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A B S T R A C T

Three-dimensional (3D) reconstruction techniques have been used to obtain the 3D representations of objects in
civil engineering in the form of point cloud models, mesh models and geometric models more often than ever,
among which, point cloud models are the basis. In order to clarify the status quo of the research and application
of the techniques in civil engineering, literature retrieval is implemented by using major literature databases in
the world and the result is summarized by analyzing the abstracts or the full papers when required. First, the
research methodology is introduced, and the framework of 3D reconstruction techniques is established. Second,
3D reconstruction techniques for generating point clouds and processing point clouds along with the corre-
sponding algorithms and methods are reviewed respectively. Third, their applications in reconstructing and
managing construction sites and reconstructing pipelines of Mechanical, Electrical and Plumbing (MEP) systems,
are presented as typical examples, and the achievements are highlighted. Finally, the challenges are discussed
and the key research directions to be addressed in the future are proposed. This paper contributes to the
knowledge body of 3D reconstruction in two aspects, i.e. summarizing systematically the up-to-date achieve-
ments and challenges for the applications of 3D reconstruction techniques in civil engineering, and proposing
key future research directions to be addressed in the field.

1. Introduction

Three-dimensional (3D) reconstruction is the process of generating
3D representations of the 3D appearance of objects from the outputs of
data collection equipment [1,2]. Generally, the 3D representations are
in the form of point cloud models, mesh models and geometric models,
among which, point cloud models are the basis. Because the techniques
are both efficient and cost-effective [3] for obtaining 3D representa-
tions of objects, they have been applied in many fields, such as sur-
veying engineering [4], medical engineering [5]. In recent years, they
have been applied in civil engineering as well. For example, the 3D
models generated from applying the techniques have been used for the
preservation of historical buildings [6–8], for analyzing the energy ef-
ficiency of buildings [9], and for acquiring the surface texture of pa-
vements [10]. However, such applications are still in the early stage
and it is anticipated that their potential is large. To enhance such ap-
plications, it is essential to clarify the status quo of the research and
application of the techniques through literature review.

3D reconstruction techniques in civil engineering and their appli-
cations have been summarized in a number of review papers. Tang et al.
[11] summarized the 3D reconstruction techniques for creating as-built

building information models (BIM) through the point clouds from laser
scanners. Lu and Lee [3] reviewed the image-based techniques for
constructing as-is BIM for existing buildings. But in the two reviews,
they did not go to the detailed process of some steps, such as point
cloud preprocessing and mesh reconstruction. In addition, they con-
fined their target objects to only buildings. Parn and Edwards [12]
reviewed the principles, cost, specifications and applications of laser
scanning, i.e. progress tracking, quality assessment, structural health
monitoring and creating as-built BIM. Son et al. [13] reviewed the
applications of the 3D reconstruction techniques based on photos, vi-
deos and laser scanning, i.e. dimensional quality control, progress
tracking and reconstruction of Mechanical, Electrical and Plumbing
(MEP) systems.

The other techniques that are relevant to 3D reconstruction tech-
niques in civil engineering and their applications, have also been
summarized in some publications. Teizer [14] summarized the com-
puter vision based personnel tracking, equipment tracking and detec-
tion on construction sites. Koch et al. [15] reviewed the computer vi-
sion based defect detection and condition assessment of civil
infrastructure, including reinforced concrete bridges, precast concrete
tunnels, underground concrete pipes and asphalt pavements. Koch et al.
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[16] presented current achievements and open challenges in the ma-
chine vision-based inspection of large concrete structures. In all these
three reviews, 3D reconstruction techniques were involved as one of the
methods. Mathavan et al. [17] reviewed the 3D imaging-based tech-
nologies for pavement distress detection and measurements, where 3D
reconstruction-related techniques including stereo imaging, laser
scanning and structured light systems are involved.

In the above-mentioned review papers, two important aspects about
3D reconstruction techniques are missing: (1) some important steps for
3D reconstruction techniques, including feature matching, camera
motion estimation and absolute scale recovery; (2) the key research
directions of the techniques and their applications in the future. Among
them, the steps in the former aspect have been regarded to be indis-
pensable in a specific research [18], while the latter aspect is obviously
important to the civil engineering community. Taking into account of
such limitations, this paper systematically summarizes 3D reconstruc-
tion techniques and the up-to-date achievements and challenges for the
applications of the techniques in civil engineering and proposes key
future research directions in the field.

The remainder of this paper focuses on the process, algorithms and
methods of 3D reconstruction techniques, and their achievements and
challenges in civil engineering. In Section 2, the methods used for lit-
erature retrieval and for determining the research scope are introduced,
and the framework of the techniques in civil engineering is illustrated.
Sections 3 and 4 present the techniques for 3D reconstruction, including
the techniques for generating point clouds and that for processing point
clouds respectively, particularly the corresponding algorithms and
methods. Section 5 presents the applications of the techniques in re-
constructing and managing construction sites and reconstructing pipe-
lines of MEP systems as typical examples, and highlights the achieve-
ments. Section 6 discusses the challenges of applying the techniques in
civil engineering and proposes the key research directions to be ad-
dressed in the future. Section 7 concludes the paper.

2. Methodology

2.1. Literature retrieval conditions

The major databases in the world, including Web of Science,
Engineering Village and China Knowledge Resource Integrated
Database, are retrieved by using keywords including ‘3D reconstruc-
tion’, ‘three-dimensional reconstruction’, ‘three dimensional re-
construction’ and ‘3-D reconstruction’ to obtain a list of publications
dating from 2000 to the present. Since the keywords do not confine the
target objects of the research and application of 3D reconstruction
techniques in civil engineering, these publications are then filtered
through reading the abstracts to exclude those that are not related to
the areas of civil engineering.

2.2. Research scope

By analyzing the publications obtained from Section 2.1, 95 pub-
lications in total, the frequency of publications in terms of data col-
lection equipment types is shown in Table 1.

It deserves to explain that laser scanners are also known as Light
Detection And Ranging (LiDAR) [18,19]. Because the phrase ‘laser
scanners’ is more frequently used than the word ‘LiDAR’ in the reviewed
publications, ‘laser scanners’ is chosen to be used from here on in this
paper.

