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Abstract: Over the last decade, particular interest in using state-of-the-art emerging technologies
for inspection, assessment, and management of civil infrastructures has remarkably increased.
Advanced technologies, such as laser scanners, have become a suitable alternative for labor intensive,
expensive, and unsafe traditional inspection and maintenance methods, which encourage the
increasing use of this technology in construction industry, especially in bridges. This paper aims to
provide a thorough mixed scientometric and state-of-the-art review on the application of terrestrial
laser scanners (TLS) in bridge engineering and explore investigations and recommendations of
researchers in this area. Following the review, more than 1500 research publications were collected,
investigated and analyzed through a two-fold literature search published within the last decade
from 2010 to 2020. Research trends, consisting of dominated sub-fields, co-occurrence of keywords,
network of researchers and their institutions, along with the interaction of research networks,
were quantitatively analyzed. Moreover, based on the collected papers, application of TLS in bridge
engineering and asset management was reviewed according to four categories including (1) generation
of 3D model, (2) quality inspection, (3) structural assessment, and (4) bridge information modeling
(BrIM). Finally, the paper identifies the current research gaps, future directions obtained from the
quantitative analysis, and in-depth discussions of the collected papers in this area.

Keywords: terrestrial laser scanner (TLS); bridge; 3D model reconstruction; quality inspection;
structural assessment; bridge information modeling (BrIM)

1. Introduction

Within the past decade, the need for inspection, assessment, and management in the construction
industry has been significantly increased. A large number of civil infrastructures, particularly bridges,
were constructed after the Second World War in the late 1940s, over 50 years ago while still being
in operation [1]. Most of these bridges were designed and constructed based on old standards and
needed to be rehabilitated during their lifetime. In a recent infrastructure report of the American
Society of Civil Engineering (ASCE), more than 40% of the American bridges are older than 50 years
and more than 13.6% are functionally defective [2]. A similar figure is also found in the United
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Kingdom, where these types of bridges have been constructed since late 1950s [3,4]. Similar trends
were also found in other countries such as Australia, Japan, and European nations [5–7]. Apart from
some pre-existing parameters such as design and construction, there are several post existing factors
impacting the structural efficiency and overall condition of bridges. These include the environmental
effects, structure age, quality of inspection and maintenance strategies [8].

Maintenance strategies mainly depend on adopted monitoring and inspection methods.
Employing traditional methods based on physical inspectors on site for regular inspection
and condition assessment is quite laborious, expensive, time-consuming and potentially unsafe.
Moreover, any maintenance negligence or delayed actions may result in significant future costs. This can
be of more significance when the structure is of especial usage or importance. The vital components
of the road network system, especially bridges, are among the most susceptible and yet important
structures, which need to be accurately inspected and well-maintained. These important structures are
often located in rugged terrains and built in difficult accessible places. Therefore, implementing an
effective inspection method and periodic maintenance/rehabilitation strategy is essentially required.
Furthermore, the adoption of a cost-effective method is another important factor. Based on the
most recent report of Roads and Maritime Service (RMS) of New South Wales (NSW) of Australia,
currently known as Transport for NSW (TfNSW), [9] more than 28% of the NSW government
budget is spent on managing and maintaining infrastructure assets, particularly roads and bridges.
Therefore, employing a cost-effective and proactive inspection and monitoring methods, and asset
management can significantly reduce these excessive costs.

Three-dimensional (3D) laser scanning is an emerging non-contact measurement technology for
rapid and precise capturing topographic data points of objects’ surfaces. The acquired data points
are generally defined based on x, y, z coordinates associated with attributions such as the intensity
of the laser beam reflected from the observed object. Laser scanning units can be classified based on
the position of the laser sensors during the data capture; these classifications are aerial, mobile and
terrestrial laser scanning corresponding to air (e.g., helicopter, plane, or drone), mobile equipment
(e.g., vehicle, train or boat) and the ground. Although each of these methods has its own advantages,
using terrestrial laser scanners (TLS) is more common and popular. Recently, TLS offers wide
applications in construction industry and maintenance strategies. TLS has also great potential to be
utilized for inspection processes due to its ability to capture objects in high speed with accuracy up to
sub-millimeter and is low cost in comparison to other traditional inspection methods.

Due to common applications of TLS, several review papers have already been published to present
the state-of-the-art in this area. In an effort, Son et al. [10] reviewed the emerging methods to extract
and analyze BIM models from the acquired data points with the aims of facility management (FM)
and production monitoring (PM). Pătrăucean et al. [11] provided a general overview of automatic
3D model creation for existing facilities, as-built BIM model, from the laser scanner data. Lu and
Lee [12] presented a general outline for image-based creation of 3D models from point cloud data
captured from an existing building. Wang and Kim [13] explored the applications of TLS in the
construction industry, and the authors discussed data acquisition parameters and quality of laser
scanning data to fulfil the needs for construction applications. Kim et al. [14] reviewed recent studies
on the geometry quality inspection of civil structures based on using a laser scanner in different project
phases. In another effort, Spencer et al. [15] provided an overview of existing advanced computer vision
techniques of monitoring for condition assessment of civil infrastructures. Recently, Czerniawski and
Leite [16] summarized the efforts of ten years of research work on digitizing the existing structures
in an automatic manner. Although all the above-mentioned review papers expressed the demands
of utilizing TLS, none of them specifically summarized the extensive applications of TLS in bridge
engineering, inspection and maintenance.

To give an overview of using laser scanning for bridge engineering, this research attempts
to explore the applications of TLS in bridge engineering by means of a mixed scientometric and
state-of-the-art review methods. The aim of this paper is to investigate the applications of TLS in
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different phases of bridge construction, operation and maintenance to uncover the experiences and
identify the current research gaps and future directions. Following the review, over 1500 research
publications were collected through a two-fold literature search published from 2010 to 2020. Based on
the quantitative analysis and in-depth discussion on the published papers, research gaps are identified,
and future directions are further proposed.

2. Scientometric Review

The scientometric review is defined as a quantitative investigation of the current research on the
forming of science, which considers the impact of journals, institutions, and the network of countries
in a specific area of research. This reviewing method can provide a deeper understanding, including a
comprehensive summary of the currently published papers and measures the impact of research
regarding the citation processes [17,18].

In the current study, a quantitative analysis is proposed for assessing the published papers related to
the applications of laser scanning in bridge engineering and asset management. Bibliometric techniques
are applied to published literature by this methodology and are used to map the structure and
development of various concerns and objectives based on the collected large-scale academic data
sets [18]. In the following, analyzing the intellectual landscape of the current research area and
perceiving relevant questions that researchers may try to respond with are comprehensively presented
by a network modelling and visualization [19]. Visualizing the whole field of laser scanning in bridges
will facilitate readers to gain a comprehensive view of research trends and patterns in this field of study.

The identification of prominent researchers that mainly affect the structure of this field of
study is obtained by analyzing keywords and abstracts which describe the research contents.
Moreover, research patterns are obtained by the following methodologies: the co-occurrence
of keywords analysis and co-author analysis that considers the countries of origin [20,21].
Subsequently, VOSviewer and CiteSpace [22], as two practical computer programs, were employed for
bibliometric mapping.

