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A B S T R A C T   

The advancements in autonomous robots for additive manufacturing (AM) are opening new horizons in the 
manufacturing industry, especially in aerospace and construction applications. The use of multiple robots and 
collaborative work in AM has rapidly gained attention in the industry and research community. Addressing the 
process planning challenges for single-robotic AM is foundational in addressing more advanced challenges at the 
collaborative multi-robotic level for AM. Among these challenges include the part placement problem which 
explores the optimal positioning of the part within the robot’s reach volume. The majority of the existing part 
placement algorithms take into account the part accuracy and manufacturing time for decision-making, while 
neglecting the implications of such decisions on energy efficiency and environmental sustainability. To address 
this gap, this paper presents a methodology for energy-efficient, high-quality part placement (EEHQPP) in ro-
botic additive manufacturing. An energy-quality map is formulated and established to characterize the energy 
and quality variations across the robot’s workspace to inform the decision-making process. Two case studies (a 
container and a spur gear) are considered, and the performance of the proposed approach compared to the 
benchmark (i.e., default part placement by the 3D printing software) are evaluated. The proposed algorithm 
reduces both the energy consumption and maximum deviation error of the container (6.5% and 19.4%, 
respectively) and spur gear (1.4% and 32.7%, respectively) geometries manufactured by the robotic additive 
manufacturing system.   

1. Introduction 

Robotic additive manufacturing (AM) is becoming popular due to the 
advancements of autonomous industrial robots, opening up new ave-
nues, especially in the construction industry [1,2]. These robots are 
extremely beneficial as they are reliable and versatile, with the capa-
bility to perform multiple tasks or processes simultaneously by adjusting 
the end effectors [3]. Additional enhancements in AM through robotic 
manipulators are multi-directional fabrication [4], conformal deposition 
[5], and supportless printing [6]. Among the various robotic solutions, 
articulated robots offer an advantage over gantry-based robots in that 
they are comparatively smaller in size and are more flexible due to their 
higher degrees of freedom (DOF), making them a unique candidate for 
collaborative robotic 3D printing for on-site manufacturing, repair, and 
construction. 

Part placement and trajectory planning which includes the decision 
on the optimal location and orientation of the part and robot trajec-
tories, are generally among the main questions to be addressed by any 
robotic manufacturing process. This problem, however, will get reversed 
in collaborative additive manufacturing, as generally the part will be 
considered fixed, and the location of robots with respect to the part are 
decided. Both problems share similarities and thus, solving the part 
placement in single robot AM scenario would facilitate the robot 
placement in multi robot AM scenarios. 

The idea of part placement for minimizing part build time [7], 
reducing trajectory execution error [8] or obtaining optimal orientation 
[9] for better quality has been studied for traditional manufacturing [10, 
11] as well as AM for enhancing accuracy [12]. Establishing different 
types of maps such as the stiffness [13] and deformation [14] maps, have 
proven to be helpful for addressing these questions. These maps address 
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the low stiffness of robots, the most significant factor in machining ac-
curacy and stability, which is mainly caused by external forces during 
processes such as milling [15]. However, these maps would be less 
applicable in AM, as external forces acting on the manipulator would not 
necessarily be applicable in additive manufacturing. For novel robotics 
applications, more versatile types of maps have been designed based on 
robot dynamics, such as manipulability, capability, and kinematic 
reachability. These maps are particularly used in addressing the inverse 
problem of part placement, i.e., robot positioning, which involves ac-
counting for the complex movements of high-degree-of-freedom robots 
and avoiding singularities along their paths [16]. The aim of these maps 
is to ensure that robots can reach their intended locations with greater 
ease and maneuverability. While these maps were originally developed 
for simple path applications, researchers have adapted them for tradi-
tional manufacturing applications such as cutting [17]. However, using 
these maps specifically for additive manufacturing processes can be 
challenging, as it requires different types of constraints and objective 
functions [18]. 