According to the table, monocular cameras, binocular cameras,
video cameras and laser scanners have been used with high frequency
for 3D reconstruction techniques in civil engineering, while CT, ultra-
sonic tomography, Kinect and total stations have been rarely used. In
order to focus on the major 3D reconstruction techniques, only the
techniques that are applied in civil engineering and based on the fol-
lowing data collection equipment, i.e. monocular cameras, binocular

cameras, video cameras and laser scanners, are reviewed in this paper.
The 3D reconstruction techniques based on monocular cameras,

binocular cameras and video cameras can be classified into two cate-
gories according to their principles, i.e. point-based ones and line-based
ones. In the former, the feature points in the outputs of monocular
cameras, binocular cameras and video cameras are extracted and pro-
cessed in subsequent steps [19–21], while in the latter, the feature lines
in the outputs of monocular cameras, binocular cameras and video
cameras are extracted and processed in subsequent steps [22–27]. Be-
cause the latter category of 3D reconstruction techniques has very few
applications up to now, this category is not reviewed in this paper.

In case some algorithms and methods need to be quoted, other
publications except the 95 publications have also been cited in this
paper, for example, the publication on Scale Invariant Feature
Transform (SIFT) algorithm.

2.3. Framework of 3D reconstruction techniques in civil engineering

Through reviewing the selected publications, the framework of 3D
reconstruction techniques in civil engineering is established as shown in
Fig. 1.

In the framework, the 3D reconstruction techniques are divided into
two big steps, i.e. generating point clouds and processing point clouds,
and each big step can be further divided into several steps. In the former
big step, the outputs of monocular cameras, binocular cameras and
video cameras are processed to generate the point clouds corresponding
to a certain scene. In the latter big step, point clouds obtained from the
previous big step or that from laser scanners are processed to generate
the outputs of 3D reconstruction techniques for the objects of interest in
the scene. In order to make it easy to read, the 3D reconstruction
techniques will be reviewed in this big step-and-step framework, with
Sections 3 and 4 dedicated to the two big steps, respectively.

3. Techniques for generating point clouds

In general, the inputs of 3D reconstruction techniques are the out-
puts of data collection equipment. The inputs of the techniques with
high frequency in civil engineering are monocular images, stereo
images, video frames and point clouds, corresponding to monocular
cameras, binocular cameras, video cameras and laser scanners, re-
spectively. It deserves to explain, although monocular images, stereo
images and video frames are all digital images, they have different
characteristics. Indeed, stereo images contain monocular images in
pair, while video images contain a series of monocular images, or a
series of stereo images. In this section, the processes of generating point
clouds from monocular images, stereo images and video frames and
algorithms and methods used in these processes are presented. Since the

Table 1
The frequency of publications in terms of data collection equipment types per
five years since 2000.

Data collection
equipment types

2000–2004 2005–2009 2010–2014 2015-
prseent

Total

Monocular cameras – 4 22 15 41
Binocular cameras – 3 3 3 9
Video cameras – 2 7 1 10
Laser scanners – 3 15 9 27
Computerized

Tomography
(CT)

– 1 1 2 4

Ultrasonic
tomography

1 – – 1 2

Kinect (based on
structured light)

– – – 1 1

Total stations – – 1 – 1
Total 1 13 49 32 95
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outputs of laser scanners are point clouds, laser scanners are not dis-
cussed in this section.

3.1. Generating point clouds from monocular images

According to the publications, the process of generating point
clouds from monocular images slightly differs from each other.
Generally, the process consists of seven steps, i.e. feature extraction,
feature matching, camera motion estimation, sparse 3D reconstruction,
model parameters correction, absolute scale recovery and dense 3D
reconstruction, as shown in Fig. 1. Normally, the combination of the
steps of feature extraction, feature matching, camera motion estima-
tion, sparse 3D reconstruction and model parameters correction is
called Structure from Motion (SfM) [28,29], as shown in Fig. 1. Each
step from the second step needs to use the result obtained from the
previous steps as the input. The algorithms and methods used in each
step are shown in Table 2.

3.1.1. Feature extraction
The aim of the step is to gain feature points, which reflect the initial

structure of the scene [18], from the images of a certain scene. The
algorithms used for the step can be divided into two categories, i.e.,
feature point detectors, which obtain the locations of feature points of
an image, and feature point descriptors, which generate the vectors or
strings to characterize the feature points detected by feature point de-
tectors.

The feature point detectors used for the step are SIFT detector,
Speeded-Up Robust Features (SURF) detector, Affine Scale Invariant
Feature Transform (ASIFT), Harris corner detector and Features from
Accelerated Segment Test (FAST). In SIFT detector [30], a scale space,
containing images with different scale, is generated from an initial
image by Gaussian convolution, and adjacent images in the scale space
are subtracted to produce difference-of-Gaussian images. Then the
feature point candidates are found by comparing each pixel to its

neighbors in the difference-of-Gaussian images. After that, feature
points are obtained by refining feature point candidates. In SURF de-
tector [31,32], a scale space is generated based on integral images, and
the approximated determinant of the Hessian of each pixel in the scale
space is calculated. Then feature points are found based on the ap-
proximated determinant of the Hessian of each pixel. ASIFT [33] is the
variation of SIFT detector. In this algorithm, simulated images of each
initial image with all possible distortions caused by the change of the
camera optical axis orientation are generated. Then all simulated
images are processed by SIFT detector to find feature points. Therefore,
for images with viewpoint changes, more feature points can be ex-
tracted by using ASIFT than SIFT detector [34]. Harris corner detector
[35] detects corners based on the image intensities change around each
pixel on the images. FAST [36] is a corner detector faster than Harris
corner detector, and it identifies a pixel as a corner if the number of
pixels in the circle consisting of sixteen pixels around the pixel meets
the threshold.

