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A B S T R A C T

Cycle time is critical in robotic cells where material handling often presents a bottleneck and in turn depends
on the cell layout. Optimizing robot cell layouts is therefore essential for improving cycle time. We show that
the proxy objectives used for this optimization are poor approximations of the real cycle time and introduce
a optimizer that directly measures the duration of the time-optimal robot trajectory. We show that it can
offer competitive performance even faster than proxy-based optimization. We validate this performance on
multiple problems and show how to integrate it into the cell design process of a manufacturing cell.
© 2025 The Author(s). Published by Elsevier Ltd on behalf of CIRP. This is an open access article under the CC

BY license (http://creativecommons.org/licenses/by/4.0/)
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Fig. 1. PR-robot cell with two workstations (blue and red). The left cell minimizes the
joint distance between the yellow targets, but a wall collision forces the robot to rotate
around the other side, making this the worst possible layout. In contrast, our proposed
integrated optimization method rotates the workstation to avoid collisions and thus
improves performance.

Fig. 2. A PR-robot cell with two workstations (blue and red). The left cell minimizes
Euclidean distance, the middle cell maximizes it—yet the middle achieves a shorter
cycle time T . The right cell, optimized with the proposed integrated optimizer method,
outperforms both proxy objectives. Its apparent area violation here is a perspective
artefact.
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1. Introduction

Throughput and cycle time are important metrics in manufactur-
ing, and it is self-evident that the physical layout of a robotic produc-
tion cell has a profound impact on both. Cycle time optimization of
robot cell layouts is typically based on two main proxy objectives:
one aimed at minimizing Euclidean distances between workstations
and robots [1�3], and the other focused on minimizing joint-space
distances between robot configurations [4�6]. However, these prox-
ies are simplifications that often overlook critical real-world factors,
such as obstacles the robot must navigate. As the following examples
will demonstrate, their failure to account for such effects can lead to
suboptimal cell designs: Fig. 2 for example shows different cell lay-
outs for a simple robot with a revolute (R) and a prismatic (P) joint. In
the layout on the left, the Euclidean distance between the worksta-
tions and the robot is minimized; in the layout on the right, it is max-
imized. Yet, the right cell (which optimizes the opposite of the proxy)
achieves a significantly shorter cycle time because the revolute joint
requires less angular movement, while the prismatic joint movement
remains unchanged. This demonstrates the inadequacy of Euclidean
distance as a proxy objective as cycle time depends not on distance
but on the duration of the movement between stations. While the
joint-space distance metric performs better in this scenario, it fails to
account for collisions, as illustrated in Fig. 1. On the left, two worksta-
tions are positioned to minimize the joint distance between the yel-
low target positions, but the wall on the red workstation forces the
robot to move clockwise, again producing the worst solution. Fur-
thermore, joint distance is often not uniquely defined and has a large
influence on cycle time as noted in [7], a factor overlooked in most
works such as [1,2], and [3]. While these examples may seem con-
trived, they show that neither measure reliably correlates with cycle
time, which ultimately depends on the robot’s entire joint trajectory
rather than just its start and endpoints (note that this implies a static
trajectory for each execution). There have been a few works trying to
calculate the cycle time of a cell but only in the context of time opti-
mally placing a single workpiece to reach several welding points
[8,9]. Yet, the true cycle time has not been used as an objective func-
tion for optimizing cells with multiple workstations.

This is likely because calculating cycle time requires calculating
a robot trajectory which is prohibitively time-consuming (as noted

http://crossmark.crossref.org/dialog/?doi=10.1016/j.cirp.2025.04.079&domain=pdf
http://creativecommons.org/licenses/by/4.0/
mailto:jan.baumgaertner@kit.edu
https://doi.org/10.1016/j.cirp.2025.04.079
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.cirp.2025.04.079
https://doi.org/10.1016/j.cirp.2025.04.079
http://www.ScienceDirect.com
http://https://www.editorialmanager.com/CIRP/default.aspx


Fig. 3. Spherical collision hull of the Ponticon additive manufacturing system [14] for
different numbers of spheres.
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in [8]) and the proxies have been judged “good enough”. This work
aims to challenge the widespread use of these proxy objectives by
introducing two new approaches. First, we present a reference
method that simply replaces the proxies with true cycle time
model, showing that even this straightforward adjustment yields
significantly better results. Second, we propose a much faster, inte-
grated optimization method that simultaneously optimizes the
layout and trajectory, outperforming proxies in both quality and
speed. Additionally, leveraging the speed of our integrated optimi-
zation approach, we show that layout optimization can be seam-
lessly integrated into the cell design process. This enables rapid
evaluation of layout and cycle time changes in response to other
design decisions such as robot choice, making the entire cell design
process more dynamic and effective.

