of 3D object detection algorithms, involving deep learning methods
for point cloud [2,3,47-58] and RGB-D data [5,65,69-77] processing.

In DL approaches, features are automatically learned by the network during training.
The learning methods are initially divided into point-based and tree-based approaches [46].
The first directly takes a raw point cloud as the input for training the DL network. The
second employs a k-dimensional tree (Kd-tree) structure to transform the point cloud into
a regular representation (linear representation afforded by the group action) and then feeds
this into DL models. The concept of using representatives saves computational resources.

In 2017, PointNet [3] was introduced by Charles et al. It is a DL architecture that
directly learns pointwise features from unordered point clouds without the need for pre-
processing, such as voxelisation or projection onto 2D grids. It has shown impressive
performance in point cloud classification tasks. Noticeably, they added a data-dependent
spatial transformer network to canonicalise the data. However, PointNet could not capture
local structures, which limited its ability to recognise high-granularity patterns and its
generalisation ability for large and complex scenes. PointNet++ [47] upgraded the previous
network to address this defect: a hierarchical structure was designed. The new architecture
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is composed of several set abstraction levels. These abstraction layers aggregate multi-
scale information according to local point densities, making the learning process efficient
and robust.

With PointCNN [48], Li et al. (2018) proposed an X-transformation to address the issue
of pointwise feature weighting and the permutation of unordered point clouds. Another
pointwise convolution approach was inspired by image-based convolution. KPConv [49]
by Thomas et al. uses kernel point convolutions to process point clouds without an interme-
diate representation. It showed impressive performance in point cloud segmentation tasks.

The attention transformer approach is used for 3D recognition. The PAT (Point Atten-
tion Transformer) [50] represents points by their position and neighbourhood and learns
features through a Multi-Layer Perception (MLP). Later developments continued with the
PCT (point cloud transformer) [51], point transformer [52], 3DETR [53], and Uni3DETR [54],
which also achieved state-of-the-art results.

DGCNN [2], or dynamic graph CNN, by Wang et al. was also inspired by PointNet. It
uses a graph neural network to model the local geometric structures of point clouds and
dynamically constructs a graph based on the spatial relationships between points. It then
applies a series of graph convolutional layers to learn hierarchical representations of the
input point cloud, followed by a max pooling operation to obtain a global feature vector.
Finally, a fully connected network is used to classify the point cloud.

Zhou and Tuzel (2017) proposed VoxelNet [55], which eliminates the manual feature
engineering of the point cloud. It unifies a deep convolutional network as a feature
extractor and region proposal network into a single-stage, end-to-end DL network by using
the concept of voxel feature encoding (VFE). Encoders have been widely applied to many
later models, such as SECOND [56], Voxel-FPN [57], and HVNet [58].

1.3.3. RGB-D Data

RGB-D data are 2D images where each pixel includes colour information (RGB) plus
corresponding depth information (D). This data type can be obtained using depth sensors,
such as structured light and Time-of-Flight (ToF) cameras, and it is mostly used for 3D
interior reconstruction, especially in the field of semantic VSLAM [59]. However, such data
are light-sensitive and can produce noisy, low-resolution models, and they have problems
with narrow horizons. This type of data is mentioned due to its growing usage and the fact
that it works better for 3D object detection than other formats [13].

RGB-D data can also be obtained through the photogrammetric matching process,
which allows the estimation of depth maps from RGB images oriented in space. These
algorithms compare the disparities between images taken from different angles to calculate
depth. An example of this is the Semi-Global Block Matching (StereoSGBM [60]) algorithm,
which produces accurate depth maps.

In deep learning, convolutional networks were introduced to compute matching
fields between two images [61]. Afterwards, research on monocular depth estimation
addressed the high costs and complexity associated with acquiring data from multiple
views. Algorithms have been created to infer detailed 3D structures from single still
images [62] using Markov Random Fields (MRFs) and convolutional neural networks [63].
End-to-end tools have been developed to synthesise novel views directly from images. One
example is the Deep3D model [64], which uses a convolutional neural network to generate
the corresponding right view from an input source image.

The methods used to classify and localise objects using RGB-D data can be categorised
(see Figure 4) as follows:

(1) View-based: Some researchers make use of RGB-D data by considering the depth map
as an additional channel [65]. Some process 3D data as front-view images [66,67] or
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project 3D information to a bird’s-eye view [68]. Depth R-CNN [69] was inspired by
the RCNN in a 2D-object detection model, but it introduced geocentric embedding
for better usage of depth maps. Similarly, 3D-SSD [70] is a 3D generalisation of the
SSD framework.

