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Abstract 

The 3D digitization of Cultural Heritage (CH) sites has become increasingly requested for documentation, preservation, and analysis 
applications. Beyond capturing 3D spatial geometry, the semantic interpretation and understanding of digital models are critical 
for enabling meaningful CH studies and facilitating informed conservation strategies. However, manual annotation and 
classification of architectural elements and surface pathologies remain labor-intensive and time-consuming, underscoring the need 
for automated approaches. This study presents a comparative analysis between two distinct semantic segmentation frameworks: (1) 
a 2D-to-3D pipeline that projects 2D image-based detections onto 3D point clouds produced with V-SLAM data and (2) direct 
segmentation methods of 3D point clouds acquired with portable LiDAR sensors. These frameworks are evaluated on data acquired 
using two distinct mobile mapping systems (MMS): (1) a fisheye multi-camera Visual SLAM-based portable system (ATOM-ANT3D) 
for the 2D-to-3D pipeline; (2) a LiDAR-based MMS (Heron MS Twin Color) for the 3D segmentation methods. Achieved results 
demonstrate the ability of the proposed frameworks to generate semantically enriched 3D heritage data, with the 2D-to-3D method 
slightly outperforming the 3D segmentation techniques. 

1. Introduction

Accurate and detailed documentation of Cultural Heritage (CH) 
sites has historically been fundamental for preservation, 
conservation, and restoration. Traditional documentation 
techniques started with manual drawings and photographic 
archives utilizing hand surveys with simple tape measurements, 
point laser distance measurers, plumb lines, and theodolites. In 
recent decades, advancements in 3D digital technologies have 
significantly enhanced CH documentation processes. Specifically, 
Terrestrial Laser Scanning (TLS) and photogrammetry have 
nowadays become the standard techniques, enabling precise 3D 
geometric capture of heritage structures and environments 
[EGV*07; EBR*08; RR10; FAF11; Rem11; KBKB17; VRP*23; 
VRR*23]. However, while these methods produce highly accurate 
geometric data, the resulting documentation often lacks essential 
semantic information required for comprehensive interpretation 
and analysis of architectural elements and surface pathologies. 
Several studies have emphasized the importance of integrating 
geometric 3D point clouds and models with semantic 
understanding to enable more comprehensive and meaningful CH 
documentation [GR19; TGR*20; YHL23; ZF25]. Building on this, 
recent research has begun exploring 2D semantic segmentation as 
a computationally efficient alternative to 3D point cloud-based 
semantic segmentation. These image-based methods offer a 
promising direction, reflecting the growing interest in efficient 
interpretation and classification techniques within the CH 
documentation workflows. 

1.1 Paper’s aim 

Motivated by the need for comprehensive and semantically 
enriched CH sites documentation, this study proposes and 
compares two distinct semantic segmentation methodologies: (1) a 
2D-to-3D semantic segmentation approach combining multimodal 

large language models (MLLMs) and conventional object 
detection methods; (2) 3D point cloud semantic segmentation 
approaches based on machine or deep learning methods. The 2D-
to-3D approach is applied to data collected with the ATOM-
ANT3D multi-camera Visual SLAM-based portable system 
[EPFR24], whereas 3D point clouds are acquired with the HERON 
MS TWIN Color MMS [Gex25] (Figure 1). The innovative aspects 
of the work include: 
• insights into 2D/3D segmentation strategies to enhance the

interpretability and usability of 3D heritage documentation;
• use of MLLM in CH scenarios.

The work intends to shed light on semantic segmentation
approaches applied to V-SLAM- or LiDAR-based data to support 
the heritage community in need of enriched 3D surveying data with 
meanings and interpretations. 