2. Related work

The first serious works on robotic cell layout optimization
emerged during the 1990s with foundational contributions such as
[1]. Since then, two main variants have emerged: optimizing cycle
time for handling tasks or improving manufacturing performance
along a given toolpath. In this work, we will focus on the former,
while drawing valuable insights from the latter. While a few stud-
ies [8,9] have modelled cycle time directly they typically compute
only a collision-free path rather than a time-optimal trajectory and
are limited to optimizing the placement of a single workpiece. By
contrast, most studies addressing the layout of multiple worksta-
tions rely on proxy objectives, such as minimizing Euclidean dis-
tance [1�3] or joint distance [4�6]. Bachmann et al. [2] and
Tubaileh et al. [5] are representative of these proxy-driven
approaches. While their methods do not model the influence of
obstacles along the robot’s entire path, they at least address colli-
sions at workstation interaction points by approximating obstacles
as spherical constraints. This simplification is useful for quickly
computing collisions and will be adopted in our approach to model
collisions along the entire robot trajectory. However instead of
manually defining these collision spheres, like the previous works,
we will develop a method to automatically generate them from
the true object meshes. Motivated by the tenfold speedup achieved
in [5] compared to [2] we will also employ gradient-based optimi-
zation for our integrated solver. Here we were inspired by [10]
which combined the optimization of robot poses over a given tool-
path with layout optimization into a single problem. We will build
on this method using the spherical collision hulls to plan collision-
free time-optimal trajectories between workstations. Our goal is to
use the resulting integrated method to optimize cycle time directly
without the use of any proxies while producing results in a reason-
able time frame.

3. Problem formulation

Before introducing the new optimization method, we will first
mathematically define our optimization problem. Here we will
deviate from the cell design optimization literature in three main
ways: We will use the duration of the time optimal robot trajectory
directly as our objective function, we will compute the spherical
constraints based on the true collision meshes and we will not con-
fine ourselves to cartesian design parameters. Instead of specifying
fixed dimensions of motion (eg, 2D, 3D, or 6D), we adopt an
approach that reflects real-world design constraints. Workstations
often have unique requirements, such as maintaining a minimum
distance from a wall or proximity to other equipment. To accom-
modate this, we use a “kinematic harness” based on [10] to define
permissible motion for each workstation and optimize over the
joint space of this virtual mechanism. For example, planar motion
with rotation can be modelled by two prismatic and one revolute
joint, while two revolute joints can be used to model a fixed dis-
tance from the robot.

Mathematically we thus optimize the constant “design joints” qd
introduce by [10] that describe the state of these mechanisms in
addition to the robot joints qmðtÞ. The time-optimal problem for each
transition between workstations can thus be formulated as follows:

min

u; qd; Ti

ZTi

0

1þ Ldt

subject to : _qm tð Þ ¼ u tð Þ
p qm 0ð Þð Þ ¼ si�1 f qdð Þ
p qm Tð Þð Þ ¼ sis qdð Þ
k p qm tð Þð Þ � ck qdð Þ k�rk 8 t 2 0; Ti½ �8 k2K
umin �u tð Þ�umax 8 t 2 0; Ti½ �

ð1Þ

where p
�
qmðtÞ

�
is the pose of the robot at time t, si�1f is the final pose

of the robot at the previous workstation, sis is the start pose of the
robot at the current workstation, ckðqdÞ are the centers of the spheri-
cal constraints approximating the collision shapes and rk are their
radii. The robot is controlled through joint changes uðtÞ and our opti-
mization objective is the time Ti it takes for the i-th transition
between workstations. If desired we can also include extra costs L
such as manipulability: L ¼ det

�
J
�
qmðtÞ

��
with J being the Jacobian

of the robot. This optimization is called for every transition i resulting
in the total optimization problem:

min

u; qd; Ti

X
i

ZTi

Ti�1

1þ Ldt

subject to : constraints from 1ð Þ

ð2Þ

We automatically generate collision spheres ðck; rkÞ from each
workstation’s mesh by converting it into a point cloud and applying
k-means clustering to determine sphere centers and radii. This
method lets us use larger spheres for broad shapes and smaller
spheres for intricate details. Compared to using a uniform grid, our
method achieves higher fidelity with fewer spheres, reducing the
optimization’s complexity. Each additional sphere adds a constraint,
so choosing k balances collision accuracy and solver performance.
When necessary, increasing k refines the approximation for more
detailed collision shapes (See Fig. 3).
Note that since the collision spheres always protrude a bit out of
the object it is highly likely that they keep the robot from reaching
some pick-up or drop-off location at the workstation.

