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Abstract

This paper investigates trajectory generation for multi-robot systems that handle compliant parts in order to minimise deformations
during handling, which is important to reduce the risk of affecting the part’s dimensional quality. An optimisation methodology
is proposed to generate deformation-minimal multi-robot coordinated trajectories for predefined robot paths and cycle-time. The
novelty of the proposed optimisation methodology is that it efficiently estimates part deformations using a precomputed Response
Surface Model (RSM), which is based on data samples generated by Finite Element Analysis (FEA) of the handled part and
end-effector. The end-effector holding forces, plastic part deformations, collision-avoidance and multi-robot coordination are also
considered as constraints in the optimisation model. The optimised trajectories are experimentally validated and the results show
that the proposed optimisation methodology is able to significantly reduce the deformations of the part during handling, i.e. up
to 12% with the same cycle-time in the case study that involves handling compliant sheet metal parts. This investigation provides
insights into generating specialised trajectories for material handling of compliant parts that can systematically minimise part
deformations to ensure final dimensional quality.
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1. Introduction

In manufacturing, an important issue involving compliant
parts is maintaining dimensional quality by avoiding large de-
formations during the handling operations. Plastic part defor-
mations must obviously be avoided since these would perma-
nently deform it. Furthermore, even elastic deformations can
deteriorate dimensional quality. Large elastic deformations can
cause part distortions, due to an unevenly distributed contact
force when it is dropped onto the surface at the place loca-
tion [1]. Another issue involving large elastic part deformations
are positioning errors of the part at the place location. The re-
sulting positional variations are often problematic for product
quality in manufacturing scenarios, for example when placing
sheet metal parts into a die for stamping [1].

The magnitude of part deformations is influenced by the
design of the end-effector that grips the part for the mate-
rial handling operation, as this determines how the part is
held/supported. This relationship has been investigated in pre-
vious research work. For example, Ceglarek et al. [2] propose a
methodology for end-effector design optimisation to minimise
part deformations during handling. The modelling of the end-
effector was further improved by Li et al. [1] to overcome the
shortcomings with rigid point part-holding modelling of the
end-effector which results in more reliable deformation pre-
dictions by using a dexterous end-effector part-holding model.
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Furthermore, Hoffmann and Kohnhäuser [3] propose a method-
ology to optimise the vacuum-cups’ positions for end-effectors
handling sheet metal plates in crossbar transfer press in order to
improve the productivity, reduce the holding force and the part
deformations.

However, robot path and trajectory can also influence part de-
formations since these determine the motion of the end-effector
holding the handled part and consequently, the forces acting
on the part such as acceleration-induced inertia and drag. In
other words, changes to the robot trajectory will affect part de-
formations and thereby, potentially also its final dimensional
quality due to plastic deformations as well as distortions and
positioning variations when dropping the (elastically) deformed
part at the place location. A survey of model-based manipula-
tion planning of deformable objects is given by Jiménez [13].
As can be seen that there is a paucity of research on planning
robot paths and/or trajectories to reduce deformations during
handling. A deformation minimal robot trajectory can be ob-
tained by avoiding sharp/high accelerations and consequently
avoid large inertia forces as well as high speeds that cause large
drag forces. For a single robot system, there is thus, a straight-
forward relationship between the magnitude of part deforma-
tions and the system’s cycle-time. However, industrial material
handling robots are often situated in multi-robot systems, i.e.
there are multiple robots (or obstacles) moving simultaneously
in the same workspace. In such multi-robot systems, there are
additional constraints for the robot trajectories concerning the
multi-robot coordination necessary to avoid collisions between
the robots, which, in turn, also influences the system’s cycle-
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Table 1: Review and research directions in trajectory optimisation for robotic handling of rigid and compliant objects

Material handling system elements Part modelling
Robot-system End-effector

Rigid
Non-rigid

Single-robot Multi-robot Rigid Non-rigid 2.5D 3D

Li and Ceglarek [4] x x
Aomura et al. [5]

x x xBelchior et al. [6]
Opritescu and Volk [7]
Glorieux et al. [8] x x x
Proposed in this paper x x x
Potential synergies l l l l

Dexterous robot hands

x xOkamura et al. [9]
Bicchi and Kumar [10]
Butterfass et al. [11]

Soft robotics x
Russ and Tolley [12]

time. The relationship between the magnitude of part defor-
mations and the system’s cycle is thus more intricate for multi-
robot systems. It thereby becomes challenging to generate robot
trajectories that minimise the deformation of the handled parts
due to the forces resulting from the motions of the robot end-
effector, while simultaneously planning the multi-robot coordi-
nation for avoiding collisions between the robots and meeting
the required cycle-time for the multi-robot system.

A typical application where this issue is relevant is the ma-
terial handling of compliant sheet metal parts, which occurs in
several manufacturing industries, e.g. automotive, aerospace,
appliances, etc. The dimensional quality of the sheet metal
parts is usually a critical aspect. The robot motion planning
for these material handling systems commonly either ignores
the part deformations by assuming that the handled compliant
parts are rigid, or focusses on avoiding only plastic deforma-
tions. The former was found to be the case through work by
Glorieux et al. [14, 8], which investigated multi-robot motion
planning for material handling of sheet metal parts in order to
improve productivity and reduce robot wear. The same assump-
tion (“rigid-parts”) is made in other studies concerning design-
ing the tool paths, bending sequences and motions for robotic
sheet metal part forming [5, 15, 6, 7]. Assuming that the han-
dled compliant parts are rigid ignores that the deformations dur-
ing handling can affect the final dimensional quality.

Li and Ceglarek [4] proposed a methodology for time-
optimised path planning and trajectory generation for handling
compliant sheet metal parts with consideration to avoid plas-
tic part deformations during handling. The methodology fo-
cussed on minimising the execution-time for the material han-
dling operation while avoiding plastic deformations of the han-
dled parts, thereby allowing large elastic deformations. How-
ever, only the path and trajectory for the end-effector to trans-
fer the part is planned, and not the robot motion in terms
of the robot joints to move the end-effector according to the

planned path and trajectory, thereby neglecting the robot kine-
matics/dynamics. These characteristics, together with the fact
that only a single isolated material handling operation is con-
sidered, severely limits the methodology rendering it inapplica-
ble to multi-robot systems for material handling of compliant
parts. Recent research by Glorieux et al. [16] proposes optimis-
ing the end-effector design co-adaptively with the robot motion
planning to primarily improve productivity, and next minimise
part deformations. Results showed a significant improvement
in productivity of the robotic material handling system. The
robot trajectories are however generated according to the logic
of the supplier-provided robot controller, whereas specific tai-
lored trajectories for each motion can potentially reduce part
deformations even further.