2.1. Literature Search Methodology

During the past decade, a massive amount of research outputs has been published in both
conference proceedings and scientific journals; however, the literature search has mainly relied on
high-ranked journals and reputed conferences in the area of civil engineering, construction management,
and structural health monitoring. For the literature search, the main source of information was
considered to be Scopus launched in 2004, which contains more than 75 million records of articles
and books [23]. Moreover, a supplementary literature search was also conducted in Google Scholar,
PubMed, and Web of Science. Figure 1 shows an overview of the literature search methodology. At the
beginning stage of the literature search, a two-fold general keywords including the capturing tool
(3D point cloud, Laser scanner or Laser scanning or 3D scanning or scanning) and the application
area (Construction and Civil engineering) were used. A total of 2140 papers were identified at the
beginning stage. Some of the papers were from other subject areas such as physics, astronomy, medicine,
and mathematics and not related to the research topic. Therefore, two types of criteria were applied
during this stage. At first, a subject area exclusion was considered for the chosen papers and then the
year of publication was restricted to 2010 to 2020. The first criterion led to the removal of 511 papers,
while the next one eliminated 95 papers. Overall, 606 papers were eliminated, leaving 1534 papers.
Figure 2 depicts the number per year of the collected papers in this stage which shows an increasing
rate of publication in this area during the last ten years.

In the next stage, the remaining 1534 papers were screened by more specific keywords.
Again, the remaining papers were reduced due to specific keywords related to the specific applications of
the laser scanning for bridge inspection. At this stage, considering two other keywords of “bridge” and
“structure”, 1152 papers were removed. Next, during the eligibility stage, the remaining 410 papers were
assessed by looking at the title, leading to the exclusion of 71 papers again. At this stage, the relevance
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of the remaining 339 papers was skimmed by reading the abstract of the papers. Due to irrelevant
focus of the subject matter, 30 more papers were excluded. In the inclusion stage, the full texts of all
309 remaining papers were given a quick perusal and the objectives were identified. Figure 2 reveals
the historical trend of published studies in this area and demonstrates the low rate of publications
specifically focused on bridge engineering; thereby this topic can be considered as a promising subject
area to be investigated. During the last decade, publication numbers kept rising, reaching about 42
publications in 2019, confirming the growing interest in the field of bridge engineering. Considering the
multiple objectives of the papers in this field, documents were divided into five subdivisions related to
the specific application of 3D laser scanners in bridge engineering.
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This methodology is continued by identifying the topmost reputable journals and conferences,
as presented in Table 1. As shown in Table 1, Automation in Construction and Remote Sensing contain
the most published papers related to the application of TLS in bridge engineering and assessment.

Table 1. Top journals and conferences with relevant published papers (2010–2020).

Journal Title Number of
Relevant Articles

% of Total
Included Publications

Automation in Construction 56 18%
Remote Sensing 15 5%

Advanced Engineering Informatics 13 4%
Journal of Computing in Civil Engineering 11 4%
Structural Control and Health Monitoring 11 4%

Construction and Building Materials 10 3%

Conference Title Number of
Relevant Articles

% of Total
Included Publications

ISPRS, International Archives of the
Photogrammetry, Remote Sensing and Spatial

Information Sciences
10 3%

ISARC, International Symposium on Automation
and Robotics in Construction 3 1%

Congress on Computing in Civil Engineering 3 1%

2.2. Co-Occurrence of Keywords Analysis

Keywords are important to present the fundamental concepts/concerns and subject areas of the
published work, and demonstrate a quick overview of the research horizons [24]. In order to construct
and investigate the map of the existing knowledge domain in bridge engineering and assessment,
the co-occurrence of keywords was evaluated using VOSviewer. The VOSviewer presents the keywords
network in a distance-based diagram. Considering the keywords network, the results of the literature
search were analyzed and visualized, as presented in Figure 3. This network contains 25 nodes and
172 links, and Table 2 presents details such as the number of occurrences, average year published,
number of links, and total link strength. Each keyword in this network is defined as a node and the
relationship between each node is considered as a link. The distance between two nodes determines
the relationship weakness or strength. The far distance between two keywords/nodes shows a weaker
relationship, while a closer distance indicates a stronger connection [25]. The sum of the strength of
the links related to a specific node is defined as total link strength. Moreover, the size of the presented
nodes indicates the number of documentations in which the keyword was established and several
colors indicate diverse years of study [26].
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Table 2. List of keywords and related network data.

Keyword Occurrence Average Year
Published Links Total link

Strength
% of Total

Occurrence

3D Model Development

Point cloud 58 2016 22 105 12%

48%

Terrestrial laser scanning 55 2016 21 78 11%
Image processing 24 2015 21 56 5%
Structural health monitoring 20 2015 17 52 4%
Automation 26 2015 17 49 5%
Finite element method 25 2016 15 36 5%
Algorithms 16 2013 18 36 3%
3D modeling 15 2013 8 20 3%

Quality Inspection

Damage detection 30 2016 17 42 6%

27%

Geometry 25 2015 16 43 5%
Object recognition 15 2013 12 25 3%
Bridge inspection 14 2016 11 24 3%
Crack detection 13 2015 11 26 3%
Arch bridge 11 2015 14 36 2%
Surface defects 10 2015 13 21 2%
Concrete bridges 6 2018 8 8 1%
Masonry bridges 8 2016 11 28 2%

Structural Assessment

Surface analysis 28 2015 19 70 6%

13%
Deformation 19 2017 11 36 4%
Condition assessments 11 2016 11 21 2%
Structural assessment 5 2016 9 12 1%

Construction Management

Building information model- BIM 30 2016 15 45 6%

12%
Project management 13 2016 10 21 3%
Quality control 12 2014 11 22 2%
Quality assurance 5 2015 9 13 1%
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The frequency of each keyword is presented by the number of occurrences in Table 2. So, based on
this table, “point cloud” and “terrestrial laser scanning” are the two main keywords that emerge
frequently, showing extensive studies in this area. Additionally, the average year published presents the
period that studies are more concentrated on research works/keywords. As an instance, terrestrial laser
scanning is a keyword with high frequency during the period 2015–2016. Based on the presented
information, the occurrence number of some keywords such as bridge inspection, crack detection,
and surface defects reveal that the research undertakings related to bridge inspection and assessment
are limited; hence, there is an obvious and essential need for further studies in this field.

2.3. Co-Authorship Analysis

The co-authorship network was obtained based on the bibliometric technique, showing the
research work of the major authors and co-operation between them in the presented field. This network
was created by CiteSpase software which includes nodes and links. The number of publications
produced by a researcher determines the node size, and the thickness of the link indicates the level of
the author’s co-operation. Figure 4 includes 521 nodes and 1012 links. Obtained modularity Q and
mean silhouette scores for this network equaled 0.9567 and 0.9136, respectively, as shown in Table 3.
According to the presented information in CiteSpase, manual overall structural properties of the
network proved to be reasonable [22]. Based on the given information, the list of the most productive
authors who have the most published papers is presented in Table 4. According to this table, the top
three positions were occupied by Riveiro, B. (University of Vigo), Laefer, D.F. (New York University),
and Wang, Q. (National University of Singapore). This figure would be useful for new researchers who
become interested in the area of bridge inspection and monitoring, and in particular, use of terrestrial
laser scanners.
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Table 4. List of the top 8 most productive authors (2010–2020).

Author Institution Country Count Percentage

Riveiro, B. University of Vigo Spain 22 7%
Laefer, D.F. New York University USA 13 4%
Wang, Q. National University of Singapore Singapore 12 4%

Sohn, H. Korea Advanced Institute of
Science and Technology South Korea 11 4%

Arias, P. University of Vigo Spain 10 3%

Yang, H. Jiangsu University of Science
and Technology China 10 3%

Truong-Hong, L. Delft University of Technology Netherlands 9 3%
Bosché, F University of Edinburgh United Kingdom 9 3%

2.4. Network of Countries/Regions and Institutions

In order to demonstrate the contributions of countries/regions in the presented field, a network
was created by CiteSpase software, showing the distribution of research publications. Sixty-eight nodes
and 164 links were included in this network. As shown in Figure 5, the main contributions to the
publications in this field of research belonged to the following countries, respectively; the United States
(77 papers), Spain (48 papers), United Kingdom (40 papers), South Korea (28 papers), and China
(28 papers).
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3. State-of-the-Art Review

Following the review and considering the multiple objectives of the collected papers mentioned in the
Scientometric Review section, the methodology of this research was extended to a state-of-the-art review
on applications of TLS in bridge engineering and asset management according to four major categories
including (1) generation of 3D geometric model, (2) quality inspection, (3) structural assessment,
and (4) Bridge Information Modelling (BrIM).

