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Abstract  

Scaffold inspection is critical for ensuring 

construction safety. However, scaffolds are typically 

dense, multilayered, and continuous structures, 

making them difficult to analyze automatically using 

traditional geometric methods. In this paper, a 

framework for automated scaffold component 

recognition and joint-level understanding is proposed 

by leveraging Vision–Language Models (VLMs) and 

3D Gaussian Splatting (3DGS) to interpret complex 

scaffold assemblies. Domain knowledge is 

incorporated to decompose the structure using 3DGS, 

where photorealistic rendering is exploited to 

generate clear visualizations for semantic 

interpretation by pretrained VLMs. The semantic 

understanding of scaffold components lays a crucial 

foundation for future compliance-oriented analysis 

by enabling the precise identification and spatial 

reasoning of code-relevant and design-relevant 

scaffold components. This approach is expected to 

provide a reference for analyzing other continuous 

and complex structures in construction scenarios. 
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1 Introduction 

Construction safety remains a critical concern 

worldwide, with falls from height consistently ranking 

among the leading causes of construction-related 

fatalities [1]. Temporary structures such as scaffolds are 

major contributors to these incidents, as their frequent 

erection and dismantling cycles significantly increase the 

risk of structural failure [2]. To mitigate these risks, 

safety regulations require that scaffolds be inspected 

regularly for compliance with both construction codes 

and design specifications throughout their lifecycle. 

As shown in Figure 1, scaffold inspection tasks can 

be broadly categorized into two parts. The first is code 

compliance checking, which verifies whether key 

components meet regulatory requirements in terms of 

installation and dimensions. For example, whether base 

plates are properly placed, whether the vertical distance 

between adjacent guard rails is within the 600 mm limit, 

and whether toe board heights exceed the minimum of 90 

mm, as mandated by standard scaffolding safety 

regulations [3]. The second is design compliance 

checking, which ensures that the scaffold has been 

assembled exactly as planned including checking for 

missing elements such as bracings, and verifying whether 

couplers match the design specifications. 

 

Figure 1. Conceptual workflow of scaffold 

component classification and compliance 

checking against code and design specifications. 

(Created by the authors based on the information 

provided by onsite engineers). 

However, current inspection practices are still 

predominantly manual, relying heavily on the experience 

of safety managers and site supervisors. These methods 

are time-consuming, labor-intensive, and prone to human 

error, particularly in dense, multilayered scaffold systems. 

Although recent research has explored the use of 

computer vision for scaffold analysis, most existing 

approaches are limited to the geometric interpretation of 

textureless 3D point clouds [4-7]. These methods often 
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lack the photorealistic fidelity and semantic richness 

needed for detailed component recognition and are 

difficult to scale for complex real-world scenarios. 

To address these limitations, this paper presents a 

framework for automated as-built scaffold understanding 

by integrating 3D Gaussian Splatting (3DGS) with 

Vision-Language Models (VLMs). Specifically, unlike 

sparse and textureless point clouds, 3DGS reconstructs 

3D scenes with high photorealistic fidelity, preserving 

both accurate geometry and rich visual appearance (color, 

texture) to provide a high-quality foundation for 

downstream analysis [8-10]. Concurrently, VLMs solve 

the generalizability limitations of traditional deep 

learning methods by leveraging the photorealistic 2D 

renderings generated by 3DGS to perform flexible, 

prompt-based semantic segmentation without the need 

for extensive task-specific training [11-13]. This 

bypasses the need for extensive task-specific 3D training 

data and enables human-interpretable component 

recognition. Together, this integration serves as a robust 

first step toward enabling automated component 

recognition and compliance checking workflows. 

To operationalize this integrated framework, the 

proposed pipeline follows a systematic workflow. 

Starting from site-captured point clouds and images, a 

photorealistic 3DGS model is constructed to represent 

the as-built scaffold with high visual and geometric 

fidelity. The structure is then decomposed into 

semantically meaningful subcomponents via 3DGS-

based editing. Pretrained VLMs are applied to these 

substructures to extract and interpret semantic 

information, enabling fine-grained component 

segmentation and classification. Furthermore, critical 

joints can be examined in detail by adjusting viewpoints 

and zooming within the 3DGS model, supporting close-

up inspection and providing the necessary information 

for compliance verification. 

2 Literature Review 

2.1 Scaffold Inspection 

Previous research on scaffold inspection has 

primarily focused on two major directions. The first line 

of work aims to monitor scaffold deformation, which is 

crucial for early detection of structural instability. Two 

main approaches have been explored: sensor-based 

methods, which use strain gauges or other physical 

sensors to measure deformation directly [14,15], and 

vision-based methods, which infer deformation by 

analysing pixel-level changes across image sequences 

[16,17]. While the latter can generate heatmaps to 

visualize deformation trends, they often lack fine-grained, 

component-level information. 

