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Abstract: The accurate estimation of edge lines in precast bridge slabs based on laser scanning is
crucial for a geometrical quality inspection. Normally, the as-designed model of precast slabs is
used to match with laser scan data to estimate the edge lines. However, this approach often leads
to an inaccurate quality measurement because the actually produced slab can be dimensionally
different from the as-designed model or the inexistence of the as-designed model. In order to
overcome this limitation, this study proposes a novel algorithm that generates and utilizes range
images generated from scan points to enhance accuracy. The proposed algorithm operates as follows:
first, the scan points are transformed into a range of images, and the corner points of these range
images are extracted using a Harris corner detector. Next, the dimensions of the precast bridge
slab are computed based on the extracted corner points. Consequently, the extracted corner points
from the range images serve as an input for edge line estimation, thereby eliminating the matching
errors that could arise when aligning collected scan points to an as-designed model. To evaluate
the feasibility of the proposed edge estimation algorithm, a series of tests were conducted on both
lab-scale specimens and field-scale precast slabs. The results showed promising accuracy levels of
1.22 mm for lab-scale specimens and 3.10 mm for field-scale precast bridge slabs, demonstrating more
accurate edge line estimation results compared to traditional methods. These findings highlight the
feasibility of employing the proposed image-aided geometrical inspection method, demonstrating the
great potential for application in both small-scale and full-scale prefabricated construction elements
within the construction industry, particularly during the fabrication stage.

Keywords: edge detection algorithm; precast bridge slab; dimensional inspection; range image; point
cloud data

1. Introduction

The construction industry is increasingly adopting prefabrication due to its advan-
tages in terms of faster construction, lower costs, and a cleaner environment compared to
traditional in situ construction methods [1,2]. In traditional construction processes, waste
is generated from various sources, such as leftover materials, packaging, inefficient design,
lost or damaged supplies, and discarded materials [3]. According to the Environmental Pro-
tection Agency, the United States alone produces over 600 million tons of construction and
demolition waste annually [4]. A recent study demonstrated that the use of prefabricated
elements could significantly reduce construction waste by up to 83.2% when compared
to in situ concrete casting panels [5]. This reduction could be attributed to the controlled
factory manufacturing of prefabricated elements, which avoids weather-related damage
and facilitates effective recycling practices [6]. Furthermore, the upfront planning required
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for integrating prefabricated elements into the design helps minimize the need for rework,
thereby reducing waste generation [1]. Given the growing emphasis on sustainability
and reducing carbon dioxide emissions, the adoption of prefabricated elements has be-
come increasingly popular in the construction industry [2,7-10]. With the development
of sonar and microwave technology, technology for tracking and storing information on
prefabricated components has been matured and developed, which benefits the automatic
production of prefabricated slabs in the construction industry [11-15].

For the proper assembly of prefabricated elements at the construction site, it is essential
to conduct a dimensional inspection during the manufacturing stage to prevent structural
failures and construction delays [16]. Table 1 provides a summary of the geometrical
inspection checklist and corresponding tolerances for prefabricated elements based on the
Construction Quality Assessment System (CONQUAS) specified by BCA [16]. The geome-
try category includes four key features for assessment: dimension, straightness, squareness,
and twist. Each feature has specific inspection checklists referred to as ‘Tolerance’. For
instance, the tolerance for dimensions of prefabricated elements can vary based on the edge
length. If the edge length ranges from 4.5 m to 6 m, the tolerance value for the geometrical
inspection is set at 12 mm.

Table 1. The checklist for geometrical inspections and the corresponding tolerance levels applicable
to prefabrication [17].

Categories Tolerance

4.5 m < Length < 6 m: 12 mm
Dimensions 3 m < Length < 4.5 m: 9 mm

Length < 3 m: 6 mm

4.5 m < Length < 6m: 12 mm
Straightness 3m < Length <4.5m: 9 mm

Length <3 m: 6 mm

Length > 1.8 m: 12 mm
Squareness 1.2m < Length < 1.8 m: 9 mm
Width <1.2m: 6 mm
Width < 0.6 and Length < 6 m: 6 mm

