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Abstract
The use of industrial robots is widespread in diverse manufacturing fields. Hence, there have been attempts to use robot for 
machining processes instead of machine tools. However, limited machining accuracy has been a major obstacle hamper-
ing the adoption of robotic machining systems. Recently, substantial research has been carried out to address this issue. In 
this paper, recent progress in robotic machining has been summarized, such as kinematic calibration and compliance error 
compensation to improve the accuracy of robotic machining. Auxiliary units for improving the performance of robotic 
machining systems are also discussed.

Keywords Manufacturing system · Robot manipulator · Industrial robot

1 Introduction

Industrial robots have been used for various applications 
in production systems because they have many advan-
tages, such as large workspaces, high degree of freedom 

(DOF), flexibility, and cost-effectiveness [1–3]. Compared 
to dedicated machine tools, industrial robots have large 
workspaces that can easily be extended by the addition 
of stages or mobile platforms. Robotic machining can be 
highly flexible because robots can be adjusted for a vari-
ety of machining processes by changing the end-effectors 
or tools attached to the manipulator. As robotic machining 
systems have more DOF than machine tools, more complex 
parts can be machined. Robots can also form workcells with 
other robots or machine tools. Therefore, the use of robots is 
increasing as the manufacturing paradigm shifts from mass 
production to mass customization. Furthermore, the total 
costs of robotic machining systems are less than those of 
dedicated machine tools. However, despite the advantages, 
the implementation of robotic machining systems is still in 
its infancy due to their low machining accuracy. Although 
most industrial robots are used for welding and material han-
dling processes, the adoption of robots for other machining 
processes has increased. Thus, substantial research has been 
carried out to analyze and reduce robotic machining errors 
and improve the performance of robotic machining systems.

In this paper, the application of robots to machining and 
methodologies for improving robotic machining accuracy 
are reviewed. Robotic machining systems and processes are 
summarized in Sect. 2. Algorithms to improving robotic 
machining accuracy and additional hardware setup for 
robotic machining systems are reviewed in Sects. 3 and 4, 
respectively. Section 5 concludes the review.
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2  Robotic Machining Systems and Processes

2.1  Robotic Machining Systems

A typical robotic machining system has a serial robot arm 
to exploit the large workspace and confer flexibility to the 
system. As shown in Fig. 1a, a robotic machining system 
consists of a serial manipulator and a spindle attached to 
the end-effector. Various configurations of robotic machin-
ing systems have been proposed to improve machining per-
formance. For example, to increase the structural rigidity 
of robotic machining systems, instead of manipulating the 
DOF, a spindle can be attached to the fifth joint of the robot 
manipulator, as shown in Fig. 1b. This is because a six-axis 
structure is vulnerable to external forces and five DOF is 
sufficient for machining a three-dimensional (3-D) structure. 
The spindle can be attached to the end-effector in different 
ways, based on the required machining process. For milling 
or routing processes, the spindle is attached vertically, while 
for drilling processes, the spindle is connected to the end-
effector in parallel to reduce the impact of the cutting force 
acting on joint five.

2.2  Machining Applications

Research on robotic machining systems can be categorized 
according to the machining load. To date, robotic machining 
systems have generally been applied to processes with small 
machining loads, such as polishing and grinding [4–17]. 
Typically, these processes remove small volumes and exert 
little abrasive force. As the main purpose of the polishing 
operation is not to change the shape of a structure but to 
make its surface finer, it is not necessary for the processes to 
maintain highly accurate position control. Therefore, robot 
manipulators have been used for these applications earlier 
than in other processes. As the positions and orientations of 
robot manipulators can easily be adjusted, they can always 

