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Abstract

Construction progress monitoring remains predominantly manual, labor-intensive, and
reliant on subjective human interpretation. Human dependence often leads to redundant
or unreliable information, resulting in scheduling delays and increased costs. Advances
in drones, point cloud generation, and multisensor data acquisition have expanded ac-
cess to high-resolution as-built data. However, transforming data into reliable automated
indicators of progress poses a challenge. A limitation is the lack of robust material-level
segmentation, particularly for structural materials such as concrete and steel. Concrete
and steel are crucial for verifying progress, ensuring quality, and facilitating construction
management. Most studies in point cloud segmentation focus on object- or scene-level
classification and primarily use geometric features, which limit their ability to distinguish
materials with similar geometries but differing physical properties. A consolidated and sys-
tematic understanding of the performance of multispectral and multimodal segmentation
methods for material-specific classification in construction environments remains unavail-
able. The systematic review addresses the existing gap by synthesizing and analyzing
literature published from 2020 to 2025. The review focuses on segmentation methodologies,
multispectral and multimodal data sources, performance metrics, dataset limitations, and
documented challenges. Additionally, the review identifies research directions to facilitate
automated progress monitoring of construction and to enhance digital twin frameworks.
The review indicates strong quantitative performance, with multispectral and multimodal
segmentation approaches achieving accuracies of 93–97% when integrating spectral infor-
mation into point cloud or image-based pipelines. Large-scale environments benefit from
combined LiDAR and high-resolution imagery approaches, which achieve classification
quality metrics of 85–90%, thereby demonstrating robustness under complex acquisition
conditions. Automated inspection workflows reduce inspection time from 24 h to less
than 2 h and yield cost reductions of more than 50% compared to conventional meth-
ods. Additionally, deep-learning-based defect detection achieves inference times of 5–6 s
per structural element, with reported accuracies of around 97%. The findings confirm
productivity gains for construction monitoring.

Keywords: point cloud; material segmentation; data fusion; construction monitoring;
machine learning; deep learning; automated technologies
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1. Introduction
Traditionally, the construction industry has been characterized by heavy reliance on

manual labor and conventional supervision methods, leading to results prone to error.
However, technological advances are driving changes across several processes. Employing
aerial vehicles (UAVs), also known as drones and point clouds, and conducting remote
monitoring [1–3] facilitates early detection of cracks in building walls [4,5] and enables
monitoring of civil infrastructure systems via cameras [6–8].

Using cameras for inspection or monitoring has become common in the construction
industry, and drones offer significant advantages [9–11]. Flexibility and the capability to
capture images from various angles improve project comprehension and decision-making.
Drones facilitate rapid data collection from inaccessible areas and enhance safety by re-
ducing worker exposure to hazards [12,13]. Also, provide high-quality data for detailed
analysis, making tracking construction progress cost-effective [14] and efficient, thereby
reducing inspection costs [2,13]. Drones can aid several key construction activities, such as:

1. Site Surveys and Mapping:

• Conducting detailed aerial surveys to create accurate topographic maps, digital
terrain models (DTMs), and orthomosaic images[11–13].

• Generating 3D models of construction sites for planning and design purposes [14,15].

2. Progress Monitoring:

• Collecting high-resolution aerial images and videos to monitor the progress of
construction and compare it against the project timelines [11].

• Providing updates to stakeholders and project managers [12].

3. Safety Inspections:

• Inspecting construction sites for safety hazards and compliance with safety
regulations [16].

• Monitoring high-risk areas and providing real-time data to improve worker
safety [17].

4. Volume Calculations:

• Measuring stockpile volumes and earthwork quantities accurately using 3D
models generated by UAV [12,15].

• Optimizing material management and reducing waste [14].

5. Infrastructure Inspections:

• Inspecting bridges, buildings, and other infrastructure components for structural
integrity and maintenance needs [10,13,18].

• Performing detailed inspections of hard-to-reach-areas without the need for
scaffolding or cranes [13].

6. Building Information Modeling (BIM) Integration:

• Integrating UAV-captured data with the BIM system for improved project plan-
ning, design, and management [13,19].

• Using 3D models generated from UAV data to improve accuracy and visualiza-
tion in BIM [12–14].

Point clouds are collections of spatial data points acquired using laser scanning tech-
nologies such as Light Detection and Ranging (LiDAR), terrestrial laser scanning (TLS),
and photogrammetry. These technologies, including LiDAR-equipped drones, enable
the generation of accurate three-dimensional digital representations of construction sites.
As illustrated in Figure 1, the image on the left shows a stadium during its construction
phase, while the image on the right presents a point-cloud reconstruction of the same
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structure. Despite being derived from different data sources, both representations capture
the same geometric and spatial information, demonstrating how point clouds can faithfully
reproduce real-world conditions. The digital reconstruction allows stakeholders to visually
inspect the site, perform measurements, and assess progress remotely, reducing the need
for physical site visits while improving the objectivity and reliability of inspections.

Figure 1. (Left) A stadium under construction. (Right) Point-cloud reconstruction of the same
structure. The close visual correspondence illustrates how point clouds enable remote inspection and
progress assessment without requiring on-site visits.

In this context, Building Information Modeling (BIM) enhances point cloud technology
by combining precise geometric data with details on construction elements, enabling as-
built comparisons and facilitating monitoring and quality checks. BIM serves to identify
discrepancies between plans and reality, a crucial aspect of Construction 4.0. Integrating
point clouds with BIM enhances visualization, geometry, planning, and management by
clearly illustrating the construction process. Moreover, TLS tools capture building exteriors
accurately, facilitating digitalization and structural health monitoring, thus reducing errors
and time/resource wastage [20–23].

Recent advancements in 3D point-cloud analysis have enhanced object recognition
and scene interpretation. However, accurately identifying structural elements such as
columns and beams, as well as materials such as concrete and steel, remains challenging
in construction. Challenges such as data noise, occlusions, and varying lighting condi-
tions require advanced processing techniques. Within this shift, geometry point cloud
segmentation often struggles to distinguish materials that are geometrically similar [24,25].

Studies using multispectral and multimodal sensing, such as SE-PointNet++ [24] and
FR-GCNet [26], demonstrate consistent improvements in overall accuracy (OA) and mean
intersection over unit (mIoU) compared to baseline geometry methods [24,25]. Additionally,
polarimetric multispectral LiDAR achieves nearly perfect material classification under
controlled conditions [27].

Findings underscore the potential of integrating multispectral data fusion techniques
for precise, timely segmentation of materials at construction sites. Applying this method
can improve site monitoring and resource management. Field robustness must still be
demonstrated because evaluating the model on domain shift data, such as fog, rain, snow,
sensor, or camera site shifts, resulted in a decrease in mIoU. Compared with evalua-
tion on the train-domain test set [28,29], this reveals that the dataset limitations limit
the generalization of the proposed approach to construction site applications. Common
benchmarks for indoor/outdoor models like S3DIS, SemanticKTTI, Semantic3D, and Sen-
satUrban [17,28,30,31] have label schemes focused on functional objects, such as walls and
vehicles, rather than material-specific categories like concrete or steel, thus restricting their
applicability in construction [17,24,31].
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Limitations highlight a significant gap in contemporary research. Current datasets
and segmentation methods do not effectively support accurate material identification in
construction settings. Section 1 outlines the objective of the systematic review. It seeks to
fill the gap by analyzing existing approaches, assessing their effectiveness, and pinpointing
opportunities for future advancements in material-level point cloud segmentation.

Objective of the Systematic Review

The systematic review identifies, compares, and analyzes various algorithms that
use data-fusion segmentation, focusing on their effectiveness in segmenting construction
materials such as concrete and steel. The review aims to demonstrate how combining
multispectral and multimodal point cloud techniques with multiwavelength LiDAR data
significantly enhances the accuracy of material distinction. Furthermore, the review ex-
amines the role of attention mechanisms and fusion-based network designs in enhancing
segmentation performance and assesses their potential for material-level classification
beyond construction. Included are their significance in environmental monitoring, infras-
tructure evaluation, and construction planning. Three research questions were formulated
using the Setting, Perspective, Intervention, Comparison, and Evaluation (SPICE) method-
ology to meet the objectives of the review and to establish a transparent analysis framework.
The investigation was systematically organized to focus on data fusion techniques and to
compare various segmentation models for material classification.