The second line of research focuses on semantic 

segmentation of scaffolds into discrete components such 

as uprights, guardrails, bracing, work platforms, stairs, 

and toe boards. These methods typically operate on 3D 

point cloud data, attempting to segment the scaffold into 

meaningful elements [4,7,18]. However, they often rely 

heavily on manually defined geometric rules, which are 

sensitive to noise and make the process unstable and 

difficult to generalize for large-scale scaffold inspection. 

While some deep learning–based methods have been 

proposed to improve robustness and generality, they 

usually require extensive annotated training data. 

Moreover, due to the black-box nature of deep models, it 

is often difficult to diagnose or fine-tune the system when 

performance is suboptimal in complex real-world 

conditions.  

2.2 3D Gaussian Splatting 

To remove the ambiguity of point cloud analysis–

based component extraction, 3DGS provides a highly 

suitable solution. 3DGS is an emerging technique for 

real-time radiance field rendering, offering a compelling 

alternative to traditional mesh or point cloud based scene 

representations [9]. 3DGS models a scene as a collection 

of anisotropic 3D Gaussians, each parameterized by 

position, scale, orientation, color, and opacity. These 

Gaussians are efficiently splatted onto the image plane to 

generate photorealistic renderings from arbitrary 

viewpoints at interactive frame rates. 

Recent studies have demonstrated the capability of 

3DGS to capture fine surface details and complex 

lighting with high fidelity, which is especially valuable 

for detailed visual inspection in unstructured and 

cluttered environments. Compared to sparse and noisy 

point clouds, 3DGS produces a dense, view-dependent 

scene representation that preserves both geometric and 

appearance cues. This enables users to zoom into specific 

components, change viewpoints, and visually isolate 

substructures, which is essential for accurate and 

interpretable inspection workflows. Although 3DGS has 

been primarily applied in computer graphics and 

immersive rendering, its potential for component-level 

analysis in the Architecture, Engineering, and 

Construction (AEC) industry has not been fully explored. 

This paper leverages 3DGS to enhance semantic 

decomposition and inspection of as-built scaffold 

structures. 

2.3 Vision-Language Model 

While 3DGS enables photorealistic visualization of 

as-built scenes, VLMs provide potential solution to the 

semantic understanding of image content. VLMs have 

recently emerged as powerful tools for multimodal 

reasoning by jointly learning from both visual and textual 

data. These models, often pre-trained on large-scale 
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image text pairs, are capable of associating natural 

language descriptions with visual content, enabling tasks 

such as image captioning, visual question answering, and 

semantic segmentation through textual prompts. Recent 

advances, including CLIP [19], BLIP [20], and GPT-4V 

[21], have demonstrated strong generalization across 

domains, even with zero-shot or few-shot inputs. Such 

capabilities make VLMs especially promising for 

domains with limited labeled data or where human-like 

semantic understanding is needed [22-24]. 

In the context of construction automation, VLMs 

offer a new paradigm for interpreting complex scenes in 

a flexible and human-interpretable way. Unlike 

traditional vision models that require task-specific 

training datasets, VLMs can be prompted using natural 

language queries to identify or describe components, 

attributes, or spatial relationships. Despite their success 

in general vision tasks, the application of VLMs in 3D 

construction environments remains underexplored, and 

this paper aims to bridge that gap through an integration 

with 3DGS. 

3 Methodology 

This paper presents a method for as-built scaffold 

understanding by integrating 3DGS with VLMs, 

providing a foundation for downstream compliance 

inspection tasks. As illustrated in Figure 2, the proposed 

workflow consists of five main stages: (1) Mobile laser 

scanning is first employed to capture high-resolution 

point clouds and images of the as-built scaffold. (2) 

These multi-modal data are fused to generate a 

photorealistic 3DGS scene representation that preserves 

both geometric structure and visual appearance. (3) A 

3DGS-based structure decomposition process is then 

applied to isolate scaffold substructures based on spatial 

layout. (4) Each substructure is further segmented 

through VLM-based semantic analysis, where pretrained 

VLMs interpret rendered 3DGS views to assign 

component-level labels (e.g., upright, bracing, guardrail). 

(5) Finally, a component-wise graph is constructed to 

encode the topological relationships among scaffold 

elements, enabling joint-level analysis that is relevant for 

code compliance and design conformance. 