Twist Others: 12 mm

In recent times, 3D laser scanners have gained popularity for their ability to acquire
accurate and efficient geometric data [16]. Thanks to the advantages of laser scanners,
numerous researchers have proposed geometrical inspection techniques for prefabricated
elements using laser scanning data collected from the laser scanner [18-21]. There are also
a few studies that utilize scan points directly or indirectly without the as-designed model
to perform edge line estimation on prefabricated components with simple geometrical
features [21]. However, this study targets more complex geometry objects to address the
limitation of edge line estimation methods that require an as-designed model as their input.
In most of these previous studies, the input for edge line estimation typically requires the
as-designed model to be matched with the collected scan points. However, inaccurate
measurements often arise due to poor matching between the as-designed model and the
collected scan points, particularly when the prefabricated elements differ from the original
design [22-24]. Figure 1a illustrates the inaccuracies of edge line estimation arising from
the matching errors. Image processing algorithms have become mature for geometrical
feature extraction and demonstrate high computational efficiency in 2D domain analysis.
Hence, range images obtained from point cloud data have the potential to capture object
surface geometry for a geometrical inspection [22,23]. Considering the characteristics of
laser scanning data and range images, this study aimed to leverage the strengths of both
datasets to address the current limitations associated with edge line estimation.
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Figure 1. Concepts of the proposed range image-aided method that generates and utilizes range
images generated from point cloud data: (a) Inaccurate edge line estimation results caused by the
poor matching between the as-designed model and the collected scan points (limitation associated
with current edge line estimation); (b) Basic concept of the proposed range image-aided method and
expected edge line estimation results.

Specifically, this study proposes a novel range image-aided algorithm that generates
and utilizes range images obtained from point cloud data to enhance edge line estimation
accuracy. Figure 1b indicates the concepts of the proposed range image-aided method. In
this approach, the extracted corner points from range images served as the input for edge
line estimation. Therefore, there was no need to match the as-designed model and the
collected scan points for edge line detection, addressing the measurement errors caused
by the alignment process. First, the scan points were transformed into range images, and
the corner points of these range images were extracted. Next, the dimension of the precast
bridge slab was computed based on the model generated from the extracted corner points.
Consequently, there was no need to match the as-designed model with the collected scan
points, eliminating inaccuracies arising from matching errors and improving edge line
estimation accuracy.

The uniqueness of this study is (1) the development of an enhanced edge line esti-
mation algorithm that generates and utilizes range images from laser scanning data and
(2) the successful validation of the proposed edge line estimation technique through a
series of tests, including comparative assessments against traditional methods. This pa-
per is structured as follows: Section 2 provides an extensive review of the literature on
geometrical inspections utilizing point cloud data and range images separately. The data
processing steps involved in the proposed edge line estimation technique are illustrated in
Section 3. Validation experiments conducted on both lab-scale specimens and field-scale
precast bridge slabs are presented in Section 4. Finally, Section 5 ends with a brief summary.

2. The Literature Review
2.1. Laser Scanning-Based Geometrical Inspection

Numerous studies have proposed geometrical inspection methods based on laser
scanning for various construction components, including prefabricated pipes [18], spatial
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structural components [19], and precast girders [20,21]. For instance, Nahangi et al. [18]
presented a framework for quantifying deviations in prefabricated pipe assemblies using
laser scanning data. A forward kinematics model based on the 3D image alignment theory
and robotic kinematics was utilized to extract deviation information. Lab-scale experiments
demonstrated maximum errors of 0.237° for rotational discrepancies and 0.02 cm for
translational discrepancies. Liu et al. [19] introduced a holistic assessment framework
for the quality control of spatial structural components. Their approach incorporated
assessment parameters, refined scanning strategies, and data processing methodologies
and utilized point cloud processing, reverse modeling, and finite element analysis. The
proposed method was proven effective and applicable as the final evaluation yielded 95%
reliability in terms of dimensional accuracy and structural performance. Yoon et al. [20]
developed a laser scanning technique to determine the optimal positioning of precast
bridge deck slabs. They extracted dimensions and locations of geometric features such
as shear connectors and shear pockets and solved a nonlinear minimization problem to
determine the optimal positioning of precast bridge deck slabs. Field—scale tests showed
how the proposed method eliminated 54 discrepancies between shear connectors on girders
and shear pockets on panels. Hodge et al. [21] proposed automatic methods to estimate the
positional and dimensional information of bridge girder reinforcement cages. In the study,
3D scan points associated with the reinforcement cages were segmented and classified,
reporting a discrepancy of less than 2 mm for the dimensions estimation and 0.1° for
the orientation estimation of the rebar cages in validation experiments. Truong-Hong
et al. [25] presented a novel method to extract the surfaces of the box and slab beams
from point cloud data. This method utilizes both point clouds and contextual knowledge
to segment point cloud subsets corresponding to individual bridge components from
superstructure to substructure. An experimental test showed that discrepancies between the
extracted surfaces and ground truth were no larger than 0.82 for the area overlap ratio and
0.59 degrees for the angular deviation.