3.1. Generation of 3D Geometric Model

Raw topographic point cloud data generally appear in a form of x-, y-, z-coordinates associated
with attribution such as intensity value and color, which cannot interpret information of the objects’
surfaces. The primary and most challenging task is to convert these raw data to meaningful information
for subsequent applications, which includes data acquisition and 3D model reconstruction. The output
of this task as a solid 3D representation is often the preferred form of embodiment for engineers.
The generated 3D model in this task for a civil infrastructure, such as a bridge, could not only provide
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a better understanding of as-is conditions but also could benefit engineers in making better decisions
either in bridge management or assessment.

Based on the aforementioned information to investigate the common approaches/projects in
application of a point cloud for bridge engineering, the process can be roughly classified into two phases:
(1) data acquisition and (2) 3D model creation. The first phase refers to the onsite data acquisition
strategies to maximize the data coverage and optimize the number of scan stations, while the second
phase pertains to the process and methods of obtaining a 3D geometric model from the raw captured
points. Bridges often face major challenges due to the shape and orientation of the structures in the
data acquisition phase, and also contain complex structural components that make difficulties for the
second phase. In the following, the two-phases toward 3D model creation of bridges are reviewed.

3.1.1. Data Acquisition

Data acquisition is the most crucial and challenging phase to provide sufficient quality and
quantity of data point clouds and plays an important role in deploying the point cloud for bridge
engineering applications. This phase is closely aligned with the second phase, where errors in scanning
or identifying unsuitable scan stations could provide insufficient quality and quantity data points.
Besides that, infrastructures, such as bridges, are more diverse and complex in terms of type, orientation,
shape, dimensions and surrounding scene, which result in significant challenges in data acquisition.
Therefore, preparing a scanning strategy plan to minimize the time on site and maximize the data
quality and quantity needs to be carefully considered [1,27–31].

In practice, scanning strategies are usually planned by engineering surveyors after identifying
the purpose of data acquisition, site surveying to roughly identify a scanning station network as well
as scanning parameters [32–34]. Jia and Lichti [35] developed a hierarchical scanning strategy based
on an optimization method to figure out the TLS viewpoint planning problems. In another effort,
Lu and Brilakis [36] presented a top-down scan strategy and tested on more than ten highway bridges.
The results showed that the average required scanning time of these bridges is 2.8 h across 17 scans.
Hinks et al. [37] presented a flight planning strategy of collecting data sets that guarantee the complete
coverage with minimal data redundancy of the object structure, but the method was applied to a city
building model. Biswas et al. [38] proposed a novel scientific scanning strategy plan, which could be
utilized in construction sectors. Zhang et al. [39] proposed a practical scanning plan method named
“divide-and-conquer” to optimize onsite scans.

Point cloud data are usually acquired based on two parameters: data quality and resolution,
which need to be adjusted manually based on the smallest targeted object. Negligence in selecting
appropriate parameters can cause low-quality or redundant data production, which could negatively
affect the scanning time and post-processing procedures. Rebolj et al. [40] in 2017 presented the results
of research on these parameters to define an acceptable metric for evaluation of the laser scanning
data quality for 3D model reconstruction. These parameters have also been discussed in some other
research works and guidelines [41–43].

Data quality setting has a great impact on the data acquisition rate (measured pixel/second),
i.e., scanning time and, in turn, the amount of redundant data and the range of noise. On the other hand,
the resolution setting refers to defining the smallest recognizable object dimension, which is generally
in centimeter order for concrete parts of a structure, and in millimeter order for steel components [1].
Steel structural components are usually made of low thickness segments with edges (e.g., I section)
causing a serious challenge for TLS to detect sufficient data points in order to describe edges [44,45].
Moreover, fine resolutions also need to be considered for damage detection proposals to investigate
moderate (at least) damages such as visible cracks, spalling, and scaling [46–49]. Cabaleiro et al. [48]
experimentally investigated the cracks of a timber beam using this technology. Results showed that
the TLS could detect cracks with the widths of above 3 mm considering an average resolution of 1 mm.

In general, four main factors could considerably affect the quality of data points, including weather
conditions, surface smoothness and reflectivity properties, scanning geometry, and laser scanner
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specifications [13,50]. The first factor relates to the atmospheric conditions such as humidity,
temperature, and light, while the second factor is mainly relevant to the surface texture of the
exposed object. Surface smoothness, roughness, and color could effectively disturb the laser beam
traverse and return with regard to the surface material. Geometry scanning particularly concerns
the TLS position and incident angle of the laser beams [13]. Soudarissanane et al. [50] demonstrate a
level of noise less than 2 mm by changing the location of the TLS to less than 30 m from the object
while considering less than a 40-degree incident angle. Moreover, Laefer, Truong-Hong, Carr and
Singh [46] state that the results of crack width detection can highly be affected by the orthogonal
distance greater than 12.5 m and 30 degrees of incident angle. In this research, results show the absolute
error of 1.37 mm occurring at 5.0–7.0 m orthogonal distance. The last factor refers to the scanner device
mechanism, which includes hardware properties and general settings.

Although all the aforementioned factors may be significant for capturing the high quality data
points, for a large monitoring project, such as a bridge inspection, selecting appropriate surveying
equipment, such as a high-tech laser scanner, tripod with stabilizer and having a detailed scanning
plan, could certainly reduce the impact of capturing redundant data.

3.1.2. Three-Dimensional Model Generation

The objective of this phase is to create a 3D model of the bridge structures from the captured
raw data points to be utilized for either bridge information modelling (BrIM), bridge assessment and
maintenance. The generated virtual 3D model could be used throughout the bridge’s lifespan, from the
design stage (also known as as-design) to practical purposes of the existing structure (called “as-built”
or “as-is”). During the bridge’s lifespan, the bridge conditions may undergo changes due to variations
in construction and operation phases, which cause a different status compared to the design documents
or the initial status. In such circumstances, only an accurate as-built 3D model derived from a detailed
survey can illustrate the actual modifications of the structure [51,52].

The 3D model generation phase contains three steps of pre-processing, segmentation,
and computer-aided design (CAD) model creation [53]. Pre-processing refers to data clean up
and registration of the raw data points. Generally, raw data points acquired by TLS contain noise,
which affects the construction of the 3D model. This noise can be reduced using various filters such as
Angle, Median, and Chordal [54,55] in the data clean-up stage. Besides that, considering multiple scan
locations, acquired data point clouds need to be aligned using target points and alignment methods
known as the registration stage [56]. Recently, pre-processing stages have become a considerable
capability for TLS instrument and software, containing intelligent systems to accelerate this phase
and reduce the office works [57,58]. Segmentation is the other step of defining logical divisions
for the acquired data points to become interpretable as a geometric shape presenting the detected
object’s surface [53,59]. Since the number of acquired data points is usually very large, presenting an
accurate automatic segmentation method has become a challenge during recent years. To overcome
this, constructive solid geometry (CSG) and boundary representation (B-rep) methods have been
adopted [60,61]. The CSG method generates 3D solid models based on the combination of volumetric
primitives using Boolean operations while the B-rep method provides a way to trigger a collection of
surfaces as a 3D object. In CSG, the solid models are described as a series of bounded simple primitives
including cone, cylinder, sphere and cuboid in a particular process known as the CSG hierarchical
tree to generate a solid model [60]. However, the B-rep method tries to extract boundaries from the
raw data points representing edges, vertices and surfaces, as the skeleton of the solid model [62].
Employing the CSG method, all detected components of the bridge structure are divided into a number
of simple subsets/primitives extracted from the raw data points. In recent years, many studies have
been focused on utilizing the combination of B-rep in CSG method [59,60].