2. Related works

2.1 Mobile mapping systems (MMS)

Mobile mapping systems (MMS) equipped with LiDAR (Light 
detection and ranging) sensors, cameras, or a fusion of both, have 
emerged as a promising alternative to static classical survey 
techniques, offering flexibility and significantly reducing data 
acquisition times [EAQ22; XZY*22] proving effective in diverse 
and complex applications [NMR*17; DTF*21; ALL*23; 
TABF24]. Vision-based MMS have gained popularity for rapid 
image data acquisition and efficient 3D reconstruction workflows 
[OS19; TMBR21; EPFR24; ETM*24; PFV24] producing texture-
rich data suited for photorealistic modeling and benefiting from 
recent advancements in image-based semantic segmentation. 
However, their reliance on adequate lighting, surface texture, and 
the challenges posed by motion blur, occlusions, and geometric 
distortions, especially when using wide-angle/fisheye lenses, 
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requires careful handling during data acquisition and processing. 
On the other hand, LiDAR-based MMS have been predominant in 
3D mapping, operating in environments with limited texture and 
varying lighting conditions. Often vehicle-mounted, backpack-
carried, or handheld, LiDAR systems efficiently document 
complex geometries in diverse indoor and outdoor contexts 
[NMR*17; Będ24] and in CH documentation applications 
[DTF*21; ALL*23; TABF24]. They are typically complemented 
by onboard cameras for color information; however, these cameras 
generally provide lower-resolution textures compared to 
specialized photogrammetric setups, limiting their capability to 
capture fine surface details.  

Figure 1. The two mobile mapping systems used in this study 
are: ATOM-ANT3D (left) and HERON MS TWIN Color (right). 

2.2 Semantic segmentation and feature detection 

2.2.1 Vision- and Multimodal large language models 
(VLM/MLLM). Classical machine learning methods laid the 
foundation for modern image segmentation. Support Vector 
Machines (SVMs) classify pixels by identifying optimal 
hyperplanes in high-dimensional spaces [CGRL20]. Decision trees 
[MFP*14] distinctly classify objects by dividing them based on 
pixel intensity values. Conditional Random Fields (CRFs) 
represent images as probabilistic graphs, refining segmentation by 
modeling contextual relationships between pixels. In contrast, 
deep learning methods like Fully Convolutional Networks (FCNs) 
[LSD15] perform pixel-level classification without manual feature 
extraction. Architectures such as DeepLab [CPK*17] use dilated 
convolutions and Atrous Spatial Pyramid Pooling (ASPP) for 
multi-scale context, while Pyramid Scene Parsing Network 
(PSPNet) [ZSQ*17] captures global context via pooling strategies. 
 Advances in multi-modal Artificial Intelligence (AI) have 
produced diverse models optimized for tasks like object detection, 
segmentation, and visual grounding featuring varied architectures 
(e.g., transformer-based, multimodal, etc.) and approaches (e.g., 
prompt-driven segmentation, zero-shot detection). Segment 
Anything Model (SAM) [KMR*23] is a foundational 
segmentation model utilizing vision transformers trained on 
extensive segmentation datasets. It uses prompt encoders (e.g., a 
point on an object or a bounding box) to condition the mask 
decoder, predicting object masks from embeddings. Large 
Language and Vision Assistant (LLaVA) [LLWL23] integrates 
visual encoders with large language models (LLMs) for vision-
language reasoning tasks, though without direct segmentation 
outputs. Sa2VA [YLZ*25] is a unified architecture for dense 
grounded understanding of images and videos, marrying SAM2 
with LLaVA. It uses SAM2’s visual encoding and the LLM’s self-
attention over combined visual and textual tokens, allowing natural 
language interactions that yield segmentation masks for referenced 
objects. Grounding DINO [LZR*23] provides open-set detection 
using transformer-based fusion of vision and language inputs, 
whereas Grounded-SAM [RLZ*24] integrates Grounding DINO 
and SAM for prompt-driven segmentation within bounding boxes. 