maintain tools normal to the machined surface. Thus, polish-
ing and grinding using robots yield higher-quality surfaces 
than do three-axis machine tools [18]. The welding process 
has a small machining load, and is thus another applica-
tion of robotic machining systems [19–22]. Except in the 
case of friction-stir welding, electrodes or laser sources are 
used for welding processes. As welding processes do not 
involve contact with the workpiece, position errors due to 
machining loads are almost negligible. Furthermore, the 
tool paths for welding are generally less complex than those 
used for milling or cutting processes. Thus, robotic machin-
ing systems have been widely used for welding processes. 
Figure 2 shows a welding system using a robot manipulator. 
The robot welding system is attached to a mobile vehicle 
to enlarge the workspace. Robotic machining systems have 
also been applied to the waterjet cutting process, as shown 
in Fig. 3 [23–25]. Like robotic welding processes, waterjet 
cutting is a non-contact process. Although the water pres-
sure can lead to deviations in the positions of the robots, the 
position error is relatively small compared to that in contact 
machining processes.

In conventional applications, robotic machining systems 
have been used only for machining processes that do not 
involve large machining loads or require high path accuracy. 
Furthermore, the workpiece materials are usually relatively 
soft and light, and therefore do not induce large machining 
forces. For example, aluminum and plastic are representative 

Fig. 1  Serial robotic machining systems; a spindle attached at the 
end-effector, b spindle attached to 5th joint

Fig. 2  Mobile robotic welding system [20]. (Adapted from Ref. [20] 
with permission)

Fig. 3  a Wet abrasive jet machining with industrial robot; b cutting 
edge handling parameters for the robot guidance [25]. (Adapted from 
Ref. [25] with permission)
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materials for workpieces. Some of the materials that can be 
machined by robotic machining systems are summarized in 
Table 1. Recently, robotic machining has also been applied 
to drilling [26–33] and milling [34–41] processes that induce 
large machining forces and may involve advanced and hard-
to-cut workpiece materials such as titanium and carbon fiber 
reinforced plastics (CFRP) for aerospace and automotive 
industries. Unlike welding and material-handling processes, 
which require only position repeatability, milling and drill-
ing require high path accuracy. Therefore, many studies have 
been conducted to analyze and compensate robotic machin-
ing errors. The trends in research on robotic machining sys-
tems, towards improving machining accuracy and perfor-
mance, will be introduced in the following sections.

3  Improving the Machining Accuracy 
of Robotic Machining Systems

There are two major sources of robot positioning errors, as 
shown in Fig. 4: geometrical errors and non-geometrical 
errors. Geometrical errors are caused by misalignment of 
the robot workcell and discrepancies between the nominal 
and actual values of kinematic parameters, such as the link 
length, assembled angle, etc. Geometrical errors do not 
affect the repeatability of a robot manipulator. However, as 
these kinematic parameters are used in robot controllers to 
generate reference trajectories and control the poses (posi-
tion and orientation) of the robot end-effector in Cartesian 
space, discrepancies lead to deterioration in the path accu-
racy of the robot manipulators. These effects are important 

in robotic machining applications [42–47]. It has been 
reported that geometrical errors account for approximately 
90% of position error when the external wrench (force/
torque) applied to the robot end-effector is relatively small 
[43].

Non-geometrical errors are caused by low stiffness of the 
robot manipulator, environmental factors, limited bandwidth 
of the controller, and friction/backlash [48–50]. The wrench 
acting on the end-effector can deform the manipulator com-
ponents, leading to compliance errors. In general, the stiff-
ness of industrial robot manipulators is 50 times smaller 
than that of conventional computerized numerical control 
(CNC) machine tools [51]. Thus, considerable deflection can 
occur in the end-effector during the machining process due 
to the cutting force. Environmental factors, such as tempera-
ture, atmospheric pressure, and humidity affect the physical 
properties of manipulator components, causing undesirable 
motions [43]. As the moving mass of a robot manipulator 
is large and the control cycle time of an industrial robot 
controller is about 4–12 ms, the bandwidth of a robot con-
troller is relatively low, leading to limitations in the track-
ing performance. Furthermore, friction and backlash can 
deteriorate the positioning accuracy of the robot manipula-
tor [52]. Among these non-geometrical errors, substantial 
research has shown that compliance errors are the most sig-
nificant. Although position repeatability and payloads are 
general requirements for robot manipulators when applied 
to non-machining processes, overall structural rigidity is 
of significant importance in robotic machining. Therefore, 
when constructing a robotic machining system, the stiffness 
of the robot manipulator should be considered in addition to 
position repeatability, path accuracy, and payload.

