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ABSTRACT

3D concrete printing (3DCP) has attracted significant attention due to the benefits of enhanced
productivity and sustainability. However, existing 3DCP techniques face challenges of
automation and practicality in integrating conventional rebar reinforcement with printed
concrete structures. This study presents an automated robot system coupled with Building
Information Modeling (BIM) to address the challenge. Dynamo scripts in BIM were used to
generate printing paths, further optimised by a proposed algorithm for incorporating rebar
reinforcement. A deep learning model was adopted to identify rebars with large aspect ratios.
The average accuracy of rebar recognition is 92.5%, with a position error within 2 mm. A
centralised control system was developed for multiple-device communication, including a
camera, a robot arm, and a gripper. Finally, a real-time demonstration was conducted,
representing the first practical demonstration of an automated robotic system to integrate rebar
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reinforcement with printed structures using BIM-generated data in the physical world.

1. Introduction

3D concrete printing (3DCP) has rapidly developed in the
last decades. 3DCP allows for the layer-by-layer creation
of concrete structures via a formwork-free process [1].
With the unique characteristics of the construction
process, 3DCP can reduce carbon emissions [2], reduce
manpower requirements, increase productivity [3], and
enhance sustainability [4]. Weng et al. [5] conducted a
comparison study to investigate the difference between
a printed bathroom unit (PBU) and its precast counterpart
with respect to economics, environment, and energy con-
sumption. The results reveal that the PBU built by 3DCP
can achieve a reduction of 25.40% in cost, 85.90% in
CO, emissions, and 87.10% in energy consumption.

A critical hindrance to the wider adoption of 3DCP is
the challenge of incorporating conventional rebar
reinforcement with a printed concrete structure [6].
Many previous studies adopted manual installation of
steel reinforcement during or after the printing process
[7,8]. The main limitation of these methods is the lack of
automation since the labour-intensive manual operations

are required. To tackle the automation problem, the sol-
ution using continuous steel cable [9] and 3D printed
rebar [10] are proposed. However, these methods
provide limited mechanical enhancement in structural
applications compared to the traditional rebars [11].
Therefore, finding a solution to achieve the automation
of the entire process, including concrete printing and
rebar integration, remains a critical challenge.

Based on the detailed literature review of existing
studies in Section 2, the integration of Building Information
Modelling (BIM) and robotic arm with 3DCP is a possible
solution. To fill the research gaps, three research chal-
lenges need to be addressed: 1) how to generate accurate
printing paths and rebar-related data for the control of the
printing process, 2) how to acquire accurate positions and
orientations of rebars for controlling the rebar picking-up
and placement process, 3) how to achieve flexible robot
manipulation control for different task planning.

To address these challenges, this study aims to develop
a BIM and robotic arm-integrated system for the achieve-
ment of automated and synchronised concrete printing
and rebar installation. Self-developed Dynamo scripts in

CONTACT Yiwei Weng @ yiwei.weng@polyu.edu.hk
*The author has an equal contribution.

This article was originally published with errors, which have now been corrected in the online version. Please see Correction (http://doi.org/10.1080/17452759.
2024.2344991)

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (http://creativecommons.org/licenses/by-nc/4.0/), which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been pub-
lished allow the posting of the Accepted Manuscript in a repository by the author(s) or with their consent.


http://crossmark.crossref.org/dialog/?doi=10.1080/17452759.2024.2332423&domain=pdf&date_stamp=2024-04-17
http://orcid.org/0000-0003-1507-1509
http://orcid.org/0000-0001-5637-1415
http://creativecommons.org/licenses/by-nc/4.0/
mailto:yiwei.weng@polyu.edu.hk
http://doi.org/10.1080/17452759.2024.2344991
http://doi.org/10.1080/17452759.2024.2344991
http://www.tandfonline.com

2 (&) S.DUETAL

the BIM platform can extract the geometrical and material
data of both concrete and rebars. These data are used to
generate a collision-free printing path and to instruct the
manipulation of the robotic arm for various tasks (e.g.
rebar picking up and placement). An enhanced deep-
learning computer vision model is trained to detect the
position and orientation of rebars with a large aspect
ratio. The Robot Operation System (ROS) was employed
to achieve communication among multiple devices,
including a camera, a gripper, and a robotic arm.

The remainder of this paper is organised as follows. In
Section 2, the existing reinforcement methods, and the
integration of BIM and robot arm for construction tasks
are reviewed and summarised to emphasise research
gaps. Section 3 introduces the framework and method-
ologies. Section 4 presents a demonstration in the phys-
ical world, and the experimental results are discussed. In
Sections 5 and 6, discussions and conclusions of this
work are provided, and future works are sketched.

2. Literature review
2.1. Rebar reinforcement in printed structures

The field of 3DCP offers various rebar reinforcement
methods, including pre-installed reinforcement, which
involves manually placing conventional rebars [4,5]; in-
process reinforcement, where continuous micro-cables
[9,12] are added, or steel meshes [13] are introduced;
and post-installation reinforcement [8]. Although each
method has its unique characteristics, they all face
common challenges with respect to automation and
its practical application in engineering. Firstly, the pre-
installation reinforcement method used by Huashang
Tengda [14] involves manually placing rebars before
concrete deposition and utilises a dual-nozzle system
to deposit concrete through the rebars. However, this
approach heavily relies on manual operation, which
limits its efficiency and practicality. The manual rebar
placing method is labour-intensive and incompatible
with the automated process of 3DCP [5].

Baz et al. [7] proposed an in-process reinforcement
method, focusing on installation of traditional rebars
during concrete deposition. Another similar approach
involves using pre-bent traditional rebars for reinforcing
3D printed structures [15]. However, both of these
methods lack automation, posing challenges for large-
scale implementation. To address the automation
issues, researchers have suggested the use of micro-
cables and printed rebar reinforcement, where micro-
cables are driven by gears [9,12]. Micro-cables were
embedded into the concrete by a fully automated
process, and the results show that the flexural

performance of reinforced specimens was improved.
However, using micro-cables as the reinforcement is
inadequate for the structural application [16]. Wire Arc
Additive Manufacturing (WAAM) was used by Mechtch-
erine et al. [10] to build up the reinforcement by a
laser welding method. However, the WAAM method
faces constraints such as high energy costs and the
potential of affecting material properties.

