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Abstract 
Module hoisting monitoring is critical to the efficiency and safety of modular integrated 
construction (MiC). The three-dimensional point cloud is a promising data source for 
monitoring MiC module hoisting; however, its development was limited by the scarcity of 
labeled real-world data, stemming from practical constraints such as difficult collection 
processes and expensive annotations. To address these issues, this paper proposes a novel 
transfer learning paradigm using building information model (BIM) for MiC module detection 
in point clouds. The approach first involves pre-training of a deep learning model in a source 
domain using a BIM-based synthetic dataset of hoisting from other BIM projects. The model 
is then fine-tuned with minimal three-dimensional annotations and data augmentation. 
Experimental results on 2,770 frames of point clouds confirm that the transfer learning 
paradigm is effective, achieving a recall of 94.6% and an Average Precision at 40 Recall 
positions (APR40) (Intersection over Union (IoU) = 0.7) of 88.2%. This paper presents an 
effective transfer learning paradigm for MiC module detection in complex construction 
environments, addressing the challenge of limited labeled point cloud data for three-
dimensional object detection across diverse construction scenarios. The findings demonstrate 
that BIM-to-real-world transfer learning significantly reduces the annotation burden for 
construction monitoring applications while maintaining high detection accuracy. 
 
Keywords: Transfer learning; Point cloud; Modular-integrated Construction; Three-
dimensional object detection; Modular-integrated Construction module detection.  

https://doi.org/10.1016/j.engappai.2025.113243
https://doi.org/10.1016/j.engappai.2025.113243
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.elsevier.com/about/policies/hosting


2 
 
 

1 Introduction 
Modular integrated construction (MiC), a cutting-edge building technology, has recently 

attracted increasing attention in many economies, such as Hong Kong (Pan et al. 2021; Kong 

et al. 2025). MiC transforms the traditional cast-in-situ construction mode into a three-stage 

integration process, i.e., manufacturing in the factory, transportation, and final installation at 

construction sites (Zheng et al. 2020). Most MiC processes can be completed in a controlled 

factory environment. Meanwhile, centralized module installation replaces the complex on-site 

construction workflow of cast-in-situ construction. Therefore, MiC offers significant 

advantages in quality, productivity, and safety. However, MiC brings new challenges for on-

site construction management due to the transformation of the construction process (Zhang & 

Pan 2021). 

 

Hoisting, the most critical aspect of MiC module installation, has become a bottleneck in terms 

of on-site productivity and safety management (Zhu et al. 2022). The first reason comes from 

the large size, heavy weight, and unbalanced loading conditions of MiC modules (Wuni et al. 

2020). Meanwhile, many MiC projects are conducted in constrained environments, which 

introduces further difficulties and risks to hoisting operations. In addition, blind hoisting—i.e., 

the operator's direct line of sight is obscured—further increase the difficulty of the operation 

and exacerbate the risk factor. In practice, these risk factors directly cause adverse effects on 

safety and productivity. For instance, collisions between modules and surrounding equipment 

or workers can cause severe accidents. Swing-induced instability of hoisting modules can delay 

precise placement and damage MiC modules. Therefore, real-time monitoring of MiC modules 

hoisting phase is significant for improving construction safety and productivity management 

(Sun et al. 2025; Zhu et al. 2024). For example, collision risks can be mitigated by detecting 

the distance between modules and workers or equipment (Liu et al. 2021; Chen et al. 2017). 

Furthermore, monitoring results can accelerate the final module positioning process, which 

requires high precision. Given these pressing needs, researchers have begun to explore 

automated module detection methods to support hoisting monitoring for both safety and 

productivity. 

 

Although several advanced module detection methods have been explored in studies for safety 

and productivity purposes (Zhai et al. 2019), manual monitoring remains the predominant 

approach in current projects. The main reason lies in the fact that two mainstream monitoring 
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methods, i.e., smart cameras (Zheng et al. 2020) and IoT sensors (Jiang et al. 2022), have 

limitations in practical applications of module detection. First, smart cameras can only capture 

2D information, which cannot achieve accurate spatial positioning and collision detection 

(Panahi et al. 2023). Second, the application of IoT sensors in complex construction 

environments often encounters signal vulnerability and delay, which reduces the reliability and 

real-time performance of hoisting monitoring (Arshad & Zayed 2024). Additionally, the use of 

IoT sensors is frequently criticized for long installation times and high labor costs. These 

limitations mean that neither approach can meet the practical requirements of real-time safety 

and productivity monitoring during module hoisting. Therefore, an effective module detection 

method must be developed urgently. 

 

A 3D object detection method in point clouds is a potential approach for monitoring MiC 

hoisting (Shao et al. 2023), since it can provide rich three-dimensional information about 

modules. In specific, 3D object detection methods in point clouds can determine module 

locations, rotations, and sizes, which can be further used for safety and productivity analysis. 

Compared to smart cameras and IoT sensors, this method is inherently more robust, because it 

not only overcomes the lack of depth information in 2D vision but also avoids the signal 

instability and latency issues commonly faced by IoT sensor-based monitoring. The data source 

is typically LiDAR-based point clouds (Wu et al. 2024), which can reflect spatial information 

from the physical world in real-time. As a result, 3D object detection methods using point 

clouds are widely applied in dynamic scenarios, such as autonomous driving and robot vision 

(Schreier et al. 2023; Yang et al. 2018). Among those applications, end-to-end deep learning 

has become the mainstream architecture for 3D object detection. Significantly, the end-to-end 

strategy offers two key advantages: reduced manual involvement and greater adaptability to 

changing conditions. 

 

However, developing a robust end-to-end deep learning model for 3D detection requires a large 

amount of labeled point cloud data. Generally, creating labeled 3D point cloud datasets is 

significantly more expensive and complex than generating image datasets (Wu et al. 2023; Li 

et al. 2025; Dong et al. 2024). The primary historical barrier has been the high cost of hardware. 

Although hardware costs have recently declined considerably (Meng et al. 2025), the overall 

cost of data collection in complex environments remains high. This is mainly because multiple 

LiDAR sources are needed to acquire comprehensive data from different viewpoints. Moreover, 
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data annotation in three-dimensional space is intrinsically more complex and expensive than 

that in two-dimensional contexts due to the additional dimension. Specifically, accurate spatial 

interpretation and specialized annotation tools are required for 3D data labeling (Guo et al. 

2021). Therefore, end-to-end 3D object detection methods in point clouds may see wider 

application in complex construction scenarios if their dependence on substantial labeled 

datasets is reduced. 

 

Transfer learning (TL) is a promising approach to reduce end-to-end models’ dependence on 

labeled data (Yin et al. 2024; Li et al. 2022). TL is a machine learning technique that leverages 

data from related or unrelated activities to enhance the performance of a model on a designated 

task (Weiss et al. 2016). TL initially demonstrated its superior capability in 2D-image-based 

computer vision tasks. Subsequently, increasing attention has been directed toward improving 

model performance in 3D object detection (Wang et al. 2024) within point clouds. The 

foundation of TL for 3D tasks in point clouds lies in learning general 3D structures and patterns 

using a feature extraction mode trained on existing samples (Xiao et al. 2024). These pre-

trained models can then be fine-tuned for domain-specific tasks using smaller datasets. In the 

construction domain, the widespread adoption of building information modeling (BIM) 

presents a unique opportunity to advance 3D object detection in point clouds through TL (Frías 

et al. 2022; Czerniawski & Leite 2019). BIM models can be converted into 3D point cloud data 

via virtual scanning simulations to generate domain-specific pre-training datasets that closely 

resemble real-world construction scenarios (Ma et al. 2020; Yang et al. 2024).  

 

To address the challenges posed by real-time and reliable module detection for monitoring and 

the scarcity of labeled real-world datasets for 3D detection in point clouds, this paper presents 

a novel TL paradigm based on BIM for 3D module detection in point clouds during MiC 

hoisting. It has two specific objectives: (1) to develop a real-time and reliable 3D module 

detection method in point clouds for MiC hoisting monitoring; (2) to design and validate a 

BIM-based transfer learning paradigm that leverages synthetic pre-training to achieve accurate 

and efficient 3D module detection on-site hoisting scenarios. The contributions of this paper 

are twofold. First, to the best of our knowledge, this study is the first to train a 3D module 

detection model on point clouds for on-site monitoring. Second, the proposed BIM-based 

synthetic data-driven TL strategy enables the development of robust 3D module detection 
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models with significantly reduced reliance on costly and labor-intensive real-world project data 

labeling. 

 

2 Literature review  
2.1 On-site MiC installation process monitoring 

Monitoring the on-site installation of processes is critical for on-site management, including 

progress control, safety management, and quality assurance. In current construction practices, 

manual monitoring methods are widely adopted for MiC hoisting; however, they are time-

consuming and labor-intensive owing to the need to coordinate multiple work surfaces at 

different heights. Several automated methods have been developed to support MiC hoisting 

monitoring, which can be broadly categorized into IoT sensor-based and smart camera-based 

methods. Despite their potential, both methods face limitations in practical construction 

scenarios. For IoT sensor-based monitoring, Zhou et al. (2021) employed GPS sensors and 

smart trinity tags to enhance progress tracking and safety management during MiC installation. 