As it was suggested by one of the paper reviewers, currently,
the flexible grippers (dexterous hand) fitting the shape of ob-
jects have not been designed and used for the stamping press
applications. However, we feel that there are potential synergy
between research in trajectory planning used for multi-robot
handling of compliant sheet metal parts [4, 16], and research
in the area of dexterous robot hands [9, 6, 10], For example, the
application of multi-robot handling of textiles and food prod-
ucts which are highly variable both in shape, size and structure
can benefit from integrating trajectory planning work presented
in this paper with work conducted in the area of dexterous robot
hands design. Table 1 presents these potential synergies in the
form of review and research direction in the area of trajectory
planning for robotic handling of rigid and compliant objects.

This paper specifically aims to investigate reducing part de-
formation during handling by optimising the coordinated robot
trajectories in order to ensure final dimensional quality. A novel
optimisation methodology to generate deformation-minimal
trajectories is proposed that integrates deformation modelling
of the handled parts, robot trajectory generation, multi-robot
coordination for collision avoidance, and cycle-time calcula-
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tion. The contribution of this integration is that it enables con-
sidering these aspects simultaneously within one problem, in
order to co-adapt the optimal solution to each aspect. The
methodology is investigated through a case study with consid-
eration to multi-robot systems for material handling within a
multi-stage sheet metal press line. Results show that optimis-
ing trajectories significantly reduces the part deformations.

2. Problem Formulation

The presented problem includes optimising the trajectory for
each robot operation and coordinating these trajectories in time
to avoid collisions between the robots that operate simultane-
ously in the same workspace. Additionally, the required forces
to hold the part, part deformations, stresses induced in the part,
and the cycle-time are checked to evaluate the trajectories.

In the presented problem, R is the set of robots in the sys-
tem under consideration, and J is the set of joints of a robot.
At time t, each Joint j ∈ J of Robot r ∈ R has a specific
position qr

j(t), velocity q̇r
j(t) and acceleration q̈r

j(t). The posi-
tions of the joints qr

J determine robot pose and consequently,
the end-effector’s position vector {pr

E} and orientation rotation
matrix {Rr

E}. In the operational space, the end-effector’s linear
velocity and acceleration will be referred to as vr

E and ar
E , and

the angular velocity and acceleration as ωr
E and αr

E respectively.
The path (specified by {pr

E} and {Rr
E}) that the end-effector

follows through the workspace to move between the pick and
place location is considered to be predefined for each material
handling operation. These will be referred to as end-effector
paths. Furthermore, the robot joint positions (qr

j) for the se-
quence of robot poses to make the mounted end-effector follow
its path are also considered as given. The sequence of joint po-
sitions for the robot poses will be referred to as robot paths.
Finally, it is also assumed that each material handling operation
is assigned to a specific robot and that the sequence of opera-
tions is predefined.

2.1. Problem Variables

The term trajectory is used in this paper to refer to the tim-
ing function for the movements of the robot (i.e. velocity and
accelerations) along its predefined path. The variables that de-
termine the trajectory are thus the robot joint velocities (q̇r

j) and
accelerations (q̈r

j). Hence, these are thus the variables of the tra-
jectory optimisation problem. Additionally, the waiting-times
(∆tr) variables for the multi-robot coordination, i.e. the relative
timing between the robot operations to avoid collisions when
the robots that operate simultaneously in the same workspace
also needs tuning when solving trajectory optimisation prob-
lem.

2.2. Problem’s Objective

The objective of the trajectory optimisation problem is to
minimise the part deformations during handling since, as elab-
orated earlier, reducing elastic deformations of the handled part

mm

x y

z

maximum

deformation

maximum

deformation

Figure 1: Example of maximum deformation of a handled part, i.e. compliant
sheet metal plate (red dots indicate the vacuum-cups)

decreases the risk of affecting its dimensional quality. The ob-
jective function for the problem formulation is written as fol-
lows

min
∑
r∈R

(
max

t∈[tpick , tplace]

(
ur

max(t)
))

(1)

where ur
max(t) is the maximum deformation of the part handled

by Robot r at time t. For the example of the deformed com-
pliant sheet metal part shown in Figure 1, the maximum de-
formation (ur

max) is the deformation of the part’s boundaries in
the x-direction. The dynamic deformations of the part during
handling need to be known in order to determine the maximum
deformation at time t. This can be calculated based on FEA
transient response analysis with the force on the part during
handling as input [17].

For material handling operations, the force that causes the
part to deform is typically proportional to the combination of
the gravitational acceleration and the end-effector’s orientation,
velocity and acceleration (i.e. drag and inertia force). The lat-
ter is, in turn, determined by the robot pose and thus, its joints’
positions, velocities and accelerations. The maximum part de-
formation is formulated as follows

ur
max(t) = f1

(
qr

J(t), q̇r
J(t), q̈r

J(t)
)

(2)

where function f1 calculates the maximum deformation of the
part resulting from the joint position, velocity and acceleration
of Robot r at time t (implicitly considering the mass and inertia
of the handled part).

2.3. Problem Constraints

The end-effectors can be equipped with vacuum-cups,
magnetic-cups, fingers, or shovels to grip/hold a part. In order
to securely pick place the part, the robot should be stationary
during picking and placing; in other words its velocity should
be zero. The following two constraints are included in the prob-
lem formulation to ensure this

q̇r
j(tpick) = 0

q̇r
j(tplace) = 0

(3)

where q̇r
j(tpick) and q̇r

j(tplace) are the velocity of Joint j, respec-
tively during pick and place of the part by Robot r, and tpick
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and tplace are respectively the time when the robot picks up and
places the part.

The robots’ end-effectors that hold the parts during handling
have a specific maximum holding force. To prevent that a part
is dropped during handling, it is necessary to ensure that the re-
quired force to hold the part never exceeds this maximum hold-
ing force. Similar as in (2) for the deformations, the force to
hold the part is typically a combination of the acceleration in-
duced inertia and drag forces, and is thus proportional to the
robot joints’ position (qr

J), velocity (q̇r
J) and acceleration (q̈r

J).
Therefore, the problem formulation includes the following con-
straint

Fr(t) = g1
(
qr

J(t), q̇r
J(t), q̈r

J(t)
)
≤ Fr

hold (4)

where g1 calculates the required force to hold the part Fr(t)
based on the robot joints’ position, velocity and acceleration,
and Fr

hold is the maximum holding force of the end-effector of
Robot r. This constraint obviously only applies during the time-
interval from tpick until tplace, when a part is handled. The con-
tact forces between the end-effector and the part (e.g. involving
the suction forces for astrictive vacuum-cup end-effectors) are
implicitly considered in equation g1, as well as the part’s mass
and inertia.

