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Abstract— Industrial robots are increasingly deployed in
applications requiring an end effector tool to closely track a
specified path, such as in spraying and welding. Performance
and productivity present possibly conflicting objectives: track-
ing accuracy, path speed, and motion uniformity. Industrial
robots are programmed through motion primitives consisting
of waypoints connected by pre-defined motion segments, with
specified parameters such as path speed and blending zone.
The actual executed robot motion depends on the robot joint
servo controller and joint motion constraints (e.g., velocity,
acceleration limits) which are largely unknown to the users.
Programming a robot to achieve the desired performance today
is time-consuming and mostly manual, requiring tuning a large
number of coupled parameters in the motion primitives. The
performance also depends on the choice of additional param-
eters: possible redundant degrees of freedom, location of the
target curve, and the robot configuration. This paper presents a
systematic approach to optimize robot motion parameters. The
approach first selects the static parameters, then chooses the
motion primitives, and finally iteratively updates the waypoints
to minimize the tracking error. The ultimate performance
objective is to maximize the path speed subject to the tracking
accuracy and speed uniformity constraints over the entire path.
We have demonstrated the effectiveness of this approach both in
simulation and on physical systems for ABB and FANUC robots
applied to two challenging example curves. Comparing with
the baseline using the current industry practice, the optimized
performance shows over 100% performance improvement.
Keywords: Industrial Robot, Motion Primitive, Path Opti-
mization, Redundancy Resolution, Trajectory Tracking

I. INTRODUCTION
Industrial robots are increasingly deployed in applications

such as spray coating [1], arc welding [2], deep rolling
[3], surface grinding [4], cold spraying [5], etc., where the
tool center point (TCP) frame attached to the end effector
needs to track complex geometric paths in both position
and orientation. In most applications, the task performance
is characterized by the motion speed (how long it takes to
complete the task), motion uniformity (how much the speed
varies along the path), and motion accuracy (the maximum
position and orientation tracking errors along the path). There
are generally two ways to program industrial robots for
the motion tracking task: (1) The motion primitive method
that uses vendor-specific proprietary robot programming
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languages (e.g., [6]–[11]) consisting of a sequence of pre-
defined motion primitives, and (2) The streaming setpoint
method which uses an external command mode to stream the
desired joint position as setpoints to the low level joint servo
controller (e.g., [12]–[15]). The motion primitive method
is far more widely used in industries. It decomposes the
desired motion with predefined motion primitives consisting
of waypoints connected by motion segments. The streaming
setpoint method is not limited to a small set of motion
primitives, but it typically results in poorer tracking accuracy
due to the lower sampling rate and the additional filtering and
latency.

To program an industrial robot to follow a complex path
using motion primitives, the most common approach is to use
it like a machine tool [16], focusing only on the TCP motion.
There are several advanced offline programming software
(e.g., [17]–[19]) that convert a dense set of TCP waypoints to
the robot program of a given robot vendor. The actual robot
motion from the execution of the robot program will depend
on the motion primitives and their parameters (waypoint
locations, commanded path speed along the motion segment,
size of the blending zone between motion segments) which
are affected by the robot joint servo controller and the
robot joint motion constraints (joint velocity and acceleration
limits). Robot controller and robot joint constraints may
not be known to the user. Therefore, programming a robot
to achieve the desired performance is currently a time-
consuming and largely manual exercise in tuning the motion
primitive parameters and the result may be far from optimal.
Compounding the challenges are the impact of additional
parameters: a redundant roll degree of freedom in the tool
frame, relative pose between the target curve and the robot
base, and the robot configuration (out of the 8 possible
choices in a 6 degrees of freedom (DoF) revolute robot).

The streaming setpoint method avoids motion blending,
but the actual robot motion is difficult to predict, again be-
cause of the unknown low level controller and robot motion
constraints, in addition to the latency and filtering present
in the streaming operation. Motion planning tools such as
Tesseract [20] (based on TrajOpt [21]), tries to optimize the
robot joint path for path speed subject to tracking error and
speed uniformity constraints. Such optimization involves a
large number of variables and is plagued by computation
time, presence of local minima, and the lack of accurate
prediction of the actual robot motion.