In the post-installed reinforcement, Zhu et al. [8] inves-
tigated the compressive behaviour of reinforced columns
with printed formwork and post-installed reinforcement.
The results show that the reinforced columns exhibit
higher stiffness and loading bearing capacity compared
to that of the casting counterpart. Post-installed reinforce-
ment is also used in the printed concrete modules, which
are assembled subsequently. Steel reinforcement is then
installed and bonded by fresh concrete as the structural
reinforcement for the enhancement of structural perform-
ance [17]. Nevertheless, similar to the other methods, this
approach also lacks automation.

In summary, these rebar reinforcement methods signifi-
cantly improve the mechanical properties of 3D printed
concrete structures. However, the primary limitations of
the existing studies are lack of automation when tackling
practical challenges in engineering implementation.

2.2. Integration of BIM and robotic for
construction tasks

The BIM technique has been widely applied in the con-
struction field, which integrates advanced technologies
such as robotics and artificial intelligence to facilitate
the automation of conventional construction sector [18].
BIM is a digital representation of a building and a data-
sharing platform that contains detailed information on
design, construction, and maintenance processes [19]. In
practice, BIM is usually employed for information
storage, management, and processing the models [20-
22]. Additionally, BIM is an efficient tool for the operation
of construction robotics. For instance, BIM can be used to
generate the accurate and explicit information as input
for the robots to reliably perform the designated tasks
[23,24]. Integrating BIM, ROS, and robotics, the entire
system can facilitate construction robot task planning
and simulating in the virtual environment for various con-
struction tasks [25], such as building inspection [26], visual
installation progress monitoring [27], wood frames [23]
and bricks assembly [18], facade installation [28], etc.
Nevertheless, the existing literature focusing on the
integration of BIM, robotics, and 3DCP for the installation
of rebar reinforcement in 3DCP is still lacking. Studies
have leveraged BIM data processing capabilities to auto-
matically generate toolpath for 3DCP [11,29]. However,



to achieve rebar reinforcement installation by an inte-
grated system of BIM, robotics, and 3DCP, as well as
implement the system in the physical world, there are
still many challenges, including collision free toolpath
generation, rebar identification, and in-process com-
munication. With respect to the collision free toolpath
generation, the previous work of the author has con-
ducted a preliminary work to generate collision free tool-
path for the avoidance between rebars and printed
concrete [11], and a similar methodology will be
adopted in this work.

With respect to rebar reinforcement data, it is a
challenge to identify an individual rebar with a large
aspect ratio in the physical world. Existing studies on
the rebar identification mainly focus on position esti-
mation [30], counting rebars through cross-section
images [31], diameter and spacing detection [32],
visualising the estimations of rebar spacing and con-
crete cover [33], etc. However, the individual rebar
used in this system for the installation of reinforce-
ment generally have a large aspect ratio, more than
40:1 (length: diameter), which results in the challenge
on the accurately object detection and identification,
since the entire object is hard to be identified by the
computer vision method accurately and efficiently in
the real-time operation [34,35].

With respect to the in-process communication
between multi-devices for a synchronised construction
task by robotics, the main challenge for this work is to
achieve the communication between the image data
obtained by a camera and ROS for a real-time task plan-
ning. Existing study on the integration of ROS and
robotics for construction tasks mainly focusing on simu-
lation and operation without the communication
between the data of working environment and ROS for
a real-time task planning. For instance, the ROS was
adopted for the simulation of constructions tasks
based on the data from pre-designed BIM, the assembly
of modular components from pre-designed BIM data
[36], etc. In the real work environment, the rebars or
other targets may be placed randomly, and therefore,
it is necessary to obtain real-time data for the real-time
task planning.

In summary, motivated by the abovementioned
research gaps, three new methods are adopted in
this work. Firstly, the developed method in the exist-
ing literature for the toolpath generation with respect
to a concrete structure with rebar reinforcement will
be adopted [11]. With this method, the collision free
toolpath can be generated from a BIM model for
the achievement of the avoidance between rebars
and printed concrete materials. Secondly, the compu-
ter vision method based on YOLOvV5 with the benefits
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of high stability and accuracy will be adopted to
enhance object detection for a rebar with a large
aspect ratio. Thirdly, in the proposed method, the
data acquisition, processing, conversion, and com-
munication method is proposed to achieve the real-
time task planning of robotics based on the real-
time data of work environment obtained by the com-
puter vision.

3. Methodology
3.1. System framework

Figure 1 shows the overall framework of the proposed
system. The system consists of BIM data processing
and robotic arm manipulation functions. In the BIM
data process function, concrete data was adopted
for printing path generation, and the rebar data was
used for printing path optimisation and robotic
manipulation control. After the BIM data process,
the concrete and rebar data were stored in a file
via Excel.WriteToFile in Dynamo [37] and the stored
data were adopted for robot manipulation control
by the ROS rospkg library and the Python standard
library [38] in the robotic manipulation function. For
the enhancement of robot operation in the robotic
manipulation function, a deep-learning computer
vision model that can detect rebars with a large
aspect ratio was adopted for the automatic detection
of rebar position and orientation.

Task planning was conducted to manipulate the
motion trajectory of a robotic arm to achieve 3DCP
and rebar placement in the physical demonstration.
The robotic arm was equipped with a concrete extruder
and a rebar gripper for concrete printing and rebar pla-
cement, respectively. A ROS was adopted to achieve
seamless communication and collaborative control
among the camera, the gripper, and the robotic arm
[39,401. Finally, the proposed system was validated by
a lab-scale demonstration in the physical world.

3.2. BIM data process

Figure 2 shows the BIM data process function, which is
adopted to generate the concrete printing path and
obtain geometric data of rebars by a self-developed
script in Dynamo. Autodesk Revit and Dynamo are
used for modelling and data processing, respectively.
Dynamo is a visual programming environment where
parametric design is achieved by connecting multiple
functional nodes to form the programming logic [41,42].