In order to maintain the part’s dimensional quality, plastic
deformations during handling need to be avoided since these
would introduce shape variations. Having to scrap damaged
parts is very costly and has a large environmental impact [18].
The proposed objective function in (1) minimises the part de-
formations during handling, however, it does not guarantee that
plastic deformations will not occur during any of the considered
material handling motions. The problem formulation therefore
includes a constraint to prevent plastic part’s deformations by
ensuring that the maximum induced stress in the part never ex-
ceeds the yield stress of the material. The yield stress is the
stress at which a material starts to deform plastically and will
not return to its original shape when the force is removed. The
induced stress is proportional with the force on the part during
handling. Similar to (4), this is formulated as follows

σr
i,max(t) = g2

(
qr

J(t), q̇r
J(t), q̈r

J(t)
)
≤ σr

y (5)

where g2 is the function that gives the maximum induced
stress σr

i,max in the part resulting from the deformation that is
caused by the forces due to the robot joints’ position, velocity
and acceleration at time t, and σr

y is the yield stress of the ma-
terial of the handled part by Robot r (implicitly considering the
part’s mass and inertia). This obviously only applies during the
time-interval from tpick until tplace, when a part is handled.

The productivity is obviously also an important criterion for
material handling in manufacturing systems. For this work, it
is assumed that there is a certain degree of productivity that
needs to be met, which is expressed as a predefined cycle-time.
Hence, it is necessary to check that the system’s cycle-time is
equal to a predefined cycle-time in order to guarantee a certain
productivity. The cycle-time of a multi-robot system depends
on the trajectories, but is eventually determined by the robot
coordination for these trajectories. This is expressed as follows

for the problem formulation

Z = g3
(
qr

J(t),∀t ∈ [tstart, tend],∀r ∈ R
)

= Zpre (6)

where Z is the cycle-time with the optimised trajectories, and
Zpre is the predefined cycle-time, g3 is the collision-free multi-
robot coordination function for the trajectories of the robots in
the shared workspace of the robots in set R, and qr

J(t) represents
the pose of Robot r in time ∀t ∈ [tstart, tend] for the J joints’ posi-
tions of each Robot r ∈ R. In this work, the collision-free multi-
robot coordination is not solely realised by tuning the trajecto-
ries, but the system also uses an initial waiting-time (∆tr) to
make a robot wait to start its operation so that it will not collide
with the robot of the previous operation in the shared workspace
[8]. The proposed optimisation model directly calculates the
minimal initial waiting-times for collision-free multi-robot co-
ordination based on the robots’ trajectories.

3. Proposed Optimisation Model

This section describes how the proposed optimisation model
represents the problem formulated in Section 2, and how it is
parametrised. In order to solve the formulated problem by op-
timising the multi-robot trajectories, it is modelled as a non-
linear programming (NLP) optimisation problem based on the
earlier work by Glorieux et al. [8]. The predefined robot paths
are first discretised into n segments, which gives the positions
qr

j,i for each Joint j ∈ J of each Robot r ∈ R, for each Seg-
ment i ∈ N = {1, . . . , n}. The end-effector paths are corre-
spondingly discretised into pr

E,i and Rr
E,i accordingly for each

Segment i ∈ N.

3.1. Optimisation Model Variables

A series of time variables tr
i are introduced for each Robot r

that specify the duration for each Segment i. By tuning these
segment duration time variables (tr

i ), the angular velocity (q̇r
j,i)

and angular acceleration (q̈r
j,i) of each Joint j ∈ J of Robot r are

being optimised, for each Segment i, and thereby its trajectory.
In this way, the optimisation variables for the considered prob-
lem are only the segment duration-times (tr

i ). The trajectories
are approximated in the NLP model as having piece-wise con-
stant acceleration that only changes at the end of each segment.
These relationships are approximated in the NLP model using
the following equations

q̇r
j,i+1 = q̇r

j,i + q̈r
j,i · t

r
i

qr
j,i+1 = qr

j,i + q̇r
j,i · t

r
i + q̈r

j,i · (t
r
i )2/2 (7)

where q̇r
j,i and q̈r

j,i are respectively the velocity and acceleration
of Joint j of Robot r during Segment i. The end-effector ve-
locities (vr

E,i and ωr
E,i) and accelerations (ar

E,i and αr
E,i) for each

Segment i are then derived based on the predefined end-effector
path (pr

E,i and Rr
E,i) and the segment duration-times (tr

i ).
At the start and end of the operation, the robot is stationary.

It thus needs to be ensured that the robot joints’ velocity and ac-
celeration are zero at the start and end of the operation. This is
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realised by implementing the following constraints in the NLP
model

q̇r
j,1 = 0; q̇r

j,n = 0;
q̈r

j,1 = 0; q̈r
j,n = 0; (8)

where i = 1 refers to the beginning of the trajectory and i = n
to the end. Similar constraints are used to ensure that the robot
stands still at the positions for picking or placing the part

q̇r
j,pick = 0; q̇r

j,place = 0; (9)

where q̇r
j,pick and q̇r

j,place are the velocity of Joint j respectively
for the pick and place segment of the operation performed by
Robot r. This shows how the equation in (3) are implemented
in the proposed NLP model.

The following boundary conditions are implemented in the
NLP model to specify the allowed range for the values of the
optimisation variables (i.e. for segment duration times) and in-
directly also the robot joint velocities and accelerations

tmin ≤ tr
i ≤ tmax

q̇r
j,min ≤ q̇r

j,i ≤ q̇r
j,max

q̈r
j,min ≤ q̈r

j,i ≤ q̈r
j,max

(10)

where tmin and tmax are respectively the minimum and maxi-
mum duration time (see Section 6.1 for further details), and
q̇r

j,min, q̇
r
j,max and q̈r

j,min, q̈
r
j,max are the lower and upper limits for

respectively the velocity and acceleration of the robot joints.
The robot movements also need to be reasonably smooth in

order to avoid strong vibrations and stresses in the robot’s struc-
ture and components, which would increase the wear rate [19].
Smooth trajectories have good continuity in terms of the joints’
accelerations. To achieve this, the jerk (i.e. the derivative
of the acceleration) is limited by implementing the following
constraint that specifies a boundary on the jerk to control the
smoothness of the trajectory

|q̈r
j,i+1 − q̈r

j,i|

tr
i

≤
...
q r

j,max (11)

where
...
q r

j,max is the maximum allowed jerk for the Joint j.
The optimisation variable tr

i determines thus not only the joints
velocity and acceleration but also the jerk during Segment i.
When the maximum allowed jerk value

...
q r

j,max is unknown, a
good approximation can be obtained by examining the maxi-
mum jerk of trajectory generated (at high/maximum robot ve-
locity) by the robot supplier’s controller for the specific prede-
fined robot path [8].