The authors’ research group has proposed several edge line estimation algorithms
using laser scanning for the edge line estimation of prefabricated elements, including the
‘vector-sum algorithm’ [22], ‘least square regression (LSR) algorithm’ [24,26], and ‘Random
sample consensus (RANSAC) algorithm” [24,27]. The ‘vector-sum algorithm” identifies
points along the edges by calculating the sum of eight vectors connecting the scan point
to its eight closest neighboring scan points. Once the edge points were extracted and
each edge line was fitted using the least-squares fitting algorithm. In addition, the ‘least
square regression (LSR) algorithm’ [24,26] and the ‘random sample consensus (RANSAC)
algorithm’ [24,27] were developed for the dimension extraction of precast elements by
aligning the as-designed model with collected scan points. These algorithms first extract the
last valid scan points (LVSPs), which are located inside the edges, and generate hypothesis
scan points (HSPs) adjacent to the LVSPs. Subsequently, the edge line is predicted using
line fitting algorithms, employing the centers of these two datasets with LSR and RANSAC
algorithms. Validation tests on lab-scale specimens demonstrated an edge line estimation
accuracy ranging from 1.5 mm to 2.7 mm, while for field-scale prefabrication elements, the
accuracy declined to 3 mm due to reduced data density and a larger element size.

In summary, although there have been extensive studies and developments in laser
scanning-based geometrical inspections for construction components, previous studies
have typically involved the matching of the as-designed model and the collected scan
points for edge line detection. However, inaccurate measurements have been frequently
encountered due to the inadequate matching of the as-designed model with the collected
scan points, as illustrated in Figure 1a, resulting in poor dimensional inspection results.

2.2. Range Image-Based Geometrical Inspection

Commonly used image processing algorithms, such as edge detection and corner
detection methods, are widely employed for geometrical feature extraction [28,29]. Popular
edge detection methods include the Sobel and Prewitt operators [30], Robert’s operator [31],
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and the Canny operator [32]. Representative corner detection algorithms include the
SUSAN corner detection algorithm [33], the Harris corner detector algorithm [34], and the
Kitchen-Rosenfeld detection algorithm [35].

Range images, which are obtained from a depth camera or generated from point
cloud data, have the potential to perform the geometrical inspection of precast concrete
(PC) elements. There have been a few studies focusing on the geometrical inspection of
precast concrete (PC) elements based on range images [22,23]. For instance, Kim et al. [22]
extracted the geometrical features of PC elements based on range images obtained from
laser scanning data. The edges and corners of the PC elements were obtained using the
Canny edge detector and the Hough transform for the coordinate transformation of point
cloud data. However, edges and corners extracted from the range image are vulnera-
ble to mixed pixeled problems [36], which are not subsequent for dimension estimation.
Wang et al. [23] estimated the locations of structural features such as the shear keys and
shear pockets of PC elements from range images. In the study, 3D laser scanning data
were converted into a 2D range image, and then the template-matching approach [37]
was used to identify the locations and dimensions of structural features from the range
image because of the high computational efficiency in 2D domain analysis. However, the
location estimation from the range of images was limited to structural features embedded
in small-scale elements of PC slabs with regular shapes.

Although data processing algorithms for feature extraction from images are well-
established, a range of image-based geometrical inspection has several limitations, includ-
ing limited detected size and vulnerability to noisy data. In comparison to dense and
precise point cloud data obtained directly from laser scanning, relying solely on range
images derived from point cloud data tends to yield rougher geometrical inspection results.

Considering the characteristics of both the laser scanning-based method and the
range image-based method, this study proposes a novel range image-aided algorithm
that generates and utilizes range images acquired from point cloud data to enhance the
edge line estimation accuracy. First, the scan points are transformed into range images,
and the corner points of these range images are extracted. Next, the dimensions of the
precast bridge slab are computed using extracted corner points. Consequently, the extracted
corner points from the range images serve as an input for edge line estimation, thereby
eliminating the matching errors that could arise when aligning collected scan points to an
as-designed model.

3. Methodology

Figure 2 shows the overall procedure for the proposed edge line estimation algorithm.
There are four steps, which contain (1) data pre-processing, (2) the generation of range
images from point cloud data, (3) the extraction of corner points from range images, and
(4) dimension estimation. First, data pre-processing was conducted to extract the scan
points on the top surface of the prefabricated slab for further dimension estimations. Then,
a 2D range image was generated from the 3D scan points on the top surface. Third, the
corner points were extracted from the 2D range image using a Harris corner detector [34].
In this way, extracted corner points from the range image served as the input for edge
line estimation. Finally, the edges of the top surface were estimated by the LSR 2 algo-
rithm [24] for geometrical inspection. Therefore, there was no need to match the as-designed
model and the collected scan points for edge line detection, addressing the measurement
errors caused by the alignment process. The details of each step are presented in the
following sub-sections.
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Figure 2. Overall procedure of the proposed edge line estimation method.