A key motivation of this work is the cold spray application
which impinges particles onto a surface at high speed to
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Fig. 1: Illustration of the motion primitive method for path
following.

form protective coating [5]. For such applications, the speed
of the TCP needs to be high and uniform to guarantee fast
execution and uniform distribution of the deposited material.
As shown in Fig. 1, the spraying path is given as a dense
sequence of points {p∗

i }Ki=1 for the TCP position and the
spraying direction in the negative tool z-axis is given by
the surface normal {n∗

i }Ki=1. Note that these data specify
5-DoF of the TCP at each point, with the remaining free
DoF being the rotation about the tool z-axis. Once the TCP
frame is fixed, next choice is the robot joint configuration
among the eight inverse kinematics solutions. We also have
an additional 6 free DoF in the position and orientation of the
curve, parameterized by the position pcurve and the angle-
product representation of the orientation βcurve. The motion
primitive method first chooses all these free parameters, we
call this step redundancy resolution. The spatial curve is
then converted to motion primitives as shown in Fig. 1
for execution by the robot controller. This paper presents
a new approach to motion optimization by decomposing
the problem into a series of subproblems. We first use a
combination of evolution algorithm and local optimization
to resolve redundancy. Then we use a greedy algorithm for
fitting the curve with the least number of motion primitives.
Finally, an iterative gradient descent algorithm updates the
waypoints to minimize the worst case tracking error. To
evaluate this approach, the industry co-authors of this work
suggested two test curves, Curve 1 contains a range of high
curvature moves and Curve 2 is the leading edge of a sample
turbine fan blade. A baseline approach is developed based
on the current industry practice. The evaluation metric is the
average path speed subject to the specified trajectory tracking
and path speed uniformity constraints. We implemented the
motion primitive optimization approach on an ABB IRB
6640 robot in simulation (RobotStudio) and physical testbed,
and on an FANUC M10iA robot in simulation (RoboGuide)
and physical testbed. In all cases, the performance vastly
improves over the baseline, ranging over 149% to 489%.
Notation:

• p ∈ R3,β ∈ R3: Cartesian position and the angle-
product representation of orientation.

• ϕ ∈ R: the rotation angle around tool-z axis, with ϕ =

0◦ at tool-x axis pointing toward curve tangent direction
• p∗ ∈ R3 and n∗ ∈ R3: the position and normal vector

along the desired curve in the robot base frame.
• q ∈ R6: robot joint position.
• p(q) and β(q): forward kinematics mapping from robot

joint position.
• ez(q) ∈ R3: TCP z-axis unit vector in the robot base

frame.
• J(q)q̇ =

[
ω
v

]
: Jacobian mapping between joint velocity

and TCP spatial velocity.

Contribution: We present a method for determining
a set of motion primitives and their respective pa-
rameters (see Sec. II for more details) so that the
TCP tracks the desired positions and orientations
with sufficient accuracy and speed uniformity (see
Sec. III for more details) as fast as possible.

II. MOTION PRIMITIVES AND THEIR EXECUTIONS

A. Motion Primitives
Generally all robot programming languages support three

types of motion primitives as described below.
• MoveL: The TCP moves linearly in Cartesian space

and linearly in angle-product orientation from current
pose to desired pose. This command is parameterized
by the initial and final TCP positions and angle-product
orientations.

• MoveC: The TCP moves on a circular arc in Cartesian
space and linearly in angle-product orientation from
current pose to desired pose. This command is pa-
rameterized by the initial and final TCP positions, an
intermediate TCP position (to define the circular arc),
and the initial and final angle-product orientations, an
intermediate orientation (to define rotation orientation).

• MoveJ: The robot moves linearly in the joint angles
space. Thus, the TCP path may not be linear nor
circular. This command is parametrized by the initial
and final joint angles.