In this section, algorithms for improving the machining 
accuracy of robotic machining systems are reviewed. Among 
the many factors that affect accuracy, kinematic parameter 
discrepancies and compliance errors are the most influential.

3.1  Kinematic Calibration

Kinematic parameter discrepancies are inconsistencies in 
the kinematic parameters, such as incorrect link lengths, 
assembly tolerances, etc. Incorrect kinematic parameters 
degrade robot position and orientation accuracy. There-
fore, studies have been carried out to identify and model 
kinematic parameters, and thus improve the accuracy of 
robots. Barker [53] proposed a kinematic error calibration 
algorithm based on Denavit–Hartenberg (D–H) parameters. 
The proposed method evaluates kinematic errors simply 
by measuring the end-effector position at different joint 
angles. However, the D–H parameter-based kinematic error 
model has a singularity problem, because small errors in 
the Z-axis of the two parallel axes have a significant effect 
on the remaining parameters. Hayati and Mirmirani [54] 

Table 1  Materials used for robotic machining

Grinding/
polishing/
finishing

Aluminum [4], stainless steel 304L [6], and Inconel 
718 [7]

Welding Aluminum [22] and steel [21]
Waterjet FRP [24], carbide [25], and rubber [23]
Drilling Aluminum alloy [27, 28, 30] and titanium [32]
Milling Aluminum [38, 39], plastics [34], and CFRP [35]

Robotic machining system errors

Non geometrical errors Geometrical errors

Kinematic parameters 
inconsistency

Alignment errorsLow stiffness/
High compliance

Control 
bandwidth 

Friction and 
backlash

Environmental
factor

Compliance error
compensation

Kinematic 
calibration

Fig. 4  Robotic machining system errors
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proposed a new modeling method that adds a Y-axis rota-
tion parameter between two parallel or nearly parallel axes 
and verified their proposed method by simulating a Stanford 
manipulator and a 6R serial robot. Ye et al. [55] developed 
an algorithm that identified kinematic parameters iteratively 
using a D–H parameter-based kinematic model. Using the 
proposed algorithm, the position of the base frame and kin-
ematic parameters of a robot were identified simultaneously 
and calibration was applied to reduce the position error from 
0.96 to 0.47 mm. Ha [56] proposed a new calibration method 
based on displacement of the end-effector in two configura-
tions. The parameters were calibrated to eliminate the dis-
crepancy between the measured and predicted displacement. 
This calibration method has the advantage of not requiring a 
transformation between the robot base frame and the meas-
urement frame, because the displacement of the end-effector 
remains consistent regardless of the frame.

Screw-theory-based kinematic error models have also 
been studied to address the singularity problem of the D–H 
parameter-based model. Okamura and Park [57] proposed 
a kinematic calibration method based on a product of expo-
nential (POE) formula. In their proposed method, the for-
ward kinematics are expressed as follows:

where x, M, Ai are the joint variables, transformation matrix 
between the world frame and tool frame in the home posi-
tion, and the matrix representing the transformation between 
the (i − 1)th and the ith frames, respectively. Unlike in the 
case of the D–H parameter-based model, the singular-
ity problem does not occur even when two adjacent joints 
are parallel or nearly parallel because the  Ai matrix var-
ies smoothly with the joint axes. However, this model has 
the disadvantage of being dependent on many parameters, 
requiring six parameters per axis. Hence, Yang et al. [58] 
proposed a novel kinematic error model called the minimal 
POE. Four kinematic parameters are required per axis for 
the minimal POE model, which is less than that required by 
the conventional POE-based model. Because the number of 
parameters is decreased and each parameter is independ-
ent, computation time decreases and the algorithm con-
verges better. In tests, the mean position error of the pro-
posed model was 0.663 mm, compared to 0.876 mm using 
the traditional POE-based model. Wu et al. [59] proposed a 
minimal POE-based kinematic calibration algorithm based 
on end-effector position data. While the traditional model 
requires both position and orientation measurements for 
kinematic parameter identification, their proposed method 
can identify kinematic parameters based only on position 
measurements. The mean position error of the proposed 
model in tests was 0.266 mm, compared to 0.788 mm in the 
case of the traditional POE-based model. As orientation is 
calculated from position data in the traditional algorithm, 

