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Abstract: With the rise of collaborative robotics, the ability of a robotic manipulator to plan
and adapt to dynamic and changing scenarios is taking on particular importance. Commonly
used state-of-the-art motion planners are unable to satisfy such requirements, as they lack the
necessary reactiveness. In this paper, we propose the adoption of nonlinear model predictive
control (NMPC) to generate collision-free trajectories, which are then tracked by a low-level
controller. We formulate the trajectory generation as an optimization problem in the NMPC
framework, proposing a set of obstacle avoidance constraints that prioritise safety as a primary
requirement. The proposed algorithm is integrated with a custom perception pipeline and tested
in both simulations and on a real collaborative pick-and-place manipulation task, proving that
our algorithm achieves reactive motion planning for robotic arms.
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1. INTRODUCTION

Industrial robotic arms provide fast and precise motion
that can be exploited to efficiently automate complex
and repetitive tasks such as packaging, palletizing, and
welding, significantly enhancing productivity. However,
the setup of an industrial robotized workstation requires
a significant engineering effort and the robot must be
isolated from the human operators’ workspace for safety
reasons. The new paradigm behind collaborative robotics,
on the other hand, allows humans and robots to coexist
in a shared workspace, with light or no barriers between
them. This new generation of robots should safely and
dependably interact with human workers and provide sup-
port in flexible collaborative tasks. As such, a modern in-
dustrial robot should be able to work in cluttered and ever-
changing environments. Sample-based planners (Tamizi,
2023) are unable to fulfill this flexibility requirement and
adapt to sudden changes in the planning environment.
This kind of planner is fast in finding feasible solutions
to obstacle avoidance problems in static, cluttered sce-
narios but falls short in the presence of uncertainties or
dynamic elements in the planning space. Variations of
classical methods, such as Rapidly Exploring Random
Trees (RRT, RRT*) or Probabilistic Roadmaps (PRM),
have been proposed to deal with path planning in dynamic
environments (Kuwata et al., 2009). However, they lack re-
sponsiveness, as they require substantial replanning effort
to be effective. They are also challenging to implement
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in high-dimensional spaces, such as those encountered
with robotic manipulators. On the other side of sampling-
based planning methods, there are trajectory optimiza-
tion approaches. CHOMP (Zucker et al., 2013), STOMP
(Kalakrishnan et al., 2011) and TrajOpt (Schulman et al.,
2013) have been proposed as fast optimization-based plan-
ning algorithms able to generate optimal smooth trajec-
tories navigating in complex environments. Although dif-
ferent optimization-based approaches have been explored
over the years, Model Predictive Control (MPC) (Bem-
porad, 2006) applied to real-time trajectory optimization
for robot manipulators in dynamic scenarios is relatively
underdeveloped in both research and industry. In this
context, MPC iteratively solves an optimization problem
over a finite time horizon T , using the current knowledge
as input, and a model of the system to predict future
behaviours over T . This moving horizon paradigm lends
itself to a reactive trajectory replanning approach, as the
dynamic obstacle avoidance requirements can be embed-
ded in the formulation of the constraints.
In this paper, we present a motion planning framework
based on Model Predictive Control, tailored towards col-
laborative robotic manipulators. The planner can reac-
tively generate collision-free joint trajectories, guaran-
teeing obstacle avoidance in dynamic environments with
unmodelled obstacles. Our planning algorithm exploits
a MPC controller as a high-level controller to generate
optimal, smooth and collision-free trajectories tracked by
a low-level controller.
Our work is structured as follows: Section II presents an
overview of the trajectory planning problem, focusing on
reactive trajectory planning in a dynamic environment and
details the proposed contributions. Section III discusses
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as input, and a model of the system to predict future
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itself to a reactive trajectory replanning approach, as the
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the proposed formulation for our MPC, focusing on the
nonlinear obstacle avoidance constraints, while Section IV
presents how the proposed framework is implemented and
experimentally validated.