2.2.2 3D point clouds segmentation. Supervised methods learn a 
mapping from 3D inputs to point labels using annotated data. 
Classical methods, such as Random Forests [Bre01; GDPR18], 
classify points based on handcrafted features, combining 
individual tree predictions through majority voting. PointNet 
[QSMG16], a pioneering point-based network, processes points 
independently using multilayer perceptrons (MLPs) and 
aggregates global context via max-pooling. PointNet++ 
[QYSG17] adds hierarchical grouping for capturing local context 
and multi-scale features. PointCNN [LBS*18] generalizes 
convolutional neural networks (CNNs) to point clouds by learning 
an X-transformation that canonicalizes local neighborhoods, 
facilitating structured, convolution-like operations. Graph-based 
approaches like Superpoint Graph (SPG) [LS17] segment clouds 
into geometric primitives (i.e., superpoints) and apply graph 
convolutional networks for classification. Point Convolutional 
Networks utilize continuous convolution kernels that operate on 
point coordinates, such as PointConv [WQF18] and KPConv 
[TQD*19]. Inspired by Transformers in NLP and image analysis, 
self-attention networks have been adapted to point clouds. Point 
Transformer [ZJJ*20] is a fully attention-based network that treats 
the point cloud as a set and learns interactions among points 
through self-attention. Superpoint Transformer [RRL23] partitions 
point clouds into a hierarchical superpoint structure, leveraging the 
self-attention mechanism to group superpoints in meaningful 
regions, improving efficiency and speed in large-scale point cloud 
segmentation. Given the high annotation cost, unsupervised 
methods have emerged to segment or pre-train features from 
unlabeled point clouds. Traditional geometry-based techniques, 
including region growing, density clustering, and RANSAC-based 
primitive fitting [ZZCL19], are effective for simple geometries but 
struggle with detailed, irregular shapes. Recent deep unsupervised 
methods, such as GrowSP [ZYWL23], leverage neural feature 
extraction and iterative merging into meaningful segments without 
human labels. 

2.3 Applications in Cultural Heritage 

The combination of 2D object detection and 3D spatial enrichment 
has been studied in CH. For instance, Faster R-CNN was used by 
Pathak et al. [PSW*21] to identify damages in 3D model rendered 
views. Similarly, UV-mapped textures or orthoimages from 3D 
reconstructions are used by texture-based classification methods 
[GR19]. Recent methods shift toward working directly on 2D 
images, rather than renders from 3D models. Foundational vision-
language models made this process more accessible without 
training requirements. Réby et al. [RGD23] used the Segment 
Anything Model (SAM) with Grounding DINO to achieve object 
localization and semantic labelling at the image level. Similarly, 
Galanakis et al. [GLM*24] explored SAM's capabilities for 
detailed structural analysis and segmentation at the individual 
stone level. In 3D-based point cloud semantic segmentation, 
machine learning methods have been applied in the CH field 
[FKP*20]. Random Forests (RF) were adopted due to their 
adaptability to limited training data and their ability to handle 
variable heritage geometries [ZF25]. For example, Multi-Level 
Multi-Resolution (MLMR) classification, hierarchically segments 
point clouds from coarse to fine detail, balancing computational 
cost with accuracy [TGR*20]. As deep learning gained traction, 
researchers have been exploring different methods in the field of 
CH. A deep learning framework based on an enhanced DGCNN 
(Dynamic Graph Convolutional Neural Network) architecture was 
proposed for semantic segmentation of 3D point clouds applied to 
the diverse ArCH dataset of historical buildings [PPM*20]. Recent 
deep learning-based fusion approach combining image 
segmentation and Point Transformer networks was proposed to 
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improve semantic segmentation in cultural heritage [BMB*24]. 
However, a direct comparative analysis spanning traditional 
machine learning, deep learning, and recent multimodal large 
vision-language models (MLLMs) for 2D-to-3D semantic 
segmentation remains underexplored in the literature. 

3. Case study: Palazzo Ducale in Venice, Italy

This paper presents the architectural documentation and 3D 
semantic interpretation of the ground-floor arcade corridor in the 
inner courtyard of the Palazzo Ducale (Doge’s Palace) in Venice, 
Italy. A masterpiece of Venetian Gothic and Renaissance 
architecture, the palace features a continuous system of arcades 
and loggias surrounding the courtyard. The study focuses on the 
section running along the Piazzetta and Renaissance wings (Figure 
2), which historically served both ceremonial and practical 
functions as a sheltered passageway. 

Figure 2. The surveyed area of Palazzo Ducale in Venice: inner 
courtyard (left) and arcade corridor (right). 