In extracting point clouds of individual surfaces for generating 3D models, researchers tried to
develop segmentation algorithms that automatically classify captured data points, meeting the same
features into the same subset known as “Feature-based segmentation” or segments based on data
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points satisfying mathematical models named “Model-based segmentation”. Both identification of
the surface’s curvature based on captured data points [63,64] and comparison of neighboring point
features, such as the angle of normal and unit vectors [65], are some of the features developed in
algorithms such as region growing [66], ray-tracing [67], cluttering and voxel/cell-based algorithms [68]
in the feature-based segmentation. However, in the model-based segmentation, algorithms such as
Hough transform [69–71] and RANSAC [72,73] are often used.

The creation of the 3D CAD model is the last step of generating an integrated geometric model
using the segmented data points. There are several approaches, fitting and sweeping are two frequent
techniques used in this regard. The former technique refers to fitting simple primitives extracted from
the segmented points while the latter indicates a technique of extruding a segmented shape along a
path to obtain the 3D CAD model visualization. Examples of these techniques have been developed in
existing research works conducted by Walsh, Borello, Guldur and Hajjar [66], Barazzetti [51], Xiong,
Adan, Akinci and Huber [67], Stull and Earls [74],Laefer [75], and Yang et al. [76]. In these research
works, efforts have been made to develop a high-level algorithm or introduce a detailed scanning plan
to auto-identify specific sections of a structure, especially bridge structures.

In an effort to develop a fitting technique, Walsh, Borello, Guldur and Hajjar [66] utilized the
region-growing algorithm to segment data points belonging to each surface of a reinforced concrete
bridge pier cap. After that, a planar surface was fitted to each segment, and then the completed 3D
model was made based on the interactions and orientations of the fitted surfaces. In another effort,
Barazzetti [51] presented a semi-automated method containing NURUBS as a mathematical function
for direct geometric modelling of an object with complex surfaces. Xiong, Adan, Akinci and Huber [67]
proposed an automatic method of converting raw data points into an as-is BIM using a ray-tracing
algorithm to identify occluding objects with block visibility. Cabaleiro et al. [77] developed a line
detecting method using the Hough transform algorithm to obtain an accurate boundary representation
of a steel frame component.

So far, more studies have been conducted and targeted on the latter technique, sweeping. In an
initiative, Laefer and Truong-Hong [45] proposed an automatic method identifying the cross-section of
a steel structural component and exploiting the 3D model by sweeping the detected profile along its
longitudinal direction. In continuing research in this area, Laefer [75] elaborated on another method
which involves identifying multiple cross-section cuts along the principal direction of a steel component.
In this method, more reliable 3D models with an actual representation including longitudinal changes
were created [75]. Similarly, Yan et al. [78] developed a voxel-based mesh generation method consisting
of three actions to create a computational 3D model of a structure. This method starts with the
extraction of cross-sectional cuts using the voxel-based algorithm and then exploits the correct map
of the components by extruding the detected cuts along their principal axes. In order to test the
proposed method, a full-scale bridge was scanned, and its geometric 3D model was made, as shown
in Figure 6a,b. In a similar strategy, Lu et al. [79] proposed a top-down segmentation process for
detecting major bridge components such as slab, pier, and girder relying on boundary extraction
algorithms to estimate the shape of the structural components by merging multiple sliced models.
This method was tested on 10 sets of concrete bridge data in London and one of the slab bridges is
shown in Figure 6c,d [79,80].
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Pennsylvania [80]; (b) 3D finite element model of the Robot City bridge [80]; (c) Dunsley corner bridge
point cloud, Cambridge [79,80]; (d) 3D solid model of Dunsley corner bridge [80].

3.2. Quality Inspection

In the last few years, TLS has proven its potential benefits in conducting geometry inspection of
damaged infrastructures, such as bridges. This section summarizes the research efforts on identifying
the most probable bridge surface damages such as cracks, mass loss and corrosion of structural members.

3.2.1. Crack Detection

Traditionally, the optical evaluation was considered as a reliable method for crack inspection of
bridges, which was performed using a hand-held measuring magnifier or a crack width ruler [47].
These evaluations could assess only a few accessible areas of the structures, were quite labor intensive,
time-consuming and subjected to human error [8,81,82]. Mechanical probes and electronic sensors were
the next generation. They were more developed than the previous method and able to measure crack
features such as length and width [83–86]. Although those instruments provided high accuracy for crack
detection, they suffered from significant limitations, such as limited measurement range, physical access
requirements, and considerable costs [87]. Alternatively, TLS known as a non-contact method and an
efficient tool was able to accurately capture details of structures, which is emerging an alternative unit
to overcome the shortcomings of direct visual inspections [88,89]. Nowadays, various types of laser
scanners are available with a wide range of data acquisition speed (generally 2000–120,000 points per
second) and resolution (generally 0.8–100 mm at 10–300 m) [88].

On the other hand, with TLS having some limitations relating to resolution and noise level of the
point cloud, unique challenges in crack detection appear. Particularly, for small cracks, the problems
such as noisy data or mixed pixels may result in inaccurate information [90]. The RGB color model is
effectively utilized as an additional attribute for crack detection to solve these problems [91], but it
requires high accuracy of mapping RGB colors from images to the point cloud. The dependency of data
quality and accuracy on the scan position and scan range are the other drawbacks to be considered
while using TLS for crack detection [47]. In this regard, Anil et al. [92] characterized the performance
of laser scanners for identifying even the thin cracks (visible cracks as small as 1 mm) in reinforced
concrete frames using an automatic method presented by Tang et al. [90]. In this effort, the effects
of parameters such as the sampling interval of the scanner and the range of the laser beam from the
surface on the detection of the minimum crack size were investigated.
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Considering the significance of regular bridge inspection, crack detection as part of structural
assessment plays an important role in planning maintenance strategies and optimizing time-consuming
interventions [47]. In this regard, a fundamental mathematical approach was proposed by
Laefer et al. [46] to measure the minimum detectable crack width using terrestrial laser scanner
in unit-based masonry. In this study, it was indicated that the minimum detectable crack width
depends on the technical specification of the scanner and the scan range. Therefore, at ranges less than
10 m, TLS can detect vertical cracks of at least 5 mm. In addition, it was presented that the orthogonal
distance played a key role in the accuracy of the obtained information—e.g., at distances between 5 to
7.5 m, the results contained small errors. In another effort, Truong-Hong et al. [89] suggested using RGB
color model to identify crack characteristics (e.g., length and width) by measuring the distance between
data points on the crack edges. Similarly, Valenca et al. [47] presented an integrated method of laser
scanning and image processing considering color RGB values for automatically measuring the width,
length, and orientation of cracks occurred in a concrete bridge in Portugal as shown in Figure 7 [47].
In a similar method, considering an average resolution of 1 mm for TLS, Cabaleiro et al. [48] identified
the timber beam cracks with widths above 3 mm. Table 5 summarizes different examples of crack
detection/mapping for components made of different materials.
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Table 5. Examples of crack detections in different components.