The feature point descriptors used for the step are SIFT descriptor,
SURF descriptor, Fast REtinA Keypoint (FREAK) and Multi-Scale
Descriptor (MSD). SIFT descriptor [30] generates a vector for char-
acterizing a feature point based on computing the gradient magnitude
and orientation at each image point in a region around the feature
point. SURF descriptor [31] generates a vector for characterizing a
feature point based on computing the Haar-wavelet responses in a re-
gion around the feature point. FREAK [37] is a coarse-to-fine feature
point descriptor, and the outputs of the descriptor is a binary string
based on retinal sampling pattern formed by a sequence of one-bit
difference of Gaussians. MSD [38] generates a vector for characterizing
a feature point based on the intensity gradients over multiple scales.
The comparison on robustness and speed for generating vector among
these feature point descriptors is shown in Table 3.

3.1.2. Feature matching
The aim of the step is to match the feature points of each image pair
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and remove false matches by using the feature points obtained from the
previous step to obtain correspondences among the features points.

ANN is used to match the feature points of each image pair by
computing the Euclidian distance of feature point descriptors across
two images [18]. The outputs of ANN are matched feature points, but
false matches may exist in the result because the criterion of matching
feature points is only relevant to the Euclidian distance of feature point
descriptors and it loses sight of the epipolar geometry of the image pair,
which describes the uniqueness of the matched feature points in each
image pair. The function of FLANN is similar to that of ANN [43], but it
is faster than ANN due to its approximate nearest neighbor search al-
gorithm [60].

RANSAC is used to remove false matches by utilizing the epipolar
geometry of an image pair. In the algorithm, the epipolar geometry is
estimated by random sampling of matched feature points iteratively
[61] rather than by all the matched feature points, which can mitigate
the effort of false matches. ORSA is the variant of RANSAC [44], and it
can remove false matches more effectively than RANSAC when false
matches are more than 50 percent [62].

3.1.3. Camera motion estimation
The aim of the step is to find out camera parameters of each image,

including intrinsic parameters (e.g., focal length and radial distortion)
and extrinsic parameters (i.e. rotation and translation) by using the

feature points of each image pair.
In the epipolar geometry of an image pair, two matrixes can be used

respectively to describe the correspondences between the matched
feature points of the image pair, i.e., essential matrix and fundamental
matrix. The essential matrix [63], which contains extrinsic parameters,
describes the correspondences between the matched feature points of
camera coordinates, while the fundamental matrix [63], which contains
intrinsic and extrinsic parameters, describes the correspondences be-
tween the matched feature points of pixel coordinates. In the five-point
algorithm [64], the essential matrix is computed based on five matched
feature points, and the extrinsic parameters, i.e. rotation matrix and
translation matrix, are obtained based on the singular value decom-
position of essential matrix. In the eight-point algorithm [65], an initial
fundamental matrix is computed based on eight matched feature points
by linear solution, then a new fundamental matrix is computed based
on singular value decomposition to replace the initial fundamental
matrix, which ensures that the fundamental matrix is singular. Typi-
cally, the five-point algorithm is used to compute extrinsic parameters,
while the eight-point algorithm is used to compute intrinsic and ex-
trinsic parameters. In another word, the five-point algorithm is pre-
ferable when the intrinsic parameters are known and the aim is to
compute extrinsic parameters, while the eight-point algorithm is pre-
ferable when the aim is to compute extrinsic parameters and intrinsic
parameters. DLT [66] uses the feature points of pixel coordinates and
the corresponding 3D points of absolute coordinates in the scene to
compute intrinsic and extrinsic parameters based on least square
method, while the 3D points of absolute coordinates in the scene are not
needed in the five-point algorithm and eight-point algorithm.

3.1.4. Sparse 3D reconstruction
The aim of the step is to compute the 3D locations of points by using

the feature points with correspondences obtained from Section 3.1.2
and the camera parameters of each image obtained from Section 3.1.3
to generate a point cloud of the scene.

The algorithm used for the step is called triangulation algorithm
[28,29,38,43]. With the matched feature points of each image pair from
the feature matching step and the camera parameters of each image
from the camera motion estimation step, the 3D locations of the points
corresponding to the matched feature points are obtained by the

Table 2
Algorithms and methods used in the steps for generating point clouds.

Inputs Steps Algorithms and methods

Monocular images/video frames1 Feature extraction SIFT [28,39–43] (including SIFT detector and SIFT descriptor);
SURF [21] (including SURF detector and SURF descriptor);
ASIFT [44];
FREAK [45];
Harris corner detector [38];
FAST [38];
MSD [38]

Feature matching RANdom SAmple Consensus (RANSAC) [40,43,46–48]; Optimized Random Sampling Algorithm (ORSA)
[44]; Approximate Nearest Neighbors (ANN)
[29,45]; Fast Library for Approximate Nearest Neighbors (FLANN)
[43]

Camera motion estimation Direct Linear Transform (DLT) [40,49];
Five-point algorithm [45,49];
Eight-point algorithm [21,44,50]

Sparse 3D reconstruction Triangulation [28,29,38,43]
Model parameters correction Bundle Adjustment (BA) [28,41,43–45];
Absolute scale recovery Geo-registration [51,52];

Recovering manually [53];
Recovering by premeasured objects [53]

Dense 3D reconstruction Clustering Multi-View Stereo (CMVS) [28,29,54]; Patch-based Multi-View Stereo (PMVS)
[29,44,53,55,56]; Semi-Global Matching (SGM)
[43,57]

Stereo images/video frames2 Binocular camera calibration Two-step procedure [20,58]

1 Generated from a video camera with monocular camera.
2 Generated from a video camera with binocular cameras.

Table 3
Comparison among feature point descriptors [21,37,38,48,59].

Descriptors1 Dimensions of Vector Robustness

SIFT descriptor 128 Robust to scale, rotation and
translation changes

SURF descriptor 64 Robust to scale and rotation changes
FREAK –2 Robust to scale and rotation changes
MSD 108 –

1 The comparison on the speed for generating vectors or strings among the
feature point descriptors: SURF descriptor is faster than SIFT descriptor
[21,37,48,59], FREAK is faster than SUFR descriptor [37] and MSD is faster
than SUFR descriptor [38,59].

2 The output of FREAK is a binary string.
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algorithm, a point cloud of the scene is thus obtained [67].

3.1.5. Model parameters correction
The aim of the step is to correct the camera parameters of each

image by using the intrinsic and extrinsic parameters of cameras for
each image obtained from Section 3.1.3 and the 3D locations of points
in the point cloud obtained from the previous step to generate the
precise camera parameters of each image and the precise 3D locations
of points in the point cloud.