Additionally, Jiang et al. (2022) developed an ultra-wide-band-based system to achieve digital 

twinning for on-site MiC assembly. However, signal vulnerability and latency issues with IoT 

sensors were widely reported in these studies. Furthermore, the requirement to install 

individual IoT sensors on each object can negatively impact the overall productivity of the MiC 

hoisting process. 

 

In terms of smart-camera-based process monitoring methods, Zhang et al. (2019) proposed a 

classification model capable of automatically identifying three module installation stages, i.e., 

hooking, hoisting, and positioning, for automated progress analysis and control. Chua and 

Cheah (2024) introduced a deep-learning-based method for automated construction progress 

monitoring in Prefabricated Prefinished Volumetric Construction (the Singaporean equivalent 

of MiC), using image-based window count detection and correction. In addition, Zheng et al. 

(2020) developed a deep learning model to detect the presence and determine the location of 

modules in images. These camera-based methods have proven effective for automated progress 

monitoring. However, due to a lack of depth information, 2D detection results are insufficient 

to meet other management requirements of MiC installation, such as reliable 3D collision 

detection and precise positioning. Therefore, exploring 3D module detection is essential for 

comprehensively monitoring module installation processes.  
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Inspired by the growing demand for 3D detection of the MiC module, Xu and Pan (2023) 

developed a virtual-prototyping-enabled pseudo-LiDAR point cloud dataset to evaluate the 

feasibility of 3D MiC module detection. While the detection results within the simulated 

dataset were promising, the approach has yet to be validated on real-world data. To date, no 

other researchers have undertaken empirical investigations using real-world construction site 

data to validate these simulation-based findings. This represents a significant research gap that 

warrants immediate attention, as the translation from controlled virtual environments to the 

inherently chaotic and unpredictable conditions of construction sites presents substantial 

methodological and practical challenges. 

 

2.2 3D object detection and applications in construction 

The advancement of 3D detection methods has been significantly driven by developments in 

deep learning algorithms and sensor technologies. Early approaches primarily focused on 

processing single-mode LiDAR-based point clouds. Existing deep learning methods for single-

mode 3D detection can be broadly categorized into point-based, voxel-based, and hybrid 

methods. Point-based methods were among the earliest to be developed, with their core strategy 

being the direct processing of raw, unordered point clouds. For instance, Qi et al. (2017a) 

introduced PointNet, a pioneering deep learning framework for 3D object detection using point 

cloud data. Subsequent advancements, such as PointNet++ (Qi et al. 2017b), addressed 

scalability challenges by hierarchically aggregating local features, facilitating the efficient 

processing of large-scale scenes. Although point-based methods demonstrated strong 

performance in 3D detection tasks, their computational efficiency was often criticized, as the 

processing requirements tended to increase exponentially with increasing scene complexity. 

To address these limitations, voxel-based methods were developed to achieve a balance of 

computational efficiency and accuracy. For example, in the VoxelNet algorithm, point clouds 

are converted into volumetric grids during the data preprocessing stage to improve the 

computational efficiency (Zhou & Tuzel 2018). Although voxel-based methods have proven 

effective in reducing computational loads, voxelization always results in the loss of data details. 

To balance computational precision and efficiency, Lang et al. (2019) proposed a hybrid object 

detection algorithm, namely, PointPillar, which employs a novel encoder that integrates both 

point features and voxelization strategies.  
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Multi-modal fusion, such as the integration of LiDAR with thermal sensors or RGB cameras, 

has recently emerged as a mainstream architecture in 3D object detection. The primary 

advantage of multi-modal fusion is that the sensors can complement each other. Compared to 

single-mode LiDAR-based methods, multi-modal fusion methods have demonstrated superior 

performance in terms of 3D object detection accuracy. Therefore, they have been widely used 

in 3D object detection applications such as autonomous driving and robotic vision. For instance, 

a 3D object detection method that integrates LiDAR and RGB camera data improved the state-

of-the-art performance on the KITTI benchmark dataset (Liang et al. 2019). However, the 

integration of multiple sensors inevitably leads to increased computational complexity (Li et 

al. 2024).  

 

3D object detection in point clouds has served as a fundamental enabler of automation in the 

construction industry. This is because most automation technologies, such as robotics, rely 

heavily on real-time spatial information derived from 3D object detection at construction sites 

(Teizer et al. 2005). For example, Teizer (2008) employed a 3D range imaging-based method 

to detect workers within point clouds, demonstrating the feasibility of using 3D object detection 

for worker safety management in indoor environments. Building on this, Son et al. (2010) 

proposed a systematic 3D range imaging-based object detection method to support heavy 

equipment operations. However, the inherent low resolution of imaging sensors limited the 

ability of these methods to capture fine details. Furthermore, Sharif et al. (Sharif et al. 2017) 

introduced an automated approach for detecting 3D objects in construction point clouds but 

encountered challenges owing to incomplete data and the presence of highly cluttered scenes. 

Chen et al. (2018) evaluated several state-of-the-art 3D descriptors for construction object 

recognition in point clouds, considering factors such as varying levels of detail, noise, and 

degrees of occlusion. Limited studies are focusing on 3D object detection in point clouds for 

construction scenarios. Meanwhile, the majority rely on rule-based methods. Compared to end-

to-end deep learning methods, rule-based methods exhibit limited adaptability to the dynamic, 

temporary, and often disordered nature of real-world construction environments (Liang et al. 

2025). Therefore, researchers still need to invest a lot of effort to explore effective and feasible 

3D object detection methods, especially end-to-end methods, in the construction industry. 

 

The end-to-end 3D object detection model offers better adaptability to complex environments; 

however, developing an effective and robust end-to-end deep learning model requires a large 
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amount of labeled data for training (Oh et al. 2023). Two large publicly available datasets for 

deep learning model development in autonomous driving are Waymo (Sun et al. 2020) and 

Kitti (Geiger et al. 2013). However, there are no relevant datasets in the construction industry. 

Creating comprehensive point cloud datasets presents greater challenges than developing 

image datasets (Wu et al. 2023), which can be explained by several factors. First, the LiDAR 

sensors required for point cloud acquisition have historically been expensive. Despite the 

substantial decrease in LiDAR cost in recent years, the annotation process for 3D data 

inherently requires more sophisticated spatial comprehension and specialized tools than 2D 

annotation (Guo et al. 2021). Furthermore, extensive efforts are required to collect high-quality 

point cloud data in complex environments such as construction sites, as LiDAR sensors must 

be positioned at multiple locations to capture complete spatial information. Therefore, reducing 

reliance on the model on large-scale annotated datasets is essential for the widespread adoption 

of end-to-end 3D object detection in construction applications. 

 

2.3 Transfer learning (TL) application in construction 

TL, a machine learning technique, leverages the knowledge acquired by a pre-trained model 

on a source task for application to a related target task with limited labeled data. TL aims to 

improve model generalization capability in areas where acquiring labeled datasets is labor-

intensive and costly (Zhao et al. 2024a; Li et al. 2025b). TL was first applied to 2D computer 

vision tasks. For example, several object detection models, such as Faster R-CNN, YOLO, and 

SSD, are pre-trained on large-scale datasets such as ImageNet or COCO and fine-tuned for 

specific applications (Pan & Yang 2010). 

 

In the construction industry, TL has been applied in numerous 2D computer vision applications 

(Wang & Gan 2023), including safety monitoring (Fang et al. 2020), defect detection (Gong et 

al. 2020; Li et al. 2025a), unsafe behavior recognition (Jiang & Ding 2024), and progress 

tracking (Zheng et al. 2020). For safety monitoring purposes, Kolar et al. (2018) developed a 

pre-trained model that achieved high safety guardrail detection accuracy in a real-world dataset. 

Meanwhile, Chen et al. (2020) proposed a TL paradigm to detect semantic regions in site 

images and identify construction events using other image datasets without modification or 

retraining. In addition, Zoubir et al. (2022) employed three TL models by fine-tuning them 

with the state-of-the-art visual geometry group network to classify concrete bridge defects 

using limited training samples. These studies demonstrated that TL can facilitate the 
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development of robust and precise 2D detection models with limited construction-specific 

labeled datasets. 

 

Nevertheless, the application of TL to 3D object detection in point clouds remains understudied 

in the construction industry, despite its demonstrated effectiveness in autonomous driving and 

robotic vision. Specifically, several models, such as PointNet, PointNet++, and 3DSSD (Zhao 

et al. 2024b; Jaquier et al. 2023), have been developed using pre-trained weights obtained from 

synthetic datasets such as ShapeNet for domain-specific 3D detection applications. However, 

no synthetic or real-world dataset currently exists for TL in the construction domain. 