  The inner courtyard arcade corridor of the Palazzo Ducale is 
surveyed using the ATOM-ANT3D fisheye multi-camera MMS 
[EPFR24; PFV24] and the HERON MS TWIN Color LiDAR 
MMS1. Using ATOM-ANT3D, a total of 19,755 images (3,951 
images per camera) is acquired and processed using a V-SLAM 
and 3D reconstruction pipeline [EMT*25] (Figure 3a). Then, a 
dense 3D cloud is generated (Figure 3b) to be used in the semantic 
segmentation process. Considering the use of wide-angle fisheye 
lenses for open-space data acquisition, capturing extensive scene 
information but potentially introducing noise at greater depths and 
near lens boundaries due to distortion, and a segmentation 
workflow based on 2D-to-3D semantic projection (Section 4.1.2), 
a down-sampled point cloud of approximately 5 million points was 
used. This choice balances scene coverage, projection accuracy, 
and computational efficiency. The resulting 3D labels can later be 
interpolated onto the full-resolution dense cloud. On the other 
hand, the Heron MS Twin Color LiDAR MMS data acquisition 
provided a high-resolution point cloud composed of ca 101 mil 
points (Figure 3c). To reduce computational time of the semantic 
segmentation process, the LiDAR point cloud size is subsampled 
at a 1-centimeter resolution, resulting in a ca 51 mil points dataset. 
The semantic classes considered for spatial interpretation and 
conservation purposes of the heritage area include arches,  

mouldings, openings (e.g., windows and doors), pavement/floor, 
columns, walls, and cracks. 

4. Methodologies

The following sections present two approaches, based on different 
sensorial data (V-SLAM and LiDAR), for the semantic 
segmentation of heritage scenes to support interpretation, 
understanding, and conservation. 

4.1 2D-to-3D semantic segmentation with V-SLAM data 

4.1.1 2D semantic segmentation. The extraction of architectural 
features corresponding to predefined classes is performed using the 
MLLM Sa2VA [YLZ*25], and the conventional object detection 
model YOLOv8 [JCQ23] is specifically used for crack detection. 
Sa2VA uniquely integrates a vision-language model (i.e., LLaVA) 
with the Segment Anything Model (SAM), allowing segmentation 
guided by detailed textual descriptions rather than simple class 
names. This capability is crucial, as common open-vocabulary 
models struggle with accurately segmenting fine-grained 
architectural components. Hence, it is chosen for its capabilities 
and state-of-the-art performance. 

Initial attempts to apply semantic prompt queries directly to 
the raw fisheye images demonstrated inconsistent mask accuracy. 
Therefore, fisheye images are converted into rectilinear ones using 
OpenCV’s [Bra00] fisheye calibration module with the simplified 
Kannala-Brandt model [KB06], generating pixel-wise mappings 
for remapping images to simulate a pinhole camera view with zero 
distortion [ZEPF24]. Furthermore, generic or high-level prompts 
initially yielded ambiguous or incomplete results. To address this, 
we developed a curated set of task-specific semantic queries, 
incorporating contextual and architectural terminology aligned 
with the model’s vision-language representations, significantly 
enhancing retrieval precision for the defined classes.  

For object segmentation targeting cracks located on columns, 
YOLOv8 [JCQ23] is employed. Specifically, a pre-trained version 
of YOLOv8 from Padkan et al. [PBMR23], trained on 
approximately 400 annotated images encompassing a variety of 
crack types, is used. Despite the availability of numerous object 
detection and semantic segmentation models, we chose the YOLO 
family due to its effectiveness when trained on relatively small 
datasets and its performance in detecting small objects such as 
cracks. To improve detection resolution, each input image is 
divided into four smaller sub-images, allowing for a more focused 
crack analysis. YOLOv8 is applied independently to each sub-
image, and binary masks are merged to reconstruct a full-size mask 
aligned with the original image dimensions. However, the domain 
gap between training data and our test environment occasionally 
caused false positives, such as misclassifying structural borders, 
wall features, and spacing between the floor stones as cracks. To 
address this issue, Sa2VA-generated column masks are used to 
isolate cracks within column regions, effectively reducing false 
detections from irrelevant background areas. 

a)  b)  c) 
Figure 3. Top-view of the ATOM-ANT3D trajectory and sparse point cloud generated with the developed V-SLAM approach (a); close-view of 
the photogrammetric dense point cloud (b); HERON point cloud of the courtyard area (c). 

1 https://shorturl.at/BNrAO 
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4.1.2 2D-to-3D semantic projection. To project semantic 
segmentation masks onto the 3D point cloud, a method adapted 
from [AR24] is used. The pipeline combines voxel-based ray 
casting and camera model projections. The input dense point cloud 
is voxelized at a user-defined resolution, and a ray casting scene is 
generated using Open3D [ZPK18]. Voxelization plays a critical 
role by preventing rays from passing through sparse regions of the 
point cloud and mistakenly labeling geometry behind the actual 
surface acting as an occupancy grid, allowing rays to terminate on 
the first encountered surface even when no exact point is directly 
hit. For each oriented camera, rays are cast into the scene based on 
the camera’s intrinsic and extrinsic parameters, identifying visible 
surface points and transferring the corresponding semantic labels 
from the 2D masks onto the 3D voxels encapsulating the 3D points 
intercepting the casted rays, coupled with a neighborhood 
expansion search (Figure 4). 