SPICE provides a structured approach for describing a study’s context, goals, and
assessment criteria. The Setting defines the study’s location, which includes two scenarios:
(I) a construction site, representing physical space, and (II) a point cloud, symbolizing digital
space. The Perspective outlines two key study elements: the point cloud database used for
data generation and the segmentation algorithms examined from previous research. The
Intervention details the actions taken, including the application of segmentation algorithms
and the use of multispectral images.

The comparison section entails evaluating how current research aligns with existing
studies. A consistent methodology will be applied in both scenarios, focusing on compar-
isons of established methods. In the Evaluation, the expected outcomes center on accuracy
and efficiency metrics, particularly related to constructing and processing the point cloud.

Based on the input criteria established in Table 1 and following the SPICE framework,
three key research questions were formulated. The three questions were designed to guide
the systematic review process, focusing on identifying recent advances, methodologies,
and challenges in real-time material level segmentation.

1. To what extent do point-cloud segmentation algorithms that incorporate multispectral
imagery exceed traditional geometry-based methods or single-sensor techniques in
classifying concrete and steel within complex construction environments, particularly
in terms of their reliability and performance metrics?

2. How can multispectral point cloud segmentation algorithms facilitate real-time dif-
ferentiation of structural materials while supporting construction progress tracking
and quality control processes in geometric representations of dynamic construction
site environments?

3. What are the limitations of existing public geometric datasets for training and evaluat-
ing multispectral point cloud segmentation models in construction?
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Table 1. SPICE method used to formulate the research question.

SPICE Element Input Scenario 1 Scenario 2

S—Setting Where does the study
take place?

Construction sites Point cloud environments

P—Perspective Who or what is being
studied?

Point cloud datasets derived
from multispectral imagery

Segmentation algorithms

I—Intervention What is being done? Implementation of a segmenta-
tion algorithm

Use of multispectral image
data

C—Comparison What are you compar-
ing it to?

Existing segmentation meth-
ods

Existing baseline models

E—Evaluation What are the expected
outcomes?

Accuracy and computational
efficiency

Accuracy and computational
efficiency

The main contributions of the paper are as follows.

• We identify and review available datasets used in segmentation studies and highlight
the lack of construction-specific training data for deep learning models.

• We compare segmentation methods and metrics to evaluate the effectiveness of data
fusion techniques over geometry-only baselines.

• We provide key challenges and future directions, including the need for domain-
adaptive models and real-site datasets to improve material classification performance
in construction environments.

The remainder of this paper is organized as follows: Section 2 describes the methodol-
ogy used to conduct the review. Section 3 presents the results; Section 4 provides a detailed
discussion; and Section 5 concludes the study.

2. Methods
We employ the Preferred Reporting Items for Systematic Reviews and Meta-Analyses

(PRISMA)-guided systematic review approach to ensure transparency, reproducibility,
and methodological rigor in identifying, screening, and selecting relevant literature. The
PRISMA framework was chosen for its standardized and auditable process for systematic
reviews. Using PRISMA Checklist shown in Supplementary Material, we synthesized
heterogeneous research across the fields of computer vision, remote sensing, and con-
struction engineering. The formulation of research questions used the SPICE framework,
encompassing Setting, Perspective, Intervention, Comparison, and Evaluation. The Patient,
Intervention, Comparison, and Outcome (PICO) framework was deemed inappropriate
for studies focused on engineering and technology. The SPICE framework facilitates a
structured analysis of technical systems, making it well-suited for research on material-level
point cloud segmentation in construction environments.

A comparative analytical framework was adopted to synthesize the selected stud-
ies. The framework enables systematic comparison of various segmentation algorithms,
data modalities, datasets, evaluation metrics, and reported limitations. The execution of
a meta-analysis was deemed unfeasible due to the heterogeneity identified among the
reviewed studies. Variability in sensing configurations, dataset composition, segmentation
granularity, and evaluation protocols would hinder the aggregation of results to a level
that is statistically meaningful. Consequently, a qualitative and quantitative comparative
synthesis was employed to identify trends in methodology, performance ranges, challenges,
and research gaps. The overall methodological scheme of this study is illustrated in Figure 2,
which summarizes the workflow from research gap identification and question formulation
to data extraction, synthesis, and interpretation.
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Research Gap Identification

Research Questions (SPICE Framework)

Database Selection & Boolean Search

Inclusion/Exclusion Criteria

Study Screening and Eligibility (PRISMA)

Data Extraction

Comparative Analysis and Synthesis

Challenges and Research Directions

Figure 2. Methodological framework of the systematic review, illustrating the PRISMA-guided
workflow combined with the SPICE analytical framework and comparative synthesis approach.

2.1. Inclusion and Exclusion Criteria

The inclusion and exclusion criteria for paper selection are depicted in Figure 3. The
process establishes the parameters that decide a study’s appropriateness for this review.
The criteria include the main databases in which the articles should be indexed, namely
Google Scholar, The Lens, and the ASCE Library.

The studies need to be conducted in an external setting, such as a construction site,
with particular attention to classifying or identifying construction materials.

In addition, the chosen studies must include information on data collection methods,
algorithms utilized, design or performance metrics, and the implementation of deep learn-
ing techniques. Articles should be published within the period from 2020 to 2025, and all
studies must be composed in English.

Figure 3. Inclusion and Exclusion criteria.

2.2. Search Engine Strategy

After defining the research questions, a query string was formulated using the key
investigation terms and the Boolean operators AND and OR, as presented in Table 2. The
main keywords used included construction, materials, point cloud, multispectral imaging,
classifications, algorithm, and reliability. Consequently, a Boolean formula was derived
from these variations to form the comprehensive search query for the databases used in
the study.
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Table 2. Search dimensions and Boolean query structure used for the literature review.

Search Dimension Core Terms Related Terms/Synonyms Boolean Structure

Construction Domain construction building site, construction
site, infrastructure

(construction OR building
site OR construction site OR
infrastructure)

Materials of Interest materials concrete, steel (materials OR concrete OR
steel)

3D Spatial Data point cloud LiDAR, 3D scanning, pho-
togrammetry

(point cloud OR LiDAR OR
3D scanning OR photogram-
metry)

Imaging Modality multispectral hyperspectral, infrared, ther-
mal

(multispectral OR hyper-
spectral OR infrared OR
thermal)

Computational Task classification segmentation, detection,
recognition

(classification OR segmenta-
tion OR detection OR recog-
nition)

Performance Indicators accuracy efficiency, robustness (accuracy OR efficiency OR
robustness)

Conducting the query involves using three primary databases: Google Scholar, The
Lens, and ASCE (American Society of Civil Engineers). Google Scholar was used as a
multidisciplinary search engine to access academic publications, including articles on point
cloud processing, material classification, and computer vision in construction.

The lens database was chosen for its wide-ranging coverage of scientific publications
across multiple disciplines. Its thorough indexing is crucial for monitoring developments
in point-cloud segmentation and multispectral imaging within the construction sector.
By providing structured metadata and citation analysis, the platform helps identify re-
search trends and key contributors, enabling a systematic assessment of developments in
multisensor data fusion relevant to Construction 4.0.

ASCE Library was selected for its focused, specialized content in civil engineer-
ing, highlighting several significant papers on topics such as construction site monitor-
ing, material analysis, and the integration of innovative technologies, including point
cloud segmentation.

Data fusion is the process of combining information from multiple sensing sources—
for example, different types of remote sensing data—to improve the accuracy of object
recognition and segmentation. Its use has grown rapidly as modern sensors have made
data collection much easier. As a result, combining data from various sources is now
common in fields like computer vision and remote sensing, where it plays an important
role in tasks such as object segmentation and identification.

2.3. Selection and Data Collection Process

The original data set included 123 entries. Titles and abstracts were reviewed to
generate summaries that outline the problem context, data type, and intended task.

We evaluated whether the research focused on point cloud segmentation rather than
related areas such as detection or 2D image analysis. We evaluated whether the goal was to
identify construction materials in detail, distinguishing between concrete and steel rather
than merely classifying generic categories. Studies that met these criteria were advanced
for further evaluation on available performance metrics.