2. RELATED WORK

Robotic motion planning techniques can be broadly clas-
sified into sampling-based and optimization-based mo-
tion planning. Sampling-based planners explore high-
dimensional spaces by randomly generating valid configu-
rations, while optimization-based planners formulate tra-
jectory planning as a cost function minimization problem,
embedding task requirements directly in the constraint
formulation, which yields smoother and time-optimal tra-
jectories at the expense of higher computational demands.
Other planning approaches exist, such as Potential Field
(Song and Kumar, 2002), but generally are not as success-
ful as the aforementioned ones.
State-of-the-art sampling-based planners can deal with
cluttered scenes effectively but struggle when facing tasks
that require dynamic re-planning. Smoothly Rapidly ex-
ploring Random Trees (S-RRT) (Wei and Ren, 2018) in-
crease the sampling speed of classical RRT approaches
through target directional node extension, adding cur-
vature constraints to obtain smooth paths when a new
element appears in the workspace. Nonetheless, dynamic
elements are not tracked, and replanning is needed at every
workspace modification, which may lead to momentarily
halting the robot operations. Lai and Ramos (2022) and
Kuwata et al. (2009) propose to speed up replanning in
sampling-based approaches by exploiting previously com-
puted solutions. Yoshida and Kanehiro (2011) leverages
RRT for replanning only if a deformation of the initial
path cannot produce a feasible solution to avoid obstacles
approaching the robot. Overall, this family of methods
can produce feasible solutions to the dynamic replan-
ning problem, but post-processing is usually needed to
obtain a smooth trajectory from the sampled waypoints.
They are also not well suited to incorporate secondary
objectives, such as safety requirements for human op-
erators. Optimization-based methods do not suffer from
these problems. Zanchettin et al. (2015) developed an
optimization-based algorithm that enforces real-time path
safety in human-robot collaboration. The main idea is that
the robot can execute its task as long as its joint velocities
increase the distance between the robot and the human.
Although MPC is particularly well suited for dynamic
replanning scenarios, thanks to its forward-looking ap-
proach, it is yet to be applied extensively to optimal tra-
jectory generation and replanning for robotic arms, being
mostly used to enforce robustness to a set of requirements
in trajectory tracking scenarios. Furthermore, most of the
proposed uses of MPC in this context are tailored to spe-
cific tasks or settings of interest.Tika and Bajcinca (2021)
use a MPC algorithm to plan trajectories for two robotic
manipulators in the same workspace, modelling the two
robotic arms through Bezier curves to reduce computation
time, but they only account for relative collision avoidance
between the two robots. Mavrommati et al. (2021) explore
the possibility of using a nonlinear MPC formulation to
include minimum distance constraints between a manip-
ulator and moving objects, but their formulation does
not account for obstacle velocities, only slowing down the

robot to increase the probability of avoiding collisions
along the path. On the other hand, Krämer et al. (2020)
propose a MPC scheme based on a hypergraph for on-
line trajectory generation, also taking into account dead
times and compensation of control delays. The proposed
formulation, however, is only tested in simple simulation
scenarios and does not consider obstacle velocities. Nev-
ertheless, the state-of-the-art of MPC for robotic manipu-
lators remains relatively underdeveloped and lacks a com-
prehensive framework, resulting in its limited use, often
constrained to specific case studies, primarily tested in
simulation.
With respect to the state-of-the-art:
I) We propose to integrate a simplified model and a
dynamic obstacle avoidance constraint, formulated using
worst-case obstacle velocity and derived from our previous
work (Zanchettin et al., 2015), into a NMPC framework.
This approach enables reactive, smooth, and collision-free
trajectory generation for robotic manipulators operating
in dynamic environments shared with humans.
II) We directly encode the target Cartesian state in the
cost function, without requiring a pre-planned trajectory.
Only the final target pose is provided to the algorithm,
which outputs a reference to be tracked in real-time.
III) The proposed framework is tested in a simulated
environment and then validated in real-world experiments,
deployed on a robotic manipulator.

3. MODEL PREDICTIVE CONTROL FRAMEWORK

This Section describes the key elements of our MPC for-
mulation. We propose a Nonlinear MPC (NMPC) that
exploits nonlinear collision-avoidance constraints to en-
force safe trajectory generation in dynamic environments.
NMPC acts as a high-level motion planner, as shown in
Figure 1, by minimising a cost function formulated directly
in task space, requiring only a final target pose PF as
initialization input. No reference trajectory is needed.