Materials Components
Detected Crack TLS

ReferencesWidth
(mm)

Length
(mm)

Scan
Range (m) Resolution

Concrete Wall and Slab [47,91–99]
2.7~20 620 2.5 6 mm @ 50 m [47]

Façade
>1.13 >88 20~35 5 mm @ 100 m [100]

Beam [101]
Pavement [102,103]

Cylindrical specimen [104,105]

Brick Wall
1~7 _ 5~12.5 0.4 mm @ 11 m [46]

Façade
>0.85 >90 20~35 5 mm @ 100 m [100]

Timber Beam
3~13 30~590 <7.5 <1 mm @ 10 m [48]
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3.2.2. Mass Loss, Scaling and Spalling

Vibration due to dynamic loading conditions caused by traffic and high winds, and/or impact of
harsh environmental conditions, can generate damages such as mass loss, which can be significant
over time [106]. Therefore, inspection and monitoring the health status of bridge structures at
certain time intervals can play a significant role in detecting signs of deterioration and planning
proper counter measures or restoration [107]. Teza, Galgaro and Moro [106] were among the first
researchers who proposed an automatic method of recognizing surface damaged areas using TLS
observations/information. This method was based on the calculation of some properties of selected
surfaces such as Gaussian and mean curvatures. In this study, piers and T-shaped beams of a concrete
bridge in Italy were selected as a case study, and the obtained data were compared to the onsite visual
observations. Figure 8a,b demonstrates surface damages caused by weather conditions in the concrete
pier captured by TLS with RGB values. As shown in Figure 8b, the point cloud was subdivided into
small sub-areas and the provided algorithm applied on each sub-area, separately. The findings of
this research showed acceptable agreement between the selected damage areas, shown by red color,
and inspected damage areas using Gaussian curvature computation. In another effort, Liu et al. [108]
applied a damage quantification method on the acquired TLS data to detect the defective areas. In this
study, a combination of distance and gradient-based damage quantification methods was used for
mass loss detection of the pile caps of a bridge substructure. The result of this research showed realistic
quantification, which encouraged the bridge engineers to better quantify bridge damages using TLS.
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Mass loss damage can also be generated due to spalling and scaling in concrete surfaces [109–111].
In this regard, Mizoguchi et al. [109] proposed an effective method based on region growing algorithm
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for quantitative analysis of the scaling on damaged surfaces of concrete structures using laser scanning
data. The results of this research showed the effectiveness of the proposed method on bridge case
studies shown in Figure 8c,d. Similarly, a recent technique for detecting such damages presented by
Kim et al. [112] allows engineers to specify the location of surface damages and quantify the spalling
defects. The results of this research indicated that the proposed technique is applicable for detecting
surface damages larger than 3 mm in both length and depth.

Flatness defect detection is another approach that can be conducted using TLS [113,114]. In this
regard, a series of experiments was carried out by Tang, Huber and Akinci [113] to investigate the
performance of different proposed algorithms and compare the results to obtain the best outcome.
In this study, various parameters, including varying types of laser scanners were utilized, and varying
scan locations and distance, size and thickness of defect were analyzed. The findings of this research
indicated that the flatness defects as small as 30 mm across are detectable from a distance of 20 m.
Table 6 summarizes different examples of mass loss, scaling and spalling damages detected by TLS.

Table 6. Examples of mass loss, scaling and spalling in different components.

Damage
Type

Components
Detected Damage TLS

References
Area Depth Scan

Range (m) Resolution

Mass loss [91,101,
106,108]

Concrete pier >50% of
surface _ 80 5 mm @ 50 m [106]

Concrete
girder

8% of
surface _ 20 5 mm @ 50 m [106]

Steel girder >50% of
surface _ <20 2 mm @ 10 m [91,101]

Timber pier >30% of
surface _ <20 2 mm @ 10 m [91]

Scaling [109,113]
Concrete pier _ <100 mm 10~30 5 mm @ 600 m [109]

Concrete
surface

>30 mm
across >1 mm 3~20 0.014◦~0.036◦ [113]

Spalling [91,101,
111,112]

Concrete deck >10% of
surface _ <20 2 mm @ 10 m [91,101]

Concrete panel <180 mm ×
180 mm <30 mm 4~12 2 mm @ 20 m [112]

3.2.3. Corrosion, Water Bleeding, and Efflorescence

The presence of water and its ingress into structural members are the main causes of some types
of damage such as corrosion, crust, water bleeding, and efflorescence, which needed to be considered
during the inspection process [115–119]. Kalenjuk and Lienhart [120] proposed a practical solution to
generate ortho-images from a high-density point cloud of the surface. Subsequently, the damaged areas
could be identified using integrated image processing and laser scanning methods. In a similar study,
González-Jorge et al. [121] used unsupervised classification applied to ortho-images of a bridge in Spain
to detect efflorescence and biological crusts. Similarly, Shen et al. [122] investigated the existence of
rust in images of a bridge using Fourier transform method and color image processing, simultaneously.

In the case of water bleeding and efflorescence, Truong-Hong and Laefer [123] used a
support vector machine (SVM) to detect damaged surfaces of a bridge in Ireland. In this study,
the proposed algorithm showed an acceptable agreement of more than 80% between the classified
and the manually extracted areas. In another effort, González-Jorge et al. [124] used a three-stage
algorithm to automatically classify and detect efflorescence using mobile laser scanning for a bridge
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in Spain. Moreover, Kushwaha et al. [125] utilized integrated laser scanning and close-range
photogrammetry techniques to analysis the surface defects of three existing bridges for features
such as corrosion, water bleeding, vegetation and crust. Table 7 summarizes different examples of
corrosion, water bleeding, and efflorescence damages detected using various algorithms and methods.

Table 7. Examples of corrosion, water bleeding, and efflorescence detection with various methods.

Damage Type Components Detection
Method

TLS
References

Scan Range (m) Resolution

Corrosion [91,101,125]
Steel truss
element

Point cloud
classification <10 5 mm @ 100 m [125]

Steel girder Surface normal
based <20 2 mm @ 10 m [91,101]

Water bleeding [121,123]

Concrete pier K-means and
fuzzy C-means 9~17 6 mm @ 50 m [121]

Concrete pier Support vector
machine 63 1.6 mm @ 10 m [123]

Efflorescence [120,123,124]
Concrete wall Real-time <200 1 mm @ 100 m [120]

3.3. Structural Assessment

The successful application of laser scanning technology in providing accurate and reliable
information about the state of the health of structures in a short time has significantly impressed and
attracted civil engineers’ attention. The possibility of extracting detailed geometric information as
the basis of creating a precise computational model has made TLS a high-potential instrument for
structural analysis. This model not only provides a detailed vision of the existing structure, but also
allows one to obtain resulted simulations close to real behavior of the structure. As such, in recent years,
structural engineers have taken advantage of the constructed geometric models as a basis for assessing
structural performance [126–135]. That allows one to improve a decision system for possible actions
of the maintenance timely, especially for large-scale complex structures such as bridges [136–139].
On some occasions, the extracted 3D models were also used as a basis to obtain a calibration for
unknown parameters of the structure or components known as inverse engineering [127,140].

3.3.1. Geometric Modelling

Over the past decade, the methodology of utilizing the data point clouds as a basis for extracting
suitable solid 3D models, with the purpose of structural assessment, has been widely established.
During this period, researchers have mainly focused on the development of semi- and/or fully automatic
methods, discussed in Section 3.1.2, to convert raw data points into a 3D solid model [52,141–146],
since discrete points cannot directly be used for structural analysis. Creation of 3D models using these
methods can considerably assist structural engineers to carry out the structural analysis using the finite
element method (FEM). It can also benefit them in having a precise 3D model and accurate analysis
even for large-scale, complex structures such as bridges.