(2) Frustum-based (2D-driven 3D): Frustum-PointNet [71], as an extension of PointNet,
processes RGB-D information. It extracts the 3D bounding frustum of an object by
projecting 2D bounding boxes from image detectors to 3D spaces. Then, within the
trimmed 3D space, segmentation and box regression are consecutively performed
using variants of PointNet. This addresses some of the limitations of using hierar-
chical neural network architectures and graph convolutional networks, such as local
feature handling, rotation sensibility, and feature extraction. Frustum-PointNet was
a breakthrough method at the time, and it inspired later models such as YoloV3 &
F-PointNet [72] and Frustum Voxnet [73].

(3) Descriptor-based: Geometric descriptors for 3D object detection were introduced.
COG [74] links the 2D appearance and the 3D pose of object categories. Ren et al.
also introduced latent support surfaces [75], where the location can explain shape
variation in 3D space.

(4) Convolution-based: Sliding Shapes [5] applies a 3D sliding window to detect 3D
places directly. It was later updated in Deep Sliding Shapes [76], which introduced a
3D region proposal network to speed up computation. Qi et al. presented VoteNet [77],
which directly detects objects in a point cloud. This addressed the challenge that the
centroid of an object in 3D can be far from the surface by applying Hough voting.

1.3.4. Multi-Modality

Conceptually, systems can be built to encode multiple data formats (modalities), es-
pecially text descriptions, in the same latent space, so that all data are expressed in a
common way. Therefore, this enables a system to handle tasks such as retrieving informa-
tion across different formats and generating captions. This concept of integrating multiple
modalities has gained much attention because it facilitates human-robot interactions by
using language.

As a famous example, the CLIP model was used to train an image encoder and text
encoder to predict pairings of images and text, unlike standard image-processing models,
which train a feature extractor and linear classifier to predict labels. CLIP allows zero-shot
classification or description at test time. Though not trained for unseen tasks, these models
can be generalised well. In 2023, the SAM entered the image segmentation field, leveraging
prompt engineering to create accurate object masks. It is composed of an image encoder,
a prompt encoder, and a mask decoder. The prompt encoder integrates points, a boxes
encoder, and a CLIP text encoder. The final output is the mask foreground probability (the
opposite of the background, which is of less interest) at each image location.

These off-the-shelf (pre-trained) encoders and models, such as CLIP and SAM, are
used as foundational components, namely, foundational models. They are trained with an
incredible amount of data at the enterprise level of computational resources (the SAM was
trained on an extremely large dataset (SA-1B) that contains 1 billion masks and 11 million
images as it was intended to become a foundational model). They are powerful for general
use, and their performance is no longer limited by predefined categories.

As these models save time for downstream developers, they have quickly gained
massive attention. Dual SAM [78] addressed the single-position prompt of SAM; by
incorporating a dual structure for SAM and a multi-level prompt strategy, it achieved high
performance on complicated marine animal segmentation tasks. Leveraging SAM, Match
Everything by Segment Anything (MESA) is able to learn instance correspondences and
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perform tracking of multiple objects in complex scenes across video frames [79]. Leveraging
foundational models for vision and language also makes recognition in the 3D domain
possible. Open-Vocabulary 3D (OV3D) aligns 3D point features to entity text features and
achieved open-vocabulary semantic segmentation on 3D data [80] when provided with
pixel-to-point correspondence and a large vision-language model.

2. Al Applications in Architectural Scenarios
2.1. Two-Dimensional Applications

Al applications with 2D input typically involve classification, object detection, and
segmentation tasks with the construction of an ad hoc training set. Additionally, Al models
can be used for tasks such as photo matching, orientation, and image masking, which are
related to advanced photogrammetric approaches.

Some studies have compared model behaviour in practical scenarios. An application of
Mask R-CNN to stone heritage was tested [81], trained, and evaluated on photos collected
from the same site. This work discussed segmentation model behaviours regarding archi-
tectural deterioration. Similar work was performed by Mishra et al. [82], who compared
YOLOVS5 with Faster RCNN (ResNet101) to detect architectural defects, such as exposed
bricks, cracks, and spalling. The results showed that YOLO surpassed the latter in terms
of the maximum mean average precision. Liu et al. [83] compared Faster RCNN with the
Single-Shot Multi-Box Detector (SSD) in a modular construction scene. The under-detected
objects were common modular objects, including modular panels, barricades, and site
fences. Here, Faster RCNN always outperformed the SSD in terms of average recall and
mean average precision.