(1)f
(

x1,… , xn
)

= eA1x1eA2x2 … eAnxnM

small errors in that data can significantly affect orientation, 
leading to a deterioration in the accuracy of the calibration. 
Another reason for this deterioration is the method used to 
create the cost function. The traditional model constructs the 
cost function using two types of data (position/orientation) 
with different units. This process adds an undesired weight-
ing, decreasing calibration accuracy.

To improve the accuracy of robots, modeling methods 
that evaluate both kinematic and non-kinematic parameters 
have been studied [60–62]. Jang et al. [62] proposed a new 
method to calibrate kinematic and non-kinematic errors 
simultaneously. In this method, joint compliance and gear 
transmission errors are considered the causes of non-kine-
matic errors. They established a D–H parameter-based error 
model that include both kinematic and non-kinematic errors, 
and Radial Basis Function Network (RBFN) was used to 
evaluate the parameters. The distance accuracy, defined as 
the (length of commanded path-measured path)/commanded 
path, improved from 0.920 to 0.154% when the proposed 
algorithm was applied. Nubiola and Bonev [63] established 
a D–H parameter-based error model that include kinematic 
errors, joint stiffness, and nonlinearity in joint six. In total, 
29 parameters (19 kinematic parameters + 4 compliance 
parameters + 6 parameters related to joint six) were deter-
mined using the linear least square method. Figure 5 shows 
the experimental setup used to identify kinematic errors. 
A laser tracker and eight spherically mounted reflectors 
(SMRs) were used to measure the position of the robot end-
effector precisely. The calibration decreased the mean posi-
tion error from 0.986 to 0.363 mm.

3.2  Compliance Error Compensation

Industrial robot manipulators are composed of revolute 
joints that are connected in series. This structure has merits 
for large workspaces but is ultimately disadvantageous in its 

Fig. 5  Experimental setup with the 6R serial robot and laser tracker 
[63]. (Adapted from Ref. [63] with permission)



International Journal of Precision Engineering and Manufacturing 

1 3

low stiffness, which leads to structural deformation by exter-
nal forces. During the machining process, cutting forces act-
ing on the end-effector of the manipulator can cause deflec-
tion. Compliance errors constitute a significant proportion of 
the robotic machining error. However, because deformation 
of manipulator structures is not measured by the encoder, 
which is attached to the motor, a standard robot control-
ler cannot compensate the compliance errors. Therefore, a 
substantial amount of research has focused on modeling the 
stiffness of the manipulator and compensating the compli-
ance errors.

3.2.1  Stiffness Model and Identification Method

Stiffness-modeling methods can be categorized into two 
types: the virtual joint method (VJM), which describes elas-
tic components as lumped-parameters [63–68]; and finite 
element analysis (FEA), which is used to calculate elastic 
deformation according to Euler–Bernoulli theory or by using 
volumetric FE computer-aided design (CAD) tools [69–74]. 
A major advantage of FEA is its accuracy, but it requires 
high computational expense and advanced modeling skills. 
On the other hand, it is easy to derive stiffness models using 
VJM, but they are less accurate than those developed using 
FEA. In general, VJM has been widely applied to robotic 
machining applications due to its computational efficiency 
and acceptable accuracy.