One of the first applications of laser scanning technology in bridge assessment was presented by
Stull and Earls [74]. In this study, a damaged composite bridge was modelled based on TLS information
and the reserve capacity of the bridge structure was estimated reaching that of the extracted finite
element model (FEM). In another effort, Lubowiecka et al. [147] evaluated an ancient masonry bridge
with complex geometry based on finite element analysis. The captured information from TLS was
used for defining the updated geometry of the aforementioned bridge. Similarly, Armesto et al. [148]
presented a dimensional and structural analysis of an ancient arch bridge to control its deflection arising
from material aging. Moreover, Ming et al. [149] employed TLS to capture 3D spatial data of a large steel
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structure. The captured data were then utilized for reconstruction of the 3D model and deformation
analysis. Moreover, Sánchez-Aparicio et al. [150] proposed a workflow to improve the calibration of
finite element models converted from the acquired data points. In this study, experimental modal
identification was utilized as a non-intrusive system to identify the global properties of the structural
system. Similarly, Khaloo and Lattanzi [151] used such workflow for extracting information from TLS
to create a finite element model of a timber bridge. In another effort, Bitelli et al. [152] developed a
semi-automated voxel-based mesh generation method for converting data points directly into the finite
element model. In this study, the proposed method was tested on a cultural heritage with the aim
of structural analysis. This was an initial concept for other studies in which Castellazzi et al. [153],
Korumaz et al. [154], and D’Altri et al. [155] presented a semi-automated strategy that enables the
transformation of data point into finite element mesh with the aim of health assessment of historical
structures. In another research, Conde-Carnero et al. [156] proposed another automated approach
for direct conversion of data points into a suitable finite element model with regard to structural
analysis. In this effort, the presented approach was utilized for the structural assessment of an existing
footbridge, shown in Figure 9a,b, under design loads. Concerning the structural assessment of another
historical bridge in Portugal, laser scanning, and some other non-destructive tests were conducted
by Bautista-De Castro et al. [157]. The results of these tests were used to calibrate the finite element
model suitable for numerical evaluations and bridge condition assessment. Moreover, regarding the
importance of assessing safety conditions, static and modal analysis were conducted on the constructed
model under conditions of traffic load and vibration, Figure 9c,d. This study concluded the existence
of sufficient bearing capacity, and safety factors were determined based on the current state of this
historical bridge [158].Remote Sens. 2020, 12, x FOR PEER REVIEW 18 of 35 
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(a) optimized acquired point cloud of the footbridge [156]; (b) structural finite element model of the
footbridge [156]; (c) optimized acquired point cloud of the Boco bridge [157]; (d) structural modal
analysis of the Boco bridge [157].
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3.3.2. Deformation Measurement

In addition to the aforementioned studies, TLS has also made notable contributions in assessing
bridge structures with the aim of capturing vertical deformations. Zogg and Ingensand [159] were,
perhaps, pioneers of utilizing TLS to measure the accurate vertical deflection of a bridge under load.
They proposed three different loading scenarios to investigate the application of TLS in evaluation
of surface deflection. Similarly, Lovas et al. [160] also described the advantage of using TLS for
deformation monitoring of bridges in comparison to other traditional surveying methods. In another
effort, Minehane et al. [161] evaluated the settlement of two bridge case studies based on their
constructed FE model. In this study, the deformation was monitored and assessed according to the
BD21/01 guidelines using TLS data points [162]. Similarly, Mill et al. [163] tested the applicability of
TLS for identifying the spatial distribution of bridge deformation. Considering this concern, in another
effort, Gyetvai et al. [164] presented a workflow to generate the geometric models for conducting a
finite-element-based structural assessment. In this research, the FE model of a wrought-iron bridge
was created and assessed under different loading scenarios based on the AASHTO guideline [165].
In a recent practical study, Cha, Park and Oh [136] presented an efficient shape information model
to be utilized in deflection monitoring of bridge structures. This study described two practical tests
performed on real cases, considering loading scenarios mentioned in the Korean highway bridge
design standard [166], as shown in Figure 10a. In this study, the average vertical deflections from
the data points were calculated and compared with LVDT measurement for verification. The results
showed a reasonable difference of less than ±1 mm in calculations. In a similar strategy, Gawronek and
Makuch [137] compared the vertical deflection values of an ancient railway bridge using TLS with
conventional surveying methods under static loads. In this study, the loading scenario was defined,
considering the railway technician consultation, as shown in Figure 10b. The results indicated a
maximum and average deviation of ±3 mm and ±0.3 mm in measurements. However, the available
TLS devices on the market offer the possibility to collect high-accuracy data of less than a millimeter.
More accurate TLS devices with lower deviations can be a valid alternative for electrical and mechanical
measuring equipments generally used in the field of bridge engineering [167]. Table 8 summarizes
different examples of using TLS for deflection measurement of bridges.
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Table 8. Examples of deflection measurement using TLS for different types of bridges.

Bridge Type Span (m) Measured Deflection,
Maximum (mm)

TLS
Resolution Load Type References

Steel girder 100 4.82 35 mm @ 300 m Static load by trucks [136]
Steel truss 52.7 18.2 1.5 mm @ 10 m Static load by train [137]

Concrete viaduct 156 14 2 mm @ 25 m Static load by tanks [159]
Cable-stayed 307 350 5 mm @ 100 m Static load [160]

Concrete cantilever 17.5 35 6 mm @ 50 m Static load by blocks [163]

3.3.3. Inverse Engineering and Model Updating

The possibility of extracting high detailed geometric information of structures from TLS point
clouds has made TLS an alternative unit in providing a valuable source of data to be used for
quantitative research approaches. Utilization of laser scanning for geometric identification purposes,
as well as a combination of this technology with 3D printing, has led to the development of a novel
process for reproducing historical or key components of structures, called inverse engineering [168,169].
Laser scanning technology can simply bring the 3D geometric information of an object into a 3D
virtual workplace.

From the engineer’s perspective, this source of information can be utilized for calibration of FE
models [170,171] discussed in Section 3.3.1 for bridge structures or similar problems containing
uncertainties supposed to be estimated through inverse analytical procedures named model
updating [127,140,172]. In an effort, Conde et al. [173] proposed an inverse analytical procedure
for masonry arch bridges to be investigated for damage conditions. In this effort, an optimization
method, using the genetic algorithm, was utilized to obtain a satisfactory convergence between the
predictions of numerical modelling and actual deformation measured under different loading scenarios.
In a recent study, Yang, Xu and Neumann [127] experimentally investigated the application of data
points acquired by TLS for estimating the uncertain elastic parameters of a small-scale composite arch
bridge specimen. In this study, the composite arch specimen was subjected to a monotonic load, and then
point clouds of the specimen’s deformed shape were captured at each loading step. A finite element
simulation considering similar geometric and loading conditions was developed. By presenting a
model updating workflow for optimizing the difference between the surface deformation obtained from
the real measurement and the simulation, the calibration of parameters was achieved. In this regard,
similar strategies were carried out by Lee and Park [174], Xu, et al. [175,176] and Yang et al. [177,178].
Although available TLS devices have the potential to provide data with less than a millimeter accuracy,
such accuracy should still be improved to achieve more reasonable results in terms of the reverse
engineering and model updating.