Following the instructions of an illustrated glossary on stone deterioration pat-
terns [84], there have been many trials on the use of DL methods to detect stone face
deterioration. Faster R-CNN was introduced to detect stone and masonry structure dam-
ages [85,80]. Idjaton et al. [87] used an enhanced YOLO network with a transformer encoder
to process sub-images from orthophotos. The Inception-ResNet model was used for defect
detection on images taken from bridges [88].

The dataset used for training can influence the effectiveness of machine learning
models; if the training set is not representative, lacks diversity, or is not properly processed
and annotated, the model will not generalise well to unseen data. Guerrieri and Parla [89]
used YOLOv3 for road pavement damage detection, addressing the issue of there being
no available datasets for this research topic. They collected data using a calibrated front
camera device installed in a survey car. An interesting example is that of Tatzel et al.
(2018) [90], who introduced a CNN into the laser-cutting processing of stainless steel;
the visualisation of the CNN using layer-wise relevance propagation (LRP) [91] offered
a better understanding of the cutting edge. This approach enabled the model to perform
the class-activation mapping. Unlike semantic segmentation, this provided heat maps that
indicated probable areas in images to indicate labels. A recent piece of work attempted
to examine DL model behaviour in architectural pathology [92]; their results suggested
that object detection tasks can be challenging in architectural scenarios. It is believed that,
in the training images, the instances representing pathology could not be easily defined
with clear boundaries, and their visual representations varied due to the light environment
and perspective.

Nowadays, it is difficult for a 2D investigation to be sufficient if it is unrelated to a
3D localisation of information. For this reason, many examples in the literature showed
that the classification and detection results from 2D images can be interpolated back to
3D space. Pathak et al. (2021) [93] tested a Faster RCNN architecture in its detection of
cracks and spalling in unseen rendered images from a 3D model of Hampi, India, by using
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a labelled database from Wat Phra Si Sanphet Temple, Thailand. Using this method, the
classification result could be mapped onto the model, allowing the location of the detected
damages to be obtained. Another approach, “texture-based” classification [94,95], classifies
2D data that are unwrapped from 3D models, projecting them onto 3D geometries for
better understanding. The classification is performed on texture images and orthoimages
obtained from the model. The results are then reprojected onto the 3D model. Optimised
models, orthoimages, and UV maps are created for each case under study.

Currently emerging are a few experimentations of using the foundational model in
CH. The first one utilised a collaborative workflow in the case of Notre Dame de Paris [96].
In this work they leveraged SAM, Grounding DINO [97], and the CLIP model to perform
semantic segmentation of exterior photographs. Similar work is using SAM for stone-by-
stone segmentation for various cultural heritage sites [98]. In both cases, the foundational
model exhibits some impressive performances without training. However, further study of
the stability and generalisation ability are required. For multi-modality use, the text-prompt
influence should be considered in future practices.

As Table 1 lists, previous studies used 2D Al applications in architecture and CH
scenarios, such as in the construction field and in material-defect detection. It should be
considered that, over time, evaluation methods have varied across research studies, and
the Al performance changes depending on the specific application case. YOLO and Faster
RCNN are the most commonly used models due to their effectiveness and relatively simple
training process. These models are often tested with modifications to their architectures. At
the current stage, 2D applications have achieved promising results with limited categories
for detection. Considering that the models can perform tasks properly, some researchers
have projected or interpolated 2D semantic information to 3D space.

Table 1. Comparison of 2D Al applications and tasks.