BA is based on a nonlinear least square method and is used to
correct the camera parameters of each image and the 3D location of
points in the point cloud [67].

3.1.6. Absolute scale recovery
The aim of the step is to determine the absolute scale of the sparse

point cloud obtained from the former step [18] by using the dimensions
or points of absolute scale and the local coordinates of points in the
sparse point cloud.

Geo-registration is similar to coordinate transformation [51,52]. In
the algorithm, the rotation and translation matrices between the sparse
point cloud and the points in the absolute geocentric coordinate system
are computed. Then, the sparse point cloud is transformed into the
absolute geocentric coordinate system by the rotation and translation
matrices. In the manual absolute scale recovery method [53], one or
more dimensions in the scene are measured manually. Then the abso-
lute scale of the sparse point cloud is obtained based on the relationship
between the dimensions in the sparse point cloud and the measured
dimensions. In the method of recovery by premeasured objects [53], the
corners are reconstructed along with the reconstruction of feature
points. Then the absolute scale of the sparse point cloud is obtained
based on the relationship between the premeasured dimensions of the
objects and the dimensions between the corners in the reconstruction
results. Compared to the method of recovery by premeasured objects,
the manual absolute scale recovery method is error-prone and reduces
the speed of the step of absolute scale recovery.

3.1.7. Dense 3D reconstruction
The aim of the step is to recover the details of the scene, by using the

images of a certain scene, the intrinsic and extrinsic parameters of
cameras for each image obtained from Section 3.1.5 and the sparse
point cloud obtained from the previous step to generate a dense point
cloud.

CMVS removes the redundant images of the scene and clusters the
resulting images to generate clustered images [29,68]. PMVS uses the
clustered images from CMVS and generates a dense 3D point cloud
through three steps, namely matching, expansion and filtering
[16,29,44]. SGM is utilized to generate dense point cloud based on
global energy minimization process [43]. Generally, SGM is faster than
PMVS, while the accuracy of results from PMVS is more stable than that
from SGM [69].

At present, software applications that implement some of the
aforementioned algorithms already exist and can be used to recover
scenes, such as VisualSFM [70] and Bundler [71]. Both of the two
software applications contain the functions of feature point extraction,
feature point matching, camera motion estimation and sparse 3D re-
construction, and they can be used to reconstruct scenes. However, if
the software applications do not meet the required accuracy or com-
putation time, aforementioned algorithms or more advanced ones
should be implemented to meet the requirements.

3.2. Generating point clouds from stereo images

Compared to the process of generating point clouds from monocular
images, the process of generating point clouds from stereo images skips
the steps of camera motion estimation and absolute scale recovery and
adds a step named binocular camera calibration [20,72] before the step

of feature extraction, as shown in Fig. 1.
The aim of binocular camera calibration is to recover the intrinsic

parameters of each camera and the extrinsic parameters (rotation and
translation) between the two cameras of the binocular camera [38,58].
A two-step procedure is used for binocular camera calibration [20,58].
First, the intrinsic parameters of each camera are estimated by obser-
ving a calibration object with known spatial geometry, such as a cali-
bration board [73,74]. Second, the extrinsic parameters are estimated
by SfM and can be refined by PMVS and BA [75].

3.3. Generating point clouds from video frames

According to the number of cameras the video cameras use, the
process of generating point clouds from video cameras can be classified
into two categories: (1) video camera with monocular camera, and (2)
video camera with binocular camera. The process of generating point
clouds from a video camera with monocular camera is similar to that
from monocular cameras, while the process of generating point clouds
from a video camera with binocular camera is similar to that from bi-
nocular cameras.

Generally, all video frames of video cameras will be used in the
process of generating point clouds [20,49,58,76]. However, if a large
quantity of video frames is included in the output of the video cameras,
it is essential to select key frames for subsequent image processing due
to three reasons: (1) too many video frames will increase the time of
image processing, (2) the objects for 3D reconstruction techniques only
appear in a portion of the video frames, and (3) low quality video
frames, such as video frames with motion blur, will reduce the quality
of 3D reconstruction results.

Two methods are usually used for key frames selection. The first
method is that key frames are selected every other fixed number con-
secutive video frames in a video [49]. The second method is that key
frames are selected when they meet some criteria [19], such as no
motion blur and small re-projection errors [77].

4. Techniques for processing point clouds

Generally, the point clouds of objects obtained by using the tech-
niques in Section 3 or from laser scanners cannot meet the application
requirements. For example, point clouds contain points from sur-
roundings, which will be an obstacle for further applications of the
point clouds. To make the point clouds meet the application require-
ments, four steps are needed, i.e. point cloud preprocessing, mesh re-
construction, point cloud segmentation and point cloud modeling. The
algorithms and methods used in each step and sub-step are shown in
Table 4.

Table 4
Algorithms and methods used in the steps for processing point clouds.

Steps Sub-steps Algorithms and methods

Point cloud
preprocessing

Registration Iterative Closest Point (ICP)
[43,52,78]

Noise filtering Removing points manually [79];
RANSAC [28]Outlier removal

Down-sampling Point spacing strategy [80];

Mesh reconstruction – Poisson surface reconstruction
(PSR) [29,54,81]

Point cloud segmentation – Region growth [82,83];
K-means clustering [78];
Voxel-based algorithm [84];
Hough transform [85];
RANSAC [86]

Point cloud modeling – Obtaining the dimensions of
objects [79,87,88]
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4.1. Point cloud preprocessing

The aims of the step are to generate point cloud models or generate
point clouds with high quality for subsequent steps. Generally, the step
contains four sub-steps, i.e. registration, noise filtering, outlier removal
and down-sampling. It deserves to explain that which of the four sub-
steps are needed depends on the application requirements and the
quality of the point clouds. For example, if the application requirement
is a combined point cloud and the existing point clouds are separate,
then registration is required.

Typically, the algorithm used for registration is ICP algorithm
[43,52,78], which estimates the rigid transformation between two
point clouds iteratively by minimizing the distance between matched
points.