As shown in Figure 2, the BIM data process function
consists of eight steps, including BIM model input,
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Figure 1. Overview of the proposed system framework.

extraction, and process of concrete data for printing
path generation, extraction and process of rebar data
for printing path optimisation, and robotic manipulation
control. Figure 2 (a — ¢) are used for the concrete data
process to generate the printing path. Firstly, a BIM
model of a reinforced concrete structure is designed in
Revit (Figure 2 a). The process method of concrete
data was proposed and validated by Weng et al. [43],
and the method allows for the automatic generation
of a continuous printing path by meshing, slicing,
point-reordering, and G-code generation (Figure 2 b
and ¢).

Figures 2 (d - h) are used for the rebar data process to
obtain the rebar length, location, and orientation. Figure
2 (d) is used to extract the rebar data based on rebar
types in the BIM model, such as the HRB400 in this
study. The rebar data is then converted from a BIM
element to a geometric curve using the Rebar.GetCenter-
LineCurve node (Figure 2 e), followed by obtaining the
coordinates of the start and end points of the curve
using the Curve.StartPoint and Curve.endpoint nodes,

respectively (Figure 2 f). To obtain the location of
rebars for robot gripping, a self-developed Python
node Midpoint is employed to calculate the centroid
coordinates. Finally, the length and orientation of the
rebar can be obtained using the Curve.Llength node
(Figure 2 g) and Curve.TangentAtParameter node
(Figure 2 h), respectively.

Figure 2 (i) is used to optimise the concrete printing
path for collision avoidance. The method in [43] is
limited by processing the structure with rebar reinforce-
ment. The rebar position and printed filament may
overlap [11]. proposed a new method to address the limit-
ation by considering the geometric relation between
printing path and rebar diameter, as shown in Figure 3
(a). The overlap between rebar and printed filament can
be avoided with the following relation being achieved:

1
D>R + E Wextrusion (1 )

where D is the distance (mm) between the centre point of
the rebar and the infill printing path. R and W, ;usion are
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Figure 2. The workflow for the BIM data process.

rebar radius (mm) and the extrusion width of printed
filament (mm), respectively. Equation (1) was adopted
for the optimisation of the printing path. The distance of
each vertical rebar to the generated infill printing path is
calculated based on the obtained rebar location by Geo-
metry.DistanceTo node. Then, the algorithm of printing
path optimisation is designed by projecting the rebar
into the inner control line, followed by using the projected
point as a new control point to generate a new collision-
free infill path, as shown in Figure 3 (b).

3.3. Robotic arm manipulation

The robotic arm in this study is manipulated by pose
control, including the control of position and orientation
[44]. The pose data for concrete printing and rebar pla-
cement is obtained through the BIM data process, as
mentioned in Section 3.2. The gripping poses of the
rebars by the robotic arm are obtained by a depth
camera with a YOLO-based detection network, which
can detect an object with a large aspect ratio of 40:1 [45].
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Figure 3. Printing path optimisation. (a) Geometric relation between vertical rebars and printed infill filaments; (b) Schematic of infill

path optimisation. (With permission from HKIE Transaction) [11].

The robotic manipulation is planned based on the
concrete printing path and rebar position of the BIM
model. Firstly, the robotic arm manipulation system is
built, and the transformation relationship between coor-
dinate systems is presented. An improved detection
network for a rotating target with a large aspect ratio
is then introduced to obtain the gripping pose of the
robotic arm. Afterward, a manipulation task planning is
introduced to achieve concrete printing and rebar place-
ment with a robotic arm. An auxiliary gripping accessory
was designed for the gripper in this work to enhance the
stability of rebar gripping and placement. The detailed
robotic arm manipulation is discussed below.

3.3.1. System setup and coordinate transformation
Figure 4 shows the system setup and coordinate systems
used in this work. The devices involved in this study are a
robotic arm, a depth camera, a concrete extruder, and a
gripper. The depth camera is employed to provide dis-
tance data for vision-based rebar pose identification,
the gripper is used to grip and place the rebar, and
the concrete extruder is used for 3DCP. The robotic
arm is used for concrete printing and rebar placement.
The overall size of the device is approximately 1.7 m x
1.65 m x 2.65 m.

The robotic arm is manipulated based on the pose
control, in which the transformation relation among
multi-devices is required. Figure 4 (a) shows the eye-
to-hand calibration [46], which is adopted to obtain
the transformation relation between the camera and
the robotic arm. The transformation matrix of the
camera coordinate system to the robotic arm base coor-
dinate system can be defined as:

5T =CaTE"TsT @)

where ga,T represents the transformation matrix of the
camera coordinate system and the calibration board
coordinate system obtained by camera calibration. £9'T
represents the transformation matrix of the calibration
board coordinate system and the robotic arm end coor-
dinate system, which is obtained by the calibration
board size and a simple rotation transformation.

ET represents the transformation matrix of the robotic
arm end coordinate system to the base coordinate
system, which is obtained by the joint angles and D-H
parameters of the robotic arm [47]. Define the robot
arm base coordinate system to overlap with the world
coordinate system:

GT =T = [%R C’;W} G
where ;T represents the transformation matrix of the
camera coordinate system to the world coordinate
system. §,R represents the orientation transformation
matrix of the camera coordinate system to the world
coordinate system. ¢P,, represents the position of the
camera coordinate system origin in the world coordinate
system.

The printing paths and rebar placement coordinates
generated by the BIM are within the printing path coor-
dinate system. The printing path coordinate system is
dynamic, where the geometric centre point of the
first layer path is defined as the origin of the printing
path coordinate system. The size of the model and
the working range of the robotic arm need to be con-
sidered when defining the origin of the printing coordi-
nate system. The transformation matrix of the printing
path coordinate system to the robotic arm end coordi-
nate system is £T. The transformation matrix of the
printing path coordinates to the world coordinate
system is:

T =CTET (4)

Concrete printing is layer-atop-layer. Thus, the orien-
tation of the printing path in the X-direction is
defined by the path generated in the BIM, and the
orientation in the Z-direction is vertical down. The
rebar placement positions generated by BIM are
within the printing path coordinate system. Due to
the limitation of the two-finger gripper, the placement
orientation of the X-direction of the rebars is defined by
the positions generated by the BIM, and the orientation
of the Z-direction is the direction away from the robotic
arm to the coordinates of the corresponding rebars. The
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coordinate system; (c) Gripper and coordinate system.

gripping point is at 155 mm in the Z-axis of the robotic
arm end coordinate system in this work.