After identifying the candidate metrics, we assessed the consistency of their definitions
and units across different articles to ensure a responsible comparison of the results. The
process included verifying that widely used indicators, such as overall precision, mean
intersection-over-union, or per-class F1/IoU, were calculated using similar protocols and
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labeling schemas, or that the authors provided sufficient detail to allow translation between
similar formulations.

Research manuscripts were excluded from the review process if they did not provide
sufficient detail in their explanations or if the definitions of their metrics were not easily
comparable with those of other studies. Rigorous criteria ensure that only well-defined and
adequately described research is considered for inclusion.

Following the detailed alignment process, 30 studies were identified as meeting all
the specified criteria. Each of these studies was thoroughly examined, and relevant data
on their methodologies, datasets used, training configurations, baseline comparisons, and
results were extracted.

A thorough evaluation enabled us to pinpoint ongoing and persistent challenges
frequently encountered in the research field. In addition, it allowed us to outline specific
directions for future investigation.

2.4. Synthesis Methods

During full-text screening, each eligible paper was classified along eight dimensions to
aid integration into the synthesis and highlight challenges in the field. Dimensions included
sensing modality, task granularity, setting, comparators, domain shift, runtime/computer
reporting, dataset characteristics, and reporting quality.

Studies were included if they focused on classifying concrete or steel using multispec-
tral or multimodal segmentation techniques and required a baseline using geometry alone
or a single sensor evaluated with consistent data protocols.

Performance comparisons were based on metrics like Overall Accuracy (OA), Mean
Intersection over Union (mIoU), and per-class F1 or IoU scores to assess model effec-
tiveness. Robustness evaluations compared model performance under standard versus
modified conditions, including fog, rain, and night, to assess generalization beyond the
training environment.

Synthesis for Research Question 2 focused on boundary and class imbalance, assessing
studies that used boundary-aware metrics to improve segmentation precision at material
interfaces and examining performance across specific classes, particularly those with under-
represented materials. The methodology highlighted class disparities and demonstrated
how architectures could mitigate reductions in accuracy for infrequent elements.

Research Question 3 assessed the reporting and reproducibility of the dataset in stud-
ies, emphasizing the importance of datasets with clear annotations and comprehensive
segmentation methods. Studies noted limitations in transferability across sensors, locations,
or environments, revealing deficiencies in standardized datasets for material-aware segmen-
tation and the need for transparent reporting to enhance reproducibility and comparisons
between studies.

A structured extraction matrix was developed to standardize the reporting and allow
valid cross-study comparisons. Each study included bibliographic details such as study
identification number, publication year, and location. The extraction also recorded the study
scope, including the site type and targeted materials, as well as the sensing configuration,
detailed modalities, spectral bands, and resolution.

The risk of bias was evaluated using qualitative methods, focusing on the sufficiency
of credible details in each publication to support its claims. For individual studies, doc-
umented results were reviewed to ensure availability at the material level, with explicit,
consistent metric definitions and a transparent assessment protocol. This process required
verifying the data partitioning methodology, distinguishing between the tuning and testing
phases, and executing external or cross-site validation procedures.
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3. Research Results
As shown in Figure 4, once the inclusion and exclusion criteria were established, we

compiled a total of 123 records: 82 from Google Scholar, 33 from The Lens, and 8 from
AESC. During the screening phase, we removed duplicate records and any entries that
did not meet our criteria. Next, we excluded articles that did not focus on point cloud
segmentation or classification. Finally, we identified 17 papers for which the full text was
unavailable. Despite retrieval efforts, these 17 documents could not be obtained.

Studies examine limitations of ground segmentation models and propose a ‘patchwork’
strategy with adaptive parameter tuning to mitigate partial under-segmentation. They
present new modeling concepts and improved performance in ground extraction. However,
the lack of ground-only scores and material-specific metrics limits the comparability with
our results.

We retained 40 documents after grouping by metrics, methodologies, and research
types, excluding 10 articles: eight used specific metrics, and two were relevant reviews.
These reviews focused on applications of point cloud data in specific domains rather than
on surveys of point cloud-based deep learning segmentation. Then, 30 documents were
employed for comparative analysis of methodologies, challenges, and opportunities. The
excluded articles focus on shape reconstructions, object recognition, and BIM integration.

Figure 4. PRISMA Workflow.
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We present the results of our research methodology and compare the selected articles
in terms of their approaches, findings, challenges, and identified opportunities. Table 3
provides a comparative analysis of state-of-the-art multisensor, multispectral point cloud
segmentation methods. Although much progress has been made in the use of multimodal
data, there are significantly fewer methods capable of classifying construction materials
such as concrete or steel.

Table 3. Comparison of segmentation and classification models for multispectral and point
cloud datasets.

Study Year Model Data Set Code mIoU IoU MA AA OA Materials #Lbls Main Findings

[32] 2024 Projection-
based CNN en-
coder–decoder

FGI AkhkaR4-
DW

Python 62.1 – – – – Asphalt; Brick;
Concrete

13 Multispectral + multi-scan
LiDAR improves real-time
urban segmentation.

[33] 2023 NSSS (Normalized
Spatial–Spectral
Segmentation)

Harbor of Tober-
mory; UH

C++ – – – 96.3 93.2 Cottages;
Buildings;
Powerlines

50 Unsupervised multispectral
segmentation with reduced
under-segmentation.

[34] 2024 LDE-Net (Local
Dual-Enhancement
Network)

Semantic3D;
SemanticKITTI

Python 77.6 – – – 95 Buildings;
Road

8 Sharper boundaries and
higher IoU vs. RandLA-Net.

[24] 2021 SE-PointNet++ (multi-
spectral LiDAR)

Titan multispec-
tral LiDAR

Python 60.15 – – – 91.16 Road; Build-
ing; Grass

6 SE blocks enhance feature
sensitivity.

[26] 2021 FR-GC-Net (Graph
CNN)

Titan multispec-
tral LiDAR

Python – 65.78 – – 93.55 Road; Build-
ing; Soil

6 Improves discrimination of
complex geometric/spectral
features.

[27] 2023 Polarimetric multi-
spectral LiDAR

LiDAR materials
data

Python – – – 92 – Plastic; Stone
types

5 Polarimetry + multispectral
LiDAR enables roughness
classification.

[35] 2022 CBL (Contrastive
Boundary Learning)

Semantic3D;
NPM3D

Python 75 – – – 94 Ceiling; Floor;
Wall; Beam

13 Boundary-focused optimiza-
tion improves accuracy and
robustness.

[36] 2023 GrowSP S3DIS; ScanNet;
SemanticKITTI

Python 44.5 – 57.2 – 78.4 None 12 Label-free segmentation
achieves near-supervised
performance.

[31] 2022 PointNet++ (U-Net-
like)

LiDAR dataset Python 74.89 – 90.95 – 98.86 None 8 Accurate railway asset seg-
mentation; scalable and gen-
eralizable.

[25] 2022 KP-Pyramid;
RandLA-Pyramid

Paris-Lille 3D;
S3DIS

Python 75.8 – – – – Wall; Ceiling;
Column

8 Multi-scale fusion improves
mIoU without cost.

[37] 2024 GroupSP ALS point cloud Python 80.3 – 86.7 – 96.9 Building; As-
phalt; Gravel

7 High-accuracy urban seg-
mentation using minimal la-
bels.

[28] 2023 PointDR SemanticSTF Python 28.6 – – – – Building;
Road; Terrain

19 Randomization + contrastive
embedding improves gener-
alization.

[30] 2023 EyeNet SensatUrban;
Toronto3D

Python 62.3 – – – 93.7 Building;
Ground;
Bridge

13 Mimics human vision for
sparse but accurate segmen-
tation.

[38] 2024 Multi-stream neural
network (EdgeConv
3D CNN)

Corta Atalaya
open-pit

Python – – – – 66.5 Saprolite; Sul-
fide

10 Multimodal stream net-
works improve mineral
classification.

[39] 2022 PLSDA Hyperspectral im-
ages

MATLAB – – – – 99 Brick; Mortar;
Stone

5 Hyperspectral imaging
achieves 99% façade accu-
racy.

[40] 2022 MSMF-PointNet ISPRS 2D Python – 68.4 – – 88.1 Roofs; Facades 9 Integrating multispectral fea-
tures improves classification.