The conventional stiffness matrix model was proposed 
by Salisbury [64], in which the transmission parts (gear-
box, actuator, etc.) of the joints are considered as the main 
sources of compliance errors. A virtual torsional spring is 
used to represent the stiffness of each joint and the conven-
tional stiffness model is derived as follows [75] 

where KX, Kq = diag
[

K
�1,K�2,… ,K

�6

]

 , and J represent the 
Cartesian stiffness matrix; the joint stiffness matrix; and Jac-
obian matrix, which describes the relationship between the 
Cartesian and joint coordinates, respectively. However, the 
conventional stiffness matrix model is valid only when no 
load is applied to the robot manipulator. Thus, conservative 
congruence transformation (CCT) was proposed by Chen 
et al. [76, 77]. CCT describes the relationship between Car-
tesian and joint stiffness matrices by taking into account the 
variation in manipulator geometry caused by applied loads, 
and is derived as [78]

where Kc =

[

�J

��1

,… ,
�J

��6

]T

w is the complementary stiffness 
matrix and w =

[

Fx,Fy,Fz, Tx, Ty, Tz
]T represents a wrench 

containing six DOF forces and moments. Unlike previous 

(2)KX = J−TKqJ
−1

(3)KX = J−T
(

Kq − KC

)

J−1

studies, which considered a link to be perfectly rigid, Yoshi-
kawa et al. proposed modeling for a flexible link, which they 
modeled as several virtual rigid links with passive joints [66, 
79]. Abele et al. [80] proposed an enhanced compliance 
model that includes link deformation as well as elasticity in 
the transmission parts (gears and bearings). To describe 
compliance effects more accurately, each joint is modeled as 
a virtual spring with three DOF. Furthermore, Schneider 
et al. [81] proposed a more complicated stiffness model, in 
which each joint stiffness consists of six DOF virtual 
springs, meaning that the stiffness model had a total of 36 
DOF. Marie et al. proposed a fuzzy logic model to represent 
nonlinear stiffness, which is not taken into account by para-
metric models. The proposed fuzzy logic model has been 
shown experimentally to have advantages in terms of sim-
plicity, rapidity and robustness [82].

Two approaches can be used to identify the stiffness of 
a manipulator experimentally: local and global. The local 
identification method is used to measure the elasticity of 
each axis separately; a force is exerted on one axis and its 
deflection is measured [41, 80, 81, 83, 84]. This process 
is carried out sequentially along the serial link. The force 
must be exerted entirely on the target link, without affect-
ing the other links, which therefore must be clamped. As 
the stiffness of each joint is calculated separately, the stiff-
ness of a given joint can be identified without compliance 
effects from the other joints or link deformation. A typical 
experimental setup for local evaluation is shown in Fig. 6. 
In the global identification method, a force is exerted on the 
end-effector of the manipulator and the deflection of the end-
effector is measured simultaneously [78, 85–87]. The merits 
of the global method are ease of installation compared to 
the local method. However, as the deflection and Cartesian 

Fig. 6  Schematic of experimental setup for stiffness identification 
(local identification method) [84]. (Adapted from Ref. [84] with per-
mission)
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stiffness are dependent on the manipulator configuration, 
many experiments are required with various configurations 
before the value of the stiffness converges. The experimental 
setup for the global method is shown in Fig. 7.

3.2.2  Tool Path Modification

Most commercial robot controllers have closed architectures, 
which make it difficult to implement control algorithms. 
Thus, compensation algorithms have been proposed, which 
apply offline modifications to the target trajectory based 
on the estimated tool deflection, as shown in Fig. 8 [84, 
87–92]. Slavkovic et al. [87] proposed offline path correc-
tion to compensate the errors induced by cutting forces. 
Using the conventional stiffness model and a mechanistic 
cutting force model, machining errors were predicted, and 
part program was then modified to compensate the estimated 
errors. A machining experiment was conducted on an alu-
minum workpiece, and the machining error decreased to 
< ± 100 μm. Klimchik et al. proposed a compliance com-
pensation method that considers both a nonlinear stiff-
ness model and a dynamic model of the robotic machining 

process. Unlike earlier research, which took only static inter-
actions between the tool and workpiece into account, their 
dynamic behavior was studied. This can improve machin-
ing accuracy and avoid chattering effects [88]. Cordes and 
Hintze [92] proposed a compliance and hysteresis model to 
describe reversal error at zero crossing. Reversal error arises 
in joints due to the sudden change in the sign of frictional 
torque at zero velocity. An aluminum milling circle experi-
ment showed that the proposed method improved roundness 
by 31%. Abele et al. [93] proposed an offline tool path adap-
tation method for milling. Using a camera, the workpiece 
machined by the robot is captured and restored in a digital 
format using a Dexel model. The Dexel model is compared 
to the desired shape. The path offset is calculated based on 
the results of this comparison and an adjusted tool path is 
generated. Then, the workpiece is machined using the modi-
fied tool path. The results of the experiment demonstrated 
that a tolerance of 0.21 mm could be achieved.