3.1. Data Pre-Processing

This step aimed to remove the background noise and extract the top surface of the pre-
cast on the bridge slab. Figure 3 shows the data pre-processing. Note that this study takes
the top surface of the precast bridge slab as an example to illustrate the edge line estimation
algorithm. The main purpose of the data pre-processing was to eliminate undesired scan
points in the background, specifically, those located behind the top surface. Therefore, only
scan points on the top surface were preserved for subsequent data processing. Figure 3a
shows the original data. In this study, the DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) algorithm [38] was employed, which effectively distinguished
clusters of high density from clusters of low density. Figure 3b illustrates the outcome of
implementing the DBSCAN algorithm. The background scan points were first removed
with respect to the assumption that they were the biggest cluster. Then, the top surface was
extracted based on the assumption that the scan points on the top surface were the second
biggest cluster. Figure 3c shows the extracted scan points on the top surface based on the
DBSCAN algorithm.
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Figure 3. Data pre-processing: (a) Original data; (b) Implementation results of DBSCAN algorithm;
(c) Extracted scan points on the top surface based on the DBSCAN algorithm; (d) extracted scan
points on the top surface after the coordinate transformation.

Once the top surface of the precast bridge slab was obtained, the coordinates with
respect to the laser scanner (Figure 3c) were then transformed into a new coordinate system.
Here, the initial coordinate system was associated with the position and alignment of
the laser scanner, which was difficult to extract geometrical information from. In order
to facilitate the geometrical inspection, the scan points were converted to a customized
coordinate system where the principal axis of the scan points was parallel to the axis of a
new coordinate. Figure 3d shows the scan points that were associated with the top surface
after the coordinate transformation.

3.2. Generation of Range Image from Point Cloud Data

This step aimed to acquire a range image from point cloud data, which included
(1) the simulation of margin points, (2) the creation of 2D pixels, and (3) the elimination of
invalid vacant 2D pixels.

Step 1—simulation of margin points: This step involves simulating four margin
points corresponding to the four boundary points on the top surface of the precast bridge
slab. The purpose of this was to differentiate the edges of the range images acquired from
the laser scanning data for subsequent data processing. Figure 4 illustrates the simulation
of margin points. Firstly, the four boundary points of the scan points on the top surface,
denoted as “LeftTop”, “LeftBottom”, “RightTop”, and “RightBottom” (as shown in Figure 4a),
were detected. For example, the boundary point “LeftTop” was identified as the nearest scan
point to the position with the minimum X coordinate and maximum Y coordinate of the scan
points on the top surface. Scan points obtained from laser scanning were represented as
(r, ¢, X, Y, Z), where r and c indicate the column and row number of the scan points, and
X, Y, and Z represent the 3D coordinates. The margin points corresponding to these four
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boundary points were then simulated by calculating the point-to-point distance. Figure 4b
illustrates the basic concept of point-to-point distance. Utilizing the line-of-sight principle
of laser scanning, the point-to-point distance (d) from the simulated adjacent scanning
point to the target scan points could be computed using Equation (1) [39].

d:r><9 1)

cos

where r is the scanning distance from the target scan points to the laser scanning and 6 and
o are the angular resolution and incident angle of the laser scan beam, respectively.
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Figure 4. Simulation of margin points: (a) Detection of boundary points; (b) Definition of point-to-
point distance and (c) Simulation of margin points using the point-to-point distance.

Figure 4c demonstrates the procedure for simulating margin points using the point-to-
point distance. In this case, the boundary point “LeftTop” was taken as the starting point,
and its interval number was designated as 0. The simulated scan point with the interval
number i relative to the boundary point could be updated as (r;_1 —1,¢;—1 +1, X;_1 —d;_1,
Y;_1 +d;_1, Z) using the point-to-point distance (d;_1) in relation to its adjacent simulated
scanning point (r;_1, ¢;—1, Xj_1, Yi—1, Z) with the interval number i — 1. In this way, the
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four corresponding margin points could be simulated by calculating the point-to-point
distance based on a user-defined interval number n. For this study, a value of 100 was
selected for n.

Step 2—creation of 2D pixels: Figure 5 illustrates the process of creating 2D pixels
from point cloud data. Each 2D pixel was associated with a corresponding 3D scan point,
denoted as P; (r;,c;, Xj, Y;, Z;) in the laser scan data. Initially, 2D grids were generated to
organize the 2D pixels of the range image with respect to the column and the row values of
the 3D scan points. Figure 5a depicts the generation of 2D grids. The starting position of
the 2D grids was selected as the lower left corner, with the minimum column value and
row value of the scan points. Subsequently, each 3D scan point was stored in the 2D grids
using its respective row and column numbers.

Minimum -’”"""',’:"1':‘?:::'—’(4
column oo o [s Teba= o - T+ T~ 3D scan point

& - :\:\: L Py(ry, ¢, Xi. Vi, Zy)

2D pixel
pi 0: . @i . pi)
Initia! Minimum
position row
(a) (b)

Figure 5. Creation of 2D pixels: (a) Generation of the 2D grids; (b) Range images generated by
creating the 2D pixels.