Authors Scene Data Type Labels Trainset Methods Evaluation 3D
Hatir et al., 2021 [81] Seggtfglztgo;e Photo 9 SUbssei: efrom Mask RCNN mAP * 0.98 -
; i YOLO v5 mAP 0.93
Mishra et al., 2022 [82] Obj. detﬁfoll‘ heritage Photo 4 Subsgt from ;
pathology site Faster RCNN mAP 0.85
Faster RONN AP 000,087,
Liu et al., 2022 [83] Obj. det. for Photo 3 sepa- Subset from : _
v : construction filed rately dataset SSD mAP 0.88, 0.69,
0.53
Obj. det. for stone 4 sepa- Subset from Faster RCNN average
Kwon etal,, 2019 [85] pathology Photo rately dataset Inception confidence 0.95 )
Wang et al., 2019 [86] Obj. d;;’tﬁgfong‘;sonry Orthophoto 2 5“32‘; ::tom F?{Sé;r\#:gg]lN mAP 0.95 -
YOLO v5 and
. . . mAP 0.79
Idjaton etal, 2022 [87]  OPF deg :gfalézlesmne Photo 1 Subssi efrom Attention _
YOLO v5x mAP 0.74
Karimi et al., 2023 [85] Obj. det. for bridge Photo 7 Individual peeption Accuracy 096 -
Obj. det. for Subset from Accur
Guerrieri et al., 2022 [89] pavement Photo 4 ubse t © YOLO v3 0 ;Cfioa;; -
distress ste ' ’
i ResNet Accuracy 0.72 -
Zhang et al., 2024 [92] Obi dCltasfsﬁ. ar;ﬁ i Photo 12 Subset from y
). det. for pathology dataset YOLO v5 mAP_0.50.34 +
Obj. det. for masonr Photo and dividual FaSteIiIESCNN mAP0.39
Pathak et al., 2021 [93] - pa.thology y rendered 2 In é;;eua +
image Faster RCNN mAP 058

Resnet-FPN
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Table 1. Cont.
Authors Scene Data Type Labels Trainset Methods Evaluation 3D
a1 Classif. for heritage Subset from  Random Forest Accuracy
Grilli et al., 2018 [94] exterior Orthophoto 7 site otc. 0.44-0.69 +
Grilli et al., 2019 [95] Class1f‘ for.herltage Panorama 1 Subsgt from K—mea'ns Accuracy 0.91 +
interior site clustering

* Mean average precision.

The output of DL models that process 2D images can be beneficial for further 3D
reconstruction. According to the same logic, based on global and accurate geometric
information, the classification results from a point cloud can be interpolated back to images
for further predictions. A potential research direction is that of the integration of 2D DL
processing with photogrammetry.

An important image processing step in photogrammetry is image matching, which
involves the generation of pixel positions in multiple views for relative camera pose
estimation. The advent of feature extractors, such as SIFT (Scale-Invariant Feature Trans-
form) [99], SURF (Speeded-Up Robust Features) [100], and ORB (Oriented FAST and
Rotated BRIEF) [101], has largely accelerated this traditionally manual process of image
matching. Subsequently, some research has delved into using neural networks for the
detection and description of key points [102-104], thus further advancing the field.

Stathopoulou and Remondino (2019) discussed this application of semantic pho-
togrammetry [105], stating that 3D reconstruction can be optimised if semantic labelling is
provided in 2D data. In their work, they applied a convolutional neural network to process
2D images of a historical facade dataset, and labels were reused in 3D reconstruction and
later processing. The semantic segments were found to have constrained the extraction
of tie points, reinforced image matching, reduced noise, and, most importantly, indirectly
labelled the generated 3D data. In later work [106], they applied semantic constraints
during the depth map fusion step in 3D reconstruction (see Figure 4). The automation
was boosted by selectively obtaining segmented point clouds for each label. This study
proved that this method could improve multi-view stereo (MVS) reconstruction [107] in
terms of filling information gaps and preserving details. Work by another team [108]
involved the application of a DeeplabV3+ model for the detection of architectural features
and other elements from photos, and the refined semantic segmentation was remapped to
a pre-constructed 3D model.

Data Iabelllng Semantic labels Mask out undesired regions
Constrain feature point extraction Label transfer from 2D to 3D
Enhance dense image matching

Image orientation and Dense point cloud generation
sparse point cloud generation (DIM)
Semantically enriched

Input RGB data 3D point cloud

Figure 4. The proposed semantic photogrammetric pipeline in the work of Stathopoulou et al. [105].