Figure 4. The proposed 2D-to-3D semantic segmentation 
projection scheme for the V-SLAM data (images and point 
clouds). 

 The method’s accuracy relies on multiple factors, including 
voxel resolution, mask quality, and precision of camera 
parameters. Coarse voxelization, segmentation errors, and 
calibration drift can introduce mislabeling or outliers into the final 
3D semantic output. Therefore, to enhance efficiency and 
robustness, a multi-view voting strategy is implemented, where 
each point accumulates label votes from all valid projections, and 
the most voted label is assigned. While this approach improved 
labeling quality in parts of the scene, it simultaneously introduced 
outliers in areas affected by variations in mask segmentation 
accuracy. To further address missed labeling on the 3D point cloud 

caused by the 2D-to-3D projection limitations, we developed a 
dedicated point cloud post-processing pipeline. Given the 
color/label-to-class mapping, normals are estimated to capture 
local surface geometry, and a region growing algorithm is applied 
exclusively to unlabeled regions where 2D masks failed to project 
correctly. Labels from initially labeled points are propagated to 
neighboring unlabeled points based on spatial proximity (i.e., 
defined search radius and label majority fraction) and normal 
similarity, ensuring that only points with a sufficient fraction of 
similar labeled neighbors are incorporated. 
 While effective for larger architectural elements, the voxel-
based approach with fine, small-scale features such as cracks, 
requires significantly finer voxel resolutions. To address this, a 
complementary technique was adopted, leveraging the inherent 
2D-to-3D correspondences provided by Metashape [Agi25] 
between the original images and the dense point cloud. 
Specifically, we used the generated 2D masks to directly select 
their corresponding 3D points on the dense cloud, ensuring the 
annotation of cracks. This method is well-suited for isolating 
individual, small-scale classes like cracks rather than large-scale 
multi-class segmentation. 

4.2 3D Semantic segmentation on LiDAR data 

4.2.1 3D point cloud semantic. To assess the effectiveness of 3D 
point cloud semantic segmentation on the LiDAR-based 3D point 
cloud (Figure 3c), three well-established methods based on 
supervised machine/deep learning are employed for comparative 
analysis [GR20; BMB*24]: Random Forest, Point Transformer, 
and Superpoint Transformer. In all cases, a combination of 
covariance features [WJHM15] and sensor-based features is 
provided to the architectures to facilitate convergence and yield 
prediction models with high levels of accuracy. 

4.2.2 Data preparation: annotations, training, test, and 
validation. A subset of the dense point cloud, which contained 
most of the object classes of interest, generated by the Heron MS 
Twin Color MMS is selected and partitioned into training and 
validation sets, divided into ca 70% for training and ca 30% for 
validation. Both subsets are manually annotated and used during 
the training phase of the 3D pipelines, combined with covariance 
and sensor-based features. The covariance features Anisotropy, 
Linearity, Normal change rate, Omnivariance, Planarity, 
Roughness, Sphericity, and Verticality are calculated at different 
radii (0.2m, 0.4m, 0.6m, 0.8m, and 1m) using CloudCompare 
[Clo24]. The model demonstrating the best performance on the 
validation set is selected for the final evaluation on unseen data. 
Both subsets are meticulously chosen to ensure they represent the 
entire dataset accurately. For a consistent evaluation across the 
methods, the Random Forest, Point Transformer, and Superpoint 
Transformer models are trained to predict two additional classes, 
Vault and other objects present in the corridor, beyond the classes 
segmented by the 2D-to-3D projection pipeline. Since the 2D-to-
3D dataset did not include Vault (i.e., due to weak 3D 
reconstruction on textureless surfaces) or other objects not 
included in the 2D image segmentation search, either in the 
labeling stage or on the point cloud itself, points corresponding to 
these classes are removed from the test point cloud before 
evaluation. All segmentation results are subsequently reprojected 
onto this reduced test cloud. To ensure comparability, points 
predicted as Vault or other objects by the 3D-based methods are 
reassigned to the "unlabeled" category (class Other), consistent 
with the 2D-to-3D approach where unclassified points are 
similarly labeled. This strategy guarantees a fair evaluation 
framework across all methods, with the class Other representing 
either unlabeled background, missed classifications, and points 
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originally predicted as Vault and other objects, now reassigned. 
Hence, class Other is not a meaningful architectural element, but a 
catch-all noise class. 