Once the 2D grids were generated, the calculation of 2D pixels corresponding to the
3D scan points stored in the grid was conducted. The 2D pixel of the range image was
represented as p; (0;, ¢;, p;)- Here, 0; and ¢; represent the row (r;) and column (c;) values of
the corresponding 3D scan point, respectively. p; denotes the gray value of each scan point
in relation to the range image, which was determined using Equation (2) [40].

c= 255
" (Smax—Smin) (2)
oi = (Smax - Si) xXc

where s; presents the scanning distance from the corresponding 3D scan point to the laser
scanner. Sy and sy, are the maximum and minimum distances from the scan points to
the instrument center. c is the constant. Figure 5b shows the generated range image by the
creation of the 2D pixels.

Step 3—Elimination of invalid vacant 2D pixels: This step focuses on refining the
created 2D pixels by eliminating invalid vacant 2D pixels. Vacant pixels could be cate-
gorized into two types: (1) valid vacant pixels and (2) invalid vacant pixels. Figure 6a
illustrates the distinction between valid vacant pixels and invalid vacant pixels. Invalid
vacant pixels, indicated by a grey value of zero, occurred due to incorrect calculations
of the structured 2D pixels or the presence of mixed pixel problems [36]. These invalid
vacant pixels could be mistakenly identified as edge points during the edge line estimation
process. Therefore, it was necessary to refine the generated 2D pixels by eliminating invalid
vacant pixels.
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Figure 6. Elimination of invalid vacant pixels (a) Distinction between valid vacant pixels and invalid
vacant pixels; (b) Range image after eliminating invalid vacant pixels.

To determine the validity of a vacant pixel, its eight nearest neighboring pixels were
examined. If more than five of the neighboring pixels were also vacant, the vacant pixel
was classified as a valid vacant pixel, typically found in the margins or openings of the
prefabricated component. Conversely, if fewer than five neighboring pixels were vacant,
the vacant pixel was classified as an invalid vacant pixel. Upon identifying an invalid
vacant pixel, its grey value was updated as the mean grey value of its eight neighboring
points. In this way, invalid vacant pixels were eliminated. Figure 6b shows the range image
after the elimination of invalid vacant pixels.

3.3. Extraction of Corner Points from Range Image

This step aimed to extract comer points from the range image by a Harrier corner
detector, which contained (1) the data pre-processing of the range image, (2) the extraction
of corner points, and (3) the noise filtering of extracted corner points.

Step 1—data pre-processing of range image: This step aimed to enhance the gener-
ated range images by applying filtering and smoothing techniques to remove noise. The
Gaussian filter [41] was employed to eliminate high-frequency noise in the 2D image. It was
assumed that the noise in the range images followed a Gaussian distribution. The Gaussian
filter operates by calculating a weighted average of eight-pixel values surrounding each
pixel based on a Gaussian function. Figure 7a illustrates the range image after the applica-
tion of the Gaussian filter. Following the Gaussian filter, the range image was transformed
into a binary image to simplify the data and emphasize the contours of the target objects.
Pixels with a grey value greater than or equal to the user-defined threshold were considered
to belong to a specific object, and their grey value was set to 255. Pixels with a grey value
below the threshold were excluded from the object area and assigned a grey value of 0,
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representing the background or exceptional object area. Figure 7b demonstrates the binary
image after the transformation process.

Enlarged

Before Implementing After Implementing
Gaussian filter Gaussian filter

(a) (b)

Figure 7. Data pro-processing of range image: (a) Range image after implementing Gaussian filter;
(b) Binary image after transformation.

Step 2—extraction of corner points: This step focuses on extracting the corner points
on the top surface. Figure 8 illustrates the process for the extraction of the corner points.
Firstly, the Harris corner detector was employed to identify the 2D pixels representing the
corner points on the range image. Figure 8a shows the extracted 2D pixels representing the
corner points on the range image based on the Harris corner detector. Then, the extracted
2D pixels could be recovered as 3D scan points based on the X, Y, and Z valves and
corresponding to the 2D pixels, as illustrated in Section 3.2. Figure 8b shows the recovered
3D scan points of each 2D pixel.

o Recovered 3D scan points of each 2D pixel

(a) (b)

Figure 8. Extraction of corner points: (a) Extracted 2D pixels of corner points from range image;
(b) Recovered 3D scan points of extracted 2D pixels.

Step 3—noise filtering of extracted corner points: After recovering the 3D scan
points, it was observed that some scan points located on the edges were mistakenly identi-
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fied as corner points due to the presence of mixed pixels. To address this issue, extracted
corner scan points were further filtered as follows. Figure 9 shows the filtering of extracted
corner points. First, the boundary points of the precast bridge slab were extracted based on
the method presented by Kim et al. [22]. Figure 9a shows the extracted boundary points.
Then, the extracted 3D scan points were further filtered using the criteria, as shown in
Figure 9b. For each extracted 3D corner point, the nearest scan points within a user-defined
radius (R) were found from the extracted boundary points. If the nearest scan points could
be fitted as a line, the extracted 3D corner point was positioned along the edge and removed
as noise. Otherwise, the extracted 3D corner point was kept as the actual corner point.
Figure 9c shows the extracted 3D corner points after filtering.