Following [2], we thus define each interaction with the worksta-
tion not by a single final pose but by a small, manually defined
approach trajectory like a linear interpolation for inserting a slot or a
curved path for a locking hook. Consequently, we assume that the
approach trajectory, defined relative to the workstation, is collision-
free and thus does not need to be constrained. Note that if there is no
special interaction required this trajectory can be a single point, as
we will show later. A graphic illustration of the final problem can be
seen in Fig. 4.
4. Proposed method

Before introducing the integrated optimization method, we first
outline the time-optimal trajectory optimization whose trajectory
duration could replace the proxies in an iterative solver. We will then
show how this approach naturally extends to the integrated method.
To do this, we discretize the time horizon into N segments of length



Fig. 5. Comparison of CPU time and resulting cycle time for all optimizers on the four-
workstation placement problem. The integrated solver outperforms all other solvers in
terms of cycle time and computation time.

Fig. 4. Schematic of the optimization problem in (1), with design joints qd representing
permissible workstation movement, and robot joints qm representing the joints of the
robots while collision spheres ðck ; rkÞ modell collisions and approach trajectories s

modelling workstation interactions.
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dt, so the total time is T ¼ N ¢ dt. Let qnm be the robot’s joint configura-
tion at time n ¢ dt, and let un be the corresponding control input. The
forward kinematics can then be approximated by:

pn ¼ p qnm
� � ¼ p qn�1

m

� �þ dt J qn�1
m

� �
un�1 ð3Þ

Where J is the Jacobian of the robot. The problem now becomes a
classic trajectory optimization: minimize our discretized objective
function

P
n w dt þ Lðqnm; qdÞ subject to the kinematic model (3) and

the constraints of (1). The parameter w balances time optimality and
the optional secondary objective Lðqnm; qdÞ. Decreasing dt effectively
“accelerates” the motion within the constraints of the kinematic
model. Following [10], we use direct collocation [11], approximating
the control input as a degree-l polynomial and learning its coeffi-
cients—an approach that increases sparsity and simplifies solving
larger design spaces [11].

The solution to this problem still depends on the cell design qd,
because the trajectory must pass through the start and end of the
approach trajectories si. A straightforward way to include qd is nested
optimization where an iterative solver, in this case particle swarm
optimization (PSO) [12], proposes candidate designs qd, each evalu-
ated by the trajectory optimization. Here, trajectory optimization
simply replaces traditional proxy objectives. We will call this method
the iterative solver. However, this method is inherently slow, as each
candidate requires a full trajectory evaluation.

Therefore, we propose a second method that solves both trajec-
tory and layout optimization simultaneously. Building on [10], we
treat the design joints qd as additional joints in the trajectory but con-
strain them to remain constant over time (using a 0th-order polyno-
mial in the collocation framework). We introduce a tracking cost d to
ensure that the gradient of the objective with respect qd can be com-
puted (even if we do not want to optimize for a secondary objective
L). This replaces the constraints enforcing the trajectory to start at
si�1f and end at sis . This yields the following optimization problem:

minimize
u;qd ;dti

X
i

X
n

w dti þ L qn;im ; qd
� �

þ d qn;im ; qd; si
� �

subject to pn;i ¼ p qn�1;i
m

� �
þ dti ¢ J qn�1;i

m

� �
un�1;i;

k pn;i � ck qdð Þ k � rk 8 n; i 8 k2K;

umin � un;i � umax 8 n; i:dti � 0 8 i ð4Þ
Note that instead of minimizing Ti directly, we minimize dti for

each transition because dti is explicitly part of the system’s dynamics
while Ti is not. We also constrain dti to be positive to avoid negative-
time solutions. All transitions are discretized with the same number
of time steps N so that they contribute equally to the objective. Note
also that L can either be evaluated at each transition time step, or
only at the approach trajectories si, making this approach a direct
extension of [10]. The resulting collocation equations can then be
solved using a nonlinear programming solver such as in this case
Ipopt [13]. Since this method integrates the trajectory optimization
directly into the layout optimization, we will call this the “integrated
solver”.
5. Validation and results