Moreover, as the energy consumption by industrial robots is on the 
rise [19], in addition to accuracy [20] and time [21], energy con-
sumption by industrial robots should be an important factor in deciding 
part placement towards sustainable manufacturing. There have been 
some research studies on energy efficiency in industrial robots for 
traditional manufacturing. For example, with many simplifications in 
machining operations, an energy model for energy consumption of 
machine tool in machining process via 5 DOF machine was proposed in 
2012 [22]. A particle swarm optimization algorithm for path optimi-
zation in spot welding based on shortest path and energy consumption 
was proposed [23]. A review paper discusses energy saving methods 
from hardware and software perspectives in robotic systems [24] and in 
the literature, most energy-minimizing algorithms of industrial robots 
exist for applications other than AM such as pick-and-place [25,26] or 
for entire robotic cell in manufacturing [27]. There exists a gap in 
establishing part-placement algorithms with both consideration of 
quality and energy in robotic AM applications, and eventually estab-
lishing a sustainable collaborative framework for mobile collaborative 
3D printing robots as also highlighted in [28]. This paper is an attempt 
to fill this gap by proposing a quality-aware and energy-efficient part 
placement algorithm for robotic AM. It will become a foundation for 
more innovative and intelligent systems for multi-robot AM. 

This work proposes a systematic approach for finding energy- 
efficient part placement within the robot’s workspace for high-quality 
AM based on the robot’s kinematics and print deviation error. For 
calculating this energy and deviation error, robot’s energy consumption 
and robot’s positional accuracy is, respectively, utilized. An energy- 
quality (EQ) map is established and presented to show the energy and 
quality variations across the robot’s workspace. The rest of this paper is 
organized as follows: Section 2 describes the methodology for energy 
and quality characterization in robotic AM, as well as the proposed 
energy-efficient high-quality part placement algorithm. The case study 
parameters including the studied geometries, robot specifications and 
kinematics, and print parameters are presented in Section 3. Finally, the 
proposed algorithm is compared with the default placement (bench-
mark) by the standard 3D printing software in Section 4. Finally, the 
conclusion and future works are discussed in Section 5. 

2. Methodology 

In this section, the manipulator’s energy consumption and the print 
quality (i.e., deviation error) are first characterized as a function of the 
robot’s joint configuration. Next, an algorithm and an accompanying 
optimization problem for minimizing the robot energy consumption 
under the provided part tolerance requirements/constraints and robot 
kinematics is formulated and solved to determine the optimal part 
placement within the robot’s reach. Fig. 1 illustrates the overall steps of 
the proposed approach. 

2.1. Energy module 

The energy consumed by the robotic AM can be split into AM energy 
and manipulator energy. The AM energy is the energy required to print 
the part, which includes the printing energy, pre-heating of material or 
platform, and other miscellaneous energy [29]. The manipulator energy 
is the energy consumed by the manipulator to move along the trajectory. 
The AM energy needed to print the part is assumed to be similar for 
different part placements. This is since the energy required for most 
tasks like heating and maintaining the temperature of the platform 
would be the same irrespective of part location on the platform, without 
making any change to the print and printer settings [30]. However, the 
manipulator’s energy consumption depends on the joint configuration 
and trajectory [31] as defined by the AM process. Building energy 
consumption models by utilizing several losses, such as mechanical 
friction and electrical (core, stator, windage and friction and etc.) exists 
[32–34]. However, efficient use of energy by utilizing robot kinematics 
and dynamics is possible and it is more beneficial than utilizing losses in 
controlling applications [35]. Hence, in this study, energy consumption 
model based on robot kinematics and dynamics is explored. The energy 
consumption E is calculated for path of length dλN during λth time in-
terval for the path which is divided into N intervals. 

E =

∫ λN

λ0

P(t)dt =
∑N

λ=0
P(λ).dt (1)  

where power consumption (P) is calculated by summing the power 
consumed by each joint (℘i) in the specific time interval (λ) as shown in 
Eq. 2. 