Another promising approach is that of integrating DL processing with simultaneous
localisation and mapping (SLAM) technology. The problem of SLAM involves constructing
a map of the sensor environment and keeping track of its location. Visual SLAM utilises
photos to reconstruct the surroundings in real time. It can be integrated with Al tech-
niques to accelerate its process. This integration detects objects of interest and outputs
corresponding 3D localisations.
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Semantic SLAM was proposed in 2011 by Civera et al. [109]; their work combined
object recognition that inserted precomputed known objects into a monocular SLAM map.
In 2018, a semantic SLAM system in dynamic environments (DS SLAM) [110] based on
ORB-SLAM2 was an example that used RGB-D data as input. It included a real-time
semantic segmentation network, SegNet, to filter out dynamic portions of the scene. This
integration improved the robustness and accuracy of the performance of SLAM in moving
scenes. Truong et al. (2020) [111] proposed a new semantic-visual simultaneous localisation
and mapping system that involved a visual SLAM system using an RGB-D camera. With
the YOLO neural network, this system was able to detect objects when the device moved in
the environment, incorporating semantic information for the building process and visual
navigation using object-based landmarks.

2.2. Three-Dimensional Applications

Machine learning methods are generally favoured in 3D applications, especially in CH,
where the wide variety of geometries and forms cannot be easily collected to form a preset
that is complete and usable for DL training. Individual cases usually have limited data
scales but have requirements for predefined categories. This characteristic makes machine
learning methods well suited for this task, as they can be easily modified and require fewer
training data. Researchers have attempted to apply DL methods, where the models were
trained on larger datasets that encompassed a wider range of cases. However, DL models
are generally more practical for detecting objects of broader, more general interest.

An example of a machine learning approach that works on a point cloud model
was presented in [112]. This approach used the RF algorithm and worked on a set of
manually labelled samples with computed geometric covariance features. The model to be
trained was fed with a manually defined training set, which made up 50% of the whole
dataset. Then, it generated predictions on the previously segmented evaluation set (the
remaining 50%) to calculate its performance. This work introduced a supervoxel-based
local context to reduce the computation cost since the voxelisation process was considered
a subsampling process.

An RF model can directly work on each point of a point cloud. In an early practical
case [113], a dataset was subsampled to accelerate the process. Provided with covariance
features in the training process, the trained RF model achieved promising results. Inspired
by this work, an MLMR approach was introduced [114]. It worked hierarchically on specific
portions of the whole dataset, classifying it at different resolutions with increasing detail as
the level of classes increased; this method has proved to be computationally inexpensive
and has allowed higher accuracy to be achieved on buildings with a more complex archi-
tectural heritage. Initially, the dataset was subsampled to a lower resolution (depending
on the dimensions of the considered case study). By training a specific RF classifier, large
macro-elements were classified. The result was then back-interpolated onto a point cloud
of higher resolution to subdivide the elements that required higher geometric accuracy. The
process was iterated up to the classification of the full-resolution dataset (initial resolution)
(Figure 5). In contrast to the non-hierarchical approach, specific RF models were trained
for each classification, but only a small number of labelled samples were required. The
data were hierarchically split into sub-classes as the level of geometric detail increased,
allowing the discernment of architectural components to be processed in a limited por-
tion of the dataset at a relevant resolution. The validity of the approach was proved in
Chinese wooden architectures, and the applicability of a single machine learning model
was extensively tested across large and variable architectural datasets [115]. However, the
generalisation ability of the hierarchical approach requires further discussion [116,117].
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Figure 5. MLMR classification levels (capital details) for the Milan Cathedral from Teruggi et al. [114].

In contrast to machine learning approaches, based on the proliferation of the use
of point cloud datasets, recent years have seen the application of DL networks for point
model classification; examples include PointNet [3], PointNet++ [47,118], and DGCNN [2].
DL frameworks based on these neural networks have been applied to the domain of
digital cultural heritage. Subsequent applications, such as the improved DGCNN [119,120],
support features such as normal and HSV colours coupled with the points” X, y, and z
coordinates. The ArCH (Architectural Cultural Heritage) dataset [121] has been used to
gather different pre-classified examples to train networks. A limitation is that the number
of classes must be predetermined and constant across all cases in the training dataset.
However, due to the uniqueness and vastness of different heritage building examples, it
is still very difficult, if not impossible, to define a dataset with an adequate number of
pre-classified examples to cover a complete range of heritage buildings. Some studies have
used transfer learning [122] to combat this deficiency. Using a pre-trained example, the
authors developed a DL approach that can reduce the need for a bigger pre-segmented
dataset, obtaining encouraging results [123-125].