. 

 

Figure 2. Pipeline for 3DGS-based, VLM-enabled 

understanding of as-built scaffold data.  

3.1 Mobile Scanning 

To capture as-built conditions of scaffold structures, 

a mobile scanning system was employed, as shown in 

Figure 3. The data acquisition platform integrates a 

LiDAR sensor and two high-resolution RGB cameras, 

enabling synchronous collection of both dense point 

clouds and photorealistic images. The scanning process 

is conducted manually by an operator walking around the 

scaffold with the handheld device, ensuring flexible 

access to complex and confined construction 

environments. The system adopts Fast-LIVO2 [25] as its 

Simultaneous Localization and Mapping (SLAM) 

backend, which provides robust real-time pose 

estimation and trajectory optimization. This allows for 

accurate spatial registration of the captured LiDAR 

frames and camera images, resulting in a globally 

consistent 3D representation of the scene. The acquired 

data serve as the foundation for 3DGS and subsequent 

semantic analysis in the pipeline. 
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Figure 3. Mobile scanning for data collection 

3.2 3DGS Modelling 

To obtain a high-fidelity and interpretable 

representation of the as-built scaffold structure, 3DGS is 

employed as the core modeling technique. Rather than 

relying on explicit mesh reconstruction or discrete point 

clouds, the scene was modeled as a radiance field 

parameterized by a set of volumetric 3D Gaussians. This 

representation enables photorealistic rendering from 

arbitrary viewpoints and provides strong support for 

visual inspection and downstream analysis. 

The modeling process was initialized using a sparse 

Structure-from-Motion (SfM) reconstruction, from 

which camera parameters and initial 3D point 

distributions were estimated to guide the placement of 

Gaussians. An iterative optimization was then performed 

to refine each Gaussian’s parameters including position, 

scale, opacity, and appearance (encoded via spherical 

harmonics) by minimizing a photometric loss between 

rendered and observed images. A visibility-aware 

renderer was used to simulate training views and guide 

updates. To ensure compactness and sufficient coverage, 

a density control mechanism was applied, dynamically 

adding or pruning Gaussians based on gradient feedback. 

 As shown in the left part of Figure 4, this process 

transforms a large set of unstructured images into a 

coherent 3D model that captures both photorealistic 

appearance and explicit spatial structure. Unlike 

traditional image-based methods, the resulting 3DGS 

model encodes geometric relationships in 3D space, 

allowing the scene to be interpreted as a spatially 

organized structure. This spatial coherence provides a 

robust foundation for structural decomposition, where 

scaffold components can be systematically separated 

based on their relative positions, orientations, and 

connectivity, enabling higher-level reasoning about 

component grouping and configuration in a data-driven 

yet interpretable manner. 

3.3 Multimodal Data Alignment 

Since the 3DGS reconstruction does not preserve an 

accurate global scale, SLAM-based point clouds were 

incorporated to leverage their precise geometric 

information. To integrate the SLAM point cloud with the 

3DGS model, a registration step was performed. As the 

two representations exist in different coordinate frames, 

a two-stage alignment process was adopted. First, a 

coarse transformation was estimated using a three-point 

alignment based on corresponding anchor points 

identified in both datasets. The alignment was then 

refined using the Iterative Closest Point (ICP) algorithm 

to minimize geometric discrepancies. As a result, the 

photorealistic 3DGS model was accurately aligned with 

the globally referenced SLAM point cloud, as shown in 

Figure 4, enabling consistent spatial reasoning across 

subsequent processing stages. 

 

Figure 4. Geometrically aligned 3DGS (left) and 

point clouds (right). 

3.4 3DGS-based Structure Decomposition 

 To simplify the analysis of complex scaffold 

assemblies, structure decomposition was performed 

directly on the 3DGS model. Based on the global 

coordinate system established during registration, the 

scaffold was segmented into meaningful substructures 

according to their geometric locations and spatial 

hierarchy. Specifically, spatial filters were applied along 

the X, Y, and Z axes to crop out regions corresponding to 

the front face, side frames, and intermediate bays. This 

axis-aligned cropping strategy leverages the inherent 

regularity of scaffold structures, which are typically 

aligned with global Cartesian axes. It enables clean 

separation of components while preserving substructure 

integrity, offering a simple and interpretable approach 

suitable for early-stage inspection workflows. By 

iteratively applying these geometric cropping operations, 

the continuous and highly layered scaffold structure was 

decomposed into a set of clear, modular components, 

each representing a distinct structural unit. As illustrated 
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in the left part of Figure 5, the front face has been isolated, 

enabling precise VLM-based analysis and component 

segmentation in subsequent stages. 