B. Blending
Given a series of motion primitive segments, the desired

tool path is blended together to avoid sharp turns [22]. The
size of the blending zone is specified with the primitives.
Larger blending zone means smoother transition to next
segment, and hence higher and more uniform speed, but at
the cost of large tracking error at the waypoint (intersection
of motion segments). Small blending zone improves the
tracking accuracy but could lead to sharp corner requiring
slower speed with larger variation to meet the motion con-
straints. In current practice, expert human operators perform
extensive manual adjustments of the waypoints, blending
regions, and motion segment commanded speeds to ensure
that tracking accuracy and cycle time requirements are both
met. In our approach, we find the smallest uniform blending
zone that avoids excessive speed variation around waypoints
to balance between the two objectives.
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III. SPECIFICATIONS AND PROPOSED APPROACH

Based on the cold spray application, the trajectory
tracking performance specification is given by:
1. Positional tracking accuracy max(perr): the maximum
positional tracking error of the TCP is less than 0.5 mm.
2. Orientation tracking accuracy max(nerr): the maxim-
um orientation tracking error of tool z-axis is less than 3◦.
3. Speed uniformity: the standard deviation of the TCP
speed σ(v) is less than 5% of the average TCP speed µ(v).

We calculate the TCP position and orientation using for-
ward kinematics of the with joint reading. To calculate the
position and orientation tracking errors, for each recorded
joint position point qk we compute

perr,k := min
i
∥p(qk)− p∗

i ∥ ,

nerr,k := min
i

arccos
(
eTz (qk)n

∗
i

)
.

(1)

where ez is the tool z-axis. The maximum position and
orientation tracking errors are found by maximizing both
terms above over i. The general optimization could be
formed as

max
u

µ(v) subject to

max(perr) ≤ 0.5,max(nerr) ≤ 3, σ(v) ≤ 5%µ(v)
(2)

where u is a control variable vector including
• (pcurve,βcurve): 6 Dof curve pose in robot base frame
• ϕ: Tool-z rotation angle
• Robot Arm Configuration: One out of maximum eight

joint configurations due to the non-uniqueness of the
inverse kinematic map

• Waypoints in the trajectory
• Motion Primitive: Choice of motion primitives includ-

ing segment speed and blending zone
Our approach decomposes the motion primitive optimiza-

tion problem into three steps as shown in Fig. 2.
1. Redundancy Resolution: Optimize the redundant DoF
of curve pose: (pcurve,βcurve), the redundant DoF along the
path (ϕ), and the robot arm configuration. The output of this
process is the full 6 DoF reference path for the TCP and the
corresponding joint path.
2. Motion Primitive Planning: Generate a sequence of mo-
tion primitives (waypoints, blending zones, and path speed)
to track the reference path.
3. Waypoints Adjustment: The motion sequence is executed
in simulations or experiments. Tracking error from the exe-
cutions is used to optimize the motion primitives parameters.
These steps are described in greater details below.

A. Redundancy Resolution

In contrast to computer numerical control (CNC) ma-
chines, robot arm configuration significantly affects the TCP
motion due to the robot joint constraints, including the joint
position, velocity, and acceleration limits.

Our approach is to first resolve the tool redundant DoF
by finding the complete robot joint path based on a given

Fig. 2: Proposed Workflow for Spatial Curve Tracking with
Motion Primitives.

curve pose and robot arm configuration. At each point on
this joint path, we can find the path velocity limit based on
the joint velocity and acceleration limits. We then choose
the curve pose and robot arm configuration to maximize
the lowest path velocity limit. The joint acceleration limit is
due to the motor torque constraint. Since the arm inertia is
configuration dependent, the joint acceleration limit is also
configuration dependent (hence, an outstretched arm has a
lower acceleration limit). We will show how to estimate this
limit through simulation.

1) Tool Orientation Resolution: For a given curve pose,
(pcurve,βcurve), we have {p∗

k,n
∗
k}Kk=1 in the robot base

frame and the initial joint angle q0. We select the redundant
DoF (ϕ) so that the TCP motion remains on the path with
minimal incremental joint motion. Since joint motion and
TCP motion are related through the arm Jacobain J(q), this
procedure tends to steer the robot away from singularities
without compromising TCP tracking. We pose the incremen-
tal optimization as a quadratic program (QP): Given qk−1,
k = 1, . . . ,K, find the incremental motion δq to move to
the next point (p∗

k,n
∗
k) without excessive joint motion and

within the joint limits:

min
δq
∥Jr(qk−1)δq− ν∗∥2 + ∥δq∥2Wq

subject to qmin ≼ qk−1 + δq ≼ qmax

(3)

where (qmin, qmax) are joint limits, Wq is a weightfactor,
ν∗ is the TCP position and surface normal increment, and
Jr is the reduced Jacobian mapping δq to the position and
surface normal increment:

ν∗ :=

[
n∗
k − ez(qk−1)
p∗
k − p(qk−1)

]
, (4)

Jr(q) :=

[
−ez(q)× 0

0 I

]
J(q). (5)

The next joint position is simply the current joint position
incremented by δq. Since the Jacobian mapping is only
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approximate for finite increments, we optimize the increment
size by writing qk = qk−1 +αδq and choose α from a line
search:

min
α

∥∥∥∥[ez(qk)− n∗
k

p(qk)− p∗
k

]∥∥∥∥ .
The resulting sequence of joint angles {qk}Kk=0 now com-
pletely specifies the TCP position and orientation.

2) Trajectory Traversal Speed Estimation: The robot TCP
speed limit is determined by its joint velocity and accelera-
tion limits. Industrial robots provide joint velocity limits in
the data sheets [23], but the acceleration limit is due to the
torque limit and is therefore affected by the robot dynamics,
load, and robot configuration. Since the dynamical models
of industrial robots are typically unknown, we establish a
rough estimation by executing an sinusoidal trajectory both
in simulation and on physical robots. Since the arm inertia
is most heavily influenced by the shoulder and elbow joints
(joints 2 and 3), we assume that the spherical wrist joints
(joint 4, 5, and 6) have constant joint acceleration limits,
while joints 1, 2 and 3 acceleration limits depend on (q2, q3),
the shoulder and elbow joints, and joint 2 and 3 acceleration
limits also depend on the direction of vertical motion due to
gravity. The recorded result is shown in Table I and Fig. 3.

Joint 1 2 3 4 5 6

q̇max (rad/s) 1.745 1.571 1.571 3.316 2.443 3.316
q̈max (rad/s2) * * * 42.5 36.8 50.5

TABLE I: ABB6640 joint velocity and acceleration limits. *
= configuration dependent, see Fig. 3.

(a) Joint1

(b) Joint2 (c) Joint3

Fig. 3: Configuration Dependent Joint Acceleration Limit
(ABB6640): Recorded maximum joint acceleration of joint
1,2,3 with respect to different joint 2 and 3 configurations.

The joint acceleration limits are stored as a look-up table
dependent on (q2, q3): q̈max(q2, q3). For each robot joint
angle point qk along the path (from Sec. III-A.1), the
maximum joint velocity limit is given by

q̇maxk
= min

(
q̇max, q̇k−1 +∆tkq̈max(q2k−1

, q3k−1
)
)
.
(6)

For a specified (scalar) path speed vd, pk = pk−1 + vd∆tk.
Therefore,

∆tk =
∥pk − pk−1∥

vd
. (7)

Hence the path velocity limit for point k on the path is

vk = ∥Jv(qk)q̇maxk
∥ . (8)

(a) Curve 1 Baseline Pose (b) Curve 1 Optimized Pose

(c) Curve 2 Baseline Pose (d) Curve 2 Optimized Pose

Fig. 4: Baseline curve pose (left) vs optimized curve pose
(right) for Curve 1 and Curve 2 (described in Sec. IV-A.)

3) Differential Evolution with Optimizing Parameters:
With the path speed limit parameterized by the curve pose
and robot arm configuration, we can optimize them to
maximize the lowest speed limit as

max
pcurve,βcurve,q0

min({vk}Kk=0) (9)

where vk is given by (8). We use the differential evolution
algorithm [24] to find the global optimizing solution for two
example curves. The optimized poses are as shown in Fig. 4
versus the baseline (see Section IV-B).

B. Motion Primitive Planning with Greedy Fitting

Existing robot CAD/CAM software only use MoveL with
a specified spatial curve. In order to take advantage of
MoveC and MoveJ, we apply a spatial curve (represented in
joint space and Cartesian space) greedy fitting algorithm. The
fitting process is performed sequentially along the trajectory,
starting from the initial point and bisection search for the
longest possible primitive type within the error threshold. For
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the initial segment, all regressions are unconstrained, while
subsequent sequences are subject to continuity constraint
(regression must pass through last segment endpoint). Fig. 5
shows a visualization of 30 equally spaced MoveL’s and
Greedy Fitting with all three primitives on Curve 1. While
30 linear segments will result in 1.47 mm max position
tracking error, greedy fitting only uses 17 segments to
achieve a max position tracking error under 0.3 mm. In
general, too few waypoints lead to higher tracking error, and
too many waypoints could result in speed variation due to
the overlapping interpolation zones.