℘i(λ) = τi(λ).θ̇i(λ)

P(λ) =
∑

℘i(λ) (2)  

where τi is the torque and θ̇i is the angular velocity of the ith link. The 
torques τi has direct relationship with the angular acceleration and 
angular velocity of the links. Both the angular acceleration and angular 
velocity of the links can be calculated from the rotation of the links. The 
transformation matrix consists of the rotation and position information 
of the link i with respect to link h and it is a function of joint values (θ). 
The transformation matrix for a 6 DOF industrial robot can be expressed 
as [36], 

i
hT(θ) =

[
i
hR Pi
0 1

]

(3)  

Fig. 1. Overview of the proposed methodology for part placement in ro-
botic AM. 
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where ihT is the transformation matrix between link i and link h, the ihR 
and Pi are respectively rotation matrix and position vector. A forward 
backward recursive algorithm is necessary where forward recursion 
from first link to last link calculates linear and angular motion and in-
verse recursion from last link to first link calculates forces and torques of 
each link of the robot. Hence, it can be said that the energy consumption 
E is a function of joint angles (θ) and which can be represented as, 

E = F (θ) (4) 

The forward kinematics (FK) is used to find the end-effector co-
ordinates of the robot from a given joint configuration and inverse ki-
nematics (IK) computes the joint configurations to reach a desired 
position in the workspace. Inverse kinematics is performed at each point 
in the workspace to obtain joint positions, velocities, and accelerations. 
Solving inverse kinematics for the six DOF manipulators creates 0–8 
possible solutions for the joint configurations with zero meaning that the 
robot cannot reach the desired point. Additionally, selecting among the 
different possible joint configurations, simply the configuration with the 
lowest energy consumption is chosen [35]. 

2.2. Quality module 

Positional accuracy and repeatability are the most critical attributes 
of autonomous robots for manufacturing tasks [37]. Accurate posi-
tioning of the end-effector is highly desired in AM, as the manufactured 
parts need to have good dimensional accuracy [38]. As described pre-
viously, the end-effector’s position with respect to the robot’s base can 
be calculated from the forward kinematics of the robot’s joint 
configurations. 

X = FK(θ) (5)  

where θ = [θ1, θ2,…θi]
Tis the vector containing the i joint angles for i 

DOF manipulator and X is the vector containing the workspace position 
and orientation. The accuracy can be defined as the deviation between 
the desired position of the end-effector and the position it attains. This 
deviational error (ew) at a waypoint w as shown in the Fig. 2 can be 
mathematically expressed as: 

ew = Xactual − Xdesired  

ew = FK(θw + dθw) − FK(θw) (6)  

where the dθw is the change or error in joint angles. The joint resolution 
errors caused by sensors plus motors and angular errors caused by 
calibration of D-H parameters of the manipulators will be systematic 
error and a same error value will be repeated. The controller errors for 
erroneous velocity and acceleration of the joints can lead to a change in 
the end-effector’s position. However, in material extrusion AM, usually 
the deposition of material is at a constant rate and the end-effector’s 
speed is low so the acceleration errors can be ignored. So, the error in 
joint angles at wth waypoint can be expressed as [12]: 

dθw = θc
w + k • θ̇w (7)  

where θc
w and k are the constant error gain values for systematic errors 

and erroneous velocity which can be obtained from experiments. 
Assuming for a small error in joint angles for short time interval for 
moving from w to w+dw, the deviation error in end-effectors position ew 
can be defined as: 

ew = J • dθw  

ew = J • θc
w + J • k • θ̇w (8)  

where J is the jacobian of the manipulator. Finding the deviation error 
for the trajectory will be key in achieving good quality parts. The 
allowable deviations while fabricating the part depends on the tolerance 
limit of the part. So, in this work, the quality of part is determined by the 
maximum deviation along the path defined from the CAD model. 

E = Max(ew) (9)  

2.3. Energy-efficient high-quality part placement (EEHQPP) algorithm 

The aim is to leverage the energy and quality modules and their 
outputs to determine the optimal print location (for a given print 
orientation) which consumes the least energy during the print while at 
the same time satisfies the print tolerance and quality requirements. We 
formulate this problem as a single-objective optimization problem with 
respect to the energy function while incorporating the quality re-
quirements within the problem constraints. We adopt a single-objective 
and not a multi-objective optimization since quality is always defined 
with respect to the product tolerance. Therefore, as long as the formu-
lated maximum deviation error is within the tolerance threshold, we are 
not interested in further reducing the error as such further error re-
ductions might as a trade-off increase the overall energy consumption by 
further shifting the location of the print into the high-energy con-
sumption zones of the robot. We consider the term good/high quality to 
refer to solutions with acceptable quality considering the provided 
tolerance limits and the term bad/low quality to refer to solutions with 
unacceptable quality considering the provided tolerance limits. 