Point clouds obtained from Section 3 incorporate not only the points
from the objects of interest, but also the points from surroundings [89]
(also known as noise points) and outliers [28]. The process of removing
noise points and outliers are noise filtering and outlier removing re-
spectively. Generally, the algorithms and methods used for noise fil-
tering can also be used for outlier removing and vice versa, because
noise points and outliers are all unwanted points and they are not from
the objects of interest. The algorithms and methods used for noise fil-
tering and outlier removing include removing points from surroundings
manually [79] and RANSAC [28].

In addition, point cloud registration makes overlapped regions
denser, which will reduce the efficiency of subsequent processing.
Down-sampling is necessary to solve such problems. The algorithm
generally used for down-sampling is point spacing strategy [80], which
can reduce points in dense regions. In the method, as an algorithm, a
point cloud is arranged into 3D grid cells with equal sizes and points in
every single 3D grid cell containing at least one point are reduced until
requirements met [90].

4.2. Mesh reconstruction

The aim of the step is to generate a mesh model of the object of
interest by using the point cloud obtained from previous step.

Mesh reconstruction is necessary for some application requirements
due to two reasons: (1) compared to dense point clouds, mesh models
obtained from mesh reconstruction are the better choice for visualiza-
tion of the objects of interest [29]; (2) mesh models can be used for
subsequent applications, such as crack detection [54,81]. Typically, the
algorithm used for mesh reconstruction is PSR [29,54,81], which re-
construct a watertight, triangulated approximation to the surface of the
object according to its point cloud [91].

4.3. Point cloud segmentation

The aim of the step is to segment a point cloud and obtain the points
of the objects of interest. Although algorithms used in publications
differ slightly from each other, the algorithms used for point cloud
segmentation can be classified into two categories, i.e. algorithms for
feature-based segmentation and algorithms for model-based segmen-
tation.

Algorithms for feature-based segmentation segment a point cloud
based on the features of each points in the point cloud, while algorithms
for model-based segmentation segment a point cloud based on the
mathematical models of objects of interest. Therefore, algorithms for
feature-based segmentation are preferable when the features of points
of objects of interest are distinct from others, while algorithms for
model-based segmentation are preferable when mathematical models of
objects of interest are known.

4.3.1. Feature-based segmentation
This category of algorithms classifies points with same features into

a subset according to the features of these points. The features used in

the algorithms for feature-based segmentation include the curvature of
the point [80,92,93], the angle between normal vectors [82] and the
angle between the normal vector of the point and a unit vector [94].

The algorithms commonly used for feature-based segmentation are
region growth [82,83] and clustering, while the voxel-based algorithm
[84] is rarely used. In the former algorithm, i.e. region growth, a seed
point is selected from the point cloud with predefined criteria. Then all
neighboring points meeting the predefined requirements of the seed
point are added to the same subset as the seed point. Subsequently, a
point satisfying predefined criteria in the subset except the seed point is
selected as a new seed point. The process is repeated until no point can
be added into the subset. K-means clustering, a kind of the clustering
algorithms, is used in the literature [78]. In K-means clustering, each
point in the point cloud are classified into one of the clusters of pre-
defined number based on its distances to the clusters’ centroid. In the
voxel-based algorithm, the space of a point cloud is divided into voxels
with equal size, and each voxel contains no point or at least one point.
Then voxels containing no points are removed and neighboring voxels
with elevation difference less than a threshold are classified into the
same subset iteratively. The points contained in the voxels of the same
subset are segmented from other points.

4.3.2. Model-based segmentation
This category of algorithms segments a point cloud and obtains

points that satisfy the mathematical model of the object of interest.
Typically, the mathematical model used in model-based segmentation
is a plane equation.

Algorithms used for model-based segmentation are Hough trans-
form and RANSAC [28]. For a regular and simple point cloud, the point
cloud can be projected to a plane and then points belonging to a plane
perpendicular to the plane can be obtained by Hough transform [85],
which is used for extracting lines and line segments in a cluttered point
cloud. RANSAC can not only obtain the parameters of the mathematical
models of the objects including lines and line segments, but also remove
outlier points while obtain the points of the objects of interest from the
point cloud [86].

4.4. Point cloud modeling

The aim of the step is to generate a geometric model of the object of
interest by using the point cloud segment obtained from the previous
step.

In order to generate a geometric model of the object of interest, it is
essential to obtain the model parameters based on the results of point
cloud segmentation. Generally, the method used for obtaining model
parameters is obtaining dimensions of objects. For example, the geo-
metric model of a pipeline of MEP system is regarded as a collection of
cylinder segment and thus the radius is one of its model parameters.
The radius can be obtained by computing the shortest distance from the
centerline to the point cloud of the pipeline obtained from point cloud
segmentation [79,87], or by projecting the point cloud of the pipeline
onto a plane perpendicular to the centerline of it to generating a re-
sulting circle and computing the radius of the circle [88]. With the
model parameters, a geometric model of object of interest can be easily
generated.

Although both the mesh models and the geometric models can be
used for object visualization, the former can be used for representing
crack based on its triangle mesh [54,81], while the latter cannot, be-
cause a crack can hardly be represented by using a geometric model.

5. Applications of 3D reconstruction techniques

3D reconstruction techniques have been applied in such areas of
civil engineering as buildings [95,96], roads [97–99] and bridges
[100]. In order to generalize the applications of 3D reconstruction
techniques in civil engineering, the applications are divided according
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to the scale of applications into four levels, i.e. object group, object,
component and below component, which represent the reconstruction
objects with different sizes. Let us take bridges as example, ‘object
group’ refers to several bridges, ‘object’ refers to a bridge, ‘component’
refers to piers of the bridge and ‘below component’ refers to crack of
these piers. The number of applications in terms of application cate-
gories and application areas are summarized as shown in Table 5, in
which the utilitarian applications of the result from applying 3D re-
construction techniques also included.

It is obvious that the hottest application category is object group
reconstruction. In this section, two typical applications in the category
of object group reconstruction, i.e. reconstructing and managing con-
struction sites and reconstructing pipelines of MEP systems, are in-
troduced to illustrate how 3D reconstruction techniques and their
outputs of the techniques are used in practice. Then, achievements of
the applications of the techniques are summarized from three aspects,
i.e. the automation level, the operation time and the accuracy of the
outputs of the techniques.