 

BIM, mandated in most current construction workflows, provides a solid foundation for 

developing domain-specific pre-training datasets for 3D object detection in the construction 

industry (Hong et al. 2020). BIMs encompass rich geometric details and semantic attributes 

designed to reflect real-world construction environments, including building elements and 

spatial relationships. Therefore, converting numerous construction scenes from existing BIMs 

into point cloud data presents an opportunity to create suitable pre-training materials. 

 

In the construction industry, there were already several studies that use BIM to produce 

synthetic data for model pre-training for many kinds of deep learning applications, such as 

semantic segmentation, 2D image classification, and 2D pose recognition. In terms of semantic 

segmentation of point clouds, Ma et al. (2020) used synthetic BIM-based point clouds to 

enhance training datasets for semantic segmentation in indoor environments. A similar 

synthetic data-enhanced technique was also utilized by Yang et al. (2024) to improve the 

semantic segmentation performance for bridge structures. The experimental results confirm 

that synthetic data can supplement real data, especially when only a limited amount of real 

point clouds is available.  

 

For 2D image classification or object detection, Frías et al. (2022) exploited a BIM object-

based synthetic data generation method toward indoor point cloud classification using deep 

learning. Experimental results show that the 2D images generated from these synthetic 3D 

point clouds at different angles can be correctly classified by the 2D CNN network. Zheng et 

al. (2020) proposed a transfer learning-enabled 2D MiC module detection based on the images 
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extracted from BIMs. The results showed that the synthetic image dataset effectively improved 

the detection accuracy with limited real-world data.  

 

Regarding the pose recognition or estimation, Fu et al. (2025) introduced the synthetic data 

from a Unity-based BIM project to enhance the 3D pose recognition of construction workers 

in the real world. Experiments verify that the model jointly trained with synthetic and real data 

outperforms a model trained on real data alone. Similarly, Pham & Han (2024) used the 

synthetic data to improve the model performance for excavator pose estimation.   

 

However, there is no study for enhancing 3D object detection performance by using BIM-based 

synthetic data in the construction industry. Therefore, more efforts should be put into this part 

in the future since a 3D real-world dataset is more difficult to collect than 2D images. 

 

In summary, monitoring the module hoisting process is crucial for on-site MiC installation in 

terms of efficiency and safety. However, existing IoT sensor-based and smart camera-based 

methods are inadequate for monitoring this process. Inspired by its success in autonomous 

driving and robotic vision, 3D object detection in point clouds is a promising approach for 

monitoring MiC module hoisting. Nevertheless, the scarcity of labeled data remains a 

significant obstacle to applying end-to-end 3D object detection methods in construction. TL 

can reduce the dependence of these methods on labeled datasets. Furthermore, BIM provides a 

valuable resource for creating pre-trained datasets for 3D detection in construction scenarios. 

3 Methodology 
3.1 Overview 

Fig. 1 shows the proposed TL paradigm, which leverages the target domain (real-world 

scenario) and the source domain (BIM project). The model development process consists of 

two domains: 

(1) Source domain: A BIM project of MiC is developed in Unity to create a foundation of 

synthetic data. The project is subsequently converted into labeled point cloud datasets through 

virtual simulation. These labeled data are then used to train a PointRCNN model. A pre-trained 

model (Result 1) is obtained through this comprehensive processing pipeline and serves as the 

foundation for TL to the target domain. 
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(2) Target domain: Point cloud data are collected in real-world construction environments. The 

collected raw point cloud data are then preprocessed and labeled. A small portion of the labeled 

data is selected as a training set, while the remainder is used as a test set. Data augmentation is 

applied to the training set to enhance model performance. Finally, the pre-trained source 

domain model is fine-tuned using real-world data within the same PointRCNN architecture. 

The proposed TL paradigm can quickly adapt to real-world construction environments without 

extensive manual labeling. 

 
Fig. 1 Proposed transfer learning paradigm 

 

3.2 3D object detection model 

In general, the deep learning architecture in the presented TL paradigm can utilize any 3D 

object detection algorithms. The PointRCNN algorithm (Shi et al. 2019), a point-based 3D 

detection method, is selected as a benchmark model here. More algorithms will be tested in the 

sensitivity analysis in Section 4.3. PointRCNN directly processes raw point clouds, allowing 

for the retention of more original point cloud information and achieving higher detection 

accuracy. Therefore, this paper adopts the PointRCNN algorithm as the deep learning 

architecture. The two-stage architecture of the PointRCNN algorithm is shown in Fig. 2. 
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Fig. 2 Architecture of PointRCNN for 3D object detection from point cloud 

 

3.2.1 Bottom-up 3D Proposal Generation 

The bottom-up 3D proposal generation stage of PointRCNN is a carefully structured process 

designed to directly extract high-quality 3D proposals from raw point cloud data. This stage 

begins with the segmentation of the entire point cloud scene into foreground and background 

points. PointNet++ is employed as a backbone architecture to extract distinctive point-wise 

features. These extracted features serve as the foundation for subsequent operations.  

 

A segmentation head is subsequently integrated into the backbone network to estimate a 

foreground mask, which effectively identifies objects in regions of interest. This segmentation 

procedure is critical for detecting possible objects and guiding the generation of accurate 3D 

proposals. 

 

Parallel to the identification of foreground points, a bin-based box regression head is 

incorporated to generate 3D bounding box proposals. These proposals are characterized by 

parameters such as the center coordinates (cx, cy, cz), object dimensions (dx, dy, dz), and the 

heading angle representing orientation in the top view. To ensure robust and precise proposal 

generation, a bin-based regression loss is employed. This loss function discretizes the potential 

values of the bounding box parameters into predefined bins, enhancing learning through the 

integration of bin classification and residual regression within each bin. For localization, bin-
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based classification with cross-entropy loss is applied to the X- and Z-axes, while the Y-axis, 

owing to its limited range of vertical fluctuation, utilizes a smooth L1 loss. The orientation and 

size estimations are addressed using bin-based techniques. This approach significantly 

improves the proposal generation efficiency by limiting the search space and expediting 

convergence during training. 

 

3.2.2 Canonical 3D Box Refinement 

The canonical 3D box refinement stage, a critical component of PointRCNN, enhances the 

proposals generated in the first stage to achieve state-of-the-art detection accuracy. Once the 

3D bounding box proposals are obtained, a point cloud region pooling operation is performed 

for each proposal. This operation focuses on the region corresponding to each proposal and 

aggregates the learned point representations from the bottom-up 3D proposal generation stage. 

 

The pooled points are transformed into a canonical coordinate system to enhance the capture 

of local spatial attributes. This transformation standardizes the spatial relationships within each 

proposal, thereby improving the network’s ability to learn invariant features. The canonical 

coordinate system is defined with its origin at the center of the proposal. The X’- and Z’-axes 

are aligned parallel to the ground plane, while the Y’-axis remains consistent with the original 

LiDAR coordinate system. 

 

 The refining procedure leverages both the modified local spatial characteristics and the global 

semantic information obtained during the bottom-up 3D proposal generation phase. These 

characteristics are concatenated and input into a dedicated network head designed to refine the 

initial proposals. The network head comprises a sequence of fully connected layers that encode 

the local characteristics, which are subsequently integrated with global semantic data. This 

integration enables the network to retain depth awareness while focusing on the contextual 

details of each proposal. The refinement process involves predicting residuals for the bounding 

box parameters and refining the confidence scores associated with each proposal. Finally, 

candidate proposals that achieve a 3D intersection over union (IoU) score greater than 0.55 

relative to their corresponding ground-truth boxes are classified as positive samples. 

 

In conclusion, the PointRCNN algorithm can directly process raw point cloud data, 

distinguishing it from other 3D object detection algorithms. The direct extraction of spatial 
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information helps preserve the integrity of the data by avoiding information loss during 

conversion. The algorithm employs a bottom-up approach to generate high-quality 3D 

candidate proposals, which significantly narrows the search space. In the second stage, 

PointRCNN refines these proposals through precise bounding box adjustments. Owing to its 

capability for accurate spatial feature extraction and localization, PointRCNN is particularly 

well-suited for complex three-dimensional environments, such as construction sites. 

 

3.3 Source domain  

3.3.1 BIM project of MiC 

A BIM of the MiC project was developed in Unity to generate synthetic point cloud data. 

Currently, there are no publicly available BIM models specifically tailored for MiC projects. 

To address this gap, it is essential to retrieve and adapt BIM models from traditional 

construction scenarios for integration into Unity. Recyclable elements within these BIM 

models include buildings, tower cranes, vehicles, workers, and stacked materials. Furthermore, 

standard-sized MiC module models must be designed and imported into Unity. The subsequent 

step involves designing and animating the hoisting process of MiC modules within the Unity 

environment. This animation incorporates both translational and rotational movements of the 

modules, ensuring a realistic representation of the construction process. 