3.2. Force Calculation

Based on equations (4)-(5), it is required to estimate the force
on the part during handling in order to calculate the objective
function. It is assumed in this work that the force (Fr

i ) on the
part is a combination of the acceleration-induced inertia force
and the drag force. These are proportional with respectively the
robot joints’ velocity (q̇r

J) and acceleration (q̈r
J), and the gravi-

tational acceleration. However, the force can be expressed di-
rectly in terms of the end-effector (linear) velocity (vr

E,i) and

accelerations (ar
E,i and αr

E,i), since the proposed NLP model
directly derives these based on the optimisation variables (tr

i ).
Furthermore, the orientation of the end-effector Rr

E,i needs to be
taken into account for calculating the drag force. Consequently,
the equation to calculate the force on the part in the model can
be written as follows

Fr
i = fFORCE

(
Rr

E,i, v
r
E,i, a

r
E,i, α

r
E,i

)
(12)

where fFORCE estimates the force on the part Fr
i based on the

end-effector’s orientation (Rr
E,i), linear velocity (vr

E,i), linear
and angular accelerations (ar

E,i and αr
E,i). The function fFORCE

can be split into two separate terms, one for the inertia force
and the other for the drag force, so that

Fr
i = Fr

inertia,i + Fr
drag,i (13)

where the inertia force Fr
inertia,i can be expressed as follows

Fr
inertia,i = mr

p ·
(
ar

E,i + g
)

+ Ir
p · α

r
E,i (14)

where g is the gravitational acceleration, mr
p is the mass, and Ir

p
is the inertia of the handled object. The drag force Fr

drag,i can
be expressed as follows

Fr
drag,i =

1
2
· ρa · (vr

E,i)
2 ·Cr

d(Rr
E,i) · A

r
p,d(Rr

E,i) (15)

where ρa is the density of air, Cr
d(Rr

E,i) is the drag coefficient
and Ar

p,d(Rr
E,i) the drag area of the handled part for the specific

orientation Rr
E,i of the end-effector.

3.3. Objective Function Modelling
The objective function in (1) minimises the dynamic part de-

formations during handling. Finite Element Analysis (FEA) is
typically used to model the dynamic deformations based on the
transient response analysis resulting from the dynamic forces
on a part during the handling motion. However, directly inte-
grating FEA and the transient response analysis for estimating
the dynamic part deformations in a NLP model would result in
a very time-expensive model. Hence, an alternative approach
is proposed in this paper to effectively implement an objective
function that minimises the deformations of the handled part in
order to protect its dimensional quality.

As a first simplification, it is proposed in this work to model
the steady-state part deformation resulting from the force on the
part during each individual path segment instead of modelling
the dynamic part deformations to remove the need to calculate
the transient response analysis. To compensate for this simplifi-
cation, it is proposed to not consider the maximum steady-state
deformation across the trajectory segments but instead the sum
of the squared steady-state part deformations during each in-
dividual segment for the objective function in this work. This
gives the following deformation minimisation objective func-
tion

min
∑
r∈R

∑
i∈H

(ur
i,max)2 (16)

where ur
i,max is the maximum deformation of the part held by

Robot r during Segment i ∈ H, and set H ⊂ N is the subset with
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the indices for the segments during which the robot holds a part.
For the example of pick and place material handling operations,
the indices of the segments in between the pick (i = pick) and
place (i = place) segments are in the set H since the robot then
handles the part. Based on (2), the force on the part during
handling determines the maximum deformation of the part, and
can therefore be written as the following function

ur
i,max = fDEF(Fr

i ), ∀i ∈ H (17)

where fDEF is a function that gives the steady-state part defor-
mation for the force Fr

i on the part during individual Segment i.
The force Fr

i is obtained using (12).
Secondly, in order to remove the need to integrate the FEA

in the NLP model, a Response Surface Model (RSM) is used
to represent the relationship between the force on the part and
the resulting deformations. The RSM is constructed in advance
based on regression modelling of sampled FEA results. Inte-
grating the constructed RSM in the NLP model is significantly
more time-efficient compared to using FEA. This is integrated
in the model as follows

ur
i,max = RSMu(Fr

i ), ∀i ∈ H (18)

where RSMu(Fr
i ) is a function that represents the RSM. In other

words, RSMu replaces the function fDEF in (17).
To construct the RSM, a set of samples is generated first and

each sample has a different value for the input parameter, i.e.
the force on the part. Depending on the application range for the
force on the part, the samples can be obtained for example by
random sampling (done in this work) or by uniform sampling.
A physics-driven model with a FEA-based kernel is solved for
each sample to calculate the corresponding output value for the
maximum part deformation [20]. FEA requires a representation
of the part, how it is held by the end-effector’s gripper, and the
forces that are acting on the part. For example, vacuum-cups
which are commonly used on material handling end-effectors,
can be represented for the FEA by a rigid point model [2] or a
dexterous spring model [1]. The former is used in this work.

The RSM is constructed by performing a regression mod-
elling of the samples. The selection of the regression technique
can vary depending on the complexity and non-linearity of the
problem. Non-linear polynomial fitting is used in this work, as
proposed by Li and Ceglarek [4], and the accuracy is verified
by performing a non-exhaustive leave-p-out cross validation.

3.4. Problem Model Constraints

a. Yield Stress Constraint
The yield stress constraint from (5) is necessary to avoid

plastic deformation by ensuring that the induced stress in the
handled part does not exceed the material’s yield stress. The
induced stress is, just as the deformation, proportional to the
force on the part during handling, and can thus be written as
follows

σr
i,max = fσ(Fr

i ) ≤ σr
y, ∀i ∈ H (19)

where σr
i,max is the maximum stress in the part resulting for

force Fr
i acting on the handled part. The maximum von Mises

stress is used as indicator for comparing the induced stress in
the part with the yield stress. As it is an equivalent stress, the
von Mises stress does not relate linearly to the force on the part.
FEA is typically used to estimate the von Mises stress induced
in the deformed part. Therefore, a RSM is used instead for rep-
resenting the relationship between the force on the part and the
induced stress in the proposed NLP model, for the same moti-
vation as in case of the deformations. Only the maximum stress
in the part is relevant for the yield stress constraint.