 

Figure 5. 3DGS-based structure decomposition 

and VLM-enabled component recognition. The 

left image shows the cropped frontal view of the 

scaffold's 3DGS model; the right image illustrates 

the segmentation results using the text prompt 

“bar”. 

3.5 VLM-Based Component Segmentation  

 To achieve semantic understanding of scaffold 

components, a vision-language model (VLM) was 

employed to segment 3DGS-rendered views based on 

natural language prompts. Specifically, SAM3 [12] is 

adopted, a recent model designed for promptable concept 

segmentation, which supports segmentation of all 

instances matching a concept prompt across images and 

videos. SAM 3 accepts short noun phrases or image 

exemplars as prompts and returns corresponding 

segmentation masks along with object identities. Prompt-

based segmentation was adopted to minimize manual 

labeling and avoid rigid class definitions, enabling 

flexible and interpretable semantic analysis. In the 

proposed pipeline, one rendering of the 3DGS model 

were generated for each substructure from calibrated 

camera poses, and each image was prompted with 

component-level concepts such as “bar”, “stair”, and 

“board”. The SAM 3 model uses a DETR-based detector 

and a mask decoder, conditioned on both text and visual 

prompts, to produce high-quality masks. A presence 

token is used to decouple recognition and localization, 

improving segmentation accuracy in cluttered scenes. 

The segmentation results for the front side, obtained 

using the text prompt “bar,” are presented in Figure 5. 

The resulting 2D masks were projected back to the 

3D space by leveraging the 2D–3D correspondences 

inherent in the 3DGS rendering process. Specifically, 

each 2D pixel in the segmentation mask was mapped to 

its nearest 3D point clouds by reprojecting the camera ray 

and using visibility-aware associations. In this way, the 

semantic labels predicted by the VLM were transferred 

to the corresponding subset of 3D point clouds, 

effectively labeling the scaffold model at the point level. 

By aggregating segmentation results across multiple 

views, a consistent 3D semantic segmentation was 

obtained as shown in the left part of Figure 6, forming the 

basis for subsequent component graph construction and 

compliance analysis. 

 

Figure 6. Scaffold component segmentation and 

corresponding as-built details. Left: segmented 

scaffold structure showing uprights (blue), guard 

rails (green), and bracings (red). Right: 3DGS of 

selected joints located at the intersection between 

a guard rail and an upright.  

3.6 Graph-based Joint Analysis  

 Following instance segmentation, each scaffold 

component is represented as a labeled subset of 3D points 

corresponding to structural elements such as uprights, 

guard rails, and bracings. To capture the structural 

connectivity among these components, a spatial graph is 

constructed based on proximity-based interaction. 

Specifically, pairwise distances between segmented 

components are computed, and potential joints are 

inferred wherever two elements fall within a predefined 

spatial threshold. These candidate connection points 

serve as the edges in a component-level graph, while the 

scaffold members themselves define the nodes, forming 

a graph-based abstraction of the scaffold topology. 

Once the graph is established, the precise 3D 

positions of joint candidates are localized using the high-

fidelity 3DGS model. Since 3DGS preserves 

photorealistic appearance and scene geometry, rendered 

views of the detected joints allow for visual verification 

and detailed analysis of couplers and base plates. As 

illustrated in Figure 6, this enables the system to infer the 

presence of joints from geometry, providing detailed 

visual cues that assist in inspecting their physical 

condition and evaluating compliance with structural 

regulations. By combining geometric reasoning with 

appearance-based cues, this graph-based framework 

supports joint-level inspection in a scalable and 

interpretable manner. While a full-scale quantitative 

evaluation of the spatial graph and automated compliance 

checking are reserved for future work, this graph-based 
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abstraction serves as a crucial topological bridge. 

Currently, it is utilized to localize candidate joints, 

directly guiding the targeted detection and visual 

inspection of critical connection elements like couplers 

(as evaluated in Section 4). Thus, this joint-level 

understanding provides a necessary foundation for 

downstream analyses. 

4 Experiments and Results 

To evaluate the effectiveness of the proposed pipeline, 

experiments were conducted on real-world scaffold 

scenes captured via mobile laser scanning. The 

evaluation focused on the object detection accuracy of 

individual scaffold components, assessed by comparing 

the predicted labels to manual annotations. The tested 

scene serves as a representative real-world case intended 

to validate the feasibility of the proposed pipeline, rather 

than to provide a comprehensive performance benchmark. 