 

Notably, if a target MiC project possesses a site-specific BIM model from the early stages, this 

model can serve as a direct foundational source for synthetic data generation. The site-specific 

BIM will significantly bridge the gap between domains, since the geometric properties and 

construction environment in synthetic data can maintain high consistency with real-world 

scenarios. However, this study adopts a more general strategy to validate the effectiveness of 

the proposed framework even without site-specific BIMs. Future applications can readily 

integrate site-specific BIMs into the pipeline to enhance transfer capability in practice. 

 

3.3.2 Synthetic data generation from the BIM project 

Fig. 3 outlines a comprehensive framework for reconstructing 3D point clouds from the 

geometric data provided by a BIM project in Unity: 

a) The process begins by configuring a camera in Unity to capture depth information, which is 

represented by normalized values between 0 and 1. Specifically, a value of 0 corresponds to 

the near plane, and 1 represents the far plane. 
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b) Using the depth map, sampling is performed to get pixel coordinates (x, y) and the 

corresponding depth value (D(0-1)).  

c) Pixel coordinates (x, y) are converted into normalized UV coordinates (x(0-1), y(0-1)) by 

dividing the coordinates by the texture dimensions (width×height). The depth value (D(0-1)) is 

also adjusted to match the new pixel coordinates (x, y). 

d) These UV coordinates are further transformed into normalized device coordinates (NDC) 

by remapping them from the range [0,1] to [-1,1].  

e) The NDC position is subsequently transformed into view (camera) space by applying the 

inverse projection matrix.  

f) The view space position is further converted to world space by applying the camera-to-world 

transformation matrix and normalizing by the homogeneous component. Invalid depth values 

(above or below the acceptable range) are identified and marked as background or invalid 

pixels.  

 

 
Fig. 3 Framework of obtaining 3D point cloud from Unity project 

 

Table 1 presents the mathematical foundation for the coordinate transformations shown in Fig. 

3 (steps a–f) (Hartley & Zisserman 2003; Xu & Pan 2023). The process begins with the Unity-
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generated depth map (a). Next, pixel indices are defined in the image coordinate system (b). 

The pixel indices are then normalized into UV coordinates (c). Following this, the UV 

coordinates are remapped into NDC (d). NDC represents the standard [−1,1] cube used in 

computer graphics. Subsequently, the inverse projection matrix is applied to recover the NDC 

points in camera space (e). Finally, the camera's rotation matrix and translation vector 

transform the points from camera space into the world coordinate system (f).  
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Table 1 Coordinate transformations from depth map to world space 
Step Coordinate System Point expression 

a) Depth Map 

Depth buffer output from Unity. Each pixel (x, y) has a 

normalized depth value D ∈ [0,1] 

(D: Normalized depth value output by Unity; 

D = 0 corresponds to the near plane; 

D = 1 to the far plane) 

 

b) Pixel coordinate 

Pixel indices in the image plane of resolution (w, h) 

(xpix, ypix: Pixel coordinates in the image plane (in pixels); 

w, h: Image width and height (in pixels)) 

(xpix, ypix) ∈ [0, w] × [0, h] 

c) UV coordinate 
Pixel indices normalized to [0,1] 

(u, v: Normalized UV coordinates, ranging from 0 to 1) 

u = xpix/w 

v = ypix/h 

d) NDC 
UV coordinates mapped to [−1,1] 

(xndc, yndc, zndc: Normalized device coordinates (NDC), ranging 
from [−1,1] for x, y and [-1,1] for 𝑧) 

xndc = 2u − 1 

yndc = 2v − 1 

zndc = 2D − 1 

e) View (camera) 
space 

Apply the inverse projection matrix 𝑃−1 to recover a 3D point in 

camera coordinates 

(pview: Point in the camera (view) coordinate system; 

P: Camera projection matrix defined by the intrinsic parameters 

(field of view, aspect ratio, near and far clipping planes)) 

 

pview=P−1⋅(xndc, yndc, zndc,1)T 

pview=(Xv, Yv, Zv,) 

f) World space 

Transform from camera space to global coordinates using 

extrinsics 

(pworld : Point in the global world coordinate system; 

R: Camera rotation matrix (3×3); 

t: Camera translation vector (3×1)) 

pworld=R⋅pview + t 

 

Finally, continuous frames of construction video are captured by each camera, generating 

multiple depth map frames. These frames of depth maps are converted into point clouds within 

a unified world coordinate system. To ensure complete coverage of the construction scene, 

camera captures from different positions are combined during the experiment. 

 

During the conversion process of point clouds, it is essential to record the geometric dimension 

and 3D position of the MiC module as corresponding labels. These labels are saved in a txt file, 

formatted as shown in Fig. 4. In Fig. 4, cx, cy, and cz represent the 3D coordinates of the center 

of the MiC module. Meanwhile, dx, dy, and dz denote the geometric dimensions of the object’s 

3D bounding box along the x-, y-, and z-axes, respectively, when the heading angle is 0 degrees. 

The heading refers to the orientation angle of the object in the top view, where a 0-degree angle 

aligns with the x-axis and increases counterclockwise from the x-axis toward the y-axis. 
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Fig. 4 Label format of 3D bounding box 

 

3.4 Target domain 

3.4.1 Real-world data curation 

To obtain valid point cloud data for model training and validation, three key factors must be 

considered: the sensing range of the devices, area of interest, and prospective locations of the 

sensing devices (Liang et al. 2024). The fundamental principle is to strategically position an 

optimal number of sensors within the deployable equipment range for maximized region 

coverage. As a result, sensor location configurations will vary depending on the specific 

scenario.  

 

The collected raw point cloud data are manually labeled with an open-source 3D point cloud 

annotation tool, i.e., SUSTechPOINTS (Li et al. 2020). The format is the same as that 

illustrated in Fig. 4. The primary labeling principle is to adhere to the original size of the MiC 

module, even when certain parts are missing due to occlusion. The labeling process required 

approximately 30–60 seconds per frame, depending on the complexity and degree of occlusion, 

and was conducted by two trained graduate research assistants. A third assistant is responsible 

for cross-checking the labeled frames. 

 

3.4.2 Data augmentation 

As shown in Fig. 5, three data augmentation strategies, i.e., rotation, downsampling, and 

cropping, are applied to the training sets to enhance the robustness and generalization ability 

of the model (Zhu et al. 2024). First, as shown in Fig. 5(a), random rotations are applied to the 

point cloud data around the vertical axis. This rotation helps the model develop rotational 

invariance, allowing it to recognize objects regardless of their orientation in the horizontal 

plane. Second, random subsampling of the original point cloud is employed to simulate varying 



19 
 
 

point densities. Downsampling, as a regularization technique, mitigates the risk of overfitting 

by preventing the model from becoming too reliant on specific point distributions. Third, as 

shown in Fig. 5(c), random cropping is performed within the 3D bounding box. This technique 

aims to replicate partial occlusions and incomplete object views, which are commonly 

encountered in real-world situations. These augmentation strategies are applied throughout the 

training phase with varying probabilities, contributing to a more diverse and comprehensive 

training dataset. 

 
Fig. 5 Data augmentation strategies  

 

3.5 Model evaluation 

Two key metrics are selected to evaluate the performance of the TL model: recall and average 

precision (APR40), both of which are commonly used in related studies (Qian et al. 2022). 

a) Recall 

Recall quantifies the proportion of ground truth objects correctly detected by the model. It is 

defined as: 

Recall = TP / (TP + FN),  (1) 

where TP (True Positives) refers to the correctly detected objects that meet the 3D IoU 

threshold, and FN (False Negatives) refers to the ground truth objects that were not detected. 

The 3D IoU is denoted as: 

IoU = Volumeoverlap / (Volumeg + Volumepred – Volumeoverlap),  (2) 

where Volumeg indicates the volume of the 3D bounding box annotated by humans (ground 

truth), Volumepred indicates the volume of the predicted 3D bounding box, and Volumeoverlap 

indicates the overlapping volume between Volumeg and Volumepred. In existing 3D detection 

tasks, a 70% IoU threshold is typically used for large objects such as vehicles, while a 50% 

IoU threshold is applied to smaller dynamic objects such as pedestrians. This paper adopts a 

70% IoU threshold for detecting MiC modules, aligning with established evaluation standards 

for vehicle-sized targets. This threshold ensures consistent benchmarking with traditional 3D 
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detection frameworks while maintaining robustness for object categories that require precise 

localization. 

 

b) APR40 

Fig. 6 illustrates the precision–recall curve and Average Precision (AP, or area under the curve, 

AUC) metrics. AP measures the area under the precision–recall curve and provides a 

comprehensive evaluation of a model’s ability to balance precision and recall. AP is computed 

as: 

AP = ΣN (Ri – Ri–1)Pi                                                      (3) 

where N denotes the total number of sampling points on the precision-recall curve before the 

threshold, i (N≥i >0) is the index of sampling points before the threshold, Ri denotes the recall 

at the i-th sampling point, and Pi denotes the precision at recall level Ri. The summation in Eq. 