(a) Equally spaced MoveL’s (b) Greedy fitting

Fig. 5: Curve Fitting Visualization.

C. Waypoints Adjustment

The execution of the robot motion program would likely
result in a trajectory that does not meet the performance
specification. We can iteratively modify the waypoints to
reduce the trajectory tracking error using a descent algorithm.
We apply the following two algorithms sequentially:

• Error Compensation: Push all waypoints in the error
direction.

• Multi-peak Model Based Gradient Descent: Use an ap-
proximate trajectory to calculate the numerical gradient
and adjust waypoints based on the gradient descent. To
simplify computation, we only apply to points at the
error peaks.

Error compensation takes place in the first few iterations,
aiming to reduce the tracking error at each waypoint:

pk ← pk + γ(p∗
k − pk),

Rk ← rot(k̂, γnerr,k)Rk.
(10)

where pj and Rj are the position and orientation at waypoint
k, k̂ is the normalized ez,k× e∗z,k, rot is the rotation matrix
for the given axis and angle, γ is the step size.

Error compensation step only focuses the error at the
waypoints, while the tracking error between waypoints may
be unacceptably large. Until maximum tracking error no
longer decreases, we next apply a gradient descent method
using an approximate numerical gradient to reduce the largest
tracking errors. For a given set of waypoints, we can effi-
ciently generate a predicted joint trajectory using cubic spline
interpolation at each waypoint. This predicted trajectory may
then be used to find the numerical gradient by perturbing

the waypoints and record the corresponding tracking error
change. As the trajectory error is predominately affected by
its neighboring waypoints, we only generate a tri-diagonal
gradient, and only for the peak trajectory errors.

IV. IMPLEMENTATION AND EVALUATION

A. Test curves

The performance is evaluation is based on two represen-
tative curves. Curve 1, shown in Fig. 5 and Fig. 6a, is a
multi-frequency sine curve on a parabolic surface. This curve
is representative of a high curvature spatial curve. Curve 2,
shown in Fig. 6b, is extracted from the leading edge of a
generic fan blade model, which is a typical case for cold
spraying applications in industry.

B. Baseline

In consultation with industry experts, we establish a base-
line performance based on the current practice. The curve
is placed in the middle of the robot workspace, away from
singularities. The tool redundancy is resolved by choosing
the tool x-axis along the curve. The robot arm configuration
is chosen based on the largest manipulability measure. The
motion primitives are based on equally spaced moveL seg-
ments. We then search for the largest commanded path speed
that satisfy both the path uniformity and trajectory tracking
constraints as the baseline performance.

C. Simulation setup

RobotStudio [25] is an ABB robot dynamics simulator
that provides close to real trajectory output. We use a Python
interface [26] to the RobotStudio virtual controller to execute
motion command directly. In order to achieve high constant
speed, the commanded trajectory is extended at the first and
last motion segments: MoveL and MoveJ are extended in
Cartesian and joint space respectively, and MoveC is extend
along the arc and linearly in angle-product orientation. For all
motion commands, we start with a blending zone of 5 mm
and gradually increase it until the speed profile converges
such that the robot does not slow down around waypoints
due to blending.

D. Experiment setup

Fig. 6 shows the experiment setup, with the ABB6640
robot holding a mock spray gun. Joint trajectory {qk}Kk=0 is
recorded through robot controller at 250 Hz. Robot forward
kinematics is used to compute the TCP location

According to the manual of ABB 6640, the path repeata-
bility is up to 1.06 mm [23]. To address this issue, for each
set of primitive command, we run the robot 5 times and
take the interpolated average of 5 recorded trajectories as
the execution trajectory.

E. Results

For baseline execution, in order to satisfy tracking accu-
racy requirement, we apply bisection search on the com-
manded speed until the accuracy requirement is met. For
waypoints adjustment, we run the waypoint iteration al-
gorithm to reduce the tracking error until convergence. If
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(a) Curve 1: Frequency-changing sinu-
soidal curve on a parabolic surface.

(b) Curve 2: Generic Fan
Blade leading edge curve.