3.1 Model

In our framework, the controlled system is a robotic ma-
nipulator. Generally, the open-loop dynamics of a robot
manipulator can be represented by a set of nonlinear

Fig. 1. Our NMPC formulation uses a simplified manipula-
tor model to generate an optimal trajectory, which is
tracked by a low-level controller. The NMPC requires
feedback data from the state [q, q̇] of the manipulator
and a set of perception data O. In addition, target
Cartesian pose PF is the input, as the cost function
is formulated directly into task space.
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the proposed formulation for our MPC, focusing on the
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II) We directly encode the target Cartesian state in the
cost function, without requiring a pre-planned trajectory.
Only the final target pose is provided to the algorithm,
which outputs a reference to be tracked in real-time.
III) The proposed framework is tested in a simulated
environment and then validated in real-world experiments,
deployed on a robotic manipulator.

3. MODEL PREDICTIVE CONTROL FRAMEWORK
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mulation. We propose a Nonlinear MPC (NMPC) that
exploits nonlinear collision-avoidance constraints to en-
force safe trajectory generation in dynamic environments.
NMPC acts as a high-level motion planner, as shown in
Figure 1, by minimising a cost function formulated directly
in task space, requiring only a final target pose PF as
initialization input. No reference trajectory is needed.

3.1 Model

In our framework, the controlled system is a robotic ma-
nipulator. Generally, the open-loop dynamics of a robot
manipulator can be represented by a set of nonlinear

Fig. 1. Our NMPC formulation uses a simplified manipula-
tor model to generate an optimal trajectory, which is
tracked by a low-level controller. The NMPC requires
feedback data from the state [q, q̇] of the manipulator
and a set of perception data O. In addition, target
Cartesian pose PF is the input, as the cost function
is formulated directly into task space.

equations of motion which describe the relationship be-
tween the forces and torques applied to the manipulator’s
joints. Using this nonlinear model in a MPC scenario
may prove problematic and lead to high computational
efforts, making the real-time applicability of the result-
ing controller unfeasible. Model accuracy and problem
complexity need to be balanced in order to make the
problem solution faster, while retaining a model that is
representative enough to reflect the main dynamics rela-
tions. A double integrator is used to model the motion of
each robot joint (Avanzini et al., 2018), which allows for
smooth trajectories generation while maintaining system
linearity (Mavrommati et al., 2021). This simplification
is made possible by using the MPC controller as a high-
level controller, with a lower-level regulator tracking the
trajectory output. Considering the model state as x =[
q⊤, q̇⊤

]⊤ ∈ R2n, where q and q̇ are joint positions and
velocities respectively, the state-space formulation of the
prediction model is

ẋ =

[
0n×n In×n

0n×n 0n×n

]
x+

[
0n×n

In×n

]
u (1)

where the system inputs u ∈ Rn are the joints acceleration
q̈ ∈ Rn. I is an identity matrix.

3.2 Cost function

Our cost function is formulated as a nonlinear cost func-
tion in the task space of the manipulator, directly mini-
mizing the error from target end effector (EE) pose

P (q(t)) = [xEE , yEE , zEE , ϕEE , θEE , ψEE ]
⊤ ∈ R6 (2)

xEE , yEE , zEE are the three EE Cartesian position co-
ordinates while ϕEE , θEE , ψEE represent the XYZ Euler
angles defining the EE orientation. From this definition of
P (q(t)), the overall cost function is expressed as

J = Ψ(x(tF )) +

∫ tF

t0

L(x(t), u(t)) dt (3)

Ψ(x(tF )) and L(x(t), u(t)) are the terminal cost and the
running cost respectively:

ψ = [PF − P (q(tF ))]
⊤
Qt [PF − P (q(tF ))]

+ q̇⊤(tF )Qv q̇(tF )
(4)

L = [PF − P (q(t))]
⊤
Qr [PF − P (q(t))]

+ u⊤(t)Quu(t)
(5)

where tF = t0 + T is the final time instant, T being the
prediction horizon. Qr, Qt ∈ R6×6 are symmetric, posi-
tive semi-definite matrices weighting the EE pose error,
Qu ∈ Rn×n is the weight matrix penalizing the control
effort and Qv ∈ Rn×n weights the final joint velocity. This
cost function formulation in the task space is obtained by
applying the nonlinear forward kinematics kf (·) : Rn →
R6 where P (t) is expressed as a function of the robot
state. Through an appropriate selection of the weighting
matrices, EE positions and orientations can be penalized
differently according to the task that the manipulator
should accomplish. Remarkably, this formulation also al-
lows to change the desired target pose PF in real time.