(3) integrates precision over different recall levels. AP is a measure of the average precision 

across the precision–recall curve, with sampling at 11 recall points (0.1 intervals). APR40 refines 

this by using 40 recall points (0.025 intervals), offering denser sampling for a stricter evaluation. 

APR40 is better suited to capture performance nuances, particularly at high recall levels. In 

current practice, APR40 is standard in 3D detection tasks (e.g., KITTI, nuScenes), while AP is 

more commonly used in simpler 2D tasks. By measuring both APR40 and Recall, we can 

effectively assess the accuracy and completeness of a 3D detection model’s predictions. 

 
Fig. 6 Precision-Recall curve and AP metrics  
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4 Experiment  
4.1 Experimental settings 

4.1.1 Synthetic data preparation 

As shown in Fig. 7, a single BIM-based MiC project is constructed in Unity to generate 

synthetic datasets for hoisting operations. To simulate a realistic construction site, the BIM 

environment incorporates several detailed elements: a) an MiC module with a top steel hoisting 

frame, b) a tower crane, c) a multi-story building structure, d) a truck, e) safety barriers, f) 

construction materials and equipment on the ground and working levels, and g) workers. The 

MiC module was created by the authors, and other related assets were sourced from an open-

source Unity project for construction scenarios (Ding & Luo 2024). Two hoisting trajectories 

were animated with both translational and rotational movements. Compared with the case 

project in Shenzhen, the BIM project assumed a generic multi-story structure with simplified 

facade details and different floor heights. 

 

Furthermore, nine cameras with various viewpoints were positioned to capture the movement 

of the MiC module throughout the scene. Specifically, three cameras were located on the 

ground level (G1-G2-G3), three at the mid-level of the building (M1-M2-M3), and three on the 

working level (R1-R2-R3). All cameras were oriented toward the center of the building to 

comprehensively capture the motion trajectory of the MiC module. Compared with the LiDAR 

scanning in a real-world project, the synthetic data generation from virtual depth maps shows 

differences in sampling density and occlusion patterns, which can influence the transfer 

effectiveness of the pre-trained model.  
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Fig. 7 Virtual MiC project in Unity 

 

Fig. 8 shows two distinct hoisting processes designed and simulated within the BIM 

environment. These processes involve intricate operations, including both translational 

movement and rotation, from the starting (S) position to the ending (E) position on the 

building’s working floor. Two dynamic scenarios are captured in accordance with the method 

outlined in Section 3.2. Each camera captures a total of 101 frames for scenario 1 and 113 

frames for scenario 2. The point clouds from different sensors are merged to ensure that the 

MiC module is consistently represented in every frame. A total of fourteen combinations of 

point clouds from different sensors were designed, with the design principle ensuring that at 

least one camera is positioned on the ground, mid-level, and working level. Finally, 2996 point 

cloud frames were generated from the two scenarios. 
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Fig. 8 Two scenarios of MiC project in Unity 

 

4.1.2 Real-world Data Preparation 

A real-world experiment was conducted to validate the proposed method. The test project was 

a thirty-three-story government sector building in Shenzhen, mainland China. The project 

employed a traditional cast-in-situ reinforced concrete structure below the fourth floor and a 

combination of MiC and cast-in-situ shear walls above the fourth floor. Data collection 

occurred on September 26, 2024, during the hoisting of the MiC module to the eighth floor. 

Fig. 9 shows the MiC module’s status prior to hoisting, the hoisting process itself, and the 

subsequent placement process.  

 
Fig. 9 On-site MiC module building process. (a) The MiC module before hoisting; (b) 

hoisting process, and (c) placing process 

 

Fig. 10 illustrates the integrated point-cloud collection device designed for this paper. The 

device comprises four key components: a LiDAR sensor, a NUC mini computer, a battery, and 
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a touchscreen interface. Two models of LiDAR sensors were selected for use: the Livox Avia 

and the Livox Mid-70. The Livox Mid-70 offers a 70.4° circular field of view, a minimum 

detection range of 5 cm, a maximum detection range of 260 m, and a range precision of 2 cm. 

The Livox Avia, on the other hand, has a 70.4° by 77.2° circular field of view, a maximum 

detection range of 450 m, and a range precision of 2 cm. The NUC mini computer is connected 

to the LiDAR sensor for the acquisition, pre-processing, and storage of point cloud data. The 

battery was specifically designed to ensure compatibility with the on-site equipment, taking 

into consideration the differences in voltage and power stability between the site’s electrical 

system and typical residential systems. 

 
Fig. 10 Point cloud collection device in this paper. (a) Front of the device: (I) LiDAR sensor, 

(II) NUC mini computer, (III) Battery; (b) Back of device: (IV) Touchscreen; (c) Livox Mid-

70 and Avia; (d) Installation illustration of point cloud collection device on site 

 

In accordance with the sensor placement principles outlined in Section 3.4.1, Fig. 11 illustrates 

the strategic positioning of one Livox Mid-70 and two Livox Avia sensors to ensure 

comprehensive coverage of the potential hoisting area for the MiC module. The Livox Mid-70 

(LiDAR 1) is positioned on the ground floor to monitor the area where the MiC modules are 

initially hoisted from the truck. One Livox Avia 70 (LiDAR 2) is placed on a terrace on the 

eighth floor of a neighboring building (Building A in Fig. 11) to capture the intermediate stage 

of the hoisting process. The second Livox Avia (LiDAR 3) is located on the working level of 
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the building under construction (Building B in Fig. 11) to cover the area above the working 

level.  

 
Fig. 11 Sensor placement scheme illustration 

 

In this paper, four real-world hoisting processes were recorded. Fig. 12(a) displays the time 

intervals and corresponding frame numbers for each of four hoisting processes (P1–P4). The 

interval between each frame was 0.5 s, resulting in a total of 2777 frames. Figs. 12(b), (c), and 

(d) illustrate the example scenes at three module installation stages, i.e., hooking, hoisting, and 

positioning. The hooking stage primarily captures the initial connection of the hoisting 

equipment to the module. The hoisting stage refers to the vertical and horizontal movement of 

the module in the workspace. The final positioning stage involves the fine alignment and 

placement of the module in its designated location. 
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Fig. 12 Point cloud data of MiC hoisting process: a) Summarization; b) Initial stage of 

hoisting; c) Mid process of hoisting; d) Final process of hoisting 

 

4.1.3 Test cases  

The proposed TL model was trained and tested on a cloud server equipped with an Nvidia L40S 

GPU. The experiments were conducted using the OpenPCDet library (ver. 0.6.0 (2020)), which 

includes various 3D detection algorithms. The training process for the PointRCNN algorithm 

employed the Adam OneCycle optimizer for learning rate adjustment. The learning rate, weight 

decay, and momentum were set to 0.01, 0.01, and 0.9, respectively. A batch size of 1 was used, 

and the maximum number of epochs was set to 300. The minimum confidence threshold for 

detections was set to 0.95. Additionally, the mean size of the bounding box was defined as (9.2 

m, 3.7 m, 3.4 m). 

. 

The pre-trained model was developed using the 2,996 frames of synthetic data described in 

Section 4.1.1. The training and test sets were randomly divided in an 8:2 ratio, resulting in 2397 

training frames and 599 test frames. 

 

As shown in Table 2, three baseline models without any processing procedures were first 

designed to establish reference performance. In addition, five standard test cases were designed 

to assess the effectiveness of TL from BIM-based synthetic data for 3D module detection in 

point clouds of MiC hoisting. 

 

For the baseline models’ tests, the complete dataset from the P1 process (820 frames) was used 

for training, while the remaining frames from the three other processes (P2/P3/P4, 1957 frames) 

were reserved for testing. Meanwhile, no pre-training or data augmentation was used. Notably, 

three different 3D detection algorithms, i.e., PointRCNN, PartA2, and Second, were used for 

three baseline model tests (including PointR.-P1-Full(Ref.), PartA2.-P1-Ful, and Second.-P1-
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Full), respectively. It is worth mentioning that the PointRCNN algorithm achieved the best 

performance after preliminary computation, as shown in Table 2. Therefore, PointR.-P1-Full 

was set as a reference case to facilitate the design of subsequent cases. 

 

Based on the reference case, the subsequent five standard test cases explored various strategies 

to minimize the training data requirements. The progression of the test cases follows a logical 

sequence: 

• PointR.-P1-7: Training data was minimized to only seven frames; 

• PointR.-P1-7-Aug: Data augmentation was applied to compensate for the limited data; 

• PointR.-P0-Pre: Augmentation techniques were implemented to mitigate data scarcity; 

• PointR.-P1-7-Pre: A pre-trained model was fine-tuned using just seven frames of data 

from the P1 process; 

• PointR.-P1-7-Aug-Pre: Integrating all methodologies (pre-trained model, limited P1 

data, and data augmentation) was used. 