The used RSM is constructed in the same way as described
in Section 3.3 for the part deformations. This results in the
following function

σr
i,max = RSMσ

(
Fr

i
)

(20)

where RSMσ(Fr
i ) is a function that represents the RSM to esti-

mate the induced stress and the force Fr
i on the part is obtained

using (12).

b. Holding Force Constraint
The holding force constraint (4) verifies that the part is not

dropped from the end-effector during handling. This is done by
ensuring that required force to hold the part never exceeds the
maximum holding force of the end-effector. The implementa-
tion of the constraint can then be written as follows

Fr
i ≤ Fr

hold, ∀i ∈ H (21)

where Fr
hold is the maximum holding force of the end-effector

that holds the part handled by Robot r. It is assumed that the
required force to hold the part is equal to the force on the part
and can thus be calculated using (12).

When the end-effector layout is asymmetric to the part’s
centre of gravity, there is an additional momentum force,
which possible reduces the maximum holding force of astric-
tive end-effectors. The maximum holding force of the end-
effector is therefore thus dependent on its design. Tuleja and
Sidlovská [21] and Mantriota and Messina [22] propose cal-
culation methodologies for the maximum holding force of re-
spectively tangential loads and symmetric/asymmetric layouts
around the part’s centre of gravity for end-effector designs with
vacuum-cups. The maximum holding force of the end-effector
is calculated based on these works.

c. Cycle-Time Constraint
As mentioned earlier, it is assumed there is a predefined re-

quired productivity for the considered material handling sys-
tem. As formulated with (6), it is necessary to check that the
cycle-time with the optimised trajectories agrees with the pre-
defined cycle-time for the required productivity. This is imple-
mented in the proposed NLP model by including the following
constraint

Z ≤ Zpre (22)

where Zpre is the predefined cycle-time and Z is the cycle-time
with the optimised trajectories. The cycle-time is on the one
hand determined the duration of the robot trajectories, and on
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the other hand by the multi-robot coordination to avoid colli-
sions between the robots. In this work, the multi-robot coordi-
nation is not only achieved by tuning the timing function for
the robot trajectories but also when necessary, the start of a
robot operation is delayed to ensure that its trajectory in the
workspace will be available, so that it will not collide with the
robot of the previous operation [8]. In other words, the robots
are coordinated by initial waiting-times, relative to the start of
the previous operation. Let ∆tr be the duration of the initial
waiting-time for the operation performed by Robot r. Then,
Robot r starts ∆tr seconds after the start of Robot r − 1. The
initial waiting-times (∆tr) are furthermore also adjusted con-
cerning the availability of the robot, since it has to wait until the
operation for the previous cycle is completed before starting the
next one. When the initial waiting-times have been tuned, the
cycle-time of the system can be expressed as follows

Z =
∑
r∈R

(
∆tr) (23)

equal to the sum of all robots’ initial waiting-times.
This work adopts a decoupled approach for the multi-robot

coordination, which uses priorities to enable performing the
trajectory optimisation independently for each robot [23]. De-
coupled approaches for multi-robot motion planning problems
are more efficient compared to centralised approaches, al-
though they typically sacrifice in completeness [23]. The multi-
robot coordination method used in the proposed NLP model
is adopted from the work by Glorieux et al. [8], which thus
allows that the trajectories are optimised independently while
the model directly updates the minimal initial waiting-times
(∆tr) required to avoid collisions. Furthermore, based on these
waiting-times and the duration of the robot trajectories, it also
directly determines the resulting cycle-time based on (23). In
order to implement the multi-robot coordination in the proposed
NLP model, the potential collisions between the robots along
the predefined trajectory need to be mapped into the spatial rep-
resentation based on relative robot position [8]. This can usu-
ally be done very efficiently by using a fast 3D collision detec-
tion simulation, and simplified CAD models that approximate
the geometry of the robots, end-effectors and handled parts.
A detailed description of the multi-robot coordination method
used in the proposed NLP model is given by Glorieux et al. [8].
The multi-robot coordination method thereby enables the pro-
posed NLP model to verify the constraint from (22) in order to
guarantee a predefined productivity, and thereby integrates (6) .

3.5. Optimal Solution Post-Processing
The output of the proposed NLP model is a list of optimised

duration-times tr
i for each Segment i of each Robot r and the

corresponding initial waiting-times ∆tr for the multi-robot coor-
dination. Post-processing is necessary to obtain the correspond-
ing optimised trajectories. Interpolation can be used to get the
robot positions for isochronal time-steps to reformulate the op-
timised trajectories. Isochronal time-steps means that they have
an equal time-duration. A trajectory in this format is suitable as
it can typically be programmed and uploaded to a robot or an
industrial material handling device.
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Figure 2: Flowchart of the proposed optimisation methodology

4. Optimisation Procedure

This section describes the application of the proposed
methodology on an industrial multi-robot system for material
handling of compliant parts. Figure 2 shows the flowchart of
the procedure. It starts with obtaining the predefined paths for
each Robot r. These are then discretised to obtain the posi-
tions of the robot joints for all n segments. The next step is to
generate the mapping of the potential collisions between every
robot-pair that operates simultaneously in a shared workspace.
This is done directly using (simplified) CAD models of the
robots’ structure, end-effectors, and handled parts. A 3D colli-
sion detection simulation with the discretised predefined paths
and CAD models of the robots/end-effectors/parts needs to be
performed, and the registered collisions are then included in the
relative robot-position based mapping.

It is also necessary to generate data samples concerning the
deformation and induced stresses resulting from forces with dif-
ferent magnitudes on the handled part. This is done using FEA.
When sufficient samples have been generated, these are used for
the regression modelling in order to generate the two RSMs, i.e.
one for modelling the part deformations (18), and the other for
the induced stresses (20).

The next step is to implement the proposed NLP model,
which includes determining the limits of the optimisation vari-
ables, i.e. for the time, velocity, acceleration and jerk for the
robot joints, in order to implement constraints (10) and (11). In
case where these limits are not directly available for the robots,
these can be approximated based on the limits of trajectories
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for the operations generated by the controller provided by the
robot’s supplier. The predefined cycle-time needs to be deter-
mined to implement constraint (22). The mapping of the col-
lision between the robots that operate in the shared workspace
are used to implement constraint (23) for the multi-robot coor-
dination. The objective function (16) is then also implemented
in the NLP model.

When the implementation of the NLP model is complete, the
next step is to optimise the trajectories accordingly. This is done
by using a non-linear solver, for example, the Knitro non-linear
solver [24] that is used in this work. Note that there typically are
several options of the solver concerned with, for example, al-
gorithm, termination conditions, feasibility tolerances, deriva-
tives, etc. that need to be specified.

The relevant output of the proposed NLP model are the
optimised segment duration-times (tr

i ) for each Robot r, and
the initial waiting-times (∆tr) for the multi-robot coordination.
Post-processing is necessary to convert the optimised segment
duration-times into a trajectory that can be specified in a suit-
able format to be programmed and uploaded to the robot.