3.3.2. Deep learning-based rebar gripping pose

With the built system setup and coordinate system, an
improved detection network for a rotating target with
a large aspect ratio is then introduced to obtain the
gripping pose of rebars. In our application scenario,
which involves real-time and accurate detection of
rebars with a large aspect ratio, the network is
required to possess precision, speed, real-time per-
formance, and customisability. Tan et al. [48] com-
pared the performance of YOLO, Faster R-CNN, and

SSD, finding that YOLO exhibited superior mean
Average Precision (mAP), a critical factor for accurately
identifying rebars with complex surface shapes.
Additionally, Li et al. [49] demonstrated that YOLO
processes data over eight times faster than Faster R-
CNN while maintaining a high mAP (80.17%), a rapid
response capability essential for real-time detection
and feedback of rebars. The low latency of YOLO,
due to its single convolution process, simplifies and
accelerates the processing without sacrificing accuracy
[50].

Furthermore, traditional networks predict bounding
boxes aligned with the coordinate axes [31], which are
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inadequate for accurately representing the orientation
of rebars with a large aspect ratio [51]. Yue et al.
[52]improved the standard YOLO network, achieving
an mAP of 97.38%, which is 3.41% higher than the orig-
inal YOLO. This indicates that the YOLO network can be
effectively customised to meet specific application
needs, as also validated by the work of Salman et al.
[53] and Sharma et al. [54].

Therefore, this paper is based on the YOLOV5 object
detection network, which has been extensively tested
and validated [55]. We have modified its axis-aligned
bounding boxes to rotating bounding boxes.
By encompassing the rebars within these rotating bound-
ing boxes, the aim is to acquire the coordinates and
angles of rebars with a large aspect ratio in their
rotational orientation. The detection results are com-
bined with coordinate transformations to obtain the grip-
ping pose of the robotic arm. The angle parameter 6 is
added to the channel of the feature map of YOLOVS.
The formula for calculating the initial output channel
number in the head of the YOLOV5 network is as follows:

output =3 x (5+ 1+ cls) (5)

where 3 represents three bounding boxes predicted for
each grid cell, 5 represents the five features of the bound-
ing box x, y, w, h, 6, respectively, the x and y coordinates of
the centre point, the width and height, and the rotation
angle, 1 represents the bounding box confidence score,
cls represents the number of categories to be recognised
by this network.

The rebars have a large aspect ratio and are sensitive
to changes in angle. This study employs a Circular
Smooth Label (CSL) to increase the tolerance for errors
between adjacent angles to address the challenge of dis-
continuous boundaries in angle regression methods
[56]. The CSL formula is as follows:

x), 0—r<x<O+r
0, otherwise

CSL(x) = {g 6)
where g(x) represents the window function, and the
window radius is controlled by r.

The loss function for rotating bounding boxes in
YOLOvV5 mainly consists of three components: classifi-
cation loss, bounding box regression loss, and confi-
dence score loss. The classification loss in YOLOv5
for rotating bounding boxes is similar to that of
YOLOvV5 for horizontal detection. The Intersection
over Union (loU) [57] of the rotating bounding
boxes is used as the weighting coefficient when calcu-
lating the confidence loss. In this paper, angle
regression is treated as a classification task, where
the angle loss and bounding box information are
treated as independent. Therefore, the loss calculation

for rotating bounding boxes involves separately calcu-
lating the losses for both the horizontal bounding box
and the angle. The bounding box loss is computed
with the Complete Intersection over Union (CloU)
loss [58]. The formula to calculate the angle loss func-
tion is as follows:

loss(z, y) = meani{ly, - - -, In_1}
In = sumilnp, In1, -+, Iny79} 7)
Ini = =y, In (6(zn,)) + (1 — yn) In (1 — 8(zp,)]
¥n,; = CSL(x)

The camera was installed in the position shown in
Figure 4 (a), and 1200 images were taken as the train-
ing dataset by varying the position of rebars, as
shown in Figure 5 (a). The dataset is labelled using
roLabellmg [59]. The detection results after training
are shown in Figure 5 (b). The rotation angles and
pixel coordinates of the endpoints of the rebar
bounding box are output by the network. The coordi-
nates of each point on the rebar axis can be calcu-
lated from the endpoint coordinates, and thus, all
positions of the rebar can be selected as the gripping
point.

The position and orientation of the rebar in the
world coordinate system need to be obtained and
provided to the robotic arm for gripping. The pixel
coordinates of the grasping point are transformed to
the camera coordinate system based on the camera
imaging principle [60], and the coordinate transform-
ation relationship is:

fx 0 Uog XC
0 fy Vo YC = =
0o 0o 1 ||z

u 1

1 Zc
where Zc represents the camera depth value of the
corresponding pixel point, T;, represents the camera
intrinsic matrix. The rebar coordinates are represented
in the world coordinate system:

P
Prebar = EVT|: 1c:| (9)

The gripper gripping point needs to be coincident
with the coordinate of the rebar gripping point
when the gripper is gripping the rebar. As shown in
Figure 4 (c), the gripping point is at 155 mm in the
Z-axis of the robotic arm end coordinate system. The
rebar gripping position is:

Pgrip = Prepar[0, 0, — 155, 1]_1 (10)

The gripper gripping point orientation within the
camera coordinate system is represented as:

ER=E§TR(Z, —0) )
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rebar 0.75

Figure 5. Detecting rebars with deep learning. (a) Rebars for the training dataset; (b) Rebar detection results.

where R(Z, — 0) represents rotating —6 around the Z-
axis of the robotic arm end coordinate system. T rep-
resents the transformation matrix of the robotic arm
end coordinate system to the camera coordinate
system when the origin is coincident. The rebar grip-
ping orientation within the world coordinate system
is represented as:

#R=RER (12)

3.3.3. Task planning
Figure 6 illustrates the task planning of this system,
demonstrating the manipulation of the robotic arm to
perform a specific task. The task planning includes con-
crete printing, rebar placement, data flow, and device
coordination control. The robotic arm manipulation is
planned for practical operations based on Sections 3.2,
3.3.1, and 3.3.2. The concrete printing path and rebar
placement poses are introduced in Section 3.2, and the
printing paths and placement poses defined within the
printing path coordinate system are introduced in
Section 3.3.1. The gripping poses for rebar are intro-
duced in Section 3.3.2. The detailed process is elabo-
rated below.