This experimental design effectively evaluates the trade-offs between the volume of training 

data and model performance while investigating the potential of TL and augmentation 

techniques to reduce reliance on labeled training data. 

 

Table 2 Details of eight test cases 

Type Dataset Data 
augmentation 

Pretrained 
model Code 

Baseline 
test  

Training: P1(820 frames) - Test: P2/P3/P4(1,957 frames) False False PointR.-P1-Full(Ref.) 
Training: P1(820 frames) - Test: P2/P3/P4(1,957 frames) False False PartA2.-P1-Full 
Training: P1(820 frames) - Test: P2/P3/P4(1,957 frames) False False Second.-P1-Full 

Standard 
test 

Training: P1(7 frames) - Test: P1/P2/P2/P3(2,770 frames)  False False PointR.-P1-7 
Training: P1(7 frames) - Test: P1/P2/P2/P3(2,770 frames) True False PointR.-P1-7-Aug 

No training - Test: P1/P2/P3/P4(2,777 frames) False True PointR.-P0-Pre 
Training: P1(7 frames) - Test: P1/P2/P2/P3(2,770 frames) False True PointR.-P1-7-Pre 
Training: P1(7 frames) - Test: P1/P2/P2/P3(2,770 frames) True True PointR.-P1-7-Aug-Pre 

 

Table 3 presents four groups of test cases designed to evaluate key parameters influencing TL 

and data augmentation strategies. For the first three groups, the reference case PointR.-P1-7-

Pre used the PointRCNN algorithm, with seven frames from P1 for training, without data 

augmentation. 

Table 3 Details of eleven sensitivity test cases 

Category Dataset splitting Data 
augmentation Algorithm Code 

Training: P1(7 frames) – 
Test: P2/P3/P4(2770 frames) False PointRCNN PointR.-P1-7-Pre (Ref.) 
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3D object 
detection 
algorithm 

Training: P1(7 frames) – 
Test: P2/P3/P4(2770 frames) False PartA2 PartA-P1-7-Pre 

Training: P1(7 frames) – 
Test: P2/P3/P4(2770 frames) False Second Second-P1-7-Pre 

Training data 
number 

Training: P1(4 frames) – 
Test: P2/P3/P4(2773 frames) False PointRCNN PointR.-P1-4-Pre 

Training: P1(13 frames) – 
Test: P2/P3/P4(2764 frames) False PointRCNN PointR.-P1-13-Pre 

Dataset 
selection 

Training: P2(7 frames) – 
Test: P1/P3/P4(2770 frames) False PointRCNN PointR.-P2-7-Pre 

Training: P3(7 frames) – 
Test: P1/P2/P4(2770 frames) False PointRCNN PointR.-P3-7-Pre 

Training: P4(7 frames) – 
Test: P1/P2/P3(2770 frames) False PointRCNN PointR.-P4-7-Pre 

Data 
augmentation 

strategy 

Training: P1(7 frames) – 
Test: P1/P2/P3/P4(2,700 frames) False PointRCNN PointR.-P1-7  

Training: P1(7 frames) – 
Test: P1/P2/P3/P4(2,700 frames) Cropping PointRCNN PointR.-P1-7-Crop 

Training: P1(7 frames) – 
Test: P1/P2/P3/P4(2,700 frames) Rotation PointRCNN PointR.-P1-7-Rot 

Training: P1(7 frames) – 
Test: P1/P2/P3/P4(2,700 frames) Sampling PointRCNN PointR.-P1-7-Samp 

Training: P1(7 frames) – 
Test: P1/P2/P3/P4(2,700 frames) Combination PointRCNN PointR.-P1-7-Aug  

 

The first group examines the impact of different 3D object detection algorithms; the 

comparisons are between PointRCNN and PartA2 or Second, while the other parameters 

remain unchanged. According to the classification principle of point cloud processing 

algorithms, PointRCNN is a point-based algorithm, while the Second and partA2 are both 

voxel-based types. The most widely adopted algorithms are selected from each of the two 

algorithm types. Meanwhile, the comparison of the three algorithms can not only show the 

performance differences between the algorithms, but also compare the performance of different 

point cloud processing algorithm types in this task. 

 

The second group evaluates the effect of training data size by varying the number of frames 

used for training (4, 7, and 13 frames, corresponding to intervals of 64, 128, and 256, 

respectively, in P1). The third group assesses dataset selection by training models on different 

datasets (P1, P2, P3, and P4). The final group focuses on the influence of data augmentation 

strategies, including cropping, rotation, sampling, and various combinations thereof.  

 

4.2 Experiment results 

The experimental results demonstrate the effectiveness of the pre-trained model, which was 

developed using 2996 frames of synthetic data. The model achieved optimal performance at 

epoch 188, with an APR40 (IoU = 0.7) of 75.1% and a recall of 59%. The APR40 (IoU = 0.7) 

score of 75.1% reflects strong precision, while the recall value of 59% indicates that the model 



29 
 
 

successfully identifies approximately 59% of all relevant instances in the test set. These results 

provide a solid foundation for further fine-tuning and adaptation to real-world applications. Fig. 

13 displays three sample prediction results from the pre-trained model. 

 
Fig. 13 Example prediction result of pre-trained model. (a) initial-stage hoisting, (b) mid-

stage hoisting, and (c) final-stage hoisting.   

 

The module detection results of the three baseline tests are listed in Table 4. The first row of 

PointR.-P1-Full case achieved the highest performance with a 98.1% recall and 94.9% APR40 

(IoU = 0.7). The result demonstrated that comprehensive training data (820 frames) yielded 

very high performance, albeit at the cost of significant training time cost (21 h and 28 min). In 

contrast, the PartA2.-P1-Full case achieved the next best performance, with 74.5% recall and 

74.5% APR40, with a shorter training time of 15 h and 14 min and a faster inference at 0.082 s 

per frame. On the other hand, the Second.-P1-Full case exhibited the weakest detection 

capability, with recall and APR40 values at 78.8% and 46.8%, respectively. It predicted an 

unrealistically high number of objects on average (6.421), which reflected a tendency of 

generating excessive false positives. Nevertheless, it demonstrated the fastest training (6 h and 

28 min) and inference (0.021 s per frame). 

 

In addition, the results of five standard tests are presented in Table 4. First of all, when the 

training data was reduced to 7 frames, the performance of PointR.-P1-7 declined significantly, 

with 22.7% recall and 2.3% APR40 (IoU=0.7). The outcome suggests that effective module 

detection is not achievable with such limited training data without additional measures. In 

contrast, data augmentation applied to the 7-frame training data (PointR.-P1-7-Aug) 

significantly improved performance, achieving 70.4% recall and 53.6% APR40 (IoU=0.7), 

confirming that augmentation can partially compensate for data scarcity. In addition, the pre-

trained without any training data (PointR.-P0-Pre) failed to detect objects (0% recall and AP), 
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highlighting the necessity of fine-tuning with domain-specific data. In the PointR.-P1-7-Pre 

case with only 7-frame data for fine-tuning a pre-trained model, high performance of 90.5% 

recall and 75.6% APR40 (IoU = 0.7) was achieved, requiring only 12 min of training time. The 

result demonstrates that introducing TL can significantly improve detection performance while 

drastically reducing training time (over 94% reduction compared to the reference case). Finally, 

the case combining pre-training and data augmentation (PointR.-P1-7-Aug-Pre) using 7-frame 

data achieved near-reference performance, with 94.6% recall and 88.2% APR40 (IoU = 0.7), 

requiring only 1 h and 15 min of training time. The prediction time consistently remained below 

0.22 s per frame, demonstrating that efficiency improvements were achieved without 

sacrificing prediction speed. 

 

These results confirm that the combination of TL and data augmentation offers an effective 

strategy for substantially reducing the need for labeled data while maintaining high detection 

performance in point cloud-based MiC module detection. Specifically, utilizing only seven 

training frames yielded near-reference performance levels comparable to training with 820 

frames.  