[41] 2024 CNN-based defect
model

AI Hub platform Python 97% – – – – Cracks de-
tected

1 Improves defect detection
and inspection efficiency.

[42] 2024 PCRNet Yinwu Building Python – – – – 95.8 Curtain walls;
Insulation

3 Infrared + point cloud fusion
detects anomalies.

[43] 2023 CNN + Depth Crack
Detection

701 infrared im-
ages

Python 97.6 97.6 – 93 – Prestressed
concrete
cracks

1 Detects invisible cracks with
high precision.

[44] 2022 Dual-view Learning
Fusion (DvLF)

Buffalo; Houston
datasets

MATLAB – – – – 83.35 Buildings;
Roads

4 Sensor fusion improves ac-
curacy with limited training
data.

[45] 2022 Decision Tree Classi-
fier

Titan Multispec-
tral LiDAR

Python – – – – 93.82 None 6 Fusing spectral + elevation
+ intensity boosts classifica-
tion.

[46] 2022 RC-3DSSA (Regional
Clustering + SSA)

QUH dataset MATLAB – – – 84.55 86.62 Asphalt; Con-
crete; Brick

18 UAV hyperspectral SSA out-
performs deep learning.

[47] 2022 Geometry-aware
Sparse Networks
(GASN)

SemanticKITTI;
nuScenes

Python 70.7% – – – – None 20 Balances speed, memory,
and performance.

[48] 2022 MLP Optech Titan Li-
DAR

Python – – – – 98.43 Asphalt;
Buildings

8 Multispectral LiDAR + im-
agery yields >98% accuracy.

[49] 2022 DeepLabv3+ 1250 raw images MATLAB – – 89.09 – 91.04 Delamination;
Cracks

3 Detects cracks and delamina-
tion accurately.

[50] 2023 2D–3D Fusing Ap-
proach

S3DIS 3D dataset C++/PCL 54.4 – 62.1 86.9 – Stone; Metal;
Wood

13 Material augmentation im-
proves recognition.

[29] 2024 UniMix SemanticKITTI;
SynLiDAR

– 37.2 – – – – Roads; Build-
ings

21 Bridges domain gaps
between clear/adverse
weather.

[51] 2024 MSCF-MAM (Multi-
Scale + Multi-
Attention)

Salinas Valley;
WHU-HI

Python – – – 92.70 90.44 Roofs; Plastic;
Metal

16 Attention + convolution
improves classification
efficiency.
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Our analysis demonstrates the role of multispectral features, particularly those ob-
tained with multiwavelength LiDAR, in enhancing segmentation performance. Consistent
with the findings of SE-PointNET++ [24] and FR-GCNet [26], the results indicate that incor-
porating spectral data significantly enhances the ability to distinguish between objects with
similar geometric characteristics. This underscores the constraints of geometry-based ap-
proaches in construction environments and emphasizes the need to use spectral information
to classify materials.

Domain adaptation and minority class recognition pose major challenges. The research
from [28] shows that the model struggles with difficult datasets that feature fog, rain, and
snow. Steel often represents only a small portion of the materials visible to the camera,
leading to the omission or misclassification of other classes, which hampers effective class
balancing at the prediction level and boundary refinement.

The review emphasizes the lack of domain-specific datasets, noting that publicly
available ones primarily focus on urban transportation. Crucial material-level labels are
missing for tracking construction site materials, underscoring the need for a dataset that
supports domain generalization in object detection methods and the scarcity of material-
level annotation datasets.

3.1. Data Fusion-Review

Data fusion integrates information from multiple sensing sources, including remote
sensing technologies, to enhance object recognition and segmentation performance. The
increasing adoption of data fusion approaches is linked to advances in sensing technolo-
gies, which facilitate the efficient acquisition of heterogeneous data. The combination
of various data sources has become a common practice in computer vision and remote
sensing, yielding significant improvements in the accuracy of object segmentation and
identification tasks.

Urban and outdoor environments particularly benefit from data fusion, given that
individual sensing modalities have inherent limitations. LiDAR provides detailed geomet-
ric information along with intensity and echo attributes, whereas High Spatial Resolution
Imagery (HSRI) offers rich spectral characteristics but faces challenges from occlusions and
illumination effects. The integration of these complementary data sources addresses these
limitations, leading to enhanced building extraction, increased automation, and improved
classification workflow robustness. Table 4 summarizes and classifies the data fusion
strategies identified in the reviewed studies, categorizing them by fusion level and type.

Multi-source remote sensing data fusion can be categorized into three distinct groups
based on the stage or abstraction level at which the fusion occurs. Early fusion occurs at the
pixel level during the raw data stage, before any processing. Early-stage fusion operates on
multiple raw inputs, such as various images of the same region or different spectral bands,
which are merged directly into a unified dataset to improve data quality. Intermediate
fusion occurs at the feature level, where features are extracted but the final decision-making
has not yet occurred. For intermediate fusion, each sensor’s data is processed independently
to extract features, including texture, shape, point-cloud geometry, and spectral signatures.
The extracted features are then merged into a unified representation that balances the
richness of raw data with computational efficiency, making it suitable for deep learning
architectures. Late fusion involves conducting separate analyses for each data source before
consolidating their results. Each dataset generates a distinct classification, detection, or
segmentation, and a final decision rule integrates these outputs to form a single, consensus
result. The late fusion approach offers significant flexibility and performs effectively when
the sensors exhibit varying properties or resolutions.
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Table 4. Classification of data fusion levels and fusion types across the reviewed studies.

Document Level of Fusion Justification Based on Sources Fusion Type

[52] Late
Hierarchical overlay analysis merges results de-
rived from UCMs of the nDSM and image data,
indicating decision-level fusion.

LiDAR data + high spatial resolution imagery
(HSRI); fusion of contour maps from nDSM and
images

[51] Early
Independent LiDAR point clouds acquired at dif-
ferent wavelengths are merged into a single point
cloud prior to analysis.

Multispectral LiDAR point clouds (532, 1064,
1550 nm)

[26] N/A
Uses inherently fused multispectral LiDAR data
and focuses on classification methods without
defining an additional fusion strategy.

Multispectral LiDAR channels (Green, NIR, MIR)

[45] Intermediate
Feature vectors combining MS-LiDAR intensity,
DSM elevation, and NDVI indices are constructed
before classification.

MS-LiDAR intensity + DSM + NDVI

[46] N/A Focuses on hyperspectral image classification and
dataset creation without multimodal fusion. Hyperspectral imaging only

[35] N/A
Reports results from semantic segmentation meth-
ods (e.g., FusionNet) without specifying fusion
level or modalities.

Not specified

[49] N/A
Performs pixel-wise semantic segmentation on
image data for defect detection without cross-
modality fusion.

Image data only

[47] Intermediate Adaptive Scale Selection (ASS) layer fuses multi-
scale feature representations within the network. Multi-scale feature tensors

[31] N/A
Operates on LiDAR XYZ coordinates and inten-
sity values without explicit fusion of different sen-
sor modalities.

LiDAR attributes (XYZ, I)

[25] Intermediate
Cross-scale Attention Fusion Module (CLAIM) in-
tegrates contextual and detail features at multiple
scales within the network.

Multi-scale contextual and detail features

[39] N/A
Compares hyperspectral and multispectral
datasets independently, without performing
fusion.

No fusion performed

[40] Early Geo-registration fuses LiDAR point clouds with
RGB imagery before feature extraction. LiDAR point clouds + RGB imagery

[44] Late Combines classification results from ETC and
DTC regions at the decision stage. Multispectral imagery + LiDAR (decision fusion)

[48] Early
Geo-registration enriches multispectral LiDAR
points with RGB and NIR information prior to
learning.

MS-LiDAR + aerial imagery

[33] N/A Uses multispectral point cloud data without ex-
plicitly defining the fusion strategy. Multispectral LiDAR channels

[27] N/A Uses features from a single integrated polarimet-
ric multispectral LiDAR sensor. Single-sensor MS-LiDAR

[36] N/A Addresses unsupervised semantic segmentation
of point clouds without cross-modality fusion. Point cloud only

[28] Early PolarMix data augmentation mixes point clouds
from different domains at the input level. Domain-mixed point clouds

[30] N/A Exchanges information between parallel network
streams without explicit sensor-level fusion. Internal feature streams

[50] Intermediate
Semantic material properties predicted in 2D are
back-projected and fused with corresponding 3D
points.