Firstly, all ROS nodes of the robotic arm, gripper, and
camera are in operational mode, capable of receiving

and executing control commands published through
the robotic arm console. The printing path coordinate
system is defined by the operator based on the model
size and the working range of the robotic arm, and the
concrete extruder device is assembled as an end-
effector of the robotic arm, which is used for concrete
material printing. The robotic arm console is ROS-based,
utilising Python and the rospkg library to obtain the print-
ing path to manipulate the robotic arm for 3DCP. After
each layer of concrete is printed, the system determines
whether rebar is needed before the next layer of concrete
is printed based on the printing path and rebar position
location. If the robotic arm needs to install reinforcement,
it will move to the replacement position, which is a
specified manual work area outside the working range
of the robotic arm, followed by replacing the concrete
extruder with the gripper as the end-effector.

Next, the rebar placement poses needed for the
current state of the system are obtained from the print-
ing path and rebar position location. The deep learning
detection network is activated to obtain the gripping
poses of the rebars according to the parameters of the
needed rebars. The gripping and placing poses of the
rebars are used as control signals to manipulate the
robotic arm to complete rebar operation, including grip-
ping, transporting, and placing.
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Figure 6. The manipulation logic of the robotic arm.

After placing a rebar, the robotic arm returns to
the waiting position, where the arm moves out of
the camera’s field of view to avoid obstruction. At
this stage, the procedure determines whether all
rebars are placed based on BIM data. If all rebars
are installed, the deep learning detection network is
deactivated to conserve resources, and the robotic
arm is manipulated to move to the replacement pos-
ition, followed by replacing the end-effector with a
concrete extruder. Afterward, the robotic arm is
manipulated to move to the start printing point of
the next layer based on the printing path until the
concrete structure is printed.

Transverse and vertical rebars with different sizes and
positions are used in the BIM model of this study. All the
rebars were placed in the camera field of view simul-
taneously. The rebar lengths are calculated based on
the bounding box coordinates of the detected rebars
to identify the rebar types, followed by determining
the appropriate rebar for grasping. The rebars are
gripped based on the rebar gripping point coordinates
in the order of from the smallest to the largest.

3.3.4. Stability of rebar gripping and placing

It is critical to maintain stability during rebar gripping
and placing since rebar is heavy and has a large aspect
ratio. The study designs an auxiliary gripping accessory
for the gripper to enhance stability, and the accessory
is shown in Figure 7. Gripping accessory is installed on

Depth

camera
RGB & Depth
ROS: node

Deep
learning

Determine rebar &

placement Coordinates

— Waiting position |

& angles

Rebar pose |«——{ Gripping pose |
ROS: driver
ROS: node@l

Gripping & |,
placing

i, i it

the gripper. The accessory wraps the rebar with an arc-
shaped contour, increasing the contact area with the
rebar, which allows for a more uniform application of
the gripping force on the surface of the rebar. When sub-
jected to external torque caused by the weight of the
rebar, the arc-shaped force distribution evidently
enhances the torsional resistance.

With respect to the force analysis of the gripping
action on the rebar by the gripper, it is necessary to over-
come the torque generated by the offset of the rebar’s
centre of gravity and balance the mass weight of the
rebar itself. The force analysis to achieve the condition

>
>

55 mm

Gripping accessory

Figure 7. Designed gripping accessory to enhance gripping
stability.



for the stable holding of the rebar is expressed as
follows:

FxuxA>=mgxd (13)

where F represents the gripping force of the gripper. u
represents the coefficient of friction. A represents the
actual contact area. mg represents the mass weight of
the rebar; d represents the distance from the centre of
gravity of the rebar to the contact point of the gripper,
which is determined by the designated rebar gripping
position. According to Equation (13), effective and
stable gripping of different rebars is achieved with the
gripper by adjusting the gripping force F and contact
area A between the accessory and the rebar.

The fabrication of reinforced concrete structures fixes
the position of the rebars with the help of some auxiliary
supports. In this study a printing base is designed as
shown in Figure 8, which ensures that the vertical
rebars remain in the pre-designed vertical position
after placement. Figure 8 (a) shows that the holes were
fabricated on the printing base according to the vertical
rebar coordinate positions. A positioning accuracy
problem may be incurred by the bent rebars, which
can cause a deviation error in the axis between the
rebar gripping point and the endpoint of the rebar
when the robot grips the bent rebar from the gripping
point instead of the straight rebar, as shown in
Figure 8 (b). To tackle the problem, hollow cylinders con-
sisting of upper and lower parts were added to the holes,
as shown in Figure 8 (c). The upper part of the inner wall

C
Upper part

Lower part

3D view

Endpoint

Figure 8. Printing base. (a) Printing base with holes; (b) Bent
rebar induces deviation error; (c) Designed hollow cylinder.
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is designed to be curved to allow the bent rebar end to
slide into the lower part of the cylinder. The lower part,
with an inner diameter 2 mm larger than that of the
rebar, is used to hold the vertical rebar in place stably.
The gripper accessory and the hollow cylinder are man-
ufactured using polymer 3D printed with polylactic acid
material.

4. Results
4.1. System setup

Figure 4 shows the system setup in the experimental
scenario. Two workstations were used in practical appli-
cations: PC1 workstation with Microsoft Windows 11
operating system was used for the BIM data process. In
order to achieve file sharing that does not involve
network protocols and is highly simple and efficient,
PC2 is installed in the VMware virtual machine on PC1.
The PC2 with Ubuntu 20.04 operating system was simul-
taneously connected to the robotic arm control cabinet,
camera, and gripper. The control commands were sent
to the corresponding devices based on ROS communi-
cation. The robotic arm was connected to the worksta-
tion through the network cable, the camera and
gripper were connected to the workstation through
the USB interface, and the concrete extruder device
realised extrusion through independently driven motors.