Table 4 Performance comparison of eight test cases 

Type Code Recall APR40@0.7 Average predicted 
number of objects 

Total training time 
(hh:mm) 

Inference time 
per frame(s) 

Baseline 
test  

PointR.-P1-Full(Ref.) 98.1% 94.9% 0.960 21:28 0.219 
PartA2.-P1-Full 74.5% 74.5% 0.933 15:14 0.082 
Second.-P1-Full 78.8% 46.8% 6.421 6:28 0.021 

Standard 
test 

PointR.-P1-7 22.7% 2.3% 1.688 00:11 0.223 
PointR.-P1-7-Aug 70.4% 53.6% 0.462 01:15 0.218 

PointR.-P0-Pre 0.0% 0.0% 0.000 / 0.226 
PointR.-P1-7-Pre 90.5% 75.6% 1.073 00:12 0.222 

PointR.-P1-7-Aug-Pre 94.6% 88.2% 1.023 01:15 0.222 
 

Fig. 14 illustrates the detection performance trends for various model configurations at 

different IoU thresholds. For the baseline tests, the APR40 of the PointR.-P1-Full reached a 

stable performance plateau up to an IoU of 0.8 until a sharp decline. For the PartA2.-P1-Full 

case in Fig. 14(b), the curve shows a relatively smooth decline before dropping sharply after 

the IoU reached 0.7 (APR40 of 74.5%). In contrast, the Second.-P1-Full case exhibited the 

earliest performance deterioration among the three baselines, with a noticeable downward trend 

starting from lower IoU thresholds; this case only achieved 46.8% APR40 value when IoU was 

0.7. For the other five standard cases, the APR40 of PointR.-P1-7 (Fig. 14(d)) remains 

consistently below 15% across all IoU levels, eventually dropping to 2.3% at an IoU=0.7. The 

APR40 of both PointR.-P1-7-Aug (Fig. 14(e)) and PointR.-P1-7-Pre (Fig. 14(f)) show significant 
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improvements compared to that of PointR.-P1-7 but still fall short of the performance of the 

reference case. Meanwhile, the APR40 of PointR.-P1-7-Pre maintains a higher plateau level than 

PointR.-P1-7-Aug (approximately 80% versus 60%), indicating that the pre-training strategy 

is more effective than data augmentation alone. PointR.-P1-7-Aug-Pre (Fig. 14(g)) sustains 

high performance with an APR40 (above 88.2%) up to IoU = 0.7, which is comparable to the 

reference case. This trend suggests that the combination of TL and data augmentation can 

significantly enhance performance, effectively mirroring the features of the reference case 

across various IoU thresholds.  

 
Fig. 14 Detection metrics, APR40 versus IoU curve 
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Fig. 15 shows the training loss curves for all test cases, excluding PointR.-P0-Pre. All three 

baseline tests exhibit a smooth decrease in the training loss curve, which typically indicates 

good convergence behavior and training stability. Among the five standard test cases, PointR.-

P1-Aug-Pre shows the more stable loss decline, whereas the PointR.-P1-7 case is the only one 

that lacks a discernible downward trend. This observation aligns with the earlier results 

regarding detection accuracy. Specifically, the training loss for the PointR.-P1-Full case 

quickly stabilizes after approximately 50 iterations, ultimately converging to a minimal loss 

value near 0.5. In contrast, both PartA2.-P1-Full and Second.-P1-full cases converged before 

25 iterations and finally stayed at a level of about 0.6. In addition, the loss curve for the PointR.-

P1-7 case displays significant fluctuations throughout all 300 iterations, failing to decrease 

below 2.0. The training losses of the other three cases, i.e., PointR.-P1-7-Aug, PointR.-P1-7-

Pre, and PointR.-P1-7-Aug-Pre, demonstrate a slow decline, stabilizing after about 200 

iterations. Notably, the PointR.-P1-7-Aug-Pre case is the only one that eventually stabilizes 

below a loss of 1, resembling the behavior of the reference case, PointR.-P1-Full. 

 
Fig. 15 Training loss curve 

 

Fig. 16 displays typical prediction results for the PointR.-P1-7-Aug-Pre case. Figs. 16(a)–16(c) 

depict TP results from the initial hoisting phase to the final placing, where the model 
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successfully predicted 3D bounding boxes that accurately aligned with the point cloud data of 

the MiC module. In contrast, Figs. 16(d)–16(f) illustrate a false positive (FP) result, where the 

predicted 3D bounding box significantly deviates from the actual point clouds of the MiC 

modules. 

 
Fig. 16 Example prediction result of developed TL model 

 

4.3 Sensitivity analysis 

The performance results of the four-group sensitivity tests are listed in Table 5. Notably, the 

cases within the group of 3D detection algorithms exhibit significant performance variations. 

When compared to the reference case (PointR.-P1-7-Pre), the PartA2 algorithm (PartA-P1-7-

Pre) demonstrated moderate performance, achieving 58.1% recall and 57.9% APR40 (IoU = 0.7), 

while also reducing the training time to 10 min. The Second-P1-7-Pre achieved the lowest 

performance (44.2%) in APR40 (IoU = 0.7), with a recall of 74.7%. However, it exhibited the 

fastest prediction speed (0.026 s per frame) and substantial efficiency advantages, requiring 

only 8 min of training time. Notably, compared to both PointRCNN and PartA, the Second 

algorithm detected more objects per frame (7.592) but with low detection accuracy, suggesting 

potential over-detection issues that compromise overall accuracy. These results underscore the 

trade-off between accuracy and efficiency that must be considered when selecting an 

appropriate detection algorithm. 
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For the training data group, the results demonstrate a progressive improvement in 

PointRCNN’s performance as the training data increases. Specifically, performance improved 

from 78.6% recall and 64.5% APR40 with four frames to 90.5% recall and 75.6% APR40 with 

seven frames and further to 94.5% recall and 81.2% APR40 with 13 frames. The PointR.-P1-4-

Pre case shows that pre-trained models can still achieve moderate results, when fine-tuned with 

four frames 

 

For the dataset selection group, models trained on the P1 and P3 datasets outperformed those 

trained on the P2 and P4 datasets. In particular, the PointR.-P3-7-Pre case achieved 87.4% 

recall and 75.1% APR40, closely approaching the performance of the reference case. On the 

other hand, the model trained on the P4 dataset exhibited the lowest performance (75.0% recall, 

62.0% APR40). These results suggest that datasets such as P1 and P3, which offer more diverse 

and representative data, contribute to better performance. 

 

Finally, data augmentation strategies notably enhanced the performance of the model. Among 

the individual augmentation techniques, the case with rotation augmentation achieved the 

highest performance among those with other individual augmentation techniques (54.9% recall 

and 51.3% APR40). The case employing a combination of augmentation techniques (PointR.-

P1-7-Aug) demonstrated the most significant improvement, achieving a recall of 70.4% and an 

APR40 (IoU = 0.7) of 53.6%. 

Table 5 Result of sensitivity analysis  

Category Code Recall APR40(IoU=0.7) Average predicted 
number of objects 

Total training 
time (hh:mm) 

Inference time 
per frame(s) 

3D object 
detection 
algorithm 

PointR.-P1-7-Pre(Ref.1) 90.5% 75.6% 1.073 00:12 0.222 
PartA-P1-7-Pre 58.1% 57.9% 0.901 00:10 0.069 

Second-P1-7-Pre 74.7% 44.2% 7.592 00:08 0.026 
Training data 

number 
PointR.-P1-4-Pre 78.6% 64.5% 0.853 00:08 0.229 

PointR.-P1-13-Pre 94.5% 81.2% 1.035 00:19 0.226 

Dataset 
selection 

PointR.-P2-7-Pre 78.1% 68.1% 1.011 00:13 0.224 
PointR.-P3-7-Pre 87.4% 75.1% 1.029 00:13 0.222 
PointR.-P4-7-Pre 77.0% 67.0% 0.919 00:12 0.224 

Data 
augmentation  

PointR.-P1-7(Ref.2) 22.7% 2.3% 1.688 00:11 0.223 
PointR.-P1-7-Crop 51.2% 45.2% 0.491 01:23 0.218 
PointR.-P1-7-Rot 54.9% 51.3% 0.705 01:30 0.224 

PointR.-P1-7-Samp 52.2% 44.8% 0.491 01:19 0.218 
PointR.-P1-7-Aug 70.4% 53.6% 0.462 01:15 0.218 

 

Fig. 17 further compares APR40 and IoU metrics across different groups in the sensitivity 

analysis. For the 3D object detection algorithm group, both the PointR.-P1-7-Pre and Second-

P1-7-pre cases exhibit a similar trend in APR40, i.e., stabilizing until an IoU threshold of 0.7, 
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after which they decline sharply to zero at IoU=0.9. Although the APR40 of the PartA-P1-7-Pre 

case remains consistent with that of the PointR.-P1-7-Pre case within the IoU=0.4, it steadily 

decreases and shows a more pronounced downward slope as the IoU value increases. For the 

training data group, the case with a larger amount of training data (PointR.-P1-13-Pre) shows 

a higher initial value compared to the case with less training data (PointR.-P1-4-Pre), although 

both cases follow the same decreasing trend as the IoU threshold increases. In the dataset 

selection group, different cases show a similar trend in APR40, with slight variations in the initial 

values. For the data augmentation group, the APR40 of cases incorporating various data 

augmentation techniques consistently starts at approximately 60%. Specifically, the PointR.-

P1-7-Crop and PointR.-P1-7-Samp cases exhibit a more pronounced downward trend, resulting 

in lower APR40 for PointR.-P1-7-Crop and PointR.-P1-7-Samp, which are smaller than those 

for PointR.-P1-7-Rot and PointR.-P1-7-Aug at IOU=0.7. 
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Fig. 17 Detection metrics, APR40 versus IoU curve, for sensitivity analysis 
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In summary, the selection of a 3D object detection algorithm has a substantial impact on both 

accuracy and efficiency. The PointRCNN algorithm demonstrated the highest performance in 

terms of detection accuracy, while the Second algorithm offered faster processing times, albeit 

with lower accuracy. Additionally, the amount of training data directly influences the 

performance of the pre-trained model, with even limited fine-tuning using only four frames 

yielding moderate results. Dataset selection also plays a crucial role in detection accuracy, with 

more diverse and representative data contributing to improved model performance. Lastly, data 

augmentation techniques, particularly rotation augmentation, significantly enhance the model 

effectiveness, with the combined augmentation strategy yielding the best overall performance. 