2D semantic labels + 3D point clouds

[43] Intermediate
PCRNet-based architecture fuses infrared im-
agery features with geometric point cloud fea-
tures.

Infrared imagery + point clouds

[32] Early
Nearest-neighbor matching merges measure-
ments from two LiDAR scanners before segmen-
tation.

Dual-wavelength LiDAR (905 nm + 1550 nm)

[34] N/A Reviews 3D point cloud segmentation methods
without defining a specific fusion strategy. Geometric and point features

[53] N/A
Transfers semantic labels from BIM models to
point clouds using geometric intersection rather
than sensor fusion.

BIM-to-point cloud labeling

[29] Intermediate
UniMix blends point clouds across domains using
spatial, intensity, and semantic attributes within
the network.

Multi-domain feature fusion

[37] Intermediate
Geometric coordinates and multispectral re-
flectance channels are incrementally combined
as feature inputs.

XYZ + spectral reflectance

[38] Intermediate
A multi-stream architecture fuses XYZ, hyperspec-
tral, and RGB data, concluding intermediate fu-
sion yields best performance.

Point clouds + HSI + RGB

[41] N/A Detects concrete defects using image data only,
without multimodal fusion. Image data only

[51] N/A Extracts and fuses multi-scale features internally
within the hyperspectral domain. Internal HSI features

[42] Intermediate
Integrates infrared thermal imagery with point
cloud geometry to enable depth-aware tempera-
ture analysis.

Infrared imagery + point clouds
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3.2. Types of Data Fusion-Review

Table 4 outlines the types of data, sensor modalities, and feature representations that
are integrated in the reviewed documents. The objective of the table is to elucidate the
significance of data fusion. Multiple multispectral LiDAR wavelengths and raw point
cloud attributes, such as XYZ coordinates, intensity, and echo information, are among
the primary data types being fused. Each wavelength interacts uniquely with materials,
and combining this data enhances the point cloud with spectral cues, thereby improving
material discrimination. This data integration exemplifies an early type of data fusion.
Another instance of data fusion involves combining LiDAR data with optical imagery,
such as RGB, NIR, and HIS. The LiDAR point cloud provides coordinates through geo-
registration, resulting in a point cloud augmented with spectral and color information.
This enrichment contributes to defining the shape and appearance cues of the model,
thereby aiding tasks such as building extraction, material recognition, and land cover
classification. Depending on the specific workflow employed, this integration can occur at
either a mid-level fusion or an early-stage fusion.

3.3. Why Fusion Helps Distinguish Materials

The fusion of data significantly enhances the detection and segmentation of materials,
owing to the robustness afforded by the multi-dimensional feature vector. Image-based
methods encounter challenges related to geometric ambiguities and shadow occlusions
when relying exclusively on a single dataset. Data sets that contain only LiDAR infor-
mation are limited by the absence of essential spectral cues, which complicates accurate
classification of areas where objects exhibit similar geometric characteristics but differ in
spectral content.

The process of data fusion mitigates the limitations inherent in each data set by merg-
ing accurate height and geometry from LiDAR with detailed spectral reflectance from
imagery. The literature indicates that the polarimetric multispectral LiDAR system is
among the most effective fusion methods for material recognition. The polarimetric multi-
spectral LiDAR effectively disentangles the influences of material composition and surface
roughness on reflectance measurements, thereby facilitating precise material identification.

Features derived from the unpolarized reflectance spectrum generated through polari-
metric multispectral fusion serve as an efficient tool for material classification, as they are
independent of surface roughness and rely solely on volume scattering, which is contingent
on the material properties themselves. Experimental investigations of construction-related
materials, such as plastics and various types of stone, demonstrate that the unpolarized
reflectance spectrum achieves 100% cross-validation accuracy for material classification
with higher-resolution configurations.

The fusion of multispectral LiDAR features with geometric information proves par-
ticularly effective in urban and construction-oriented environments where materials such
as concrete, asphalt, and impervious surfaces exhibit comparable geometric character-
istics. The integration of spectral data with elevation-derived products, such as digital
surface models (DSMs), combined with vegetation indices like the normalized difference
vegetation index (NDVI), has yielded impressive classification performance, achieving an
overall accuracy of 93.82% using three-channel multispectral LiDAR intensities, DSM, and
NDVI features.

The utilization of polarimetric fusion data is particularly advantageous for differenti-
ating between visually or geometrically similar objects. For example, concrete surfaces and
asphalt roads have analogous height profiles, while buildings may structurally resemble
vegetation. The addition of spectral or material-specific attributes, whether obtained di-
rectly from multispectral LiDAR or indirectly from registered imagery, allows segmentation
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frameworks to achieve enhanced discrimination among these objects. The incorporation
of material properties into the three-dimensional representation bolsters classification
robustness, especially in environments where geometry alone leads to ambiguity.

3.4. Model Architectures and Techniques

The analysis conducted reveals trends in the evolution of segmentation model ar-
chitectures. Notably, point-based deep learning models such as SE-PointNet++ [24] and
FRGCNet [26] remain prominent in the literature. The methods generally incorporate atten-
tion mechanisms (e.g., squeeze-and-excitation (SE) blocks, feature reasoning module) into
the model design to improve the model’s material sensitivity to the underlying point cloud.

Recent sparse voxel-based architectures, including Geometry-Aware Sparse Net-
works [47] (GASN) and EyeNet [30], aim to reduce memory and computational costs
when processing large-scale point clouds.

In addition, recent works also propose hybrid feature fusion by aggregating spectral,
geometric, and contextual features, as indicated in the multimodal fusion work in [38],
which produces significantly better results than others for materials with highly correlated
geometric features.

3.4.1. Point-Based Models and Attention Mechanisms

Point-based deep learning approaches function by independently processing each
point, rather than converting the point cloud into image or voxel formats. SE-PointNet++
and FR-GCNet represent two significant models that utilize attention mechanisms. At-
tention mechanisms within these models enhance the network’s capacity to highlight
prominent spectral and geometric features, which leads to improved classification accuracy
for multispectral LiDAR data.

3.4.2. SE-PointNet++

The SE-PointNet++ architecture is an enhanced version of PointNet++ tailored for
the classification of multispectral LiDAR point clouds. The architecture incorporates a
Squeeze-and-Excitation Block, which facilitates channel-wise attention. During the squeeze
phase, the network produces a global statistical descriptor for each feature channel. The
excitation phase uses this descriptor to identify informative channels, then assigns them
higher weights. The subsequent recalibration stage amplifies the notable feature channels
while diminishing the impact of irrelevant or noisy channels. This methodology improves
feature saliency, strengthens the distinction among materials with closely spaced spectral
characteristics, and mitigates the influence of redundant or noisy channels commonly
found in multispectral LiDAR datasets.

3.4.3. FR-GCNet

The FR-GCNet is a graph-based neural architecture that integrates local and global
reasoning to enhance multispectral LiDAR classification. The Local Reasoning Unit, im-
plemented via edge attention, operates within the framework of graph theory by focusing
on the immediate vicinity of each data point. This unit constructs a local graph using
k-nearest neighbors and learns edge features encoding the relationships between pairs of
points. An attention mechanism applies higher weights to edges that effectively highlight
significant local structures. The primary objective of this unit is to capture detailed shapes
and surface variations that are essential for distinguishing materials with overlapping
spectral characteristics.

The global reasoning module analyzes large-scale structural relationships across the
entire point cloud, using spatial coordinates to model global context and interrelations
among distant regions. This approach differentiates large objects or materials that share
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similar local geometries but differ in spatial configuration. Its goal is to provide high-level
contextual information that complements the local attention unit.

Both SE-PointNet++ and FR-GCNet demonstrate how attention mechanisms can
make point-based segmentation models material-aware by suppressing irrelevant spectral
channels while highlighting spatial structures useful for classification through the fusion of
geometric and multispectral cues—something traditional PointNet-style models cannot do
effectively. These methods also show a clear trend: attention mechanisms are becoming
more critical in multispectral LiDAR material classification, as they help steer the model
toward the most informative signals.

