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There is a growing need to support 3D measurement to enhance efficiency in quality control. Currently, building model
generation primarily relies on manual measurements to determine the properties of architectural, mechanical, electrical, and
piping elements. While advancements in 3D scanning technology now enable the scanning of existing buildings, converting
this scan data into usable models still requires significant human involvement due to challenges such as large data sizes,
occlusion, and the presence of various structural elements. As a result, a more efficient method is needed to streamline 3D
object detection and measurement from such complex datasets to enable fully automated scan-to-model generation. This work
proposes an accelerated 3D component measurement strategy that improves efficiency by projecting 3D points with RGB
information onto multiple continuously moving orthogonal 2D views, effectively reducing data complexity. The projected 2D
images are then used for object detection training. Based on the object types and positions detected in multiple orthogonal 2D
views, objects are segmented and re-projected back into the 3D space to enable 3D object modeling and measurement. The
exact dimensions of the objects are determined through a multi-shape 3D geometry extraction process using the detected 3D
bounding boxes. This approach significantly enhances the automation and accuracy of 3D measurement, making scan-to-
model generation more efficient for various applications.

NOMENCLATURE Beyond indoor scar.lning and autonomous d.riving,.3D point cl.ouds
have also been applied to corrugated surface inspection [5], offering a
robust representation that complements traditional 2D imaging
methods [9].

Various deep learning architectures can be employed to process 3D

AM = Additive Manufacturing
MEP = mechanical, electrical and piping
PPVC = Prefabricated Prefinished Volumetric Construction

PBU = Prefabricated Bathroom Unit point cloud data, including convolutional neural networks [7], multi-

layer perceptron [8], and transformer [9]. However, regardless of the
chosen network, directly processing 3D point cloud data is

computationally intensive. This is due to the large number of points in
1. Introduction the space, each requiring recognition, which significantly impacts

detection efficiency.

The 3D point cloud has become a widely adopted format for
representing spatial environments. Leveraging point cloud data from
3D scanners, [1] integrated multiple scales to extract features from
complex scenes, enabling effective classification and segmentation of
spatial objects. For RGB-D scans in both indoor and outdoor settings,
[2] employed 2D and 3D deep learning techniques to generate 3D
bounding boxes for object detection. In the context of autonomous
driving [3], the point cloud analysis was organized into two stages,

proposal generation and refinement, to learn spatial features [4].
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Efficient 3D object measurement can accelerate various
applications. For example, there is an increasing demand to support
existing buildings that have only 2D design blueprints for effective
maintenance [10]. However, generating building models often
involves manual measurement and identification of architectural and
MEP elements. On the other hand, advancements in 3D scanning
technology have made it feasible to scan existing buildings, producing
3D point clouds enriched with RGB information [2]. Incorporating
efficient 3D object measurement techniques can significantly enhance



the processing of large-scale point cloud data, improving overall
workflow efficiency.

To address this challenge, this work introduces a 2D-image-Al-
based 3D detection method designed to enable efficient 3D object
measurement. The approach consists of four key steps: exterior
extraction, interior projection, 3D detection, and dimension
measurement.

The structure of this work is organized as follows: Section 2
presents the 2D-image-Al-based 3D detection method. Section 3
outlines the experiments performed for 3D assessment. Section 4

concludes the study with key findings and insights.
2. 2D-image-Al-based 3D Detection Method

To achieve efficient 3D measurements, the proposed strategy
begins by decoupling the 3D point cloud into exterior and interior
components. This is followed by interior projection and 3D object
detection, culminating in the final dimension measurement.

2.1 Exterior Extraction

When a 3D point cloud is used to represent a large space or object,
planar patterns are the most prevalent, accounting for the majority of
points.

By applying iterative plane fitting, the exterior 3D point clouds can
be sequentially decomposed into individual planes based on the point
density. Gradually removing these exterior planes from the complete
3D point cloud significantly reduces the total number of points, thereby
enabling more efficient interior projection.

2.2 Interior Projection

To illustrate using the Y-Z plane projection, consider that the
differences between the maximum and minimum values of the point
cloud in the X, Y, and Z directions are 500 mm, 600 mm, and 700 mm,
respectively. Consequently, the projection image on the Y-Z plane
measures 700 x 600. Along the X-axis, which is perpendicular to the
Y-Z plane, 500 planes can be generated using a segmentation step of 1
mm. This dynamic projection process is depicted in Figure 2.

In complex environments, target objects are often obscured by
other elements during projection. To address this challenge, the
orthogonal projection view will be adaptively adjusted, ensuring that
all target objects are effectively captured in the projection images.

An object is inferred to be the same across two orthogonal
projection views if it receives identical labeling from the Al-trained
model and exhibits nearly identical 2D bounding box dimensions in
both projections.