3.4. Bridge Information Modeling (BrIM)

Although several management methods have been considered in traditional frameworks,
employing a conservative management method for bridge health monitoring and maintenance
has been well developed by the use of BrIM during the last decade [179–181]. In recent years,
applications of bridge information modeling have provided faster solutions and processes for integrated
bridge information in a shared platform. In this regard, Chen and Shirolé [182] critically compared the
valuable benefits of using BrIM as an advanced technology with traditional 2D drafting techniques [183].
BrIM pertains to the specific form of building information modeling (BIM) application in terms of
bridge engineering, referring to the creation of 3D CAD model associated with integrated additional
information of time and cost estimation, energy consumption, etc. [184]. Three-dimensional CAD
models are linked to other related tools allowing evaluation of time as the fourth dimension (4D), cost as
the fifth dimension (5D), and energy as the sixth dimension (6D) during the different phases of bridge
design, fabrication/construction, operation and maintenance. BrIM technology can improve, support,
and facilitate simultaneous works by multiple process disciplines, while reducing the time-consuming
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project controls and possible errors in terms of design, construction, and assessment [185]. The bridge
model can provide a wide range of information, including the 3D graphic presentation and all used
specifications in the bridge project such as previous analysis, assessments, equipment, control systems,
and other related decisions provided in different phases of the project. An accurate and reliable
source of data is required for bridge monitoring that can offer a useful starting point for development
of bridge management systems [186–188]. BrIM, as an integrated platform, can support real-time
monitoring/inspection of bridges by providing an interface for “as-is” conditions and remote operating
management of the system. Although BrIM provides an ideal platform for various developments,
many of these capabilities have not been well-established in this area [184]. During the last decade,
the utilization of highly accurate laser scanning data, as an emerging technology for capturing the
“as-is” geometry conditions of the bridge as a BrIM input, has meaningfully increased. In this regard,
Tang et al. [186] were among the first researchers who investigated the utilization of laser scanning
for bridge inspection and management. In this study, a laser scanning approach for geometric
bridge inspection was presented using a bridge case study. In another effort, Tang et al. [189]
comprehensively reviewed the significance of using laser scanner raw data for creation of “as-is” BIM
in civil engineering projects, commonly called Scan-to-BIM, and surveys developed methods in this
regard. However, creation of “as-is” BIM using TLS data is generally a manual time-consuming process.
Researchers were mainly focused on development of automatic, or semi-automatic approaches to extract
the 3D BIM in a short time with high level of accuracy from the laser scanned data points with aims of
condition assessment and management [79,80,190–194]. As an instance, Zhao and Vela [190] took an
efficient machine learning approach to automate/facilitate the process from a laser scan point cloud to
BrIM. In this effort, components of two concrete bridges were segmented, using proposed algorithm,
and 3D solid models in Industry Foundation Class (IFC) format were provided. Table 9 summarizes
various examples of using TLS-based BrIM for bridge modeling, assessment and management.

Table 9. Examples of TLS based bridge information modeling (BrIM) for different types of bridges.

BRIDGE TYPE Span (m)
TLS BrIM

Application Location References
Scans Resolution

Concrete slab 5 18 2 mm @ 10 m Management Cambridge, UK [79,80]

Concrete viaduct 24 _ 3 mm @ 10 m Condition
assessment Koszalin, Poland [128]

Stone arch 29 12 2 mm @ 10 m Condition
assessment Alcántara, Spain [130]

Stone arch 11.5 10 2 mm @ 10 m 3D model and
assessment Mondariz, Spain [147]

Cable-stayed 27 _ 6 mm @ 50 m 3D model and
assessment Vigo, Spain [156]

Concrete arch 35 18 2 mm @ 25 m 3D model and
assessment Amares, portugal [157]

Masonry arch 15.5 6 6 mm @ 50 m Condition
assessment Killorglin, Ireland [161]

Iron truss 52 2 5 mm @ 50 m Condition
assessment Dublin, Irland [164]

Concrete girder 25 12 3 mm @ 10 m Condition
assessment _ [186]

Concrete girder 5.2 14 2 mm @ 10 m Management Acworth, USA [190,193]

Cast iron cable 21.2 10 2 mm @ 10 m Condition
assessment Ozimek, Poland [194]

The related research works in this area can be summarized into three main categories of 3D model
development, progress tracking, and quality control and management. The 3D model development
refers to the construction of 3D solid model, as discussed in Section 3.1, while other categories indicate
the application of constructed 3D model in project management engineering.
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3.4.1. Progress Tracking

Choosing an accurate and efficient progress tracking method for construction projects is always a
vital consideration for successful management of the projects, as it allows the right decisions to be
made in a short time. Using conventional progress tracking methods requires manual data collection
by daily reports, which is a time-consuming and error-prone procedure. It also can distract project
managers from their important task to make in-time and appropriate decisions. In recent decades,
researchers tried to employ emerging technologies to improve the output of progress tracking methods
using 3D imaging tools and TLS [71,195–199]. In a recent study, Puri and Turkan [195] proposed
a semi-automated methodology for monitoring bridge construction projects, comparing “as-built”
and “as-is” data. In this method, the project status was calculated based on the analysis of regularly
collected data, using laser scanning technology in a four-dimensional BIM model (3D geometric model
and project schedule). Findings of this research were further investigated by application to a bridge
replacement case study in Albany. The results showed the benefits of using this method over manual
methods of progress tracking. In another effort, Bosche and Haas [200] proposed an automatic retrieval
for 3D CAD objects from the TLS scans to be used for assessing construction progress. In this process,
construction progress was tracked, comparing deviations between constructed BIMs during different
phases of construction. The authors named the proposed process as Scan-vs-BIM. The results of
this research showed the proof of concept, however, further field experiments and other application
areas, such as bridge construction, were suggested. In another effort, Turkan et al. [197] presented
another object recognition framework for tracking the secondary and temporary objects, such as
formwork, scaffolding and shoring in different phases of construction works. This framework was
further developed to analyze/manage other dimensions of the construction project (time and cost) for
concrete structures such as bridges [199,201]. Similar attempts on automated construction progress
measurement approaches, utilizing TLS for capturing the state of construction, have been developed in
existing research conducted by Zhang and Aridit [202], and Kim et al. [203].

3.4.2. Quality Control, Management and Operation

Application of BIM technology as an integrated platform facilitates simultaneous works by
multiple disciplines in different phases of design, fabrication/construction and operation. Integration of
this technology with TLS for rapid and intelligent survey, can be an innovative solution for efficiently
managing and controlling different phases of mega projects, such as a complex bridge. In this regard,
Ying et al. [204] described the advantage of using TLS as a valuable tool in conducting quality control of
bridge components before assembling. In this research, the virtual pre-splicing of two steel beams using
TLS was carried out for Fujiang Bridge in Tongnan, China. Similarly, Arashpour et al. [205] developed
a framework for quality control of off-site constructions of structural components, in order to reduce
on-site assembly discrepancy. In this effort, the point cloud of the prefabricated components was
captured using TLS, and the results were compared with the as-designed geometry condition provided
in BIM. In this regard, similar efforts have been conducted by Kim et al. [206], Wang et al. [207],
and Maalek et al. [208] on integrated BIM and laser scanning for real-time dimensional quality
assurance [209,210] and decision making systems [211–214].

Generation of BIM data can be a valuable source of information for managing, assessing,
and forecasting the state of the structure. In this regard, Sacks et al. [215] presented an integrated bridge
inspection system named SeeBridge. In the SeeBridge system, a bridge model is automatically generated
and assessed using TLS point cloud data. As a result, this system was validated assessing a girder bridge
in the USA; a two slab bridge in the UK; a girder bridge in Israel [193]. Similarly, Ngocson et al. [216]
presented an updatable BrIM with the aim of bridge management and maintenance, including the digital
representation of the bridge components linked to their damage records. In this study, the proposed
BrIM system was tested on a highway concrete bridge as a case study. Finally, the initial results showed
the acceptable implementation of this system for bridge monitoring and maintenance. In a recent
research study, Bolourian and Hammad [217] presented an automatic approach with the aim of bridge
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condition assessment, providing the level of criticality based on the point cloud data. This approach
was effectively validated by inspecting a concrete bridge in Canada. In a recent project, Sydney Harbour
Foreshore Authority of NSW, Australia, developed a BrIM for the historical Pyrmont Bridge in Sydney,
to facilitate the managing and operating of this built asset [218]. Figure 11 shows the current form of this
bridge and its maintenance report. However, drawings of this bridge were in particular paper-based,
and many changes over the years were not accurately recorded. Having BrIM not only has provided
an accurate 3D representation of this bridge, but also has taken a three-month reporting process to less
than a day that is now automated and instantaneous.Remote Sens. 2020, 12, x FOR PEER REVIEW 23 of 35 
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4. Discussion and Future Directions