3.4.4. Sparse Voxel Architectures

Recent three-dimensional segmentation models employ sparse voxel architectures to
decrease computational and memory demands while preserving geometric fidelity. The
models GASN and EyeNet exemplify this approach, demonstrating that efficiency can be
attained without compromising accuracy.

3.4.5. Geometry-Aware Sparse Networks (GASN)

Geometry-Aware Sparse Networks (GASN) provide an innovative method for efficient
point cloud processing by leveraging the sparsity of large-scale 3D datasets. GASN avoids
the reliance on dense voxel grids or computationally intensive point-based operations.
Instead, GASN operates directly on a single sparse voxel representation, resulting in a
significant reduction in computational requirements while preserving detailed geomet-
ric information.

The architecture includes a Sparse Feature Encoder (SFE) that implements sparse
convolutions only at locations where points are present. A Sparse Geometry Feature
Enhancement (SGFE) module supplements GASN by enriching feature extraction through
the combination of multi-scale sparse projections and an attentive scale selection strategy.
GASN also integrates Deep Sparse Supervision (DSS), which improves training efficiency
by directly supervising intermediate layers with minimal memory usage. The collective
functionality of these components enables GASN to achieve state-of-the-art performance
with significantly lower memory consumption and faster processing times compared to
most point-based or dense voxel-based techniques. GASN demonstrates its effectiveness in
handling large and unstructured outdoor environments.

3.4.6. EyeNet

EyeNet is a point cloud segmentation network inspired by the human visual system
that incorporates both foveal and peripheral vision. The multi-scale input strategy em-
ployed by EyeNet specifically addresses the complexities of dense, expansive outdoor point
clouds. This strategy incorporates a high point density at the center of the scene while
maintaining a lower density in the periphery. The configuration of this input strategy
facilitates the model’s ability to focus on local details while incorporating global context,
without excessive GPU memory consumption.

Consequently, EyeNet processes a significantly reduced data volume, utilizing nearly
60% fewer points than fixed-number sampling methods, such as RandLA-Net, while still
achieving comparable segmentation accuracy. The efficient memory usage and scalability
of EyeNet make it well-suited to real-world applications requiring extensive spatial cov-
erage and constrained resources, such as mapping with UAVs or conducting long-range
LiDAR surveys.

The development of contemporary 3D segmentation frameworks demonstrates a no-
table shift toward designs focused on efficiency while effectively addressing the significant
scale and irregular structure of real-world point clouds. Models such as GASN and Eye-
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Net illustrate the effectiveness of leveraging sparsity, multi-scale reasoning, and specific
attention mechanisms to markedly reduce computational requirements without sacrificing
accuracy. The avoidance of unnecessary dense processing, paired with an emphasis on
meaningful geometric or contextual information, enables these architectures to achieve
faster runtimes, lower memory consumption, and improved scalability in comparison to
traditional point-based methods.

The ability of these models to operate efficiently with fewer points or sparse voxel
representations makes them particularly suitable for large outdoor environments such
as construction sites, where the volumes of UAV and LiDAR data are exceptionally high.
These strategies collectively highlight advances in the field toward practical and efficient
solutions that maintain robustness in complex, unstructured environments.

3.4.7. Hybrid and Multimodal Feature Fusion

Segmentation approaches currently rely heavily on integrating multiple forms of
information, including spectral, geometric, and contextual data, to generate more detailed
and precise object representations. The combination of multiple modalities or feature
domains is especially effective when materials share similar shapes or geometries, making
classification based solely on geometric cues difficult.

3.4.8. Geometric and Contextual Feature Fusion

Recent advancements in segmentation models incorporate geometric and contextual
features to improve the understanding of complex point cloud environments. FR-GCNet
exemplifies this approach by integrating local structural information acquired through
Edge Convolution with global contextual features that explicitly describe relationships
across the entire scene. The dual reasoning strategy implemented in FR-GCNet enables the
model to better comprehend fine-grained geometry and large-scale spatial organization.

LDE-Net also contributes to this field by introducing a Local–Global Feature Extraction
(LGFE) module, which aggregates detailed local features and higher-level contextual cues
using distance metrics derived from spatial coordinates, color values, and learned feature
representations. Furthermore, LDE-Net includes a Local Feature Aggregation Classifier
(LFAC) to enhance classification performance by refining object boundaries using infor-
mation from neighboring points. The findings from these methods suggest that integrating
geometric structure and contextual understanding can significantly improve segmentation
accuracy when materials or objects share similar shapes or occupy overlapping spatial patterns.

3.4.9. Spectral and Multimodal Aggregation

Spectral and multimodal aggregation represents a powerful methodology for clas-
sifying point clouds, particularly when geometric information alone is insufficient for
materials with similar shapes. Recent studies have demonstrated the usefulness of inte-
grating multi-wavelength spectral information with three-dimensional spatial information,
particularly for urban and natural scenes. In multispectral LiDAR research, the combination
of geometric features, such as height or spatial coordinates, with spectral measurements,
including RGB, near-infrared (NIR), raw LiDAR intensities, and vegetation indices such as
the normalized difference vegetation index (NDVI), is common. This integration enables
models to exploit material-specific patterns of spectral reflectance and structural properties,
thereby providing a comprehensive representation of each object. Even a basic multi-layer
perceptron (MLP) network utilizing this multimodal feature set achieves over 97% overall
accuracy in urban mapping tasks, highlighting the efficacy of spectral fusion. Multimodal
aggregation enhances the model’s ability to express the diversity of material characteristics,
resulting in more robust and discriminative classification than can be achieved using only
geometric or spectral information.
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3.4.10. Material Sensitivity Through Multistream Fusion

Material sensitivity is significantly enhanced by multistream fusion techniques, which
combine hyperspectral, RGB, and 3D point cloud data to identify subtle variations often
missed by single-modality approaches. These multistream models utilize distinct pro-
cessing pathways for each data modality, which enables the extraction of complementary
information: geometric structure is derived from the point cloud, color and texture are
extracted from RGB imagery, and fine-grained spectral signatures are captured from hy-
perspectral data. The incorporation of channel attention modules is a critical aspect of
this methodology, often implemented using 3D CNNs or EdgeConv within the hyperspec-
tral branch, enabling the network to prioritize the most informative wavelengths while
mitigating irrelevant spectral noise. The focus on salient spectral features within multi-
stream architectures leads to a marked improvement in the ability to differentiate materials
that share similar geometric shapes or visual properties but display unique reflectance
characteristics. This capability is especially crucial in applications such as mineral or ma-
terial classification, where nuanced spectral signals are vital for distinguishing between
closely related categories. Consequently, multistream fusion establishes a robust framework
for achieving high material sensitivity, effectively addressing the constraints imposed by
monochromatic LiDAR or solely geometric methods.

The three primary fusion strategies consist of geometric and contextual integration,
spectral and multimodal aggregation, and material-sensitive multistream architectures.
These strategies collectively indicate a clear trend in contemporary point cloud segmen-
tation research: effective classification increasingly requires integrating diverse and com-
plementary feature domains. Geometric-contextual fusion significantly improves spatial
understanding by integrating precise local structures with broader scene-level relationships,
thereby enhancing boundary clarity and structural coherence. Spectral and multimodal ag-
gregation further enriches representational depth by incorporating wavelength-dependent
reflectance patterns and multisensor cues that geometry alone cannot capture, thereby
enabling models to handle materials that share similar shapes but exhibit different spectral
signatures. Multistream fusion architectures subsequently enhance material sensitivity by
allowing each modality—hyperspectral cubes, RGB images, and 3D point clouds—to con-
tribute specialized information via dedicated processing paths and attention mechanisms.
These three approaches collectively emphasize that no single modality or feature type
can suffice on its own; instead, the most robust and accurate segmentation results emerge
from merging geometric, spectral, and contextual information into a unified, holistic rep-
resentation of the scene. This understanding increasingly supports the use of hybrid and
multimodal methods to ensure dependable performance in complex real-world settings,
particularly in material-level classification, infrastructure monitoring, and construction
site analysis.

3.5. Multispectral and Multimodal Data

One of the findings in the reviewed studies is the role of multispectral and multimodal
data in improving material-level segmentation:

1. SE-PointNet++ [24] demonstrated that incorporating Titan airborne multispectral
LiDAR (532 nm, 1064 nm, 1550 nm) data improved overall precision from about 88%
to 91.16% and significantly enhanced material discrimination.