3.3 Constraints

Inequality constraints are used to enforce joint limits on
the positions and velocities of the manipulator and to

Fig. 2. A generic link l of a robotic arm modelled, as a
rigid beam.

prevent self-collisions of the robot links

qmin ≤ q(t) ≤ qmax (6)

q̇min ≤ q̇(t) ≤ q̇max (7)

q̈min ≤ u(t) ≤ q̈max (8)

The purpose of limiting the state and the accelerations
is twofold: enforcing that the generated trajectory is fea-
sible for the robot and generating curvature-constrained
trajectories. A second set of constraints, derived from our
previous work (Ragaglia et al., 2018), enforces dynamic
obstacle avoidance requirements by imposing a minimum
separation distance between a dynamic body and the
robotic manipulator. Given the challenges behind monitor-
ing the velocities of moving elements in real-time, a worst-
case approach is adopted by considering the maximum
allowable speed of a dynamic obstacle. At any time instant
t, the speed of the manipulator that guarantees dynamic
collision avoidance is represented by

vr(t) · Ts ≤ max (0, d(t)−∆) (9)

vr(t) represents the signed robot speed for a generic point
along the link in the direction of the obstacle, and Ts is
the worst-case scenario stopping time. d is the distance
between the obstacle and the robot link l closest to it.
∆ > 0 is a tunable clearance parameter that considers
obstacle velocity, robot dimension and other sources of
uncertainties to provide a further layer of safety when
replanning the trajectory accounting for new dynamic
obstacles. In our formulation, ∆ is computed as

∆ = vwo · Ts + Smin for moving obstacles

∆ = Smin for static obstacles

where vwo is the worst-case obstacle velocity and Smin

the actual clearing distance between robot and obstacle.
Equation (9) can be elaborated to obtain the set of
inequality constraints (Zanchettin et al., 2015):

TsEj,lq̇ ≤ fj,l (10)

with

Ej,l =

[
(rob,j − ra,l)

⊤Ja,l(
(rob,j − ra,l)

⊤Jb,l − (rb,l − ra,l)
⊤Ja,l

)
]

fj,l = (max(0, dj,l −∆j))
2

[
1
1

]

Ja,l and Jb,l are the Jacobians of points ra,l and rb,l of
the manipulator link l (shown in Figure 2), respectively,
while dj,l = mins (∥rob,j − rs,l∥) represents the distance
between l and a generic obstacle in the workspace. While
the inequality constraint represented by (10) is linear with
respect to q̇, is a nonlinear constraint with respect to
the joint states q. At every timestep ts, constraint (10)
must be verified between each link li in the robot and
the j-th obstacle in the environment, resulting in 2 · nL ·
nO · nt constraints to be satisfied. nL, nO and nt are the
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Algorithm 1 NMPC Algorithm

Generate Static obstacles set Os

Initialize: t0, ts, T , x(t0), Qr, Qt, Qv, Qu, Od

1: Input: current target pose PF (t0)
2: while PF not reached do
3: if MovingObstacles() then
4: Update obstacle set Od;
5: updateMovingObstaclePose();
6: Update (11) from O ← Os ∪ Od;
7: end if
8: if New PF then
9: PF ← PF (t0);

10: end if
11: x(t0) = x0 ← updateCurrentState();

12: uopt(t)|t0+T
t0 , xopt(t)|t0+T

t0 = min (J(x(t), u(t), PF )),
13: subject to (1), (6), (7), (8) and (11), ∀t ∈ [t0, t0+T ];
14: if ConstraintViolated() then
15: STOP(), break;
16: end if
17: xref ← xopt(t0 + ts);
18: q̈ref ← uopt(t0 + ts);
19: Track xref , q̈ref using low-level controller;
20: t0 ← t0 + ts;
21: end while

number of links, obstacles and timesteps. This yields a
potential high number of constraints that scale with the
number of obstacles in the workspace. This, however, can
be mitigated through environmental clustering techniques
to be applied in the perception module of the overall
control scheme, shown in Figure 1.
The set of nonlinear inequality constraints can hence be
formulated as

G(q(t)) · q̇(t)− b(t) ≤ 0 (11)

by collecting the terms in (10), where G(q(t)) ∈ R2nLnO×n

and b(t) ∈ R2nLnO .