= =3
= =3
-

Extracted boundary points

Actual corner points

(b)

(c)

Figure 9. Filtering of extracted corner points: (a) Extracted boundary points; (b) Criteria for filtering

extracted 3D corner points; (¢) Extracted 3D corner points after filtering.

3.4. Dimension Estimation

After extracting the corner points of the top surface on the precast bridge slab, the
dimension estimation was conducted on the top surface by the LSR 2 algorithm proposed
by Wang et al. [23]. Figure 10 shows the concept of the LSR 2 algorithm. Note that the
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extracted 3D corner points were regarded as an input instead of the as-designed model,
which was matched with collected scan points for edge line estimation. The algorithm
first identified the last valid scan points (LVSPs) that were positioned inside the edges,
followed by the generation of hypothesis scan points (HSPs) (also called “background
points”) next to the LVSPs. Finally, the centers between the center points of the LVSPs
and the HSPs were computed and utilized to fit an edge line based on the least squares
regression. Figure 11 indicates the edge line estimation results based on the LSR 2 algorithm.
Note that the center points of the LVSPs and the HSPs were determined as the centers of
their corresponding laser beams. The reason for adopting this algorithm was that it could
estimate the parameters of edge lines with a high level of accuracy, even with a significant
number of outliers.

LEGEND

+ LSR2

Least square fitting

O . Last valid scan point (LVSP)

O O
O

OO OOQL

O ',— ‘ ’
N
=7

. : Hypothesis scan point (HSP)
O : Center point of valid point
]

: Center point of hypothesis point

4
O_S%ackground

: Center between LVSP & HSP

O

© 1@
©r @
© 1@

points ——  Fitted edge line

Figure 10. Concept of the LSR 2 algorithm.
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Figure 11. Edge line estimation results based on the LSR 2 algorithm.

4. Validation
4.1. Experiment Specimen and Configuration

To verify the proposed edge line estimation method, validation experiments were
conducted on both lab-scale and field-scale precast bridge slabs. Figure 12a,b show the
geometrical information of the two precast bridge slabs. The lab-scale PC slab had dimen-
sions of 1000 mm (length) x 400 mm (width) x 150 mm (height), containing four shear
pockets with dimensions of 130 mm in length and 70 mm in width. The field-scale precast
bridge slab was specifically designed with dimensions of 6330 mm in length, 1975 mm in
width, and 287 mm in height. Additionally, there six shear pockets were embedded on its
top surface, each measuring 420 mm in length and 170 mm in width.
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Figure 12. Test configuration and dimensions of the precast bridge slab: (a) Dimensions of the
lab-scale specimen; (b) Dimensions of the field-scale slab; (c) Test configuration for lab-scale specimen
and (d) Test configuration for field-scale slab.

Figure 12¢,d show the dimensions and test configuration for the geometrical inspection
of the precast bridge slab. The laser scanner was held by a framework and located above
the center of the top surface of the precast bridge slab. From previous studies [22,23],
it was found that higher angular resolutions and lower incident angles were likely to
result in accurate edge line estimation results. In this study, the height of the laser scanner
varied from 3 m to 3.5 m with a gap of 0.5 m. To capture the laser scanning data of the
top surface, a phase-shift laser scanner, Faro 570, was utilized, which offered two distinct
angular resolutions of 0.018° and 0.036°. In this study, the “dimension” of the checklist
for a geometrical inspection was measured. As for the lab-scale specimen, 28 corners of
the outer boundary and 16 corners of the shear pockets on the top surface were extracted.
As for the field-scale slab, 182 corners of the outer boundary and 24 corners of the shear
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pockets were extracted. Then, the distance discrepancies between the actual corners and
the estimated corners of the top surface were calculated to verify the proposed method.
Note that the actual corners measured manually using a measurement tape were used as
the ground truth.

4.2. Results

Table 2 shows the dimension errors under varying scanning heights and angular
resolutions of the both lab-scale and field-scale precast bridge slab. Figure 13 shows the
comparison of the dimension errors for the two precast bridge slabs. Here, the dimension
error is defined as the distance discrepancy between the estimated dimension and the
actual dimension that was measured manually using a measurement tape.

Table 2. Results of dimension errors under a varying angular resolution and laser scanner heights of
both the lab-scale and field-scale precast bridge slab.