2. FR-GCNet [26] further reinforced this finding by achieving an mIoU of 65.78% in
multispectral datasets, outperforming traditional geometry-only networks.

3. The study [27] demonstrated that, using multispectral polarimetric LiDAR features
(specifically Runpol and Rpol reflectance indices), a material classification accuracy
of almost 100% could be achieved in controlled laboratory experiments, suggesting
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the powerful role of polarization information in distinguishing between concrete
and steel.

Evidence indicates that employing multispectral and multimodal data substantially
improves material-level segmentation performance. Combining spectral and polarimetric
data allows improved differentiation between materials with similar geometries, such as
concrete and steel. Methods incorporating spectral diversity and polarization outperformed
geometry-only models, underscoring their importance for achieving greater accuracy in
classifying construction materials.

3.6. Challenges Identified in Current Methods

Technical challenges identified in the reviewed literature are outlined in Table 5.
Each issue is supported by evidence from systematic analysis, demonstrating ongoing
problems that hinder the development of robust, material-specific segmentation models for
construction site environments.

Table 5. Challenges identified in current methods.

Challenge Evidence from Review

Domain Shift Studies [28,29,37] reported an mIoU degradation of up to 25% when models trained on
clear weather were tested under fog, rain, or snow.

Noise and Sparsity Study [28–30,32–34,36,37,45–47] noted substantial difficulties in multispectral 2D LiDAR
scans with low point densities (3.5 pts/m2) and high reflection noise, complicating the
segmentation task.

Boundary Segmentation Study [33–35,37,52] (CBL) achieved a +3–4% gain in Boundary IoU, highlighting the value
of boundary-focused optimization for precise material delineation.

Minority Class Imbalance Studies [25,26,34,38,50,53] reported lower performance on under-represented classes (e.g.,
power lines, thin structures—analogous to structural steel) due to heavy class imbalance.

Dataset Limitations Studies [24,31,36,37,48,49] highlighted the lack of publicly available datasets explicitly
annotated with material classes (e.g., concrete, steel), which limits generalization in con-
struction applications.

Advances in multispectral and multimodal point-cloud segmentation face persistent
challenges in construction settings. Issues such as domain shift-induced performance
decline, data sparsity, noise, and imprecise boundary delineation hinder reliability.

Although models such as SE-PointNet++ and FR-GCNet improve robustness to spec-
tral data, they struggle to adapt in real time to changes in data quality. Imbalance in minority
classes, particularly for materials such as steel and rebar, affects accuracy, underscoring the
need for balanced training and adaptive loss functions.

Additionally, data sets such as SemanticKITTI and Semantic3D lack material-specific
annotations, thereby limiting reproducibility. Domain-adaptive architectures and enhanced
dataset design play a crucial role in ensuring consistent material recognition within con-
struction environments.

3.7. Dataset Coverage and Gaps

The datasets employed for training and testing are inadequate for the segmentation
of construction-specific materials. Indoor data sets such as S3DIS and ScanNet have high
point density and include surface segmentation of walls, floors, and furniture. However,
they often lack exposed structural elements, such as bare concrete and steel, which are vital
for accurate construction segmentation and assessment.

Outdoor LiDAR benchmarks such as SemanticKITTI, Semantic3D, and SensatUrban
face challenges in large open environments and varied ecological conditions, including
occlusions and changes in illumination. However, these datasets often lack detailed an-
notations, as their labeling schemes prioritize general categories (e.g., building, ground,
vehicle) without specifying details, limiting their use for material classification tasks such
as differentiating concrete slabs from steel frames.
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A limited number of datasets, such as the Titan MSLiDAR Urban dataset, include
multispectral LiDAR intensity data (532, 1064, and 1550 nm) that help to distinguish
materials by their spectral properties. However, these datasets lack material-level ground-
truth annotations and cannot differentiate between concrete, steel, asphalt, and other
categories. This results in a shortage of publicly available domain-labeled datasets needed
to develop and evaluate material-aware segmentation models in the construction sector. In
addition, they do not provide sufficient diversity in natural light, weather, sensor types,
and construction site contexts.

4. Discussion
The analysis examines the findings of our systematic review, highlighting study-level

metrics and their implications for construction sites. Consistent patterns are observed: ef-
fective spectral–geometric fusion, reduced robustness amid domain shifts, strong boundary
performance in traditional architectures, deep learning minority effects, and the influence
of methodological designs on overfitting.

Enhanced comparability is due to thorough reporting practices. Limitations in the
existing literature include a focus on overall accuracy, variable intersection-over-union
thresholds, inadequate material-specific metrics, and insufficient evaluation of domain
shift, which affect the strength and clarity of the evidence in construction contexts.

In alignment with the discussion, Table 6 synthesizes and contrasts the segmentation
approaches analyzed in this study. Also, underscores the relative performance, robustness,
and practical applicability of each approach within construction environments. The trends
identified in the Results section and the preceding architectural and data-related consid-
erations inform the systematic distinctions among geometry-only methods, multispectral
methods, multimodal approaches, and hybrid techniques. The comparative perspective
provided by this table clarifies that integrating spectral information with multimodal data
consistently enhances material-level discrimination, particularly for concrete and steel.
This enhancement, however, reveals trade-offs related to dataset availability, sensitivity to
domain shifts, and deployment complexity.

Table 6. Comparison of representative approaches for material segmentation and classification in
construction-related 3D data.

Approach Category Data Modality Typical Performance
Range Main Strengths Key Limitations

Geometry-only deep
learning

LiDAR or
RGB-derived point
clouds

OA: 85–95%
(material-agnostic)

Computational efficiency;
mature architectures; strong
object-level performance

Limited material discrimina-
tion; confusion between con-
crete and steel with similar ge-
ometry

Multispectral LiDAR
fusion

Multiwavelength
LiDAR (intensity +
geometry)

OA: 91–98%; mIoU:
60–70%

Improved material sensitivity;
enhanced separation of spec-
trally distinct materials

Limited availability of anno-
tated datasets; reduced ro-
bustness under domain shift

Polarimetric
multispectral LiDAR

Polarization +
multispectral LiDAR

Material accuracy up
to ∼100% (controlled
settings)

Strong decoupling of material
properties and surface rough-
ness; high material fidelity

Laboratory-scale validation;
lack of real construction-site
datasets

Multimodal fusion
(LiDAR +
imagery/infrared)

LiDAR +
RGB/hyperspectral/
infrared

OA: 85–97%
Improved discrimination of
visually ambiguous materials;
effective defect detection

Increased system complexity;
sensor synchronization and
calibration challenges

Unsupervised/hybrid
methods

Multispectral or
geometric point
clouds

OA: 78–96% (scene-
dependent)

Reduced labeling require-
ments; improved scalability
across sites

Limited material specificity;
inconsistent performance
across different sites

4.1. Performance and Architectural Trends

Spectral and geometric fusion techniques outperform alternative methods in the
material-level segmentation of construction point clouds.
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Multi-wavelength returns are particularly useful for distinguishing between concrete
and steel when geometries are similar or texture information is lacking.

An advantage becomes evident in analyses that focus on per-class performance metrics
(F1/IoU scores) for concrete and steel, rather than overall accuracy.

Effective segmentation networks primarily use point-based approaches and integrate
attention or feature-reasoning modules, such as squeeze-and-excitation or mid/late-fusion
transformers, which allow for adaptive reweighting of spectral-geometric features and
improved boundary detection.

Additionally, hybrid multi-stage fusion methods—combining early and mid/late
fusion—often surpass single-stage methods in resilience to sparse or noisy point clouds,
which is crucial for accurately identifying thin steel components and object contacts, where
under-segmentation can occur due to coarse segmentation granularity.

4.2. Robustness, Evaluation Practice, and Dataset Constraints

Advantages of fusion depend on the context, and performance frequently diminishes
due to acquisition changes such as time of day, weather, location, or sensor alterations.

Achieving robustness requires strategies such as data blending, pretraining methods,
and external validation rather than being effortless.

Comparisons can be biased, often relying on overall accuracy or on inconsistent
definitions of Intersection over Union (IoU), complicating accurate assessment of minority
classes such as steel.