3.4 Control algorithm

The proposed NMPC control scheme from Figure 1 is
described in Algorithm 1. The control problem to be solved
is discretized into N timesteps of ts seconds each. At
every ts, the optimization problem is solved with updated
constraints and input states. A strict requirement for the
algorithm to be applicable is that tc should be much
smaller than ts, to guarantee that the low-level controller
can properly track the computed trajectory, as discussed
in depth in Section 4. The obstacle set O = Os ∪ Od is
divided into subsets of static and dynamic obstacles Os

and Od. After initialization, only Od is updated at every
iteration. O is used in the optimization problem to enforce
the inequality constraints (9). The robot stops in case of a
constraint violation, indicating that the next collision-free
waypoint is unavailable (line 15). This strategy is used as
a further safety layer, to prevent any harm to the operator
working in proximity of the robot.

4. EXPERIMENTAL VALIDATION

The proposed control algorithm is first validated in sim-
ulation and then tested on an ABB GoFa 5 collaborative
robot in different scenarios. We use ROS as middleware,

while the NMPC algorithm is converted into C++ using
the MATLAB code generator with the SQP solver. The
full pipeline runs on a personal computer with a 1.30GHz
Intel i7 processor and 16 Gb of RAM.

4.1 Perception module

The complexity of our obstacle avoidance constraints
scales proportionally to nO, since 2·nL·nO·nt is the number
of inequality constraints. An appropriate representation of
the environment should be adopted to guarantee the sys-
tem’s responsiveness. In our real-world implementation, we
used a pair of Kinect2 cameras to generate a PointCloud
(PCL) representing the working environment. Using the
raw PCL for distance and collision checking computations
is impractical, as it results in a set of inequalities having
the same dimension as the number of PCL points. An
interesting approach explored for dynamic obstacle avoid-
ance in other research fields is to use three-dimensional
occupancy maps (Hagmanns et al., 2022; Macenski et al.,
2020) to segment the environment. In particular, Han et al.
(2018) proposes a method to adapt Octomaps to dynamic
obstacle avoidance of a robotic manipulator, but they can-
not achieve high-frequency tracking of dynamic objects.
We chose to perform PCL filtering and sampling to obtain
a minimal mesh representation of the environment. This
allows estimating the distance between the robot and ob-
jects more efficiently, according to Schulman et al. (2013).
We first sample the static environment without moving
obstacles to obtain a mesh representation of it. Novel and
unseen dynamic obstacles can be represented as clusters
of points used to fit a convex mesh shell. We use a capsule
approximation to fit both static and moving obstacles, as it
can be efficiently parametrized when performing distance
computations in Cartesian space, as shown in Figure 3,
resulting in low computation times.

4.2 Simulations

Our NMPC controller is first tested in a simulated Gazebo
environment. Tracking dynamic bodies and estimating
their speed is a complex task that is still the subject of
extensive research outside the scope of our work. As such,
we use Aruco markers to represent dynamic obstacles in
real and simulated experiments (Figure 4). We ran over

Fig. 3. Pointcloud (2) generated from RGB-D images of the
real environment (1). Static obstacles Os are sampled
from the pointcloud (3) and used in the minimal
environmental representation (4).
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Algorithm 1 NMPC Algorithm

Generate Static obstacles set Os

Initialize: t0, ts, T , x(t0), Qr, Qt, Qv, Qu, Od

1: Input: current target pose PF (t0)
2: while PF not reached do
3: if MovingObstacles() then
4: Update obstacle set Od;
5: updateMovingObstaclePose();
6: Update (11) from O ← Os ∪ Od;
7: end if
8: if New PF then
9: PF ← PF (t0);

10: end if
11: x(t0) = x0 ← updateCurrentState();

12: uopt(t)|t0+T
t0 , xopt(t)|t0+T

t0 = min (J(x(t), u(t), PF )),
13: subject to (1), (6), (7), (8) and (11), ∀t ∈ [t0, t0+T ];
14: if ConstraintViolated() then
15: STOP(), break;
16: end if
17: xref ← xopt(t0 + ts);
18: q̈ref ← uopt(t0 + ts);
19: Track xref , q̈ref using low-level controller;
20: t0 ← t0 + ts;
21: end while

number of links, obstacles and timesteps. This yields a
potential high number of constraints that scale with the
number of obstacles in the workspace. This, however, can
be mitigated through environmental clustering techniques
to be applied in the perception module of the overall
control scheme, shown in Figure 1.
The set of nonlinear inequality constraints can hence be
formulated as

G(q(t)) · q̇(t)− b(t) ≤ 0 (11)

by collecting the terms in (10), where G(q(t)) ∈ R2nLnO×n

and b(t) ∈ R2nLnO .