5.1. Reconstructing and managing construction sites

Reconstructing and managing construction sites is the major appli-
cation of 3D reconstruction techniques in construction sites of civil
engineering. Managing construction sites can be divided into two as-
pects, i.e. monitoring construction sites progress and accessing con-
struction project information.

5.1.1. Reconstructing construction sites
Fathi et al. [58] used video frames from a video camera with bi-

nocular camera to reconstruct the construction sites. Feature points in
two video frames captured simultaneously from the calibrated video
camera with binocular camera were detected respectively using SURF.
The feature points between the two video frames were matched, and
outlier matched feature points were removed RANSAC. Then, triangu-
lation was used to generate a sparse point cloud of construction sites.
However, the resulting sparse point cloud was not enough for visuali-
zation purposes. Brilakis et al. [20] proposed a new algorithm for
construction sites reconstruction based on the literature [58]. The new
algorithm incorporated dense 3D reconstruction besides sparse 3D re-
construction, and the dense point cloud generated from a video frame
pair was fused with that from the next video frame pair, which was used
to reconstruct the construction sites progressively. Experimental results

showed that the average value of the differences between dimensions in
the sparse point cloud and corresponding tape measurements in real
world was 4.7 mm if the objects were 10m away from the video camera
with binocular camera.

Sung and Kim [38] proposed a fast algorithm for the terrain re-
construction of construction sites. In their approach, images from a
binocular camera were divided into small, regular and square sub-re-
gions respectively, and corners of the same number were detected in
each sub-region using Fast detector and described by MSD. Then, a two-
stage cascade matching algorithm combining single-scale coarse
matching and multiple-scale fine matching was used for accelerating
MSD matching. After matching, a sparse point cloud was obtained using
triangulation with the calibrated parameters of binocular cameras. Fi-
nally, a probabilistic model was proposed for dense 3D reconstruction.
Experiments indicated that the computation time of MSD-based dense
3D reconstruction was 31 times faster than SURF-based dense 3D re-
construction.

5.1.2. Managing construction sites
Zollmann et al. [52] combined 3D reconstruction techniques and

Augmented Reality (AR) to monitor construction site progress. In their
study, a system consisting of aerial client, reconstruction client and
mobile AR client was developed. Micro Aerial Vehicles (MAV) images
obtained from a monocular camera on the aerial client were processed
through the reconstruction client based on SfM, and the resulting mesh
model as well as the as-planned information of the construction sites
were superimposed onto the user’s view on the mobile AR client, which
visualizes the progress of construction sites for monitoring purposes.
Golparvar-Fard et al. [41] used 3D reconstruction techniques to re-
construct construction sites and monitor construction sites progress. In
their approach, unordered daily construction images from monocular
cameras were processed by using SIFT, ANN, RANSAC, DLT, triangu-
lation, BA and other algorithms [18] to obtain an as-built point cloud of
the as-built construction site. Then, the at-built point cloud was com-
pared with Industry Foundation Classes (IFC) based BIM model fused
with construction schedule. As a result, the progress deviations with
different color were visualized on the 4-dimensional AR model [18,41]
for monitoring construction sites progress. The as-built point cloud was
generated in few hours, while the progress deviations were computed
over a few hours, which can meet the requirement of monitoring con-
struction site progress.

Bae et al. [45] developed a vision-based system named Hybrid 4-
Dimensional AR for accessing construction project information. The
advantage of the system was that the user’s location and orientation
were automatically and purely derived by image processing. For this
purpose, a point cloud of a construction site was firstly obtained by
processing images from a monocular camera using SURF, ANN,
RANSAC, five-point algorithm, triangulation, BA. The user just needed
to take a photo and upload it to the system, then the system would
identify the user’s location and orientation through the feature detec-
tion of the photo, feature matching with each point in the point cloud
and camera motion estimation. In order to achieve accessing con-
struction project information, the photo would be overlaid with the
information of the BIM elements in the view of the photo according to
the user’s location and orientation. Experimental results indicated that
it would take about three seconds for localization and the success-ratio
of localization was over 98 percent.

5.2. Reconstructing pipelines of MEP systems

Reconstructing pipelines of MEP systems mostly focus on the pro-
cessing point clouds of pipelines of MEP systems, and almost all point
clouds are from laser scanners. In general, reconstructing pipelines of
MEP systems can be divided into two aspects, i.e. segmenting point
cloud and modeling pipelines of MEP systems.

Table 5
Number of applications of 3D reconstruction techniques in civil engineering.

Application areas Applications categories Total

Buildings Object group reconstruction (18);Object
reconstruction (11)
;Component reconstruction (2)
;
Deformation assessment (3);Energy performance
assessment (5)
;Crack assessment
(2)

41

Bridges Object group reconstruction (2);Object reconstruction
(2)
;
Disease detection (1)

5

Roads Object reconstruction (1);
Component reconstruction (3);Below component
reconstruction (3)
;
Crack assessment (1)

8

Others Object group reconstruction (10);
Crack assessment (1)

11

Note: The italic font indicated the utilitarian applications of the result from
applying 3D reconstruction techniques.
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5.2.1. Segmenting point cloud
Dimitrov and Golparvar-Fard [83] proposed an algorithm for ob-

taining the point clouds of pipelines of MEP systems from a building
point cloud. In their approach, the multiple features of each point in the
building point cloud were extracted, including surface normal, direc-
tions of max and min curvatures, absolute max and min curvature va-
lues and surface roughness indicated by the average and standard de-
viation distance of the points to a circle fitted for computing the
curvature. Then the region growth algorithm is used to reconstruct
pipelines of MEP systems. In the algorithm, the point with surface
roughness below threshold were selected as a seed point and the points
that satisfied the specific roughness threshold were added to the same
region as the seed point.

Son et al. [80,92,93] proposed a curvature-based algorithm for
obtaining the point clouds of as-built pipelines of MEP systems from
laser-scanned data. In their study, the point cloud was segmented by
means of region growth based on the normal estimation of each point.
Then, 30 points were selected randomly from each segment and the
curvature for each point was computed based on fitting a local surface
patch. The segment was classified as part of a pipeline if 90 percent of
the 30 points had a percent error of computed radii less than a
threshold. Experimental results showed that the error of pipeline of
MEP systems classification was below 5 percent.