Online compensation has also been proposed, with the 
help of robot manufacturers or special functions in robot 
software. However, because control structure modifications 
are unavailable, compensation algorithms are restricted to 
tool-path correction based on estimated errors [39, 51, 82, 
95–99]. Pan and Zhang [39] proposed a real-time compensa-
tion algorithm for machining errors caused by low stiffness. 
The conventional stiffness model was adopted rather than 
the CCT, because it is easy to implement and the comple-
mentary term in the CCT can be neglected in this appli-
cation. Using the stiffness model and force measured by a 
six DOF force/torque sensor attached at the end-effector, 
the tool deflection for each cycle was predicted; the target 
position was then modified according to the estimated error. 
In an aluminum block machining test, the machining error 
decreased from 0.4 to < 0.1 mm. Zaeh and Roesch [98] 
proposed a model-based fuzzy controller that compensates 
machining errors and avoids vibrations. In that study, pre-
liminary cutting experiments were carried out to measure 
cutting-force-induced deflections for various tool paths. A 
real-time compensation algorithm was implemented based 
on the stiffness model and a force/torque sensor. Different 
control strategies were adopted depending on the machining 
states (stable or chatter). A schematic diagram of the control 
algorithm is shown in Fig. 9.

3.2.3  Posture Optimization

Posture optimization methods have been proposed to reduce 
compliance errors. A performance index has been suggested 
to evaluate the structural rigidity of the manipulator accord-
ing to the cutting force. The performance index is used to 
identify a rigid posture that reduces compliance errors.

Guo et al. [100] proposed a performance index to opti-
mize the manipulator posture for drilling processes. Under 

Fig. 7  Schematic of experimental setup for stiffness identification 
(global identification method) [78]. (Adapted from Ref. [78] with per-
mission)

Fig. 8  Schematic of offline tool path compensation for compliance 
error [94]. (Adapted from Ref. [94] with permission)
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the assumptions that orientation deformation of the end-
effector is negligible compared to translational deformation, 
and that cutting torque has little effect on translational defor-
mation, the relationship between translational deformations 
and external forces can be expressed as:

where Ctt is the translational compliance matrix, 
ΔXt =

[

Δx Δy Δz
]T is the translational displacement of 

the end-effector, and F =
[

Fx Fy Fz

]T is the force applied 
to the end-effector. Using (4), a Cartesian compliance ellip-
soid was suggested, and the performance index was defined 
as the volume of the ellipsoid with respect to the exerted 
force at a given configuration, as shown in Fig. 10. Because 
the overall compliance of the manipulator is proportional 
to the index, i.e., the volume of the ellipsoid, the posture 
of the manipulator should be selected such that the index is 

(4)ΔXt = CttF

minimized. To verify the proposed method, a drilling experi-
ment was carried out at the initial and optimized postures. 
The experimental results showed that the translational error 
of the end-effector decreased about 25%.

Bu et al. [101] proposed two performance indices that 
consider the stiffness in the drilling and lateral directions. 
This is because, although the thrust force is dominant in 
the drilling process, deformations can also occur in direc-
tions other than that of the applied force due to the structural 
characteristics of the robot. The proposed indices take into 
account the stiffness of the robot with respect to the direction 
of the force; thus, the structural rigidity of the manipulator in 
a specific direction can be maximized. To evaluate the effec-
tiveness of the indices, drilling experiments were carried out 
using the initial and optimized postures; the displacement 
error in the drilling direction decreased about 40%.