In the introduction, we highlighted key shortcomings of using
Euclidean and joint distances as proxy objectives for cycle time.
Euclidean distance ignores the robot’s joint movements, while joint
distance is not uniquely defined since different joint configurations
can lead to the same end-effector pose. Additionally, neither accounts
for the influence of obstacles on cycle time. Since we measure cycle
time directly without relying on any proxies, the ambiguity of joint
distance is no longer a concern. However, we still need to ensure that
our approach effectively addresses the other two issues: accounting
for joint movements and the impact of obstacles on cycle time. To
test whether the integrated solver can cope with these two issues we
performed two experiments on the examples from the introduction.

The results can be seen in Fig. 2 and Fig. 1, which show that our
method successfully deals with the shortcomings of the proxies
improving on the cycle time of the first example while correctly rotat-
ing the obstacle out of the way in the second example. However, a
small gap remains between the workstations due to spherical collision
approximations. This gap could be reduced by increasing the number
of spheres but has been kept larger to highlight a potential limitation
of our method, as the accuracy-performance trade-off when choosing
the parameter k may not always allow tight fits. Additionally, with
thin walls, like in the second example, the number of control intervals
N needs to be carefully chosen. If N is too low, the robot might pass
through walls since collisions are only checked at discrete points in
time. Increasing N solves this problem if it occurs.

5.1. Comparison to proxy-based optimization

It is perhaps not surprising that the true cycle time metric can han-
dle edge cases where proxies fail. However, proxies are valued for their
ability to produce results of comparable quality in significantly less time
[14]. To thus properly compare our approach to proxy-based solutions,
we designed another experiment to quantify both the performance gap
and the computational cost trade-off between proxy-based and true
cycle-time optimization. To make the comparison as fair as possible and
give proxies the best possible conditions to perform well, we deliber-
ately chose a simplified problem: optimizing the placement of four
small rectangular workstations in 4D space (position and Z-rotation)
without complex collisions. We also use an identically configured PSO
for both the iterative solver and the two proxies configured according
to [15] using 160 particles over 40 generations. This setup should even
the playing field as much as possible while ensuring that any observed
performance gap is due solely to the choice of objective function rather
than problem complexity. To ensure fairness, all methods were sub-
jected to identical constraints, including spherical collision approxima-
tions, and a cycle time penalty of 1000 for constraint violations in
proxy-based solvers. Approach trajectories were fixed to single points
centered above the workstations, and no secondary objectives were
used. Results were averaged over 30 runs and plotted as cycle time ver-
sus CPU time in Fig. 5. For proxy-based solvers, the resulting cycle time
of their candidate solution was calculated using trajectory optimization
with N=100 as done for the integrated solver, ensuring that all solutions
were measured against the same performance metric. Solutions that
didn’t converge as measured by the tracking cost d were discarded. The



Fig. 6. Left: optimized comau cell; Right: optimized kuka cell. While the layouts
appear similar, machine distances differ slightly to accommodate the size variations.

Table 1
Comparison of cycle times for different robots with an optimized
cell layout shows that while the Scara is the fastest, it cannot reach
both machines, as indicated by the tracking cost d.

Kuka KR180 Comau NJ290 Scara

CPU time [s] 1.681 1.584 2.65
Cycle time [s] 1.693 1.893 0.271
Tracking cost d [m] 8e-2 6e-10 1.04
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results in Fig. 5 show that while the proxies run about 10 times faster
than the iterative solver they were 33% worse (a»1.3-second gap) even
in a situation without collisions as seen in Fig. 1. This poor result is espe-
cially surprising for the joint distance proxy objective, which is even
outperformed by the Euclidean distance objective. This could be related
to the multiple inverse kinematics solutions that could discount good
layouts because the chosen robot configurations were suboptimal. Irre-
spective of possible reasons, the experiments indicate that even for sim-
ple problems we should not necessarily trust proxies to truly optimize
cycle time. Still using the same optimization approach there is a compu-
tational cost trade-off. However, comparing proxies and the iterative
solver to the integrated solver, we see that the integrated solver not
only produces solutions that are 50% better but also achieves them in a
significantly shorter computation time. This demonstrates that directly
optimizing cycle time does not necessarily come at the expense of speed
and can be competitive with, or even faster than, proxy-based
approaches. While different proxy-based optimizers exist with varying
levels of efficiency, the results show that it is possible to directly opti-
mize cycle time without introducing prohibitive computational costs.