Although standardized reporting shows that fused methodologies outperform
geometry-based baselines in material classification, steel identification remains less effective
than concrete identification, as it lacks measures to mitigate boundary effects and rebalance.

Datasets have prioritized functional over material labels, limiting the training signal
and robustness evaluation. Fair comparisons and clearer insights would be enabled by
a dataset that addresses domain shifts, focuses on material labels, and includes challeng-
ing conditions.

4.3. Deployment Implications

Conventional evaluation metrics may prove insufficient for on-site applications, such
as tracking project progress and ensuring quality assurance/quality control (QA/QC).
Techniques that demonstrate strong effectiveness yet reach a performance ceiling in terms
of high mean Intersection over Union (mIoU) within reasonable inference budgets are
considered appropriate. There is broad agreement on the parameters that should be
established to guide pivotal decisions, underscoring the importance of publicly fixing
dataset splits or mandating the execution of code or weights that achieve favorable balances
between effort and accuracy based on less visible configurations.

Experiments based on nonpublic validation datasets and using a best-of-N method-
ology, with reported averages and standard deviations, often lack relevance and appeal
and fail to yield definitive results. The examination reveals that spectral-geometric fusion
is a reliable approach for material-level segmentation due to its practicality. However,
attaining high mIoU figures can sometimes be misleading. Crucial factors include main-
taining robust performance under specific conditions, ensuring reproducibility through
accessible code, weights, and datasets with predetermined splits, minimizing overfitting,
and preventing intermixing of dataset views. This journey begins with a setup featuring
closed-sea boundaries and concludes with closed-sea line reporting. The procedure is
completed with the implementation of transitions away from obsolescence, the establish-
ment of standardized viewing protocols, and the sharing of computational resources, all
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accompanied by reporting modest yet dependable research efforts that avoid misleading
improvements in mIoU.

4.4. Classification Difficulties

The reviewed literature indicates a consistent pattern in which specific classes exhibit
analogous geometric properties, spectral signatures, or sparse spatial representations,
particularly when semantic segmentation accuracy decreases. Roads and grass or buildings
and trees frequently exhibit confusion due to similar elevation profiles, nearly identical
spatial distributions, or spectral clutter. Objects that present overlapping geometric forms,
such as boards and doors or tables and chairs, pose challenges for differentiation when
relying exclusively on spatial coordinates or limited RGB data.

Boundary regions become significant sources of error due to points between classes
that display mixed features, resulting in considerably lower mean Intersection over Union
(mIoU) values compared to inner object regions. The misclassification of minority classes
and thin linear structures, including vehicles, traffic signs, cables, and power lines, arises
from class imbalance, sparsity, and insufficient geometric distinctiveness. This specific
issue is notably common with metallic structural elements, which often appear as slender
features that may be misidentified as nearby vegetation or other structural components. In
contrast, large planar elements typically associated with concrete consistently achieve high
segmentation accuracy.

4.5. Summary of Techniques to Overcome the Challenges

Recent research has increasingly utilized hybrid and multimodal fusion strategies
that integrate geometric, spectral, and contextual information to address classification
challenges. Researchers have developed spectral augmentation techniques that incor-
porate RGB, NIR, NDVI, or two-dimensional material classification maps, providing es-
sential material cues that complement geometric features and help distinguish classes
with similar shapes. Multi-stream architectures have been designed to process various
modalities—such as XYZ, RGB, hyperspectral, or intensity data—independently before
fusion, thereby preserving the distinct characteristics of each feature space and preventing
early feature dilution.

Attention mechanisms, such as Squeeze-and-Excitation blocks, combined with data
augmentation and class-weighted loss functions, address class imbalance, thereby enhanc-
ing robustness for thin or sparse structures. Boundary-focused approaches, including
Contrastive Boundary Learning and Local Feature Aggregation, enhance discrimination
at object edges, where misclassification is frequent. Additional geometric refinements,
including concave–convex analysis in supervoxel segmentation, further improve boundary
accuracy by correcting artificial cross-boundary errors. Collectively, these methods illustrate
that achieving reliable segmentation performance—especially for challenging materials or
slender metallic structures—necessitates integrating rich multimodal representations and
leveraging both global context and precise local structure.

5. Conclusions and Recommendations for Future Research
The examination concludes that integrating multimodal and multispectral data with

geometric information provides a reliable strategy for segmenting materials at the granular
level in point clouds derived from construction sites. Advanced models exhibit marked
improvements in robustness when differentiating between similar materials, such as con-
crete and steel. This enhanced accuracy is especially evident in regions where distinctive
textures are minimal or where dense architectures predominate, in contrast to traditional
methods that rely primarily on geometric data.
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The performance evaluation of these models requires the application of material-
specific metrics, including the per-class F1 score and per-class Intersection over Union (IoU).
Sole reliance on Overall Accuracy (OA) risks inaccurately representing the performance
of geometry-only methods. Minor performance enhancements often correlate with a
decrease in robustness under real-world conditions. Typical failures arise in challenging
scenarios across various sites and sensors, and such issues remain largely unaddressed
unless explicitly included in design and evaluation considerations.

Recent architectural advancements that combine point-based frameworks with atten-
tion mechanisms and feature reasoning, as well as multi-stage fusion techniques, demon-
strate potential to improve boundary delineation and reduce under-segmentation for minor
classes. However, reported performance metrics are often sensitive to the data augmen-
tation strategies employed during training, potentially affecting their relevance under
unforeseen evaluation conditions. Therefore, point-based frameworks, attention mecha-
nisms, multi-stage fusion, and feature reasoning components are supplemented by models
incorporating alternative components.

The inherent difficulty of making comparisons across studies underscores the chal-
lenges of establishing high levels of confidence. Inadequate reporting practices, a lack of
standardized metric definitions, and insufficient comprehensive evaluations addressing
domain variations further complicate this situation. The emphasis should not rest on
achieving high reproducibility rates; rather, the focus must be on the precise application
of evidence relevant to actual construction contexts. Key factors that contribute to re-
producibility include the accessibility of model weights and executable code, thorough
curation of benchmark datasets, and clearly defined training and test splits. Although
contemporary technologies, such as cloud-based execution of weights and code, auto-
mated methods for generating reproducible datasets, and secure subsets for benchmarking,
present opportunities to produce irrefutable evidence, they do not alter the fundamental
principles underlying reproducibility.

The first conclusion indicates that integrating multispectral and multimodal data
with geometric point-cloud representations consistently yields a superior framework for
material-level segmentation compared to geometry-only approaches. Spectral–geometric fu-
sion significantly enhances the ability to discriminate between materials with similar geometries,
such as concrete and steel, particularly in environments deficient in texture cues.

The second conclusion highlights the sensitivity of segmentation performance to
evaluation design. Metrics like overall accuracy may obscure inadequate material-level
performance, particularly for minority classes such as steel. The reliance on per-class
metrics, including per-class IoU and F1 scores, is crucial for scientifically valid comparisons
and for accurately assessing material segmentation capabilities.

The third conclusion emphasizes that current publicly available point-cloud datasets
fall short in advancing material-aware segmentation within construction contexts. The lack
of construction-specific, material-labeled datasets and standardized evaluation protocols
hinders reproducibility, generalization, and comparability across studies, thereby exposing
a significant research gap.

The fourth conclusion states that, from an engineering perspective, multispectral
and multimodal segmentation methods possess strong potential to improve construction
progress monitoring and quality assurance workflows by facilitating remote, geometry-
preserving inspections of construction sites. These methodologies minimize the necessity
for manual site visits and subjective assessments.

The fifth conclusion notes that, despite their promise, existing models exhibit reduced
robustness in real-world conditions, due to domain shifts caused by weather, sensor
variations, and site heterogeneity. For effective practical deployment, engineering solutions
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should prioritize robustness, computational efficiency, and consistency across operational
conditions, rather than merely achieving peak performance on controlled benchmarks.

The sixth conclusion suggests that future applications in construction engineering
stand to benefit from domain-adaptive segmentation frameworks, standardized material-
level datasets, and reproducible evaluation practices. Such advancements are essential for
transitioning multispectral segmentation methods from experimental studies to dependable
tools for real-time progress monitoring and digital-twin-driven construction management.
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