Lin et al. [102] presented an index based on the force 
model of drilling. It is assumed that the direction of the 
force was the same as the axial direction of the spindle. The 
contribution of this optimization method was evaluation of 
the stiffness in the entire workspace rather than in the local 
workspace. A stiffness map was presented to evaluate the 
stiffness of the workspace using the index. Experiments and 
simulations were carried out to verify the performance of 
the index.

To date, various performance indices have been proposed 
to evaluate the structural rigidity of the manipulator and per-
form posture optimization. However, because most studies 
have performed posture optimization for only the initial 
point rather than the entire tool path, the proposed methods 
can be applied only to drilling process as a result. Therefore, 
studies on performance indices that take into account the 
stiffness of the entire tool path are required to reduce the 
errors associated with various machining process, such as 
milling, routing, etc.

4  Auxiliary Units for Improving Machining 
Performance

Approaches that utilize external devices have been proposed 
to reduce the effects of the low stiffness and low bandwidth 
of robot manipulators and maximize the workspace. In this 
section, external devices such as electromechanical com-
pensation mechanisms, external measurement systems, and 
mobile platforms are introduced.

4.1  Additional Actuation System

One of the most notable progresses in robotic machining sys-
tems was developed by the COMET consortium [103]. The 
robotic machining system proposed by COMET included 
a piezo-actuated high-dynamic compensation mechanism 

Fig. 9  Structure of real-time tool path deviation method for compli-
ance error compensation [98]. (Adapted from Ref. [98] with permis-
sion)

Fig. 10  Cartesian compliance ellipsoid [101]. (Adapted from Ref. 
[101] with permission)
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(HDCM) for fast and accurate positioning of the spindle. 
HDCM was used to compensate path deviations detected by 
an external optical measurement system and high frequency 
errors that exceed the bandwidth of the robot.

Puzik et al. [105] designed a serial compensation mecha-
nism based on piezo actuators and flexure systems. Schnei-
der et al. [106] proposed a parallel mechanism for improving 
the stability of a system by increasing the lowest natural fre-
quency such that it is higher than that of the robot. Olofsson 
et al. [107] identified the dynamic properties of an HDCM 
system and designed a model-based feedback control sys-
tem. Sörnmo et al. [104] carried out a milling experiment 
using a robotic machining system with HDCM, as shown in 
Fig. 11. Path deviation was detected by comparing the dif-
ferences between the position of the end-effector measured 
by an optical tracking system and that specified by the robot 
controller. The path deviation was input to the HDCM con-
troller for reference. The results of the milling experiment 
demonstrated that the HDCM system enhanced the machin-
ing quality significantly compared to the uncompensated 
system, reducing the maximum machining error from 67 
to 24.5 μm and the standard deviation of the surface profile 
from 14.9 to 4.7 μm.

4.2  External Measurement Systems

Measurement systems such as optical measurement sys-
tems, laser trackers, 3-D stereoscopic cameras, and addi-
tional encoders have been used to determine the position of 
an end-effector accurately, thus facilitating the detection of 
deflections in the manipulators. Figure 12 shows the experi-
mental setup for a robotic machining system equipped with 
a laser tracker for six-dimensional (6-D) pose measure-
ments. Schneider et al. [108] proposed a fully closed posi-
tion controller that uses an optical measurement system as a 
pose sensor. The offset between the intended and measured 

poses was calculated in Cartesian space and transformed 
into joint space using the inverse Jacobian. The sum of the 
calculated joint offset and the position command generated 
by the CNC was input to the servo drivers for each axis. In 
the experiments, the system was used to machine circles on 
steel workpieces. The experimental results confirmed that 
the pose accuracy of the end-effector improved significantly, 
reducing the machining error, expressed in terms of mean 
absolute error, from 253 to 63 μm.