This study developed an advanced communication
system, as depicted in Figure 9, integrating BIM with
ROS for the efficient realisation of 3D concrete printing
and rebar placement. Within the BIM interface, the auto-
mation of model information processing and categoris-
ation was achieved using Dynamo, exporting print
paths and rebar coordinate data to a specified shared
file in a VMware virtual machine. Subsequently, the
ROS interface within the Ubuntu system accesses these
files directly, utilising the data to operate various
devices, including camera, YOLO network, robotic arm,
and gripper, thereby ensuring precise execution of 3D
printing and rebar placement tasks.

All devices are coordinated through a centralised
control system, with each device operating as an individ-
ual node. Devices connect to the centralised control
system via the message-passing mechanism and stan-
dardised communication protocols of the ROS master.
Each node focuses on its specific task and interacts
with the centralised control system to ensure the con-
sistency of the entire workflow. The centralised control
system is capable of real-time monitoring and guiding
the operation of the entire system, including extracting
the current frame from the image stream, invoking the
network to determine the position and orientation of
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Figure 9. Communication system between model data and functional nodes.

the rebar, and issuing control commands to drive the
robotic arm and gripper, thereby executing complex
tasks.

ROS-defined standard message types are utilised for
inter-node communication, the system ensures data
compatibility and uniformity across different nodes. In
this context, a single robotic arm is utilised for both con-
crete printing and rebar placement tasks, with the cen-
tralised control system efficiently scheduling the
transition of end-effectors based on task requirements,
thus guaranteeing workflow continuity and efficacy. In
anticipation of future system upgrades or the incorpor-
ation of new functional equipment, the centralised
control system exhibits remarkable adaptability and
flexibility, accommodating additional nodes or refining
planning strategies. Overall, this communication
system not only guarantees real-time data synchronisa-
tion and accurate transmission but also enhances colla-
borative efficiency among the various devices. The
design of this integrated system successfully overcomes
the challenges of hardware compatibility and real-time
processing capabilities, ensuring the smooth pro-
gression of the entire printing process.

Figure 10 shows the experiment setup. Figure 10 (a)
and (b) show the gripper (PGI-140-80), which has a
maximum clamping force of 140 N. The gripper can
provide real-time feedback to the system on whether
the rebar has been grasped or released. Figure 10 (b)
shows the concrete extruder used for material printing.
Figure 10 (c) shows that the rebars and printing base
were placed in the pre-designated position, and the
centre point of the printing base is defined as the
origin of the printed coordinate system.

In the printing process, the concrete material for
printing was Sikacrete-3D with a water-to-power ratio
of 0.18. The extrusion speed of the concrete extruder
device was set at 1.22 L/min. In the grasping process,
the camera (Intel® RealSense™ D435i) continuously cap-
tured images at a rate of 8 frames per second. The end-
effector speed of the robotic arm (ABB IRB 2600-20/1.65)

Figure 10. Experimental setup. (a) Gripper; (b) Concrete extru-
der; (c) Rebars and printing base.



was set to 0.1 m/s. After the robotic arm completed the
gripping in each run, the robotic arm returned to the
waiting position to avoid affecting the camera detection
field of view before placing the next rebar.

4.2. Physical demonstration

Figure 11 shows the BIM model used for real-time dem-
onstration in the physical world. The BIM model consists
of a concrete wall with four transverse rebars and eight
vertical rebars (Figure 11 a). All eight vertical rebars were
parallelly installed (Figure 11 b), and the transverse
rebars were designed at two separate positions (Figure
11 ), located at the height of 30 and 120 mm, respect-
ively. The concrete and rebar data were processed based
on the method introduced in Section 3.2.

Figure 12 shows the generated continuous concrete
printing path. Figure 13 shows the rebar length, location,
and orientation obtained by the Dynamo script. Then,
the distance of each vertical rebar to the generated
infill path is calculated based on the method introduced
in Section 3.2. The width of the printing path and rebar
diameter are 20 mm and 10 mm, respectively. As shown
in Figure 14, the minimum distance in this model is 31.05
mm, which satisfies Equation (1). Therefore, no printing
path optimisation is required in this study.

Figure 15. shows the real-time demonstration in the
physical world. Firstly, the robotic arm printed the con-
crete material based on the concrete printing path
from BIM data (Figure 15 a). When the robot printed
the concrete to the height of transverse rebars (30 and
120 mm in this study), the robot stopped its operation,
and the rebars were detected by the vision system
(Figure 15 b). Then, the robot gripped and placed the
transverse rebars in the designed locations with the
required orientations (Figure 15 c), followed by the print-
ing of the remaining concrete layers (Figure 15 d). A
similar method was adopted for the vertical rebar place-
ment process (Figure 15 e). The final fabricated physical
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Figure 12. Generated concrete printing path.

demonstration video can be found at https://youtu.be/
KdJVIELVrIQ. Only one robot was employed in this
study, and thus, the concrete extruded was manually
replaced with the rebar gripper as the end-effector
during the process.

4.3. Results analysis

4.3.1. Performance analysis of network detection
Cross-validation was employed to assess the generalis-
ation ability of the improved YOLOv5 model in this
study. Cross-validation offers a balance between oper-
ational feasibility and approximating the true distri-
bution of the model. In regression problems, models
are typically evaluated by synthesising precision and
recall rates. The F score is used as a measure, and its
formula is given by:

£ (a® + 1)PR

= RP+R) 12

where P represents precision, and R represents recall.
Their formulas are:

TP TP

P: R:
TP+FP"  TP+FN

(14)

where TP, FP, TN, and FN represent true positives, false

model is shown in Figure 15 (f). The real-time positives, true negatives, and false negatives, respectively.
b \Vertical rebar C Transverse rebar
. . .
. .
. . .

Figure 11. BIM model. (a) 3D view; (b) Top view; (c) Cross section view.
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Figure 13. Obtained rebar data from the Dynamo script. (a) rebar locations; (b) rebar lengths; (c) rebar orientations.

An Intersection over Union (IOU) threshold of 0.6 is
set, where a detection box is classified as a true positive
if the IOU with the ground truth is greater than 0.6;
otherwise, it is classified as a false positive. The par-
ameter a is related to the weight of precision and
recall. If the model considers recall more important,
then « is set greater than 1; otherwise, it is set less
than 1. In this paper, precision and recall are considered
equally important, hence a=1.