The following constraints are considered for the formulation of the 
optimization problem: 

- Quality constraint: The print quality is affected by the robot’s kine-
matics, as formulated in Section 2.2. A quality constraint ensures that 
dimensional and geometrical requirements of the part are satisfied 
and so the maximum error E should be within the tolerance limit of 
the part.  

- Collision constraint: The collision constraint is to ensure that no 
collision occurs between manipulator, AM head, printed part, or 
ground surface at the part placement location. For this constraint, a 
clearance is given to them in all three directions.  

- Print consistency constraint: To maintain controlled extrusion in AM, 
the manipulator is constrained with any sudden change in the ve-
locity of the extrusion head while printing. Also, the velocity of the 
extrusion head should be within the selected AM extrusion limits and 
determined to ensure that adequate inter-layer and intra-layer 
bonding occurs during the printing process. As slight oscillations in 
the desired velocity are unavoidable [39], a constraint on the upper 
limit is applied to ensure even and smooth printing.  

- Robot design constraint: The design constraints of the robot’s links, 
such as angles or rotation, velocity, and acceleration based on the 
adopted robot model and its specifications. 

Finally, the objective function is the total energy consumed to print 
the geometry by the manipulator, which is a function of joint configu-
rations as shown in Section 2.1. The problem formulation is as follows: Fig. 2. Position error of end-effector for robotic additive manufacturing.  
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Minimize : E = F (θ) (10)  

subject to: 
Quality constraint: 

E < T (11) 

Print consistency constraint: 

Ẋ < V max  

Ẍ < A max (12)  

Robot design constraint: 

θmin < θ < θmax  

θ̇min < θ < θ̇max  

θ̈min < θ < θ̈max (13)  

where T is the tolerance limit of the part, V max and A max are the ve-
locity and acceleration limits of the extrusion head. 

The proposed EEHQPP algorithm is shown in Table 1 where the part 
placement positions are assigned to the starting point of the part. In 
other words, the algorithm identifies the optimal starting point of the 3D 
printing path and thus the print geometry among the set of feasible 
starting points. To do so, first the path trajectories, printing parameters 
and robot specification are obtained. Next, a set of coordinates (each 
representing a starting print position) are generated in a discrete search 
space. A user-defined resolution is used while generating feasible posi-
tions. A higher resolution will yield a greater number of feasible points 
but as a trade-off can increase the computation time and the search 
space. Next, the search space is reduced by accounting for the collision 
and robot design constraints so that all the points along the path are 
within the robot’s reach for a starting point/coordinate. The clearance is 
then added to prevent any potential collisions. In the next step, energy 
and error is calculated as described in Sections 2.1 and 2.2, respectively. 
The starting points which do not satisfy the quality constraints are 
removed and we obtain the feasible solutions. Among these feasible 
solutions, the point with the minimum energy is assigned as the optimal 
part location for printing. 

3. Case study parameters 

This section describes the adopted case study geometries and robot 
specifications for robotic additive manufacturing. 

3.1. Experimental geometries 

Two different geometries (illustrated in Fig. 3) are studied in this 
work: 

Case 1. A square container of size (40 cm × 40 cm×10 cm) with a 
deviation tolerance limit of 1.5 mm. 

Case 2. A spur gear with hub diameter of 22 cm, nominal diameter of 
14 cm and overall length of 20 cm with a deviation tolerance limit 

1.1 mm. 

3.2. Path planning 

After the CAD model was created, slicing software Slic3r was used to 
generate the 3D printing path in the form of G-code instructions. The 
default print, printer, and filament settings of Slic3r were used for the 
Case 1. However, nozzle diameter was increased to 5 mm from 0.5 mm 
and layer height was increased to 1 mm from 0.3 mm to reduce the 
computation time in calculating energy values (by reducing the way-
point) for Case 2. Next, the G-code was used to extract the coordinates of 
the points for defining the trajectory for the extrusion head, which is 
attached to the end-effector of the robot manipulator. The number of 
extracted points along the trajectory for Cases 1 and 2 are 6,116 and 
33,530, respectively. 