Droll [109] introduced path correction for industrial 
robots using a laser tracker. Using a similar system con-
figuration, Moeller et al. [110] employed a laser tracker to 
compare the position accuracy of factory standard, 3-D con-
trolled, and 6-D controlled robots. In the case of the 6-D 
controlled configuration, the pose of the end-effector was 
measured using a 6-D probe. In the 3-D controlled configu-
ration, the position of the end-effector was measured with a 
reflector. The 3-D system could not measure the orientation 
of the end-effector, thus inducing tool center point (TCP) 
error. Therefore, a reflector was attached close to the TCP 
to reduce the TCP error while controlling the robot in a 3-D 
configuration. Nevertheless, according to the comparison 
of the three configurations tested in the milling experiment, 
the path accuracy improved in the cases of the 3-D and 6-D 
controlled robots. The factory-standard configuration was 
observed to have a path error between 0.5 and 1.0 mm, while 
the path errors of the 3-D and 6-D controlled robots were 
less than 0.5 mm.

Another way of enhancing the accuracy of machining 
robots is to use a double encoder system. The backlash and 
compliance issues related to the joint gearbox mean that 
the motor encoder cannot represent the actual joint angles 
between the links. Therefore, a secondary encoder can be 
attached to the robot links to measure joint angles directly. 
Furthermore, the use of double encoders can decouple the 

Fig. 11  Experimental setup of the robotic machining system includ-
ing piezo-actuated high dynamic compensation system (HDCM) 
[104]. (Adapted from Ref. [104] with permission)

Spindle

Reflector

Tool

Manipulator

Laser Tracker

Fig. 12  Robotic machining system equipped with laser tracker
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deflection that occurs in the joint gearboxes and links. This 
makes it possible to use advanced stiffness models [111]. 
A commercial robot manufacturer has stated that vibration 
and overshooting can be controlled using the position out-
put from a secondary encoder [112]. Robots with double 
encoder systems have been used to drill and mill aircraft 
parts in manufacturing field [113, 114].

Möller et  al. [115] attached an inductive secondary 
encoder, as shown in Fig. 13, to a robot joint. An advanced 
control loop was applied, taking position outputs from both 
the motor encoder and the secondary encoder. Some fea-
tures of commercial CNCs, such as friction compensation 
and torque pre-control, were also applied. In these experi-
ments, robotic machining systems with double encoders 
were demonstrated to enhance bi-directional repeatability 
to 0.078 mm, while the repeatability of the system without 
a double encoder was 0.290 mm.

4.3  Mobile Platforms

Robotic machining systems have been equipped with addi-
tional stages to expand their workspaces [115, 116]. These 
additional stages enable such systems to machine large 
workpieces, such as aircraft wings. Manipulators have 
been installed on linear axis stages with a long stroke [113, 
114], and on mobile platforms equipped with XYZ stages 
[117, 118] or wheels [119]. Fraunhofer IFAM proposed a 
mobile robotic system that consists of a mobile platform 
and a machining robot for large-scale CFRP parts, as shown 
in Fig.  14. One of the commercial mobile platforms is 
equipped with several Mecanum wheels, which enable the 
mobile machining system to move freely in the planar direc-
tion [120]. However, as the size of the workspace increases, 
it becomes more important to know the accurate relative 
pose of the robot base with respect to the workpiece. There-
fore, Susemihl et al. [116] compared multiple referencing 

strategies for mobile robotic systems. The multi-point best-
fit strategy, which is also known as the point-cloud method, 
produced the best machining accuracy, with high robust-
ness in repeated experiments, but the measurements required 
time and effort. The static helper-frame strategy required less 
effort but was only moderately robust and was less accurate.

5  Conclusion

In this review, robotic machining applications being adopted 
in industries have been summarized and recent research 
activities that improve the applicability of robotic machining 
systems have been reviewed. Various calibration methods for 
acquiring more accurate kinematic parameters of manipula-
tors were also reviewed. To estimate and compensate com-
pliance errors, sophisticated stiffness models and various 
compensation algorithms have been studied. Furthermore, 
auxiliary units used in robotic machining, that were installed 
to improve the performance of robotic machining system 
have been studied. Due to the efforts involved in improving 
robotic machining accuracy, application of robotic machin-
ing systems is expanding in automotive and aerospace 
industries where the size of workpiece is large. Shortly, 
robotic machining system will be gaining more attention for 
the replacement of machine tools in a variety of applications.
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