This paper employs 4-fold cross-validation, dividing
the dataset into four parts, with four training iterations.
Each partis labelled as flod1 to flod4. The calculated pre-
cision and recall rates from each training are tabulated
as Table 1.

In existing research related to rebar identification, the
recognition precisions reported in [61,62] are 0.889 and
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Figure 14. Distance from the vertical rebar to the infill printing
path.

0.902, respectively. The average precision achieved in
this study is 0.925, indicating 4.05% and 2.55% improve-
ment compared to previous studies. From the F score
results, it is evident that the network model trained in
this study performs well in detection and is suitable for
experimental use.

The accuracy of the network in detecting coordinates
and angles was assessed through evaluation. The
outputs of network training are contingent upon a
dataset annotated manually; hence, the manually anno-
tated coordinates and angles of rebar within this study
were considered as ground truth. A random selection
of five images, external to the dataset and containing
rebars of varying quantities and placement positions,
was employed for testing. The coordinates and angles
were obtained via both manual annotation and
network detection for these images, facilitating an
error analysis between the two methodologies. Table 2
presents a comparative analysis of the manually anno-
tated data and the network output data for the five
images. The units for centre point coordinates are in
pixels, and the angle measurements are denoted in
degrees.

Based on the error analysis, it was observed that the
deviation in centre point pixels remained approximately
within 1 pixel, while the angle error was confined to
within 1 degree. Based on the camera parameters and
system calibration results [63], the coordinate error in
the real world is determined to be 1.82 mm, which is sig-
nificantly smaller compared to the 67 mm positioning
error reported in [64]. By increasing the opening dis-
tance of the gripper before grasping the rebar, the
impact of this error on the rebar grasping can be
reduced.

Furthermore, 120 images of rebars placed in different
positions and quantities were tested. Recognition issues
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Figure 15. Real-time demonstration in the physical world. (a) Concrete printing; (b) Rebar detection; (c) Transverse rebar placing; (d)
Concrete printing; (e) Vertical rebar placing; (f) Completed structure. The video can be accessed at https://youtu.be/KdJVIELVrIQ.

occurred in 6 images, as shown in Figure 16, including
failure to detect rebars and incorrect identification of
rebar angles. The failure may be due to certain
changes in the experimental ground compared to the
dataset ground.

In summary and in conjunction with an analysis of
real-time detection and accuracy in target recognition
networks as detailed in [65], the identification
network proposed in this study meets the application
standards and aligns well with the application context
outlined in our study. This demonstrates that the
rotational object detection model developed in this
study can accurately acquire the coordinates and
angle data of the target while maintaining minimal
noise. This comparison highlights the network’s effec-
tiveness and relevance in the specific field of rebar
identification.

4.3.2. Performance analysis of experiment

This section provides a comprehensive analysis of the
experimental performance. The system shown in
Figure 1 is divided into three key aspects: 1) algorithm,
2) execution, and 3) communication control, which are
analyzed separately.

Table 1. Four-fold cross-validation metrics.

Fold Precision Recall F score
Fold 1 0.907 0.920 0913
Fold 2 0.952 0.895 0.922
Fold 3 0.931 0.868 0.899
Fold 4 0.910 0.897 0.903

Algorithm performance was conducted with respect
to the BIM data process, centralised control system,
and identification model were conducted. The BIM
data process was demonstrated to accurately ascertain
rebar position data, as illustrated in Figure 13. The
path generation algorithm proposed in this study effec-
tively avoided collisions with vertical rebars, with the
actual printing path maintaining a minimum horizontal
distance of 21 mm from vertical rebars, conforming to
the requirements of Equation (1), as shown in Figure
15 (f). The centralised control system was capable of
effectively addressing mechanical failures and erroneous
responses, as depicted in Figure 9. Any device or func-
tional failure resulted in the cessation of the system,
thereby ensuring construction safety. The performance
of the rebar identification model, as verified by the
results in Table 1, exhibited high accuracy. Time
module testing indicated an average duration of 560
ms from image reading to rebar coordinate output,
meeting the requirements for real-time experimen-
tation. The experiments, conducted in a laboratory
environment, were not influenced by lighting factors.

Execution performance was conducted with respect
to the accuracy of robotic operation and rebar gripping.
The robotic arm operation demonstrated a repeat posi-
tioning accuracy of £0.05 mm, and the gripper exhibited
an accuracy of +0.03 mm, both meeting the precision
requirements of construction operations. In the exper-
iments, the gripper, augmented with an auxiliary
device, exhibited no slippage or rotation of the rebar,
thereby proving the effectiveness of the auxiliary
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Table 2. Comparison of real data with network output data.

Manual annotation Network identification Error
Centre point/
Centre point/pixel Centre point/pixel pixel
Randomly selected image x Cy Angle/degree x Cy Angle/degree x Cy Angle/ degree
#1 1035.11 628.32 20.05 1035.50 628.50 21.07 0.39 0.18 1.02
#2 832.98 435.28 75.58 833.50 435.50 75.38 0.52 0.22 0.20
775.92 543.88 75.01 774.50 542.50 76.09 1.42 1.38 1.08
826.70 628.90 78.45 826.50 628.50 79.58 0.20 0.40 1.13
897.28 665.90 81.31 897.50 664.50 82.60 0.22 1.40 1.29
878.78 722.08 83.61 877.50 721.50 85.08 1.28 0.58 1.47
951.75 755.78 83.03 952.50 754.50 83.78 0.75 1.28 0.75
#3 878.11 521.39 72.72 878.50 521.50 72.27 0.39 0.11 0.45
883.38 641.79 64.70 882.50 641.50 65.87 0.88 0.29 117
883.45 731.25 54.39 885.50 731.50 55.69 2.05 0.25 1.30
1063.33 703.52 48.17 1059.50 703.50 48.94 3.83 0.02 0.77
#4 868.40 687.89 121.47 868.50 687.50 122.77 0.10 0.39 1.30
998.86 577.17 134.65 998.50 577.50 135.80 0.36 0.33 1.15
743.18 700.71 141.52 743.50 700.50 143.02 0.32 0.21 1.50
#5 767.77 561.60 166.16 768.50 558.50 166.17 0.73 3.10 0.01
833.49 652.34 166.73 832.50 652.50 168.10 0.99 0.16 1.37
751.19 686.17 170.74 749.50 685.50 171.53 1.69 0.67 0.79
480.00 569.90 0.00 482.50 569.50 0.04 2.50 0.40 0.04
958.96 592.69 178.76 957.50 591.50 179.00 1.46 1.19 0.24
703.84 547.89 173.61 701.50 548.50 173.39 234 0.61 0.22
864.41 535.62 160.43 864.50 535.50 161.71 0.09 0.12 1.28
620.07 522.83 1.15 618.50 522.50 2.10 1.57 0.33 0.95
666.79 656.89 174.18 666.50 657.50 173.82 0.29 0.61 0.36
559.34 610.45 166.73 559.50 609.50 167.13 0.16 0.95 0.40
Average error 1.02 0.63 0.84