Lab-Scale Field-Scale

Scan Height Angular Resolution Angular Resolution
0.018° 0.036° Ave. 0.018° 0.036° Ave.
Outer boundary 30m 1.21 1.56 1.39 2.86 3.87 3.37
35m 1.09 1.46 1.28 2.75 3.99 3.37
Shear pocket 3.0m 0.95 1.23 1.09 2.65 3.01 2.83
3.5m 0.91 1.34 1.13 2.40 3.21 2.81
Ave. 1.04 1.40 1.22 2.67 3.52 3.10

Lab-scale slab Field-scale slab

[ Outer boundary [ Outer boundary
[ Shear pocket 7t [ Shear pocket | 4

3m@0.018° 3 m@0.036° 3.5 m@0.018° 3.5 m@0.036° 3m@0.018° 3 m@0.036° 3.5 m@0.018° 3.5 m@0.036°

(a) (b)

Figure 13. Comparison of the dimension errors of the lab-scale and field-scale slab: (a) Lab-scale slab;
(b) Field-scale slab.
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There were four observations: first, the average dimensional accuracy of the lab-scale
precast bridge slab was 1.22 mm, ranging from 0.91 mm to 1.56 mm. For the field-scale
precast bridge slab, the accuracy of the edge line estimation ranged from 2.40 mm to
3.99 mm, with an average value of 3.10 mm. These results indicate that the proposed
method had the potential to provide accurate dimensional inspection results for precast
bridge slabs. Additionally, the lab-scale precast bridge slab achieved more precise edge
line estimation results compared to the field-scale precast bridge slab in most cases. This
could be attributed to two factors. On the one hand, the field-scale precast bridge slab
suffered from long scanning distances and high incident angles, which negatively impacted
the accuracy of edge line estimation for dimensional inspection. On the other hand, the
presence of defect areas on the field-scale precast bridge slab, as depicted in Figure 14,
further complicated the accurate extraction of corners. Second, one interesting trend in
Figure 13 was that the dimension errors of the shear pocket were lower than those of the
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outer boundary. It could be speculated that the shear pockets were positioned close to the
center of the top surface, which had smaller incident angles and a higher scanning density
compared to the outer boundary corners. Therefore, the shear pockets exhibited better
dimensional accuracy in the dimensional inspection. Third, a positive correlation could be
clearly seen between the dimension error and the increase in the angular resolution; it can
be concluded that edge line estimation accuracy is largely affected by the number of scan
points falling on the PC slab. For instance, the average dimension error of the field-scale
PC slab increased from 2.67 mm to 3.52 mm as the angular resolution increased from 0.018°
m to 0.036°. Fourth, another interesting finding was that the scanning height effect was not
clearly observed for the edge line estimation. As the scan height decreased from 3.5 m to
3.0 m, the incident angle near the edges of the PC slab was enlarged, thereby decreasing the
scanning density. Hence, there was no clear correlation between the scanning height and
the edge line estimation accuracy. In order to ensure an accurate dimensional estimation, it
was recommended to select high angular resolutions and lower incident angles to guarantee
a high scan density. However, acquiring scan points with a high scanning density under
high angular resolutions and lower incident angles was time-consuming. The tradeoff of
scanning time and data quality could be investigated in a future study.

Defect area embedded on the edges

Figure 14. Defect area embedded on the edges of the field-scale PC slab detected from the perspective
of the total station.

4.3. Comparison with Traditional Dimensional Inspection Methods

To further assess the efficiency and accuracy of the proposed method, a performance
comparison test was conducted with both the laser scanning-based method and the direct
range image-based method. Laser scanning-based methods performed a dimensional in-
spection based on point cloud data, which required the alignment of the as-designed model
and the collected scan points. The direct range image-based method directly estimated
the edge line based on corner points extracted from the range image. Here, the dimension
error was defined as the distance discrepancy between the estimated dimension and the
actual dimension that was measured manually using a measurement tape. Table 3 presents
the comparison results among the three-dimensional inspection methods. The average
errors in the edge-line estimation for the lab-scale precast bridge slab were found to be
1.96 mm and 6.26 mm for laser scanning-based and direct range image-based methods,
respectively, which were considerably larger than the result (1.20 mm) obtained using
the proposed method, as presented in Section 4.2. Similarly, the dimension errors for the
dimensional inspection of field-scale precast bridge slabs were 11.27 mm and 11.38 mm for
laser scanning-based and direct range image-based methods, respectively, both of which
were significantly larger than the result (3.10 mm) achieved using the proposed method.
These findings demonstrate that the proposed method outperformed traditional registra-
tion methods in terms of dimensional accuracy. This was because the proposed method
required no alignment of scan points, and the as-deigned model avoided the inaccurate
measurement caused by the alignment.
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Table 3. Comparison results of two traditional edge line estimation methods compared to the

proposed method.
Scan Height (m)
3.0m 3.5m
Objects Methods Angular Resolution Angular Resolution