The main computational advantage of the integrated solver is that it
optimizes the entire system in a single run avoiding repeated optimiza-
tions or inverse kinematics calculations required by the proxies and the
iterative solver. This gradient-based approach is also probably better
suited to deal with the curse of dimensionality [15] and kinematic sin-
gularities often encountered in time-optimal solutions. When motion in
certain directions is restricted, gradients needed for optimization
become unreliable. The integrated solver mitigates this issue by also
optimizing the workpiece position, maintaining useful gradients even
when the robot encounters a kinematic singularity—unlike traditional
trajectory optimization. That said, poor starting configurations can lead
the integrated solver to significantly worse solutions, with cycle times
reaching up to 12 s. This issue is particularly pronouncedwhenworksta-
tions are initialized too close together or even overlapping, as this cre-
ates immediate constraint violations. To address this, we recommend
arranging the workstations equidistantly around the robot at an appro-
priate radius, ensuring no initial overlaps. This approach enhances both
the solver’s reliability and speed.

5.2. Application case study

Why is speed crucial in layout optimization? While it might seem
feasible to design the layout while waiting for components to arrive, a
faster optimization process enables a more integrated design approach,
as highlighted in the introduction. Robot selection, for instance, depends
on both cycle time requirements and reachability, which in turn require
an initial layout. Traditionally, this involves manually placing machines
and selecting a robot to fit. However, with a fast layout optimizer, these
decisions can be automated and streamlined. To demonstrate this, we
applied our integrated solver to design a hybrid manufacturing system
featuring a DMG Mori CNC machine and a Ponticon metal 3D printer
[16]. The robot’s task is to transfer material between these machines to
form an additive-subtractive process chain. We evaluated two potential
industrial robots: the Comau NJ290, which has slower joint speeds
(1.57 rad/s for the first axis) but greater reach, and the Kuka KR 180
r2500, which is faster (2.145 rad/s for the first axis) but smaller. While
the Comau’s larger reach could potentially compensate for its slower
joints and make it faster in certain layouts, this depends on the specific
arrangement of the workstations. Additionally, we considered whether
a Scara robot such as the PVC 52900 could reach into both machines,
despite their openings being at vastly different heights. To verify, we
defined approach trajectories starting before each machine’s loading
doors and introduced an additional repeatability cost L [17] to ensure
high repeatability at the clamping positions. Our integrated solver
quickly assessed the robots, revealing that the Scara robot could not
reach both positions (as seen by the large tracking cost d) and that the
Kuka only slightly outperformed the Comau in cycle time by 0.2 s. Given
the large difference in joint speed, this is much closer as one might
assume. Both cells are shown in Fig. 6. The results, summarized in
Table 1 highlight how fast layout optimization enables testing of a wide
range of robots to identify not just the most suitable but also potentially
unexpected candidates like the Comau robot. Note also how the CPU
time is similar to Fig. 5 even though we have fewer workstations since
more complex collisions need to be considered. Alternatively, one could
find the cheapest option that satisfies cycle time requirements.

6. Conclusion and future work

The main claim of this paper is that the two common proxies for
cell optimization are poor approximations of cycle time, in part
because they fail to account for the significant impact of workstation
obstacles on cycle time. Using the examples of Fig. 1 and Fig. 2, we
show that the use of proxies leads to much worse results compared
to our proposed approach. We have also shown that even when con-
structing an example that gives proxies every advantage, simply
replacing the proxies with a true cycle time calculation yields better
results. Although this involves a trade-off in speed, our newly pro-
posed integrated trajectory optimization gives even better results
while achieving competitive runtimes. In fact, we showed that it is
fast enough to open the door to a more integrated automated cell
design process by also automating robot selection. While these
results establish the viability of direct cycle-time optimization, they
do not fully define its limitations. Our study focused on only four cell
design examples, which does not reveal howwell the approach scales
with more complex workstation geometries, cluttered environments,
and brownfield applications. Further work is needed to test these
conditions. Some assumptions, such as the existence of collision-free
approach trajectories, need further validation. Currently, robot self-
collisions cannot be directly checked and are modelled with joint
constraints, which might exclude valid solutions.

Ongoing work is also looking into incorporating acceleration lim-
its by extending Eq. (4) to a second-order model.
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