device. However, due to its structural limitations, the
gripper was only capable of grasping straight rebars.
During the experimentation, instances were encoun-
tered where the vertically placed rebars did not maintain
a stable upright position on the base plate. This issue
was resolved by increasing the length of the hollow
cylindrical structure, which ensured the stable vertical
alignment of the rebars.

Communication control performance was conducted
with respect to the response time among various
devices and the centralised control system. The robotic
arm response time was less than 100 ms, and the
gripper response time was 0.7 s. Therefore, sufficient
time was allotted for grasping and placing the rebars
to ensure complete gripping or release of the rebar.

b

Figure 16. Network recognition failure. (a) Failure to detect
rebar; (b) Incorrect identification of rebar angle.

5. Discussion

3D concrete printing has the potential to enhance the
automation and sustainability of the conventional con-
struction sector [66]. However, the technique is limited
by the integration of conventional rebar reinforcement
in the printed structure for the construction of structural
components. Existing methods, such as manual placing
and micro-cable [67,68], have shown limitations in auto-
mation and structural integrity. This study proposed a
novel BIM-enabled robotic system method with real-
time demonstration in the physical world to tackle the
abovementioned challenge [11].

This study contributes to resolving the challenges
highlighted in Section 1. Concerning generating accurate
printing paths and rebar-related data to control the print-
ing process, the unique aspect of the system proposed in
this study lies in achieving stable communication
between BIM data processing and robotic operations.
As a consequence, BIM-generated continuous printing
paths and rebar-related data can enhance robotic arm
control, thereby ensuring data accuracy and a highly inte-
grated system.

With respect to the identification of rebars with large
aspect ratios, this study enhances the YOLO network for
accurate and efficient identification of rebars with large
aspect ratios in real-world settings, providing essential
position and angle data. The average accuracy of rebar
recognition is 92.5%, with a position error within 2



mm. Currently focused on identifying straight rebars,
future developments could incorporate diverse datasets,
representing various types and placements of bars to
better replicate actual construction scenarios.

With respect to robot manipulation control for
different task planning with real-time data of the work
environment, the proposed system achieves accurate
and efficient data communication between model
data, sensors, and actuators based on BIM and ROS,
overcoming the challenges of hardware compatibility
and real-time processing capability to ensure the
smooth running of the whole printing process. The
system includes an expandable deep learning dataset
capable of continuous learning and adaptation to
various construction environments. A lab-scale demon-
stration has proven the feasibility of the proposed
system.

However, this work also has certain limitations. The
rebar identification algorithm requires a larger dataset
for effective adaptation in varied construction environ-
ments. Additionally, the current method of rebar
fixation, relying on manual processes, is not fully
aligned with the demands of automated construction.
While using templates for rebar fixation is common in
prefabricated concrete components [69], future research
might explore the automation of these processes
through mobile robots, enhancing the automation in
construction. The fixed robotic arm limits the working
range of the system, whereas the introduction of a
mobile or a larger working range robotic arm would
greatly expand the operational scope. In addition, the
multi-robot system has the potential to be extended to
other digital concrete technologies, such as aggregate-
bed 3D printing for the concurrent extrusion cementi-
tious material and paving aggregate material, thereby
enhancing the automation of the process [70].

6. Conclusion

This study successfully implemented a novel BIM-sup-
ported robotic system in a real-world environment,
designed for automatic concrete printing and rebar
reinforcement. The system consists of a BIM data
process function and a robot control function. The BIM
data process function was adopted for printing path
generation and obtaining the data of rebars with a
self-developed script in Dynamo. The robot control func-
tion was adopted for the control of the concrete printing
process and rebar placement with an enhanced deep
learning-based computer vision model, which can ident-
ify the rebar with a large aspect ratio. The average accu-
racy of rebar recognition is 92.5%, with a position error
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within 2 mm. The ROS was utilised to ensure seamless
communication among multi-devices. The proposed
system was validated by a real-time demonstration in
the physical world. On this basis, the proposed system
has contributed to the 3DCP field in the following
aspects.

(1) An automatic and feasible system. In the existing lit-
erature, the proposed methods for reinforcement
still have limitations, such as the availability of auto-
mation and engineering. The proposed can address
these problems by placing the conventional rebar
reinforcement in the printed structure automatically.
Therefore, the system is opening a new horizon to
the 3DCP on the integration of rebar reinforcement
by the robotic system.

(2) BIM-integrated platform. With the combination of
BIM and 3DCP, the proposed system can enhance
the communication between the design stage and
construction stage, and thus, the system can con-
tribute a highly digitalisation and integrated
workflow in the construction sector by the inte-
gration of design platform and construction
process to boost the digital construction.

This study validated the feasibility of combining BIM
data conversion, rebar identification, and robotic arm
construction in a real-world environment. However,
the automated construction process of 3DCP combined
with rebar reinforcement is complex. Future work will
address the limitations of this study, focusing on the
identification of rebars of different shapes and types,
and overlap situations, as well as the development of
algorithms for generating printing paths for concrete
components with complex rebar reinforcement
layouts. The target is to achieve an automated system
that more closely resembles real construction con-
ditions. Additionally, future research is to explore a
multi-robotic arms system for collaborative construction
to boost digital concrete to a great extent. Apart from
these, another important research area is to explore
the method to tie rebar reinforcement together during
the process for structural integrity.
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