0.018° 0.036° 0.018° 0.036° Ave.
Lab-scale Lasser scanning-based 1.31 2.55 1.57 2.44 1.96
Direct range 5.22 6.94 6.25 6.63 6.26

image-based
Propsed method 1.07 1.23 1.08 1.40 1.20
Field-scale Lasser scanning-based 8.94 11.91 10.01 12.73 11.27
Direct range 10.25 12.92 10.22 13.14 11.38

image-based
Propsed method 2.76 3.44 2.58 3.60 3.10

N w B
o o o

dimension error(mm)
S

Figure 15 shows the trend of the comparison results among the three methods for both
lab-scale and field-scale precast bridge slabs. The proposed method demonstrated the best
performance in edge line estimation, followed by the laser scanning-based method, and
the direct range of the image-based method performed the least effectively. The reasons
for these observations are illustrated as follows: the laser scanning-based method required
the matching of collected scan points with the as-designed model for edge line detection.
However, inaccurate measurements were often observed due to the poor matching of scan
points and the as-designed model, as illustrated in Figure 1a, thereby degrading edge line
estimation accuracy. The direct range of the image-based method was susceptible to noise
data such as mixed pixels, wherein noise data located near the edges could be erroneously
identified as corner points for edge line estimation. Figure 16 shows the poor extraction of
corner points from the direct range image caused by noise data. Compared to the dense
and accurate point cloud data, the dimensional accuracy of the direct range image-based
method alone was not subsequent for edge line estimation. It was also observed that the
proposed method outperformed the laser scanning-based method by 38.7% and 71.7%
for the lab-scale and field-scale precast bridge slabs, respectively. This was because the
field-scale slab with cracks embedded in it was more likely to suffer from an inaccurate
measurement caused by the poor matching of collected scan points and the as-designed
model. Therefore, the proposed method had more potential to increase the accuracy of the
dimensional inspection for field-scale precast bridge slabs.

0 L
3m,0.018°

Lab-scale slab Field-scale slab‘ '
--»--|aser scanning based method —~20+ == Lgser scannihg based method
==+ Direct range image based method E ~+ Direct range image based method
»  Proposed method = L > Proposed method —y
............................................................. N o 15 g .
......... | o e
(1} pe=
§10F 1
(2]
c
[
__________________________ > | € 5 . . , A
_____ R = .
< > ©
! L ] o~ ! ! L J
3m,0.036° 3m,0.018° 3m,0.036° 3m,0.018° 3m,0.036° 3m,0.018° 3m,0.036°
Scan parameters Scan parameters

(a) (b)

Figure 15. Comparison of the dimension errors of the lab-scale specimen and field-scale slab:
(a) Lab-scale slab; (b) Field-scale slab.
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Figure 16. Poor extraction of corner points from the range image caused by noise data.

From these results, it was demonstrated that the proposed method, which utilized
both advantages of point cloud data and range images, was proven to be an accurate
method for dimensional inspection.

Figure 17 shows the potential practical application of the proposed algorithm with
the existing procedure and geometrical inspection of the prefabricated slab. First, the
remote—control interface that controls the laser scanner remotely could be developed to
implement scan data acquisition in an automatic manner. After scanning, scanning data
could be transmitted to the computing server to process the data. Then, the dimensions of
the PC element could be estimated based on the proposed range image-aided method for a
geometrical inspection.

Remote control Scanning

@ ' A

Interface Scanner Prefabricated slab

Edge line|estimation

Geometrical D
/

inspection @/ © 5 5
u] o u] =]
a ] a 0
0 0 a 0
| ] ! |

Discrepancy(mm)

Figure 17. Potential practical application of the proposed algorithm with an existing procedure for
the geometrical inspection of prefabricated slab.

5. Conclusions

This study proposes a new edge line estimation algorithm that utilizes range images
which are regarded as the input for edge line estimation, avoiding matching errors be-
tween the collected scan points and the as-designed model. Then, a series of tests were
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conducted on both lab-scale and field-scale precast slabs to investigate the feasibility of
the proposed edge detection algorithm. The experimental results showed a promising
accuracy of around 1.22 mm and 3.10 mm for lab-scale and field-scale precast bridge slabs,
respectively, demonstrating the feasibility of the proposed image-aided geometrical inspec-
tion. In addition, comparison tests were conducted with traditional registration methods to
further analyze the performance of the proposed technique in terms of edge line estimation
accuracy. The comparison results demonstrate that the proposed technique yielded more
accurate dimensional inspection results compared to the traditional registration methods.
This showcases its great potential for application in both small-scale and full-scale pre-
fabricated construction elements within the construction industry, particularly during the
fabrication stage. However, there were several limitations. First, this study only analyzed
the edge line estimation algorithms for the top surfaces of the precast bridge slabs. Further
studies are required to investigate the range image-aided edge line estimation of other
geometrical features and construction components. Second, this study focused only on
the dimensional estimation for geometrical inspection. Investigations on other checklists
such as “Straightness”, “Squareness”, and “Twist” for geometrical inspections are a future
direction. Third, RFID tags have gained popularity when searching, identifying, and track-
ing information on construction components. Additionally, it should be noted that clipless
RFID tags have broadened their implementation by reducing costs. The implementation of
RFID tags on geomatical inspection to store information related to the dimension and type
of the prefabricated slab could be a future direction to facilitate the automation process of
geometrical inspections.
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