5. Results, evaluations, and discussion

Sa2VA 2D segmentation successfully segmented features in the 
fisheye images; however, its performance did not generalize across 
all classes. The distortion introduced by the 190° field-of-view 
lenses adversely affected certain classes' segmentation, leading to 
extended masks beyond object boundaries or erroneously covering 
unwanted regions in the images (Figure 5).  

Figure 5. The impact of image un-distortion on MLLM 
detection and segmentation performance for the wall (left) and 
openings (right) classes, with fisheye (top) and equirectangular 
images (bottom). 

Figure 6. Detected and segmented architectural elements from 
the undistorted image dataset. 

This can be attributed to multiple factors. Features near the image 
edges, where distortion is highest, often appear warped and 
inconsistent. Moreover, detecting complex structures depends on 
clearly differentiating features from the broader global context. As 
MLLMs are primarily trained on rectilinear images, their 
performance can be limited by the lack of robust learned 
representations for fisheye images. Therefore, applying calibration 
as a pre-processing step helped correct distortions, preserve spatial 
accuracy, and improve segmentation reliability (Figures 5 & 6). 
The proposed 2D and 3D methodologies for extracting semantic 
classes from the surveying data are evaluated using qualitative and 
quantitative analyses against a manually annotated ground truth 
point cloud serving as the reference. In addition to visual 
assessments, by inspecting the segmented point clouds against the 
annotations, standard segmentation metrics, including precision, 
recall, and F1-score, are computed to objectively quantify 
performance (Tables 1 and 2).  

(%) 
2D-to-3D 
Semantic 

Segmentation 

3D Semantic 
Segmentation 

R.F. P.T. S.T. 

Weighted 
Precision 93.48 78.50 86.19 89.81 

Weighted 
Recall 89.80 78.21 85.31 90.28 

Weighted 
F1 Score 91.03 76.50 85.22 89.92 

Table 1. Table reporting the metric evaluations including the 
Weighted Precision, Weighted Recall, and Weighted F1 Score 
as percentages for the presented approaches. 
R.F. = Random Forest; P.T. = Point Transformer; S.T. = 
Superpoint Transformer 

% 

F1 Score per class 
2D-to-3D 
Semantic 

Segmentation 

3D Semantic 
Segmentation  

R.F. P.T. S.T. 
Arches 93.64 66.18 77.36 98.81 

Mouldings 79.97 28.68 69.79 65.32 
Openings 84.02 45.01 73.55 63.77 
Pavement/ 

Floor 84.70 99.51 99.06 98.74 

Columns 94.41 98.02 90.64 98.56 
Wall 90.27 63.44 76.79 86.33 
Other 33.61 95.86 93.70 91.56 
Avg. 

(exc. Other) 87.83 66.81 81.20 85.25 

Table 2. Per-class F1 Score comparison between the presented 
approaches. The last row reports the average F1-score 
computed across the main architectural classes excluding the 
"Other" class. Results are reported as percentages across 
different architectural elements. R.F. = Random Forest; P.T. = 
Point Transformer; S.T. = Superpoint Transformer 