3.4 Control algorithm

The proposed NMPC control scheme from Figure 1 is
described in Algorithm 1. The control problem to be solved
is discretized into N timesteps of ts seconds each. At
every ts, the optimization problem is solved with updated
constraints and input states. A strict requirement for the
algorithm to be applicable is that tc should be much
smaller than ts, to guarantee that the low-level controller
can properly track the computed trajectory, as discussed
in depth in Section 4. The obstacle set O = Os ∪ Od is
divided into subsets of static and dynamic obstacles Os

and Od. After initialization, only Od is updated at every
iteration. O is used in the optimization problem to enforce
the inequality constraints (9). The robot stops in case of a
constraint violation, indicating that the next collision-free
waypoint is unavailable (line 15). This strategy is used as
a further safety layer, to prevent any harm to the operator
working in proximity of the robot.

4. EXPERIMENTAL VALIDATION

The proposed control algorithm is first validated in sim-
ulation and then tested on an ABB GoFa 5 collaborative
robot in different scenarios. We use ROS as middleware,

while the NMPC algorithm is converted into C++ using
the MATLAB code generator with the SQP solver. The
full pipeline runs on a personal computer with a 1.30GHz
Intel i7 processor and 16 Gb of RAM.

4.1 Perception module

The complexity of our obstacle avoidance constraints
scales proportionally to nO, since 2·nL·nO·nt is the number
of inequality constraints. An appropriate representation of
the environment should be adopted to guarantee the sys-
tem’s responsiveness. In our real-world implementation, we
used a pair of Kinect2 cameras to generate a PointCloud
(PCL) representing the working environment. Using the
raw PCL for distance and collision checking computations
is impractical, as it results in a set of inequalities having
the same dimension as the number of PCL points. An
interesting approach explored for dynamic obstacle avoid-
ance in other research fields is to use three-dimensional
occupancy maps (Hagmanns et al., 2022; Macenski et al.,
2020) to segment the environment. In particular, Han et al.
(2018) proposes a method to adapt Octomaps to dynamic
obstacle avoidance of a robotic manipulator, but they can-
not achieve high-frequency tracking of dynamic objects.
We chose to perform PCL filtering and sampling to obtain
a minimal mesh representation of the environment. This
allows estimating the distance between the robot and ob-
jects more efficiently, according to Schulman et al. (2013).
We first sample the static environment without moving
obstacles to obtain a mesh representation of it. Novel and
unseen dynamic obstacles can be represented as clusters
of points used to fit a convex mesh shell. We use a capsule
approximation to fit both static and moving obstacles, as it
can be efficiently parametrized when performing distance
computations in Cartesian space, as shown in Figure 3,
resulting in low computation times.

4.2 Simulations

Our NMPC controller is first tested in a simulated Gazebo
environment. Tracking dynamic bodies and estimating
their speed is a complex task that is still the subject of
extensive research outside the scope of our work. As such,
we use Aruco markers to represent dynamic obstacles in
real and simulated experiments (Figure 4). We ran over

Fig. 3. Pointcloud (2) generated from RGB-D images of the
real environment (1). Static obstacles Os are sampled
from the pointcloud (3) and used in the minimal
environmental representation (4).

Fig. 4. Base Gazebo environment used to test the proposed
pipeline in static and dynamic scenarios.

fifty simulation scenarios with different parameter combi-
nations to characterize the computational effort required
to solve the NMPC problem in a simulation environment.
The results are shown in Table 1, where IQR is the
Interquartile Range around the median of tc, the time
necessary to solve the optimization problem at every ts.
The total optimization horizon T = N · ts is selected equal
to 1s, with N = 2 optimization steps and ts = 0.5s,
chosen as a trade-off between NMPC performance and
computational time tc. A mandatory constraint for our
framework to be applicable is that tc << ts. A lower
tc also means reduced control delay when applying our
framework to the real manipulator. From these require-
ments, the proposed combination of parameters for our
implementation results in tc ∈ [0.1s, 0.28s]. We also select
Smin = 40 mm, ∆static = 40 mm and ∆dynamic = 80 mm
as NMPC parameters for the real world experiments.