Another noticeable dataset is the “2D-3D-Semantics” (2D-3D-S) dataset [126], which
provides mutually registered modalities from the 2D, 2.5D, and 3D domains, including
RGB, semantics, surface-normal, and depth information. Stanford’s large-scale 3D Indoor
Spaces dataset (S3DIS) is included in this dataset, providing 695 million coloured points
of interior scenes. The authors of [127] used the S3DIS dataset to generate synthetic data,
and the augmented data were tested on DGCNN. Another study used a “SuperPoint
Graph” (SPG) representation to encode the contextual relations between object parts. They
used a graph convolutional network and achieved promising results without too many
computational resources [128]. ResGCN-28 [129] and RandLA-Net [130] were tested on this
dataset and have showed satisfying performance. Recently, MirageRoom [131] involved
the design of a parametric mirage projection and a masked reprojection module to create a
bridge between 3D points and 2D vision knowledge. This work employed a pre-trained
Swin transformer as an image backbone and achieved state-of-the-art performance on the
S3DIS dataset.

As Table 2 shows, previous studies addressed recent 3D Al applications in different
scenes, including urban, heritage, and architectural contexts. In this list, many applications
use a subset of the complete dataset for training. In practice, this is an effective approach
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because it guarantees the consistency of the characteristics of the data. Though learnable

feature extractors are promising, human-engineered extractors are still preferred by many.

The listed cases also underline the general burden of a large data size in practical 3D scenes.

Over time, evaluation methods have varied across research studies. While the performance

of DL approaches is generally improving, their performance often lags behind that of

machine learning approaches, which involve more human intervention.

Table 2. Comparison of 3D Al applications and tasks.

Authors Test Scene Trainset Methods Feature Dataset Labels Precision
Sunetal,2018[112]  Archit. exterior ~ Subset from RF on Covariance - 8 Ov. Acc. 0.92
site supervoxels features
Grilli et al., 2019 [113] Heritage Subset from RF Covariance 55 4 1 million 10,14 F10.92,0.82
exterior site features
Teruggi et/al., 2020 Heritage Subsgt from RE Covariance 3.6 billion 25 F10.94-0.99
[114] complex site features
354.2 million 18 F10.92-0.97
Zhang et al., 2022 Heritage Subset from RF Covariance 24.2 million 18 F10.92-0.99
[115] complex related site features
156 million 19 F1 0.90-0.99
Grillietal,2020[116] e8¢ 1 gividual case RF Covariance ¢ 14 million 9 Acc. 0.78-0.98
exterior features
Covariance
Subset from RF and 14, 10,17 Ov. Acc.
Caoetal, 2022 [117] ArCH dataset DGCNN featggis:“d million 9 0.62-0.98
Malinverni et al., Subset from . s
2019 [118] ArCH dataset PointNet++ - 25-569 million 4 F10.31
Pierdicca et al., 2020 Subset from Modified Avg. 114
[119] ArCH dataset DGCNN HSV + Norm million 10 F10.72
Matrone et al., 2020 Subset from Modified Covariance Avg. 114
[120] ArCH dataset DGCNN features million 10 F10.82-0.91
Subset from Avg. 114 Ov. Acc.
Cao et al., 2020 [122] ArCH dataset 3DLEB-Net - million 10 0.67-0.77
PointNet mloU 0.31
_ Avg. 114
Cao et al., 2022 [123] ArCH S3DIS KPConv million 10 mloU 0.65
DGCNN mloU 0.47
Subset from
Ma et al., 2020 [127] ScanNet ScanNet and DGCNN - 695+ million 12 [mproving IoU
synthetic data 0.07
from S3DIS
Landrieu and Subset from Superpoint
Simonovsky, 2018 S3DIS dataset Graph + - 695 million 12 Ov. Acc. 0.86
[128] GCNN
Li et al., 2019 [120] S3DIS 5“3;‘:;:;?“‘ ResGCN-28 ; 695 million 12 Ov. Acc. 0.86
Hu et al., 2020 [130] S3DIS Sus;e; :;i’m RandLA-Net - 695 million 12 Ov. Acc. 0.88
Sun et al. 2024 [131] S3DIS Subset from ~ MirageRoom ; 695 million 12 Ov. Acc. 0.91
dataset Swin Backbone

3. Conclusions

This study discussed numerous works that used Al methods to support reality-based
modelling applications, mainly in architecture and cultural heritage scenarios.