The final step is to implement the optimised trajectories with
the interpolated timing-function in the robot program and in-
tegrate the initial waiting-times (∆tr). Note that special rules
might be required for the first and last cycles of the multi-robot
system, as the trajectories and multi-robot coordination are op-
timised for the complete production system in full operation.

5. Case Study

This section describes the application of the proposed trajec-
tory optimisation methodology with consideration to material
handling in a multi-stage press line for stamping sheet metal
parts. The motion planning of the material handling in press
line is challenging due to the close interaction between the
presses and robots, while it is also a critical issue for the in-
dustry [25].

The case study considers the material handling of the first
press in the line, and it thus consists of two robots and a press, as
shown in Figure 3. Robot 1 picks up the plate from Table 1 and
loads it into the press, while Robot 2 unloads the plate after it is
stamped by the press and places it onto Table 2. The robots are
2D-belt Binar UniFeeder robots for material handling [26]. The
end-effectors use vacuum-cups to hold the sheet metal plates.

For the robot coordination, the press is considered as a spe-
cial type of robot as it also forms a moving obstacle in the
shared workspace. This special type of robot has only a single
degree-of-freedom, and there is a predefined path and trajectory
for its operation. This means that only its initial waiting-time
needs to be tuned by the optimisation.

The sequence of robot and press operations for the case study
is predefined. It starts with Robot 1 loading a blank plate into
the press, followed by the press performing the stamping oper-
ation, then Robot 2 unloads the stamped plate, and is thereafter
repeated for the next cycle. These three operations need to be
coordinated since these take place in the same workspace.

The press considered in this case study corresponds to the
first press in the multi-stage press line. This is considered since

it specifically is an interesting case as the material handling for
the first press in a line is typically the most critical and there-
fore, often a bottleneck for multi-stage press lines [2]. The
plates that are loaded into that press usually are blank sheet
metal plates, i.e. flat plates. These are relatively more com-
pliant because, in the next stages of the press line, the plates
become stiffer and thus, less compliant when they are stamped
and trimmed.

The case study considers the specific setup of the multi-stage
press line that is dedicated for the production of an inner side
panel of the floor frame for a car body. The handled part is the
blank sheet metal plate with dimensions 1975x460x1.4 mm and
the material is steel DP800.

6. Implementation

This section presents the details of the implementation of the
proposed NLP model for the case study of the sheet metal press
line. The press is seen as a special case of a robot which has one
degree-of-freedom and its trajectory is predefined and cannot be
modified. Together with the two material handling robots, there
are in total three robots in the system (R = {1, 2, 3}). The 2D-
belt material handling robots have two joints (J = {1, 2}), and
the special robot that represents the press has one joint.

The robot paths for both material handling robots are identi-
cal, and is shown in Figure 4. For Robot 1, the press is on the
right side at the place location, and for Robot 2, the press is on
the left side at the pick location.

The proposed NLP model is implemented using the software
package AMPL (A Modelling Language for Mathematical Pro-
gramming) [27] and it is solved using the Knitro non-linear
solver [24].

6.1. Optimisation Variables

The lower and upper limit of the boundary condition in (10)
for the segment duration times (tr

i ) need to be in line with the
discretisation of the predefined path for the operation. The dis-
cretisation of the paths is therefore based on isochronous sam-
pling (i.e. 0.005 seconds) of a “reference” trajectory that is gen-
erated by a computer model of the robot’s controller (at maxi-
mum speed). Determining the boundary limits for the tr

i optimi-
sation variables is then more straightforward. For the case study
in this work, the boundary limits of tr

i are then tr
min = 0.001 sec-

onds and tr
max = 0.050 seconds.

The lower and upper limits of the boundary conditions of
(10) for velocity, and acceleration optimisation variables are not
known explicitly for the 2D-belt Binar UniFeeder robot. These
are therefore estimated based on the minimum/maximum veloc-
ity and acceleration of the controller’s “reference” trajectory.

Similarly, the value for the maximum allowed jerk
...
q r

max for
robot joints in the smoothness constraint (11) is also determined
based on the controller’s “reference” trajectory. The used value
for

...
q r

max in the proposed NLP model is the same as the maxi-
mum jerk of the controller’s “reference” trajectory.
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Figure 3: Illustration of the single press with two press tending robots (loading and unloading) of the considered case study
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Figure 4: Illustration of the robot path for the material handling in the press line

6.2. Force

In the case study, the orientation of the end-effectors that are
mounted on the 2D-belt press tending robots does not change
along the paths. Hence, the angular acceleration and the result-
ing inertia force are therefore always zero and these can thus
be ignored. Furthermore, as the handled parts in this case study
are blank sheet metal plates, the forces in vertical direction will
have a larger influence on the part deformation than the forces in
horizontal direction. The force calculation in the proposed NLP
model therefore focusses only on the forces in vertical direction
for this case study. The equation to calculate the acceleration-
induced inertia force Fr

inertia,i in (14) can thus be reformulated
as follows

Fr
inertia,i = mr

p ·
(
g + ar

E,i,z
)

(24)

where ar
E,i,z is the acceleration in z-direction (vertical) of the

end-effector that is holding the part handled by Robot r during
segment i of the path, g is the gravitational acceleration, and mr

p
is the mass of the part. The equation to calculate the drag force
Fr

drag,i on the part can be reformulated as follows

Fr
drag,i =

1
2
· ρa · (vr

E,i,z)
2 ·Cr

d · A
r
xy (25)

where ρa is the density of air, vr
E,i,z is the velocity in z-direction

(vertical) of the end-effector of Robot r during Segment i of the
path, Cr

d is the drag coefficient for the geometry of the part, and
Ar

xy is the area in xy-plane of the part. For example, a flat plate
perpendicular to the airflow has a drag coefficient Cr

d is equal
to 2.0.

6.3. Objective Function

The Variation Response Method (VRM) [28], a physics-
driven modeller with FEA-based kernel, is used in this work to
evaluate the samples for constructing the deformation response
surface model RSMu in (18) because of its advanced capabili-
ties to parametrise key aspects including the force, part’s com-
pliance, end-effector, and vacuum-cups [29, 30]. The vacuum-
cups are modelled as a set of rigid points in a circular pattern. It
is assumed that the positions of the vacuum-cups relative to the
plate are fixed during handling and are identical for each cycle.

The regression modelling to construct RSMu is based on 100
samples, which are generated by random sampling. It was
found that this number of samples is sufficient to construct an
accurate 3rd order polynomial regression model for the RSMu,
i.e. root-mean-square error is less than 1 mm.

