Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Integrated Simulation-Based Trajectory and
Actuator Design for a 6-DoF Manipulator via
Workspace-Aware Pareto Optimization and PMSM-
FOC-CTC

Ojonugwa Adukwu

ojonugwa, adukwu@alumni ,usp . br

Universidade de Sao Paulo

Fabio de Oliveira Fialho
Universidade de Sao Paulo

Fuad Kassab Junior
Universidade de Sao Paulo

Beatriz Barbuy
Universidade de Sao Paulo

Research Article

Keywords: Robotic manipulator; workspace-aware optimization; Pareto trajectory selection; actuator
design; PMSM-FOC; computed-torque control

Posted Date: November 10th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-11653673/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-11653673/v1
https://doi.org/10.21203/rs.3.rs-11653673/v1
https://doi.org/10.21203/rs.3.rs-11653673/v1
https://creativecommons.org/licenses/by/4.0/

Integrated Simulation-Based Trajectory and Actuator
Design for a 6-DoF Manipulator via Workspace-Aware

Pareto Optimization and PMSM-FOC-CTC

Ojonugwa Adukwu®b”

Fabio de Oliveira Fialho !
Fuad Kassab Junior @!
Beatriz Barbuy @?
! Polytechnic School, Department of Electrical Engineering, University of Sdo Paulo, Sao Paulo, Brazil
2 Institute of Astronomy, Geophysics and Atmospheric Sciences, Department of Astronomy, University of Sdo Paulo, Sao
Paulo, Brazil

ojonugwa.adukwu@alumni.usp.br

fabio.fialho@usp.br
fuad@lac.usp.br

b.barbuy@iag.usp.br

Abstract Workspace characterization, trajectory selection, actuator sizing, and closed-loop control are inter-
dependent but are frequently assessed separately. This paper develops an integrated simulation-based task-to-
actuator design framework for a six-degree-of-freedom manipulator carrying an 18-kg payload. A study of 50,000
robot configurations identifies overlapping but independently classified high-quality (5,001) and screened-Pareto
(1,094) workspace subsets. Independently generated inverse-kinematics seeds produce 24 candidate trajectories,
of which 11 satisfy joint-space continuity requirements and eight meet dense full-pose tolerances. Dynamic Pareto
evaluation of the eight feasible trajectories retains two nondominated representatives, C3 and C24. They reflect
different peak-torque, RMS-torque, and mechanical-work demands. These alternatives inform a manufacturer-
constrained motor—gearbox search and multi-rate PMSM-FOC-CTC simulation. Four six-second letter-E sce-
narios provide two controlled comparisons. Under common H1 actuator architecture and G2 controller gains,
reference corner rounding reduces Cartesian tracking RMSE from 44.5767 to 3.4071 mm. Under common A218
architecture and G2 controller gains, the C24-based scenario achieves an RMSE of 1.7411 mm compared with
1.9781 mm for the C3-based scenario. The results distinguish local workspace quality from complete-trajectory
feasibility. They demonstrate the importance of retaining alternative trajectories through actuator selection and
closed-loop validation. Cross-architecture comparisons remain descriptive rather than isolated trajectory-effect
tests. Future work will address repeated-duty thermal assessment and experimental validation.

Keywords: Robotic manipulator; workspace-aware optimization; Pareto trajectory selection; actuator design;
PMSM-FOC; computed-torque control.

1 Introduction [3, 8-10]. These studies motivate an integrated

approach in which the effects of trajectory selection

Industrial robot manipulators must meet several re-
quirements at the same time. These include workspace
reach, payload capacity, motion accuracy, and actuator
operating limits. However, satisfying one requirement
does not guarantee that the others will be satisfied. For
example, a robot may reach a desired position but have
poor motion capability in certain directions. Similarly,
a continuous joint-space trajectory may require more
torque than the actuators can provide. Even when
a motor—gearbox combination satisfies mechanical re-
quirements, it may still violate electrical limits or ex-
perience difficulties during closed-loop control [1-3].
For these reasons, trajectory planning involves
more than finding a geometric path between positions.
The designer must also consider how long the motion
takes, the required joint torques, the smoothness of
the motion, and measures related to energy demand
[4-7]. Previous studies have investigated actuator
sizing based on trajectory requirements and the
combined design of motion, motors, and controllers

are examined from the initial Cartesian task to the
final electromechanical simulation.