5.2.2. Modeling pipelines of MEP systems
Lee et al. [79,87] proposed an algorithm to model pipelines of MEP

systems automatically. In their study, the extraction of the skeleton of
entire 3D pipelines of MEP systems by Voronoi diagram-based algo-
rithm and topological thinning algorithm was firstly implemented on
the point cloud obtained from laser scanners, and the output was the
skeleton points of each pipeline and connectivity between skeleton
points. Then, the skeleton points were classified based on feature-based
segmentation. The skeleton points were classified into tee pipes based
on the feature, i.e. the number of skeleton points connected to them,
while the skeleton points were classified into straight pipes based on
another feature, i.e. the acute angle formed by a skeleton point and two
skeleton points to which it is connected. The remaining skeleton points
represented elbow pipes. Finally, the parameters of pipelines of MEP
systems were calculated for modeling pipelines of MEP systems. For
example, the radius of each pipeline was determined by calculating the
shortest distance from each of the extracted skeleton points to the
original point cloud. Experimental results showed that the mean re-
lative error of radius estimation was less than 4 percent.

Patil et al. [88] proposed an algorithm for reconstructing and
modeling as-built pipelines of MEP systems from the point cloud from
laser scanners. In their study, points were segmented based on normal
variances between the nearest points in the point cloud, then the
mathematical model of cylinder and RANSAC are used to obtain points
in cylinders from the segmentation results. After that, each cylinder
orientation was estimated based on Gaussian sphere and Hough trans-
form, and the radius of each cylinder was estimated by projecting points
onto the plane perpendicular to the cylinder orientation. Finally, as-
built pipelines of MEP systems were modeled according to the para-
meters of cylinders and the connection between cylinders. Experimental
results showed that this algorithm could decrease the false detection of
cylinders.

Nahangi and Haas [78] presented an algorithm for modeling pipe-
lines of MEP systems and the automated quantification of discrepancies
between as-built and as-planned pipelines of MEP systems. In their
study, the extraction of the skeleton of entire 3D pipelines of MEP
systems was implemented on the point clouds of as-built and as-planned
pipelines of MEP systems, and the output was the skeleton points of
each pipeline, which was similar to that in the literatures [79,87].
Then, the skeleton points were clustered by means of K-means clus-
tering and hierarchical clustering to be segmented as straight lines.
Subsequently, lines were fitted to the segmented skeleton points based

on RANSAC. Then the discrepancies between the corresponding lines of
as-built pipelines of MEP systems and as-planned pipelines of MEP
systems could be obtained by computing the transformation between
them, which indicated the discrepancies between as-built and as-
planned pipelines of MEP systems. Experimental results showed that
the maximum errors for rotational and translational discrepancies es-
timation were less than 0.15 degree and 1mm respectively.

5.3. Achievements of the applications of the techniques

3D reconstruction techniques have been exploited in such applica-
tion categories in civil engineering as object group reconstruction, ob-
ject reconstruction, component reconstruction, below component re-
construction, deformation assessment, energy performance assessment,
crack assessment and disease detection, as shown in Table 5. The
techniques bring efficiency promotion to the applications.

3D reconstruction techniques contribute successfully to the auto-
mation of obtaining 3D representations of objects of interest in civil
engineering, as shown in Table 6. Up to now, the process of generating
point clouds from monocular images has been automated for some
cases in which the step of absolute scale recovery is not needed, while
the process of processing point clouds and the process of generating
point clouds from stereo images and video frames has been semi-au-
tomated.

The operation time of generating point clouds ranges from a few
minutes to a few hours, as shown in Table 7, which can meet applica-
tion requirements of most of the applications. Also, some methods have
been used to accelerate the process of generating point clouds, such as
GPU and multicore CPU-based implementation of the process, which is
about 3 times faster than SfM [49].

The dimension differences of the outputs of 3D reconstruction
techniques range from a few millimeters to a few centimeters, as shown
in Table 8, which is acceptable for the cases where their application
requirements for accuracy is not high. Generally, point clouds from
laser scanners have high accuracy, and they are taken as ground truth
to determine the accuracy of point clouds generated from monocular
images, stereo images and video frames [43,57,67].

6. Future directions

In this section, challenges of applications of 3D reconstruction
techniques in civil engineering are discussed, then the key research
directions to be addressed in the future are proposed based on the
discussion.

Table 6
The automation level of each step in 3D reconstruction techniques.

Steps and sub-steps Automation level Steps and sub-
steps

Automation level

Feature extraction + Registration +
Feature matching + Noise filtering ∼
Camera motion

estimation
+ Outlier removal ∼

Sparse 3D
reconstruction

+ Down-sampling +

Model parameters
correction

+ Mesh
reconstruction

+

Dense 3D
reconstruction

+ Point cloud
segmentation

∼

Binocular camera
calibration

∼ Point cloud
modeling

+

Absolute scale
recovery

∼ – –

Note: (+) achieved, (∼) partially achieved.
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6.1. Enhancing application areas and application categories

3D reconstruction techniques have been applied in many applica-
tion areas of civil engineering, such as buildings, bridges and roads, as
shown in Table 5. For other areas of civil engineering, such as railways
and tunnels, the techniques have been rarely applied. Similarly, appli-
cation categories of the techniques are mainly object group re-
construction and object reconstruction, while other application cate-
gories of the techniques are rare, such as component reconstruction and
below component reconstruction. Because the application requirement
of obtaining 3D representations of objects of interest exists in afore-
mentioned areas and application categories, enhancing applications of
the techniques in those areas and application categories is expected.

6.2. Reconstructing subsurface

Generally, the outputs of 3D reconstruction techniques are 3D re-
presentations of the surface of objects of interest, such as point cloud
models, mesh models and geometric models. The techniques have been
rarely applied for obtaining 3D representations of the internal structure
of objects. However, obtaining 3D representations of the internal
structure of objects is essential especially for objects with concealed
work, such as reinforced skeleton frame. With the 3D representations of
the internal structure of objects, not only dimensions of the internal
structure of objects can be obtained, but also stress analysis and other
applications can be implemented. Therefore, subsurface reconstruction

is expected for the applications of the techniques in the future.