Particular attention is given to class-wise evaluations to highlight 
differences in capturing complex spatial relationships and 
delineating class boundaries. This combined analysis provided 
robust validation of each method’s effectiveness in both visual 
interpretation and quantitative performance for CH 3D data 
enrichment. Figure 7 presents a qualitative comparison of each 
technique's results. Our proposed 2D-to-3D segmentation method 
produced well-defined classes, though some noise appeared (i.e., 
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mislabeled points), especially around floor-level element 
connections, due to inaccuracies in 2D mask boundaries, slight 
intrinsic/extrinsic calibration errors, voxel resolution, and noisy 
3D points intercepting casted rays. The Random Forest approach 
results show well-defined columns, arches with noticeable noise, 
and pavement/floor. However, the wall, mouldings, and openings 
are poorly interpreted. Results from the Point Transformer-based 
method indicate generally well-defined columns, except for 
outliers on flat areas that are misinterpreted as a wall class. Arches 
are clearly defined but include similar noise patterns to those seen 
in columns. Wall and floor are accurately segmented. Openings 
showed mixed results, with accurate segmentation for windows but 
incorrect labeling for doors (i.e., misinterpreted and classified as 
wall). Mouldings are mostly defined but show partial 
misclassification as walls in some areas. The Superpoint 
Transformer method demonstrated ca similar results to Point 
Transformer for mouldings and floor, but with higher 
segmentation accuracy on columns, arches, and wall. The visual 
analysis of the results is consistent with the quantitative 
evaluations reported in Tables 1 and 2. The proposed 2D-to-3D 
semantic segmentation method, along with the Point Transformer 
and Superpoint Transformer predictions, achieved ca comparable 
accuracy across all weighted metrics in Table 1 (i.e., Precision, 
recall, and F1 score), with Point Transformer showing slight 
underperformance. In contrast, the Random Forest method 
demonstrated lower overall accuracy. The 2D-to-3D method 
achieved ca consistent high accuracy in the per-class F1 scores for 
arches (93.64%), mouldings (79.97%), openings (84.02%), floor 
(84.70%), columns (94.41%), and wall (90.27%). Nonetheless, it 
demonstrated the lowest accuracy for the pavement/floor class 
compared to other methods. Random Forest exhibited strong 
performance for columns (98.02%) and pavement/floor surfaces 
(99.51%), but struggled in capturing mouldings (28.68%), 
openings (45.01%), and wall (63.44%). Similarly, the Point 
Transformer achieved strong performance on columns (90.64%) 
and pavement (99.06%), yet introduced some outliers on the wall 

area, leading to lower segmentation accuracy (76.79%). 
Superpoint Transformer demonstrated robust and consistent 
segmentation across most classes, notably achieving near-perfect 
scores for arches (98.81%), pavement/floor (98.74%), and 
columns (98.56%) while underperforming on mouldings (65.32%) 
and openings (63.77%). The low F1 score in the Other class for the 
2D-to-3D approach reflects how objects in images that are not 
included in any class definition and query prompting are left 
unlabeled. On the other hand, the 3D semantic segmentation 
approaches always try to perform a prediction; therefore, the Vault 
and other objects that are predicted now match the defined class 
Other. To further highlight the overall performance and 
comparability between methods, an average F1 score excluding the 
'Other' class was computed. The achieved results were  87.83% for 
the 2D-to-3D method, 66.81% for Random Forest, 81.20% for 
Point Transformer, and 85.25% for Superpoint Transformer 
confirming the overall comparable performance between the 2D-
to-3D method and 3D deep learning methods. A key distinction 
lies in the requirement for training and manual annotations. The 
3D-based methods required a manually annotated 3D training set. 
This process could be time-consuming and resource-intensive 
when applied across multiple CH sites with varying styles and 
scalability of architectural elements. In contrast, the 2D-to-3D 
pipeline using Sa2VA, which is pre-trained on large-scale diverse 
image-text datasets, is applied without additional dataset-specific 
training. However, in the context of cultural heritage, where 
features can be highly detailed, non-standardized, and visually 
subtle, prompt engineering becomes a critical step to guide the 
model using descriptive textual prompts. Thus, while Sa2VA 
eliminates the need for dataset-specific training, it still demands 
user expertise and interaction to tailor the prompts appropriately. 
 Figure 8 presents the results of the 2D-to-3D semantic 
segmentation comparison with the Superpoint Transformer, 
selected as the most accurate among the 3D semantic segmentation 
methods, on two sections of the arcade corridor. 

Figure 7. Semantic 3D point clouds and object classes: (a) ground truth (manually annotated) dataset; (b) 2D-to-3D semantic 
segmentation results; (c) 3D prediction results using Random Forest; (d) Point Transformer and (e) Superpoint Transformer. 
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Figure 8. Results of the 2D-to-3D semantic segmentation approach (top) and Superpoint Transformer (bottom) on two sections of the 
surveyed area. 