An important part of this approach is understand-
ing the difference between geometric reachability and
usable workspace. Geometric reachability describes
where the robot can position its tool within its joint
limits. However, reaching a position does not necessar-
ily mean that the robot can operate there effectively.
For example, increasing the payload changes the
gravitational forces and torques acting on the joints.
It also changes the remaining torque capacity available
for motion. However, it does not change the geometric
workspace when the robot geometry and joint limits
remain fixed.

The translational Jacobian provides additional in-
formation about the robot’s motion capability at a par-
ticular configuration. It can be used to evaluate lo-
cal dexterity, proximity to singularities, and how joint-
position errors affect the tool-center-point (T'CP) po-
sition [11-13]. Therefore, workspace evaluation should
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consider geometric reach, kinematic performance, and
payload-related loading together. The robot configura-
tions used to perform a task also affect the joint torques
required during the motion [14, 15].

A Cartesian task can often be performed using sev-
eral different continuous joint-space trajectories. Al-
though these trajectories produce the required Carte-
sian motion, they may differ in total joint travel, torque
demand, and mechanical work. For example, a trajec-
tory that requires the lowest peak joint-torque demand
may not require the lowest root-mean-square (RMS)
torque or mechanical work. Therefore, selecting only
one inverse-kinematic solution or combining several ob-
jectives into a weighted score too early may hide useful
alternatives [7, 16, 17].

Pareto analysis provides a way to retain these al-
ternatives without assigning preference weights to the
objectives. A trajectory is considered nondominated
when no other evaluated trajectory performs at least
as well in every objective and strictly better in at least
one objective. The resulting nondominated trajecto-
ries represent different compromises among the design
objectives [18, 19].

This paper develops an integrated task-to-actuator
design framework for a six-degree-of-freedom (six-DoF')
robot manipulator. The framework begins by defin-
ing the robot dynamic model, design variables, con-
straints, and evaluation measures. It then character-
izes the robot’s reachable workspace and local motion
capability before generating alternative joint-space tra-
jectories.

The generated trajectories are screened for conti-
nuity and evaluated using four robot-side dynamic ob-
jectives. Pareto analysis is used to retain trajecto-
ries with different torque and mechanical-work char-
acteristics. Workspace-quality measures provide addi-
tional information for interpreting these alternatives,
but they are not included directly in the four-objective
dynamic Pareto calculation.

The retained trajectories are then used to se-
lect suitable motor—gearbox combinations from
manufacturer specifications.  The resulting actua-
tor architectures are evaluated using an integrated
robot—gearbox—permanent-magnet synchronous motor
(PMSM) model. The model includes field-oriented
control (FOC) for motor current regulation and
computed-torque control (CTC) for robot motion
tracking.  All validation results presented in this
study are obtained through MATLAB and Simulink
simulations [20, 21].

The main contribution of this work is a traceable
design framework that connects analysis stages often
considered separately.

In particular, the workspace analysis produces two
different but overlapping classifications: a high-quality
workspace subset and a screened workspace-Pareto
subset. These classifications are obtained in parallel
rather than through successive filtering steps. The ini-
tial trajectory candidates are generated independently
of these classifications. Their starting configurations
are subsequently compared with the workspace sub-

sets, and the complete trajectories are screened for
joint-space continuity and dense Cartesian full-pose
accuracy.