Fig. 6: Experiment setup with ABB1200 hold the part and
ABB6640 holding a laser pointer with long exposure.

maximum tracking error does not meet the requirement,
then further decrease the commanded speed (and repeat the
waypoint iteration) until the tracking accuracy requirement
is met.

Curve 1 max(perr) max(nerr) µ(v) σ(v)
mm deg mm/s mm/s

Baseline (sim) 0.49 0.18 124.01 1.02
Baseline (real) 0.46 0.21 103.11 0.85

Wp Adjustment (sim) 0.16 0.57 251.29 4.77
Wp Adjustment (real) 0.38 0.56 248.77 4.33

Optimized (sim) 0.48 0.57 399.81 6.47
Optimized (real) 0.41 0.33 395.72 9.53

Curve 2 max(perr) max(nerr) µ(v) σ(v)

Baseline (sim) 0.42 0.26 406.10 0.92
Baseline (real) 0.47 0.28 299.97 2.36

Wp Adjustment (sim) 0.24 0.33 1089.64 51.88
Wp Adjustment (real) 0.42 0.41 973.12 13.87

Optimized (sim) 0.42 1.09 1207.45 11.46
Optimized (real) 0.46 1.15 1197.43 13.33

TABLE II: Results for RobotStudio Simulation and Physical
Robot Experiments. Wp Adjustment: Waypoints Adjustment from
baseline results through iterative updates. Optimized: Waypoints
adjustment with optimized curve pose and Tool-z orientation.

From the baseline results, we can see that without any
optimization, it is necessary to slow down in order to
achieve higher accuracy. Simply adjusting waypoints could
help with increasing path speed and minimizing the tracking
error. However, we can increase the path speed further by
optimizing the all redundancies with robot joint velocity and
acceleration constraints. The final optimized results show
222% (sim) 284% (real) speed increase for Curve 1 and
197% (sim) and 299% (real) speed increase for Curve 2
while keeping the tracking accuracy within the requirement.
In the iterative update process, the algorithm prioritizes to
compensate position error if the orientation constraint is
satisfied, so the final result may result in an increase in
orientation error.

F. Implementation for a FANUC Robot

The same algorithm has also been applied to FANUC
M10iA robot using the FANUC robot simulation program
RoboGuide and a physical robot testbed. Because of the

robot motion limit, we used a 85% scaled down Curve 2
for the FANUC robot in simulation and a half of Curve
2 (scaled) for the physical robot. The result is showed in
Table III. The speed increased by 489% for Curve 1, 371%
for Curve 2 (scaled) and 248% (sim) 149% (physical) for
Curve 2 (scaled-half) while keeping tracking accuracy within
the requirement. This shows that the framework successfully
generalized to another robot model without fine tuning of the
parameters.

(a) Curve 1 (b) Curve 2 (c) Real Robot

Fig. 7: FANUC M10iA robot in RoboGuide and the physical
robot testbed.

Curve 1 max(perr) max(nerr) µ(v) σ(v)
mm deg mm/s mm/s

Baseline (sim) 0.14 0.10 55.54 2.22
Wp Adjustment (sim) 0.46 0.28 174.20 8.27

Optimized (sim) 0.48 0.63 327.15 15.75
Curve 2 (scaled) max(perr) max(nerr) µ(v) σ(v)

Baseline (sim) 0.25 0.34 144.15 4.95
Wp Adjustment (sim) 0.47 0.46 239.74 8.65

Optimized (sim) 0.39 1.50 679.12 33.64
Curve 2 (half scale) max(perr) max(nerr) µ(v) σ(v)

Baseline (sim) 0.42 0.37 334.63 2.39
Baseline (physical) 0.45 0.38 390.05 1.19

Optimized (sim) 0.23 0.89 1167.18 9.31
Optimized (physical) 0.49 0.40 971.72 7.09

TABLE III: Result Comparison for FANUC robot

V. CONCLUSION AND FUTURE WORK

This paper presents a complete procedure for optimal
industrial robot tracking of high curvature spatial curves
with high speed and high accuracy. Our current experiment
setup determine TCP location based on the robot forward
kinematics. We are working on implementing the approach
for direct TCP measurement (e.g., using motion capture). We
are also extending the approach to dual-arm systems where
the performance is based on the relative TCP frames.
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