3.3. Robot model and other model parameters 

In this work, we consider 6 DOF ABB IRB 1600 model. The linear 
repeatability is 0.19 mm, and the linear accuracy is 1.03 mm. The 
specifications show that the printing linear accuracy is low in these 

Table 1 
Energy-efficient high-quality part placement algorithm.  

Step 1: Obtain the tool path, printing parameters and the type of robot. 
Step 2: Generate feasible starting positions satisfying collision and robot design 

constraints. 
Step 3: Calculate energy and quality to follow the defined tool path for all the starting 

points. Use print consistency constraint in calculations. 
Step 4: Remove the starting points which do not satisfy the quality constraint. 
Step 5: Find the starting point with minimum energy value. 
Step 6: End.  

Fig. 3. The two different geometries in case study analysis: a. Case 1 
(Container) and b. Case 2 (Gear). 

Table 2 
Robot design constraints.  

Robot Range of movement Length (in mm) Mass (in kg) 

Link 1 + 180◦ to − 180◦ 486.5 101.19 
Link 2 + 120◦ to − 90◦ 150.0 26.40 
Link 3 + 65◦ to − 245◦ 700.0 41.45 
Link 4 + 200◦ to − 200◦ 300.0 7.3159 
Link 5 + 115◦ to − 115◦ 300.0 0.4599 
Link 6 + 400◦ to − 400◦ 80.0 0.03125  
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robots and hence, it is important to include accuracy or deviational error 
in the planning stage. The robot specifications are shown in Table 2. 

The coordinate systems are divided into global and local coordinate 
system. The global coordinate system assumes that the robot base is at 
(382, 253, 0) and so the parts are placed accordingly. The local coor-
dinate system is the system which assumes that the robot base is at (0, 0, 
0). Fig. 4 shows the top view of the global coordinate system and the 
positioning of the robot base. 

4. Results and discussion 

The energy consumption and deviation error by six DOF robot is 
reported. All presented results are in local coordinates but are trans-
ferred to global coordinates before print execution. Java is used to 
formulate the energy and error values based on the proposed method-
ology in Section 2. To evaluate the performance of our proposed 
approach, we compare our solutions with a benchmark or base scenario 
which assumes that the part is located at the default coordinates 
determined by the commercial 3D printing software. A resolution of 
0.01 m is used in this work. The optimal and default positions of part for 
two different cases with their energy and quality is shown in Table 3. For 
the container, the initial starting position had an energy value of 
128.2 kJ, whereas the optimal starting position had an energy value of 
119.9 kJ. This is a 6.5% reduction in energy consumption. Along with 
the improvement in energy consumption, the maximum deviation is also 
decreased. Similarly, for Case 2, energy consumption is decreased by 
1.4%. Additionally, the quality of the part is significantly improved by 
placing the part in the optimal position rather than using the default 
position. In Cases 1 and 2, the maximum deviation error is reduced by 
19.4% and 32.7%, respectively. This highlights the importance of 
considering both energy and quality metrics for optimal part placement. 

Next, we compare the optimal solution by the EEHQPP output for 
each case, with respect to the coordinates of starting points that yield the 
extreme lowest energy and highest quality within the search space to 
further highlight the potential energy savings and quality enhancements 
that can be achieved. As expected, the lowest energy position is not 
necessarily the position with the highest quality as can be observed in  
Table 4 for Case 1 and Table 5 for Case 2. The number of feasible po-
sitions (search space) generated for placing the geometry in Cases 1 and 
2 were 186 and 167 points, respectively. An energy map for all the 
feasible positions is created to better understand the energy consumed at 
different starting points for printing the Case 1 geometry, as shown in  

Fig. 5. 
In Case 2, the results are consistent with Case 1. The lowest quality 

placement has a high energy consumption whereas the lowest energy 
consumption position has large error, meaning that the printed part 
would be of bad quality. Among the 167 feasible points in the search 
space, 5 were within the tolerance limit of 1.1 mm. Fig. 6 shows the 
quality map of Case 2 based on a tolerance limit of 1.5 mm with 35 
points highlighted as suitable starting points that can lead to good 
quality prints. Also, it can be seen from the Fig. 6, that as we move away 
from the robot’s base, the quality is getting worse. That means, the 
quality is a function of distance between robot’s base and part’s printing 
location. 