5 Discussion 
5.1 Potential applications 

The results from the MiC module detection can be extended to multiple potential applications 

on construction sites:  

• Risks alert system: The 3D object detection results can be leveraged to identify and 

analyze potential risks on the construction site. For example, the system can notify on-

site workers when they enter a hazardous zone beneath a hoisted module. In addition, 

crane operators can be alerted if the distance between the hoisted module and a worker 

or between the module and nearby obstacles falls below a predefined safety threshold, 

thus enhancing site safety and preventing accidents. 

• Productivity and progress monitoring: A system for productivity and progress 

monitoring can be developed by integrating the detection results with BIM models. This 

system can analyze the progress of the construction process through changes in the 

position of the modules. Time and location data associated with module hoisting will 

be recorded and integrated into the project management system. By combining the 

project management system with AI tools, the system can facilitate automated and 

intelligent productivity evaluations and provide real-time progress updates (Chen et al. 

2025). 

• Quality control system: A quality control system for the installation of MiC modules 

can be established by comparing the detection results with the as-designed BIM. This 

system can accurately identify deviations in the module position and orientation, 

verifying whether they fall within acceptable tolerance ranges. Based on the deviation 
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analysis provided by the system, crane operators can take corrective actions to ensure 

precise module placement. 

 

5.2 Applicability beyond MiC module hoisting 

The “BIM-to-Reality” 3D detection paradigm can be extended beyond MiC module hoisting 

scenarios. The source domain of BIM technology is the most important digital project data 

source and largely mandated in the modern projects, and the network architecture effectively 

learns universal spatial features, not limited to hoisting. For example, the proposed paradigm 

can first be used in detecting other lifting objects, such as precast concrete beams, exterior wall 

panels, large equipment components, or bridge segments. Furthermore, the same workflow can 

be applied to construction ground task detection, alerts for workers near a 3D dangerous zone, 

human-robot collaboration, task-aware point cloud compression, and so on, using the proposed 

synthetic data generation and model pre-training techniques. All these applications should 

inherit high-level accuracy and low-level dependency on real-world data in this paper. The 

proposed approach can be extended to other industrial scenarios, such as infrastructure 

construction, industrial plant installation, and marine engineering, in which lifting operations 

are crucial for safety and productivity. Although the same “BIM-to-Reality” workflow can be 

followed, it should be noted that there are different characteristics for specific tasks and objects 

in the extension scenarios. For instance, on-site workers have small, distant, and fast-moving 

characteristics, which are different from the characteristics of usual lifting objects. These 

characteristics may lead to implementation challenges, which need further exploration in the 

future.     

 

5.3 Strengths and Limitations 

The proposed BIM-based TL paradigm for 3D module detection in point clouds of MiC 

hoisting shows strength in the following two aspects compared to the conventional image-

based detection method: 

• Accurate three-dimensional sensing. The proposed method inherently retains 

comprehensive three-dimensional geometric information in the hoisting operation 

scene. The 3D detection result supports localization at centimeter-level precision and 

allows accurate calculation of the distances between, the module, crane hook, and 

adjacent structures. However, conventional image-based monitoring methods can only 
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recognize module presence in installation stage but lack direct depth information, which 

limits reliable three-dimensional positioning and collision risk assessment.  

• Robust against external lighting variation. The proposed 3D detection method in 

point clouds is less sensitive to lighting variations, shadows, or occlusions that 

commonly degrade image-based detection in outdoor hoisting environments. 

 

Despite the strength and promising results, the proposed TL paradigm for MiC module 

detection still has several limitations that warrant further exploration in future research. 

• Difference between synthetic and real-world data: The synthetic data is generated 

from depth maps in a virtual environment, whereas the real-world data is collected using 

LiDAR sensors in this study. The synthetic data generation method based on the depth 

map is the most widely adopted in the related studies (Xu & Pan 2023). Part of the 

reason is that the point cloud acquisition principle of LiDAR also varies in different 

products. It is difficult to create a general method to create synthetic data. However, it 

can not be ignored that there are differences in sensing mechanisms between these two 

methods of point cloud generation. Therefore, the influence of the difference on transfer 

learning needs to be explored in the future. 

• Reliability in complex environments: The reliability of the proposed method needs to 

be tested in more complex environments, particularly when dealing with heavily 

occluded modules. In urban construction sites, occlusions caused by temporary 

buildings, construction equipment, or other modules may hinder LiDAR sensors from 

collecting sufficient point cloud data, which could impact the model's accuracy. In 

addition, environmental conditions such as weather, fog, and strong lighting can 

significantly impact the quality of point clouds at outdoor construction sites. Current 

research has not conducted extensive testing to assess system performance under these 

adverse conditions.  

• LiDAR sensor deployment: The current approach requires strategic placement of 

multiple LiDAR sensors to ensure comprehensive point-cloud coverage across the 

construction site. Replicating this configuration across various projects may pose 

challenges due to site-specific constraints and the high cost of deploying multiple high-

quality sensors. Future research should explore more flexible sensor deployment 

techniques, such as simulation-based optimization of sensor deployment (Zhou & Xue 

2025; Sun et al. 2026). 
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• Noise concern in synthetic data generation: The synthetic point clouds generated 

from BIM are inherently noise-free, whereas real-world LiDAR scans inevitably 

contain random measurement variance. To reduce this gap, random downsampling was 

applied to the dense depth-map-derived point clouds, which both balanced point density 

and introduced irregularities comparable to LiDAR noise. In addition, the BIM 

environment incorporated cluttered site elements such as stacked materials, workers, 

and exposed reinforcement cages, increasing occlusion and background complexity that 

resemble noise-like effects in practice. Furthermore, compared with the module 

dimensions (9.2 m × 3.7 m × 3.4 m), the potential noise can be negligible since the 

LiDAR sensor keeps 2 cm precision. Nevertheless, future research should explore 

explicit noise modeling in synthetic point cloud generation to improve domain 

consistency, although the experimental result showed that the noise level in real LiDAR 

scans did not substantially degrade detection performance. 

• IoU threshold for precision: The IoU threshold for positive samples was set at 0.7, 

based on standards used for large objects in autonomous driving. However, this 

threshold may not be sufficient for the precise positioning of MiC modules. Our 

experiments indicated that varying the threshold did not yield optimal detection results, 

suggesting that further refinements are required to improve spatial matching precision.  

6 Conclusion 
This paper introduces a TL paradigm for module detection in real-world MiC hoisting 

processes, utilizing BIM-based synthetic data. The proposed paradigm effectively addresses 

the challenge of limited labeled datasets commonly encountered in construction applications 

by integrating minimal real-world data with synthetic data generated from a virtual 

environment. Experimental results indicate that combining TL with data augmentation and 

using only seven training frames resulted in a recall of 94.6% and an APR40 (IoU = 0.7) score 

of 88.2%. This performance is comparable to a model trained on 820 frames. In the sensitivity 

analysis, the PointRCNN algorithm demonstrated superior accuracy compared to the other two 

competing approaches (e.g., PartA2 and Second) despite its higher computational cost. 

 

Furthermore, pre-trained models demonstrated the ability to achieve satisfactory results with 

limited fine-tuning data. Notably, increasing the number of training data from 4 to 13 resulted 

in a significant improvement in detection accuracy. Dataset selection was also found to be a 
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critical factor influencing model performance. Training with diverse and representative 

datasets (from P1) consistently produced superior results. In addition, data augmentation 

methods significantly enhanced model performance, with integrated augmentation strategies 

outperforming individual augmentation methods by a considerable margin. 

 

The proposed TL paradigm effectively reduces the need for large amounts of labeled point 

cloud data for 3D object detection in disordered construction scenarios. However, further 

research is needed to address current limitations, including the synthetic data creation 

mechanism, performance under complex environments, sensor deployment constraints, and 

higher IoU thresholds. Moreover, future studies could also explore the integration of multi-

modal data and advanced sensor technologies to improve detection accuracy and robustness in 

real-world construction environments. 
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