The 2D-to-3D approach struggled slightly to define the full shape 
of some of the mouldings. Additionally, the Superpoint 
Transformer predicted some elements as columns and arches, even 
though these classes are not present in the evaluated sections. The 
results demonstrate the generalizability of the methods at larger 
spatial scales. Direct crack detection on 3D point clouds remains a 
challenging task. While modern 3D point cloud semantic 
segmentation approaches perform well for distinct and large-scale 
object classes, they often struggle with small/tiny scale detections. 
Cracks exhibit extremely small spatial dimensions compared to the 
overall scene, and the resolution of typical 3D point clouds is often 
insufficient to capture the fine details required for reliable 
detection. Consequently, point cloud segmentation algorithms face 
difficulties in distinguishing cracks from normal surface 
variations. In contrast, as described in Section 4.1.1, crack 
detection based on image analysis benefits from richer texture 

information and color gradients, enabling a higher degree of 
detection efficiency. By merging the column masks obtained 
through Sa2VA with the YOLOv8-based crack detection (Figure 
9), cracks could be isolated on the segmented columns, removing 
outlier detections from surrounding regions. Subsequently, given 
the 3D results, efficient 3D crack localization and visualization are 
performed. Figure 10 presents the results of our 2D-to-3D columns 
semantic segmentation. Additionally, the proposed crack detection 
and projection pipeline results are presented in Figure 11. 
Nevertheless, some outliers persist at the column level, which we 
attribute to the absence of a specialized training dataset specifically 
targeting this typology of cracks, as our model is trained on a more 
generalized crack detection dataset. Additionally, factors such as 
camera-to-object distance, blur, and over-exposure affect the 
efficiency of the 2D crack detection and segmentation.

Figure 9. Crack detection performed with YOLOv8 (left) and column-only crack detection achieved by integrating Sa2VA segmentation 
masks with YOLOv8 (right). Correct detections are presented in green, incorrect detections in red, and missed detections in blue  
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Figure 10. Semantic segmentation results for the class “column” based on the 2D-3D approach. 

Figure 11. Cracks detected in the images (left) and a close-view of their subsequent projections onto the 3D columns (right). 

6. Conclusions

This study aimed to investigate how actual AI-based semantic 
segmentation methods could be applied to V-SLAM data (i.e., 
images and point clouds) or directly to LiDAR data (i.e., point 
clouds). Semantic segmentation results are nowadays fundamental 
to allow better interpretation and understanding of Cultural 
Heritage 3D models. We presented a 2D-to-3D semantic 
segmentation framework that projects elements detected in the 
images through a MLLM onto dense 3D reconstruction, as well as 
three established 3D point cloud segmentation approaches: 
Random Forest, Point Transformer, and Superpoint Transformer. 
While all approaches are capable of segmenting major 
architectural elements, varying levels of noise are observed in each 
method. Qualitative and quantitative evaluations confirmed that 
the 2D-to-3D segmentation pipeline, Point Transformer, and 
Superpoint Transformer-based predictions produced comparable 
results, with the 2D-to-3D approach achieving slightly higher 
overall accuracy. The Random Forest method exhibited a lower 
overall accuracy compared to the aforementioned approaches. 
Furthermore, the proposed crack detection and projection pipeline 
proved effective in isolating fine-scale crack features on 
segmented columns, overcoming limitations inherent to direct 3D 
point cloud-based crack detection. Subsequently, when combined 
with the 3D results, we are able to project, localize, and interpret 
cracks on the 3D point cloud. Overall, the integration of semantic 
information into 3D reconstructions provides a robust and scalable 
solution for enhancing CH site documentation and preservation. 
As a general guideline, the authors highlight that MLLMs are 
primarily pre-trained on common imagery compared to the manual 

annotation and dataset-specific training required by 3D point 
cloud–based semantic segmentation methods; therefore, detecting 
unique and highly specialized architectural features requires 
careful prompt engineering and, in some cases, custom fine-tuning 
or the provision of reference examples. Moreover, as the scale of 
the dataset increases, greater user supervision becomes necessary 
to identify and filter out outlier mask detections produced by the 
MLLM (subsequently projected to the 3D data). Future 
developments will focus on advancing towards robust and fully 
automated segmentation pipelines and accurate 2D-to-3D 
projection techniques, particularly generalized for complex 
heritage datasets. 
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