The computation time for calculating the energy and quality values Fig. 4. Top view of the global coordinate system (point highlights the co-
ordinates of topmost point on the robot base). 

Table 3 
Results of the proposed EEHQPP algorithm.  

Description Position Case 1 Case 2 

Location Optimal (− 21, − 20, 10) (− 11, 48.5, 10) 
Default (− 10.5, − 10.4, 0.0) (8.4, 8.4, 0) 

Energy Optimal 119.9 kJ 475.1 kJ 
Default 128.2 kJ 481.8 kJ 

Maximum deviation error Optimal 1.49 mm 1.049 mm 
Default 1.85 mm 1.56 mm  

Table 4 
Comparison between extreme and optimal placement positions for Case 1.  

Starting position (x, 
y, z) 

Description Energy 
(kJ) 

Maximum deviation error 
(mm) 

(− 21, − 20, 10) EEHQPP  119.9  1.49 
(− 10, − 20, 20) Lowest energy  76.9  2.16 
(− 71, 30, 10) Highest 

quality  
200.6  1.24  

Table 5 
Comparison between extreme and optimal placement positions for Case 2.  

Starting position (x, 
y, z) 

Description Energy 
(kJ) 

Maximum deviation error 
(mm) 

(− 11, 48.5, 10) EEHQPP  475.1  1.049 
(18.4, − 11.5, 50) Lowest energy  270.8  1.87 
(8.5, 8.4, 0) Highest 

quality  
817.9  1.047  

Fig. 5. Energy map for printing container.  
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for the Cases 1 and 2 geometries are 2 min and 13 min respectively. As 
the number of points along the trajectory are increased, we expect that 
the calculation time would increase. However, to reduce the calculation 
time, the number of time intervals between these points can be 
decreased. The EQ map is plotted for Case 2 in Fig. 7, where the 
normalized energy is calculated and cut off for low and high energy is 
0.1. The EQ map will assist the operator in decision-making and finding 
the desired zones to place the parts based on both energy and quality 
criteria. It can also assist in deciding the orientation for bigger sized 
parts. 

5. Conclusion 

Robotic additive manufacturing is an emerging topic with various 
challenges and potentials towards next-generation collaborative robotic 
3D printers for construction, defense, and space exploration applica-
tions. Before considering the dynamics/challenges introduced by multi- 
robot additive manufacturing systems, understanding the fundamentals 
of single-robot additive manufacturing and their challenges are neces-
sary. In this work, an energy-efficient and quality-aware part positioning 
or placement for a single robot based on additive manufacturing is 
proposed. Energy and quality metrics are formulated (in form of 3D 
maps), and a systematic methodology based on single-objective opti-
mization and energy-quality map is introduced to identify the optimal 
part placement within the robot’s reach. Two cases for manufacturing a 
square container and a spur gear are studied. In both studies, the pro-
posed methodology led to optimal part positions with significant 
reduction in energy and deviation error compared to the base/default 
scenario. More specifically, in Cases 1 and 2, the energy was reduced by 
6.5% and 1.4% and the maximum deviation error is reduced by 19.4% 
and 32.7%, respectively. The established energy, quality, and energy- 
quality maps can guide users in identifying the optimum energy- 
efficient print locations based on the available tolerance limits. The 
proposed approach can also be used to other robot assisted 
manufacturing which have no external forces/torques acting on the 
robot. 

With the increasing levels of capability and flexibility of industrial 
robots, ground [40] as well as aerial [41] mobility for manufacturing has 
seen growing interest among researchers. In the future, we will study the 
additive manufacturing of large-scale parts using a team of robots, in 
which the positioning and relocation of each robot will be studied 
concurrently. We expect that the inverse versions of the above maps 
would be critical in determining the optimal collaborative framework. 
Finally, as in this study deviation error is considered as a measure of 
quality, the incorporation of other quality metrics such as inter-layer 

and intra-layer bonding can be considered for future studies. 
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