4.1. Overview of the Scientometric Review

Research studies on using TLS as an emerging quantitative tool, providing precise information,
dates back to almost ten years ago for bridge engineering. During the last decade, the historical
trends show that the number of publications kept rising from an average of 15 papers/year in 2010
and 2011 to 44 papers/year in 2018 and 2019, which confirm the growing interest in using TLS in the
field of bridge engineering as shown in Figure 2. This growing interest demonstrates the publication
rates specifically on bridge engineering; however, a higher growing rate is observed in the whole
construction industry which includes the use of TLS in health monitoring of bridges, buildings, roads,
tunnels, etc. However, the publications are spread over more than 100 different journals and conference
proceedings. It is true that the research studies presented in the conferences include 22.6% of the
total number of publications. Although journal publications are equally dispersed, Automation in
Construction and Remote Sensing journals seem to have published the highest number of research
papers in this area, listed in Table 1. This table can also guide new researchers, working on point clouds
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of bridges, deciding where to publish and present their works. In addition, Figure 2 reveals a low rate
of publication specifically focused on the bridge engineering.

In this study, the co-occurrence of keywords, by means of presenting fundamental themes
of published papers, was investigated. The results of keyword mapping, performed in Section 2.2,
highlighted the frequency of keyword presence, indicating concerns and limitations in this field of study.
In this regard, 3D model generation and quality inspection are shown to be the more investigated
research topics by possessing 48% and 27% of the total keyword occurrences, while structural
assessment and construction management are unique and opportune topics that need to be investigated.
Moreover, this study considered the relationship between the key individual researchers, institutions,
and the countries of research origin by means of co-authorship analysis. The results of co-authorship
network mapping, performed in Sections 2.3 and 2.4, emphasized the global interaction of the
internationally recognized experts and most renowned institutions in this area around the world.
Although Riveiro, B. from Vigo University, Spain, is recognized as the most productive researcher
in this field, the United States of America is shown to be the leading country in terms of being the
main contributor in research undertakings. In particular, the USA maintains strong research links
with United Kingdom and Spain, however, weaker research links are reported with countries such as
Australia and Germany.

4.2. Future Directions

In the last decade, the terms of digital twin and smart manufacturing have been introduced
to define the promising trends of automation process and digitization in the construction industry,
especially bridge engineering. During this period, introducing new technologies, such as TLS, offers the
chance to improve upon the traditional methods of bridge assessment, and management, using the
generated 3D model from the acquired data.

Currently, data acquisition, as the most crucial phase of generating a 3D solid model, is heavily
performed in a manual way based on surveyors’ experiences. Collecting sufficient data with complete
coverage for a large and complex structure, such as bridge, is an important consideration and where
research is still lacking to identify the required optimum scan locations and parameters. Future research
needs to be conducted on the optimization of scan locations and TLS parameters, ensuring the
completeness of scan data, thereby minimizing the scan time and avoiding collecting redundant data.
Although scan planning procedures have been proposed for buildings in previous studies [38,39],
there are some key challenges for complex structures, such as bridges, which need to be addressed.
In this regard, occlusion of bridge components and range of access for bridges located in rugged
terrains are some of the challenges where research is still lacking and needs to be considered.

The possibility of extracting detailed geometric information, with the aim of structural assessment,
is another demand for using TLS as a reliable alternative for electromechanical measuring equipment.
Although the available TLS instruments in the market offer the possibility of collecting high-precision
data with sub-millimeter accuracy, future research should be conducted to investigate the required
data resolution and quality, as the two main parameters for each specific application. However, a lower
level of detail (LOD) is enough for some inspection purposes. Utilizing TLS in model updating and
reverse engineering approaches may need a higher LOD.

Generation of 3D solid models from the acquired TLS data points is an important consideration
for various applications. Although some studies presented segmentation algorithms and proposed
methodologies to extract 3D solid models from laser scan data [77,78], these studies are not directly
focused on the complex components of structures with various orientations. Most of the existing
research works are focused on point cloud clustering, while these methods are not robust with regard to
occlusion. Future research is needed to improve the object detection of complex structural components
of bridges in occlusion. Moreover, to date, no commercial software, nor a robust automatic method for
direct transformation of raw acquired data into valid geometric model exists. Therefore, further research
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is suggested to be conducted on practical methodologies that allow conversion of raw point cloud into
a valid 3D model.

Identifying the type of construction material, thereby estimating the construction material volume
is another demand that can facilitate the maintenance and repair procedures of bridges, which is not
robustly addressed in the current research works. However, a limited number of publications have
investigated the potential benefits of TLS for visual material classification [219,220]. Localizing and
classifying the structural damages along with quantifying the detected deficiencies are other aspects
that can be facilitated using TLS, individually or in integration with photogrammetry. Although new
generations of TLS instruments support high-resolution images, a few publications investigate the
integration of acquired point data and image processing with the aim of quality inspection [106,109].
Future research works on this topic can potentially provide an efficient way for extracting necessary
information for a complex structure such as a bridge, thereby time- and cost-saving.

Successful application of BIM in asset management of structures has made this platform an
advanced alternative for traditional paper-based processes. BrIM as the specific form of this platform
for bridge engineering, has great potential to develop rapidly. However, few publications have
investigated the application of BrIM [193,215,221,222]. The research is still lacking in developing
automated methodologies, using artificial intelligence (AI) to inspect and control the design, assembly,
and operational processes based on the code conformances and disciplines in case of a bridge.
Future research is also suggested for the development of the real-time onsite controlling methods and
progress tracking approaches for construction and operation phases of a bridge, as well as to provide
decision-making algorithms for arisen or anticipated problems.

5. Conclusions

This study investigated the application of laser scanning as an emerging technology in modern
bridge surveying, based on a combined scientometric and state-of-the-art review, not only to evaluate the
existing documentation data set, but also to provide a deeper understanding for new researchers in this
field. A scientometric analysis was conducted based on the collected total number of 1534 publications
to explore the status and global research trends of using TLS in the area of bridge engineering. In this
regard, the state of the research field and the most productive researchers, as well as reputable
journals, conferences, and institutions, were identified. Moreover, based on the selected relevant
papers, the four major applications of TLS in bridge engineering were reviewed and categorized.
The first category is the generation of 3D models, which refers to the data acquisition phase and
reconstruction of the geometry model from the acquired point cloud data. The second is the quality
inspection, mainly focused on the most probable bridge surface damages. In addition, the application
of TLS in structural assessment, and bridge information modeling—as the other two categories—were
discussed. Moreover, each category was investigated based on the current landscape of the research,
relevant improvements, significant results and recommendations in this area.

Besides an extensive literature review study, this paper is concluded with a fundamental discussion
on the scientometric analysis, ongoing research gaps, and future directions in this research field.
Based on the keyword analysis, research topics related to 3D model development and quality inspection,
are identified to be trendy subjects, while further investigations are suggested for TLS-based structural
assessment and management in the field of bridge engineering. Scan location optimization should
be further developed considering the minimum occlusion in data acquisition for bridge components.
Further research is also suggested on practical methodologies that allow the direct transformation
of raw data points into a valid 3D model. Localizing, classifying, and quantifying the structural
deficiencies are other aspects of using TLS that can be further investigated with the aim of bridge
quality inspection. Future research is also suggested to be investigated for real-time inspection methods
and potential integration with AI techniques.
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