Figure 1. Moving projection in the Y-Z plane.

2.3 3D Detection

To identify target objects, each projected 2D image is processed
using YOLO [11] for object detection. Based on the detected object
types and positions across multiple orthogonal 2D views, the objects
are segmented and re-projected into 3D space, enabling the creation of
3D object models.

One challenge of object detection using projected images is the
false detection caused by object shadows. Shadows can lead to two
types of false positives: bounding boxes with no actual object inside or
objects being incorrectly detected on walls. To address the first type,
the number of 3D points within the bounding box is counted; if this
number is insufficient, the detection is classified as false and removed.
For shadow-related false detections on walls, the bounding boxes often
have disproportionately large dimensions. These are filtered out based
on their size. The filtering process is illustrated in Figure 2.

Filtered by the point
number inside the 30 S48
bounding box

Figure 2. Shadow filtering via point number within 3D bounding
boxes.

2.4 3D Geometry Determination

With the detected 3D bounding boxes, the exact object dimensions
are determined through a multi-shape 3D geometry extraction process.
The workflow begins by normalizing the enclosed point clouds within
the bounding box based on the farthest distance from the origin. The
normalized point clouds are then denoised using a Gaussian
distribution to remove outlier points, ensuring precise measurements.
A sequential shape extraction approach is employed: starting with
planes, followed by spheres, and then cylinders. Iterative fitting is
conducted for each shape, with fitted point clouds removed after each
step. This allows for the computation of comprehensive dimensions for
objects composed of multiple geometric shapes. The complete
workflow of the proposed 2D-image-Al-based 3D detection method,
starting from 3D point cloud data, is summarized in Figure 3.
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Fig. 3 2D-image-Al-based 3D detection workflow.
3. Experiment and Analysis

The proposed 2D-image-Al-based 3D detection method is
validated through an indoor space scan using the Leica BLK360. The
scanning locations and the generated 3D point cloud are shown in
Figure 4. Subsequently, a 3D point cloud representing the PBU is used
to demonstrate the general applicability of the proposed method.

Scanning locations

3D point cloud
Fig. 4 Scanning locations and 3D point cloud.

3.1 Implementation Process

The complete implementation process is illustrated in Figure 5,
starting from the input 3D point cloud. Through exterior extraction, the
6-side surroundings are removed from the entire dataset, significantly
reducing the number of points. Internal components, such as the fire
extinguisher, are then detected in the projection images. The detected
2D objects are used to formulate the 3D bounding boxes. Finally, 3D
geometry determination is conducted for plane, sphere, and cylinder
fitting. For instance, the detected coordinates of the fire extinguisher's
center are [-2.365, -3.727, -0.057], with a radius of 68mm. This radius
result matches that obtained using commercial software GOM from
ZEISS [12].
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Fig. 5 Implementation process of proposed method.
3.2 Other Applications

In addition to the indoor space, the PBU is also utilized to
demonstrate the effectiveness of the proposed approach. Using the 3D
point cloud shown in Figure 6, the developed method successfully
decouples the exteriors and interiors, ultimately generating a mesh
model for the construction unit. Furthermore, a user interface, as
depicted in Figure 7, has been developed to enable data visualization
and interaction, facilitating a more intuitive exploration of the results.

3D point cloud Exterior extraction Geometry and
mesh generation
Interior extraction 3D detection

Fig. 6 Application of the method in construction.
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3.3 Efficiency Advantage

To further evaluate the efficiency of the proposed method, a point
cloud dataset containing 3,887,089 points is used. A comparison is
made between PointNet++ and our proposed 2D-image-Al-based 3D
detection method. The processing time and hardware configurations
are summarized in Table 1.

As shown in Table 1, the 2D-image-Al-based 3D detection method
can process the same point cloud data much faster, even when using
less powerful hardware. This is because the proposed method converts
the 3D data processing into a 2D domain, which significantly reduces
the time and dependency on high-end CPUs and GPUs.

Table 1 Accuracy assessment with feature components

. Processing
Point K
Method time CPU GPU
number
(second)
Intel® NVIDIA
PointNet++ Xeon® | RTX A6000
3887089 80 .
[1] Gold (with 48 GB
5320 memory)
NVIDIA
Intel(R) GeForce
Proposed Core RTX 2080
3887089 14 . .
method (TM) i7- | Super (with
10750H 8GB
memory)

4. Conclusions

A 3D component measurement strategy is proposed that involves
projecting 3D points with RGB information onto multiple continuously
moving orthogonal 2D views. These projected 2D images are then
utilized for object detection. By analyzing the object types and
positions detected across multiple orthogonal 2D views, the objects are
segmented and subsequently re-projected back into the 3D space. This
approach integrates 2D detection within the 3D measurement process,
thereby enhancing the efficiency of 3D measurement.
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