In general, reality-based modelling is an activity that uses multiple technologies to dig-
italise 3D environments. The data formats have largely shaped later elaboration processes,
data interpretation, and methods for integrating Al In comparison with other data formats,
2D and 3D data have advantages in architectural scenarios and often need to be elaborated
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to achieve a more comprehensive, multi-scale degree of knowledge. Specifically, point
clouds are suitable for representing accurate geometric information on large-scale elements,
such as architectural elements and large 3D environments. High-resolution images remain
the main means of obtaining information about colour and small geometric features such
as cracks and nails.

Thanks to the advanced progress of research on machine learning, quick and au-
tonomous assessments can be implemented in the data acquisition phase, which is benefi-
cial for photogrammetry, RGB-D-based approaches, and 3D point cloud processing. The
literature in this field shows that deep learning (DL) methods (e.g., RCNN, YOLO) are
more usable for 2D data, while machine learning approaches (e.g., Random Forest, Support
Vector Machine) are preferable for the 3D case.

Although numerous Al methodologies have emerged, few effective alternatives are
available in real-world applications. Advanced implementations are primarily observed at
the research level, whereas conventional methods continue to prevail in practical applica-
tions. Vigorous research allows for increasingly faster performance in 2D image and 3D
point cloud classification and accurate localisation. Though common elements of interest
with regular shapes can be recognised well, DL integration in the field of reality-based
modelling cannot yet be used and generalised for real practical scenarios. Al methods
are not yet sufficiently advanced to replace the efforts of specialists. Conversely, despite
gratifying numerical assessments, human interventions are essential for analysing results
and rectifying errors. Using the S2DIS dataset as an example, an automatic segmenta-
tion accuracy of 90% will result in approximately 70 million points requiring correction
across 12 classes. The overall scene comprehension is recognised, but the outcome is not
yet practical.

This is part of the reason why there have been many attempts in research to make
Al more interactive by using multi-modal models. These systems provide a different but
facilitated way to interact with data. No matter how powerful they are, these foundation
models leave little space for modification; thus, we haven’t seen many applications of
multi-modality in individual practical cases. Reality-based modelling in practical scenar-
ios, especially in architectural fields, is distant from general use. This requires specific
adjustments to many aspects.

As many practical concerns come from architectural surfaces, including pathologies,
materials, and fabrics, images are the most convenient data sources; they can represent
patterns and geometry and can be easily acquired and processed for DL training. Aside
from general classification and object detection, research has turned toward bridging from
2D knowledge to 3D knowledge by processing unwrapped maps and model renderings and
integrating photogrammetry. If provided with pixel-to-point correspondence, the semantic
labels of images generated from DL models can be mapped to 3D spaces. However, the
usage of point clouds is almost inevitable because they are a crucial medium that represents
information in 3D. Most 3D applications deal with architectural elements with volume,
not merely surfaces. The processing of point clouds is largely affected by their large data
volume and computational cost, which leads to a preference for machine learning methods
with human-engineered 3D feature extractors. Research has made progress in using DL
for 3D data but mostly when dealing with general categories. Leveraging 2D processing
techniques in 3D processing is still a promising solution and can come in handy.

This paper is tempted to outline the research trend of Al integration in the field of
cultural heritage, which remains an emerging area of research, accompanied by various
challenges. Considering the data collection, processing, and annotation, available bench-
marks (e.g., ArCH) are rare. Given the rapid advancement of Al technology, which is often
not specifically designed to cater to cultural heritage interests, combined with the diversity
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of practical cases in terms of aesthetic styles, materials, and decay phenomena, evaluating
Al applications using a standardised measure remains challenging.

Research has shown that integrating Al’s understanding of both 2D and 3D data
can significantly accelerate 3D reconstruction processes, especially in photogrammetry
and the 3D semantic classification of point cloud models. Future research should give
priority to standardised methods for data fusion and related datasets. Then, the integration
for detailed, multi-scale documentation of the conservation state of buildings should be
enhanced. Further practical tests are needed to evaluate the effectiveness of RGB-D-based
approaches in architectural scenarios. Further work is needed to build the bridge from
complicated investigation and documentation activities to deep learning techniques that
facilitate human intervention in 2D images and 3D point clouds. Itis also expected that there
will be applications that integrate foundational multi-modal models to achieve accurate
and facilitated data interaction.
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