Table 1. Statistical characterization of tc.

N ts [s] Median tc [s] IQR tc [s] Percentage tc > ts

3 0.25 0.38 [0.32, 0.42] 89%

3 0.50 0.45 [0.40, 0.50] 5.8%

3 0.75 0.45 [0.41, 0.54] 0%

2 0.25 0.18 [0.13, 0.22] 1.5%

2 0.50 0.22 [0.15, 0.24] 0%

2 0.75 0.22 [0.20, 0.24] 0%

T = 0 s T = 57 s

Fig. 5. In the trajectory visualizer at the bottom, the
operator’s hands appear as orange safety areas, while
dynamic obstacles are blue. The translucent region
represents the safety margin. Our NMPC computes a
collision-free trajectory for the manipulator to move
the block between boxes.

4.3 Real world experiments

Our NMPC algorithm is deployed on an ABB GoFa col-
laborative robot and tested in a collaborative environ-
ment, shown in Figure 5. The grasping subroutines are
implemented using MoveIt, while the NMPC handles the
broader movements in the workspace. A capsule approxi-
mation of the robot collision mesh is employed to further
improve computational time, following (Han et al., 2018).
The characterization of the algorithm performance showed
that up to 55% of the total computation time was em-
ployed in the distance computation between robot links
and obstacles. This simplification reduced such amount of
time by 60%. To synchronize with perception data and
compensate for the delay introduced by tc, not negligible
in real-life applications, we adopt the strategy first pro-
posed by Grüne et al. (2017), computing the solution to
the control problem in advance, with a pre-defined time
offset greater than tc, such that a control action is always
available when it has to be applied.
The task devised to test our algorithm is a collaborative
pick and place operation, shown in Figure 5, where our
NMPC framework is used to plan a trajectory for the robot
to navigate the environment, pick up a designated object
and place it on the other side of the table. Concurrently,
the operator removes the obstruction from the placement
position. Figure 6 shows the resulting joint positions and
velocities for the first three joints that are applied to reach
the approach pose for the goal grasp (the top blue segment
highlighted in Fig.5). For the sake of clarity, only the data
for three out of the six robot joints are presented, as they
are those responsible for the broader movements of the
robot arm. The MPC problem, on average, is solved in 110
ms and is able to generate smooth, collision-free trajecto-
ries, allowing the manipulator to avoid the dynamic ele-
ments in the workspace. The minimum separation distance
between the robot and the environment during trajectory
execution is shown in Figure 7. A zero value corresponds
to the robot exceeding the safety limit distance from the
closest obstacle. This task is repeated five times, always
obtaining consistent results.
Two other experiments are evaluated 1 . In the first, the
operator intentionally enforces a violation of the safety
margin ∆. The manipulator correctly stops, avoiding col-
lision. In the third task, the operator obstructs the target
pose PF , causing the manipulator to slow down to avoid
collision. Once PF becomes unobstructed, the robot safely
resumes its motion and reaches the goal via the replanned
trajectory.

5. CONCLUSIONS

This work presented a novel framework that leverages a
Non-linear Model Predictive Control (NMPC) algorithm
to enable robotic manipulators to re-plan their motion in
response to dynamic evolutions in their workspace. The
proposed NMPC has been employed as a high-level motion
planner to generate collision-free joint-space trajectories
which were then tracked in real time by the robot low-
level controllers. Safety was enforced as a hard constraint
by employing a suitable collision avoidance that can en-
force collaborative safety requirements. Future works will

1 Additional video material at https://youtu.be/GvkWKI71Ox0
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Fig. 6. From top to bottom: joint states and velocities of
the first three joints of the robot resulting from the
NMPC controller’s input.
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Fig. 7. Minimum distance separating the robot from the
closest obstacle in O during trajectory execution in a
collaborative pick and place experiment.

focus on exploiting nonlinearity in order to reshape the
proposed collision avoidance constraints and consider real-
time velocity estimation of dynamic obstacles. We would
also like to explore how to directly integrate the robot’s
dynamics in the model and cost function to remove the
need for a low-level tracking controller.
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