6.4. Problem Constraints

a. Yield Stress Constraint
The samples for constructing the induced stress response sur-

face model RSMσ for (20) are also generated using the physics-
driven modeller with FEA-based kernel VRM. Again, 100 ran-
dom samples are generated for the regression modelling, which
results in an accurate 3rd order polynomial regression model for
the RSMσ, i.e. root-mean-square error is less than 2.50 MPa.

b. Holding Force Constraint
Two circular vacuum-cups with a diameter of 54 mm are

mounted on the end-effectors in order to hold the handled sheet
metal plate. The maximum holding force of each vacuum-cup is
72 Newton in the normal direction. The location of the vacuum-
cups on the sheet metal part is symmetric around the centre-of-
gravity of the plate, and each at 493.75 mm to the plate’s sides
in longitudinal direction. In total, the maximum holding force
of the end-effector is thus Fr

hold = 144 Newton.

c. Cycle-Time Constraint
Three scenarios where two robots (or press) operate simul-

taneously in a shared workspace need to be considered during
the multi-robot coordination for the material handling system in
the case study, which is illustrated in Figure 3, in order to avoid
collisions. These three scenarios are:
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1. stamping: collision between the upper die of the press and
the empty end-effector of Robot 1,

2. unloading: collision between the upper die of the press and
the empty end-effector of Robot 2,

3. loading: collision between the plate held by the end-
effector of Robot 1 and the plate held by the end-effector
of Robot 2.

For multi-robot coordination according the method proposed
by Glorieux et al. [8], collision detection simulations are per-
formed in advance using the PQP library [31] for its fast col-
lision detection calculations between 3D CAD models. These
CAD models, i.e. of the geometry of the robots and press, are
directly taken from the considered real-world press-line.

6.5. Optimal Solution Post-Processing

The post-processing interpolates the found optimal solution
so that it is reformulated as the robots’ position for isochronal
time-steps of 0.005 seconds. In this format, the optimised tra-
jectories are implemented in the robot program.

For the experimental tests in this work, the robot program
with the optimised trajectories are then uploaded to a 2D-belt
Binar Unifeeder robot in a laboratory setup. This allows test-
ing different trajectories for verifying and validate the proposed
NLP model, and to compare the optimised trajectories by the
robot controller’s trajectories.

7. Validation and Evaluation

This section presents the performed tests with the case study
to validate and evaluate the proposed optimisation methodol-
ogy. Several tests are done to optimise and evaluate trajec-
tories on a robot. The goal is to evaluate the optimised tra-
jectories with reference trajectories that are generated by the
robot controller provided by the supplier. The robot motion
is recorded when the trajectories are performed on the robot
and the recorded motion data is then analysed using the FEA in
order to compare part deformations that occur with the tested
trajectories.

7.1. Tests

Two sets of trajectories for the robots in the case study are
generated for the same cycle-time. The first ones are ref-
erence trajectories that are generated according to the robot
controller provided by the supplier. They are obtained using
an advanced model of 2D-belt Binar Unifeeder robot’s con-
troller [32]. The second set of trajectories are optimised with
the proposed methodology for the same cycle-time as calcu-
lated for the reference trajectories.

In the tests to validate the proposed methodology, both sets
of trajectories are executed on a 2D-belt Binar Unifeeder robot.
During this, the robot joints’ motions are recorded to obtain a
measurement for these trajectories. These measurements are
analysed and compared to the modelled trajectories. The main
relevant aspect of a trajectory for minimising part deformations

Table 2: Comparison of maximum vertical force and dynamic part deforma-
tions for the measured reference and optimised trajectories

Fr
max [N] ∆ ur

max [mm] ∆

org opt [%] org opt [%]

Robot 1 -145.7 126.5 -13 -30.2 -26.9 -12

Robot 2 -145.0 125.4 -14 -29.6 -26.1 -13

is the force in the vertical direction on the part, and the result-
ing part deformations. The analysis of the trajectories there-
fore includes calculating the profile of the resulting force on
the part, and the corresponding part deformations. It should be
noted that now the dynamic part deformations are calculated
using FEA and by performing the transient response analysis,
in order to also validate the approximation in the proposed NLP
model based on RSMu. The reference and optimised trajecto-
ries are compared with each other to demonstratively evaluate
the deformation minimisation with the proposed methodology.

7.2. Results

The reference trajectories generated by the robot controller
have a duration of 1.50 seconds. However, due to initial
waiting-times for the multi-robot coordination for the reference
trajectories to avoid collisions, the resulting cycle-time of the
material handling system in the case study turned out to 1.70
seconds. The predefined cycle-time in (22) in the proposed
NLP model was thus set to this values, i.e. Zpre = 1.70 seconds.

The graphs with the modelled and measured position pro-
files of the two robot joints are shown for the reference trajec-
tory in Figure 5a and 5b, and for the optimised trajectory in
Figure 5c and 5d. It can be seen that in all four graphs, the
measured position profile corresponds reasonably well with the
modelled position profile. In fact, the difference in the robot’s
position between the modelled and measured trajectories is cal-
culated to quantify the similarity. The maximum difference for
the robot position is around 12 mm for the reference trajectories,
and around 15 mm for the optimised trajectories. The calculated
vertical force profiles along both the modelled and measured
trajectories are shown in Figure 6a and 6b, respectively for the
reference and optimised trajectory.

The comparisons of the force on the part with the reference
and optimised trajectories are presented by the force profiles
presented in Figure 7. The shaded areas indicate the sections of
the trajectories during which a part is handled. Hence, these
sections of the trajectories are relevant when comparing the
part deformations. Table 2 shows the maximum vertical force
(Fr

max) along the trajectory when handling a part, for the differ-
ent tests. Furthermore, the results for the maximum dynamic
part deformations (ur

max) calculated by the FEA for the different
measured profiles are also shown in Table 2.

7.3. Discussion

a. Validation
The first purpose of the performed tests and investigation is

to validate the trajectories generated with the proposed optimi-
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Figure 5: Comparison modelled (model) and measured (robot) joint motions, comparison of the controller’s reference trajectories, (a) Joint 1 reference, (b) Joint 2
reference, (c) Joint 1 optimised, (d) Joint 2 optimised
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Figure 6: Comparison modelled (model) and measured (robot ) profiles of the vertical force on the part for (a) reference and (b) optimised trajectory
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Figure 7: Profiles vertical force on the part, shaded areas indicate when the robot handles a part, for (a) Robot 1 reference, (b) Robot 2 reference, (c) Robot 1
optimised, (d) Robot 2 optimised trajectory
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sation methodology. The accuracy of the modelled robot posi-
tion for the optimised trajectories is important for the reliability
of the proposed methodology. Specifically, it is relevant for
the collision avoidance by the multi-robot coordination and the
cycle-time calculation in (6). The trajectory validation results
in Figure 5 show that the “model-to-measurement” correspon-
dence for the robot position with the optimised trajectories is
as good as with the reference trajectories. This indicates that
the modelled optimised trajectories are equally reliable as the
modelled reference trajectories. These results thus validate the
trustworthiness of the modelling of the multi-robot trajectories
in the proposed optimisation methodology.