6.3. Upgrading automation level

The process of 3D reconstruction techniques has not been fully
automated as shown in Table 6. Some methods used in the steps for
processing point clouds are still manual or semi-automated, which in-
creases the operation time of the techniques and makes obtaining 3D
representations error-prone. For example, the methods used for noise
filtering and outlier removal are generally manual, and the methods
need to be improved to be automated.

6.4. Reducing operation time

Although the operation time of 3D reconstruction techniques is
acceptable for most of the applications as shown in Table 7, the tech-
niques need to be accelerated for real-time applications, such as the
applications with AR. The operation time of the techniques depends on
the two aspects: (1) the amount of inputs of the techniques; (2) op-
eration time of each step of the techniques. Increasing the amount of
the inputs of the techniques, such as monocular images, can improve
the accuracy the outputs of the techniques. However, the increasing
inputs increase the operation time of the techniques. The manual or
semi-automated steps and the steps needing much time impede the
acceleration of the techniques.

6.5. Improving accuracy

Up to now, the accuracy of 3D reconstruction techniques is accep-
table for the applications as shown in Table 8. But for other applications
whose application requirements for accuracy are high, such as quality
detection of reinforced skeleton frame and ground settlement assess-
ment, existing algorithms and methods should be improved for high
accuracy. The accuracy of the techniques depends on two aspects: (1)
the quality of inputs from data collection equipment, such as image
resolution; (2) the accuracy of the algorithms and methods used for
generating point clouds and processing point clouds. In order to im-
prove the accuracy of the techniques, efforts should be made to improve
the two aspects.

In summary, it is concluded that the techniques are currently not
possible to obtain 3D representations of objects of interest with high
speed, high accuracy and full automation at the same time. Therefore,
more studies need to be conducted to improve the algorithms and
methods for enlarging the applications of 3D reconstruction techniques
in civil engineering.

The key research directions that have to be addressed in the future
are highlighted in the following list to enlarge the applications of 3D
reconstruction techniques in civil engineering:

(1) What application areas and categories of the techniques can we
enhance? And how can we enhance them?

(2) How can we fulfill the subsurface reconstruction by using the
techniques? How to utilize other data collection equipment, such as

Table 7
The operation time of generating point clouds of 3D reconstruction techniques.

Inputs Outputs Objects Image number Image size Operation time Publications

Monocular images A dense point cloud A student dining 288 2144×1424 A few hours [41]
A room 440 2048×1536 2 h 21min [40,46]
A room 454 1 h 52min [40]
A room 209 1 h 12min [40]
Terrain surface 30 6732×9000 2 h 9min [69]
Highway assets 66 – 1 h 21min [49]

120 6 h 13min [98]
A sparse point cloud A construction site 125 – 12min [45]

Table 8
The accuracy of the outputs of 3D reconstruction techniques.

Inputs Outputs Objects Dimension
differences

Publications

Monocular
images

A dense
point cloud

Indoor space 1.4mm [53]
Outdoor space 2.7mm
A school
building

107mm [43]

An electrical
substation

7.1mm [44]

Cracks 0.34mm [28]
Dense point
clouds

Buildings 20mm [57]

A mesh
model

A column 7mm [54]

Video frames1 A sparse
point cloud

A construction
site

4.7mm [20,58]

Point clouds
from laser
scanners

A point
cloud

Roads 6mm [99]
Pipelines of
MEP systems

4mm [80]

A mesh
model

Walls 43.6 mm [86]

A geometric
model

An interchange
bridge

190mm [84]

Road junctions 5mm [97]
Pipelines of
MEP systems

2.8mm [87]
3.8mm [88]

1 Video frames from a video camera with binocular cameras.
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ultrasonic tomography and CT, to obtain 3D representations of in-
ternal structure of objects of interest? How to combine monocular
cameras, binocular cameras, video cameras or laser scanners with
ultrasonic tomography or CT to obtain surface and subsurface 3D
representations of objects of interest, which can facilitate the ap-
plications of the techniques for more complicated assessment or
analysis?

(3) How can we upgrade the automation level of the techniques? For
example, how to improve the manual and semi-automated steps of
the techniques to achieve the goal?

(4) How can we accelerate the techniques to meet the high application
requirement for operation time? For example, how to improve the
steps needing much time to achieve the goal? How to reduce the
amount of inputs for the techniques to achieve the goal? How to
utilize artificial intelligent techniques to improve the steps needing
much time or reduce the amount of inputs for the techniques?

(5) How can we improve the accuracy of the outputs of the techniques
to meet the high application requirement for accuracy? For ex-
ample, how to improve the algorithms and methods used for the
techniques to achieve the goal? How to utilize different data col-
lection equipment or artificial intelligent techniques to improve the
quality of inputs of 3D reconstruction techniques to achieve the
goal?

7. Conclusions

3D reconstruction techniques have brought convenience for ob-
taining 3D representations of objects of interest and thus have been
used for many applications in many areas. However, the applications of
the techniques in civil engineering are still in the early stage. More
studies need to be conducted to make the techniques meet high appli-
cation requirements, such as full automation, high accuracy and less
operation time.

This paper reviews the 3D reconstruction techniques in civil en-
gineering and their achievements and challenges. The method of lit-
erature retrieval and determining research scope was determined. By
analyzing the retrieved papers, 3D reconstruction techniques for gen-
erating point clouds and processing point clouds along with the corre-
sponding algorithms and methods were presented respectively. The
application of 3D reconstruction techniques for reconstructing and
managing construction sites and for reconstructing pipelines of MEP
systems were introduced as typical examples, and the achievements of
the applications of the 3D reconstruction techniques in civil engineering
was summarized. Finally, the challenges of the applications of the
techniques in civil engineering were discussed and the key research
directions to be addressed in the future were proposed.

This paper contributes to the knowledge body of 3D reconstruction
in two aspects, i.e. summarizing systematically the up-to-date
achievements and challenges for the applications of 3D reconstruction
techniques in civil engineering, and proposing key future research di-
rections to be addressed in the field.
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