Therefore, the current findings should be considered 

preliminary. Broader validation across multiple sites and 

scaffold configurations is left for future work. Table 1 

summarizes the detection performance across five key 

component categories (uprights, guard rails, braces, 

couplers, and base plates) using standard evaluation 

metrics: true positives (TP), false positives (FP), false 

negatives (FN), precision (Pre), recall (Rec), and F1-

score (F1). 

Table 1 Results of scaffold component detection  

Component 

Type 
TP FP FN Rec. Pre. F1 

upright 7 0 0 1.00 1.00 1.00 

guard rail 11 0 0 1.00 1.00 1.00 

bracing 4 0 0 1.00 1.00 1.00 

coupler 28 0 2 1.00 0.93 0.96 

base plate 4 0 0 1.00 1.00 1.00 

A total of 56 components were annotated and used as 

ground truth. The results show that the proposed method 

achieves high precision across the evaluated categories in 

this specific scene, with nearly zero false negatives 

recorded among the 56 annotated components. Notably, 

the detection of couplers (achieving 28 true positives) 

and the joint-level visualization shown in Figure 6 (Right) 

serve as a validation of the graph-based joint analysis 

proposed in Section 3.6. By successfully localizing the 

intersections among linear structural elements through 

the spatial graph, the system was able to accurately 

isolate and identify the corresponding couplers. This 

demonstrates the practical utility of the graph-based 

abstraction in supporting detailed component inspection, 

even though a few false negatives occurred due to 

occlusions and limited visibility in the scanned data. 

While these initial results demonstrate the fundamental 

feasibility of the proposed 3DGS and VLM-based 

pipeline for component recognition, we acknowledge 

that this small-scale evaluation does not fully capture the 

complexities of diverse construction sites. 

Although a direct quantitative comparison is 

challenging due to the absence of standardized public 

datasets for scaffold inspection, contrasting the proposed 

approach with existing literature underscores its novelty 

and practical feasibility. Traditional methods 

predominantly rely on fully supervised 3D point cloud 

segmentation networks (e.g., PointNet or RandLA-Net). 

In the broader computer vision domain, these general 

frameworks typically achieve mean Intersection over 

Union (mIoU) of around 80% on standard point cloud 

benchmarks [26]. Specifically for scaffolding, recent 

studies report mIoU scores ranging from 80% to 87% [4]. 

However, these approaches suffer from two major 

limitations: first, they are restricted to semantic 

segmentation and cannot provide the object-level 

(instance) representations essential for detailed 

compliance checking; second, they necessitate hundreds 

of manually annotated 3D frames for training. In contrast, 

our proposed 3DGS and VLM-based framework 

achieves highly competitive object-level recognition, 

yielding higher recall and precision on major components 

in our test case without requiring any task-specific 3D 

training data. The core novelty lies in synergizing the 

high-fidelity rendering of 3DGS with the zero-shot, 

open-vocabulary capabilities of VLMs. This paradigm 

fundamentally bypasses the data preparation bottleneck 

inherent in traditional point cloud methods, 

demonstrating strong potential for rapid, scalable 

deployment in dynamic construction environments. 

Overall, the integration of 3DGS modeling and VLM-

based segmentation enables high-quality detection for the 

tested component categories, demonstrating promising 

potential for automated inspection workflows. 

5 Conclusion 

This paper presents an automated pipeline for 

scaffold component recognition and joint-level 

understanding by integrating mobile laser scanning, 

3DGS, and VLMs. Through precise 3D reconstruction 

and prompt-based segmentation, the system effectively 

identifies and labels structural elements such as uprights, 

guard rails, and couplers. A graph-based analysis further 

enables joint detection and spatial reasoning. 

Experimental results demonstrate high accuracy in 

component detection, with zero false positives and 

minimal false negatives. 

While the current evaluation is based on a single 

representative scene with a limited number of 

components, the results confirm the initial feasibility of 

the approach as a proof-of-concept. However, several 
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critical limitations remain. The small dataset size does 

not sufficiently demonstrate the framework's 

generalizability across diverse scaffold configurations. 

Furthermore, the system's robustness in highly cluttered 

construction environments, where severe occlusions, 

varying lighting conditions, and dense overlapping 

structures are common, requires further investigation. 

These aspects, along with sensitivity to scan quality and 

prompt phrasing, will be addressed in future work 

through large-scale data collection and comprehensive 

benchmarking across multiple complex sites.  

Overall, although a complete automated compliance 

checking system remains a subject for future work, the 

proposed approach successfully lays the essential 

foundation for such systems by providing reliable 

component recognition and joint-level topological 

understanding capabilities. 
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