It is also critical that the force calculation in (12) for the pro-
posed methodology is reliable since it relevant for the estimat-
ing the maximum part deformations (18) on which the objec-
tive function is based, and also for constraints (20)-(21). Even
if the difference in robot position is relative small, it is still nec-
essary to check whether there are no significant differences in
the force on the handled part. The results in Figure 6 concern-
ing the force profiles of the modelled and measured trajectories
show that there is a good correspondence between these two, for
both the reference and optimised trajectories. Since there are no
problematic difference in the force profiles, it can be stated that
this validates the force calculation in the proposed optimisation
methodology.

The final element for validating the modelling of the trajec-
tories is to check if there is a significant difference in part de-
formations for the modelled and measured profiles. For the ref-
erence trajectory, the estimated maximum deformation is -29.2
mm for the modelled and -29.6 mm for the measured trajectory.
Whereas, for the optimised trajectory, the estimated maximum
deformation is -26.0 mm for the modelled and -26.1 mm for
the measured trajectory. This shows that the maximum defor-
mations for the modelled and measured trajectory corresponds
equally well for the optimised trajectory as for the reference tra-
jectory. It can thus be stated that the trajectory modelling by the
proposed optimisation model is thus also reliable for estimating
the part deformations.

b. Evaluation
The second purpose of the performed tests and investiga-

tion is to demonstratively evaluate the deformation minimisa-
tion with the proposed optimisation methodology for the con-
sidered case study. Figure 7 and Table 2 thus present the results
for this. The force profiles in Figure 7 show how the optimisa-
tion methodology reduces the force for the trajectory segments
when the robot handles the part. It can be seen that profiles of
the optimised trajectories are significantly lower in the shaded
areas, i.e. when a part is handled, for Robot 1 in Figure 7c and
for Robot 2 in Figure 7d compared to force profiles with the ref-
erence trajectories in Figure 7a and 7b. On the other hand, the
profiles have a similar shape when the robots are not handling
a part. The results presented in Table 2 quantify the difference
in force on the part between the reference and optimised tra-
jectories. The results show that for both robots, the maximum
vertical forces are significantly lower, i.e. around 13%, for the
optimised trajectories compared to the reference trajectories.

The corresponding maximum part deformation for the force
profiles of the reference and optimised trajectories are also pre-
sented in Table 2. There is indeed thus a significant difference in
estimated part deformations during handling between the orig-
inal and optimised trajectories. The magnitude of the part de-
formations is 12% smaller for Robot 1, and 13% smaller for
Robot 2. The differences in maximum vertical force on the part
for the original and optimised trajectories are similar in magni-
tude. Note that the cycle-time of the complete system remains
the same. This demonstfrates a valuable reduction in part defor-
mations with the optimised trajectories to enhance the certainty
that the dimensional quality of the part is maintained.

c. Result Interpretation
This section provides a discussion on the interpretation and

relevance of the obtained elastic deformation minimisation re-
sults by the trajectory optimisation. As mentioned earlier, the
motivation for minimising elastic deformations is due to the
relationship with nesting errors and part distortions occurring
when dropping the part at the place location [1]Ṫhe magnitude
of the remaining elastic deformation needs to be put into con-
text regarding their effect on the dimensional quality of the han-
dled part.

It is proposed in this work to group part deformations during
handling in three different categories for the purpose ensuring
dimensional quality: irrecoverable, irreversible and reversible.
The irrecoverable category corresponds to (typically large) part
deformations during handling that are catastrophic resulting in
having to scrap the part and/or interrupt the operation of the ma-
terial handling system. Irrecoverable part deformations need to
be strictly avoided, including plastic deformations and part de-
formations that would result in collisions between the deformed
part and obstacles in the workspace. These need to be antici-
pated for when formulating the constraint present in Eq. (5).

The irreversible category includes deformations that deteri-
orate the handled part’s dimensional quality, such as deforma-
tions that contribute to nesting errors and part distortions, but
do not lead to scrap or production interruptions [1]. It is pro-
posed that this category of deformations needs to be minimised
in order to find the optimal trade-off between the productivity
(cycle-time) of the material handling system and the effect on
the part’s dimensional quality. In order to evaluate the improve-
ments of the optimised trajectories with the proposed method-
ology in terms of ensuring the part’s dimensional quality, fur-
ther investigation is necessary to quantifying the relationship
between on the one hand part deformation during handling and
on the other hand nesting errors and part distortions.

The reversible category considers benign deformations that
do not affect dimensional quality, plastic deformation, nor cause
collisions between part and obstacles. Reversible deformations
should not contribute to the value of the objective function in
Eq.(16). For scenarios where any deterioration of part dimen-
sional quality needs to be strictly avoided, it becomes necessary
to determine the cycle-time threshold for which all deforma-
tions during handling are reversible. This corresponds to turn-
ing the constraint in Eq.(5) in an objective function and the ob-
jective function in Eq.(16) in a constraint. In this way, the pro-
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posed methodology provides the productivity capability of the
material handling system without any deterioration of dimen-
sional quality.

8. Conclusions

This paper investigated trajectory optimisation for multi-
robot systems that handle compliant parts in order to minimise
the deformations during handling. The deformation of the han-
dled parts is a critical issue in order to ensure the required
final dimensional quality. A non-linear programming (NLP)
model for multi-robot coordinated trajectory optimisation to
minimise the deformations of the handled compliant parts is
proposed. Part deformations are estimated by the proposed
NLP optimisation model using a precomputed RSM based on
data samples generated by FEA of the handled part and end-
effector. The end-effectors’ holding force, plastic part defor-
mations, collision-avoidance and multi-robot coordination are
considered as constraints in the model.

The resulting trajectories are validated on a real robot and
evaluated compared to reference trajectories generated by the
controller provided by the robot supplier. The proposed NLP
model was applied in an industrial case-study with considera-
tion to a multi-robot system for material handling tending in a
sheet metal stamping press. The results of the performed tests
show significant, up to 12 %, reduction in part deformations
with the optimisation trajectories when compared to the ref-
erence trajectories. The cycle-time of the system remains the
same such that the productivity is maintained. Results demon-
strate the model is able to significantly reduce part deforma-
tions during handling, which reduces the risk of deteriorating
the part’s dimensional quality and improves the pick/place ac-
curacy. This work addresses the current lack of approaches for
systematically controlling or reducing deformations of compli-
ant parts during handling which is often a critical issue for pro-
ductivity and part quality in industrial manufacturing systems.
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