This approach distinguishes the quality of an indi-
vidual robot configuration from the feasibility and per-
formance of a complete trajectory. The framework also
preserves different inverse-kinematic solutions and eval-
uates peak aggregate torque, RMS aggregate torque,
and mechanical work without assigning arbitrary ob-
jective weights. The workspace characteristics of the
candidate trajectories are then interpreted alongside
their dynamic performance. Selected trajectories are
carried forward into actuator architecture selection and
multi-rate closed-loop simulation.

In addition, four letter-E motion scenarios are com-
pared to examine the effects of trajectory corner treat-
ment and actuator architecture on Cartesian tracking.
The comparisons distinguish changes caused by the tra-
jectory within a common actuator and controller con-
figuration from differences involving distinct actuator
architectures. Thus, not every difference in tracking
performance is attributed to trajectory optimization
alone.

The results provide a foundation for future human—
machine interface (HMI) development and the devel-
opment of a collaborative robot (CoBoT). The frame-
work is also intended for extension to the robotic sub-
system of the Multi-Object Spectrograph for Astro-
physics, Intergalactic-medium studies and Cosmology
(MOSAIC) positioner [22] , supporting further devel-
opment of the work reported in [23]. Figure 1 sum-
marizes the proposed methodology. The letter-E task
is introduced in Section 6 as a demonstration of the
general methods.

The remainder of this paper is organized as
follows.  Section 2 defines the manipulator model
and design problem. Section 3 presents workspace
characterization and trajectory generation. Section 4
develops workspace-aware Pareto trajectory evalua-
tion. Section 5 describes actuator selection and the
PMSM-FOC-CTC model. Section 6 presents and
discusses the workspace, trajectory, actuator-selection,
and closed-loop simulation results, including the four-
scenario Cartesian tracking comparison. Section 7
discusses limitations and reproducibility, and Section 8
concludes the paper.

2 System Model

This section introduces the physical and mathematical
models used in the proposed task-to-actuator design
framework. The robot dynamics and friction model
are first defined to determine the torques required at
the joints. The manipulator geometry and payload are
then specified to establish the robot’s motion and load-
ing conditions. Finally, the design variables, operating
constraints, and performance measures are introduced.
These provide a common basis for workspace analysis,
trajectory optimization, actuator selection, and closed-
loop validation in the following sections.
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Phase IV — Multi-objective optimization

Joint distance « mechanical work « Cartesian error « dynamic demand
Pareto set P (no arbitrary weighted collapse)

Phase V - Workspace-aware trajectory optimization

Couple trajectory objectives with workspace quality and dynamic capability along the path

Phase VI - Comparative analysis and validation
using a rigidBodyTree robot model

Selected Pareto solutions + gearbox + PMSM + FOC + CTC
Torque « speed  current « voltage ¢ tracking = payload e stability
Compare trade-offs and apply the finalized framework to the letter-E reference task
Reference Cartesian path versus robot TCP output (rigidBodyTree)

Figure 1: Governing research framework. Workspace
characterization and trajectory analysis feed
workspace-aware Pareto evaluation, actuator ar-
chitecture selection, and electromechanical simulation
validation.

2.1 Rigid-body dynamics and friction

The motion of the manipulator is described by the stan-
dard rigid-body dynamic equation [24]

M(q)q + (g, 9) + 94(q) + 7(4) = 7a, (1)

where ¢, ¢, and § are the vectors of joint positions,
velocities, and accelerations, respectively.

The matrix M(q) represents the robot’s inertia,
which depends on its joint configuration. The vector
¢(q,q) contains the Coriolis and centrifugal torques
associated with joint motion, while g4(¢) represents
the torques caused by gravity. The vector 7¢(¢)
describes joint friction, and 74 is the torque delivered
to the robot joints after the transmission. Equa-
tion (1) shows how the required joint torque depends
on robot acceleration, joint motion, gravity, and
friction. It is therefore used to calculate the torque

requirements of candidate trajectories and to develop
the computed-torque controller.

At this stage, M(q) includes the rigid-body iner-
tia of the manipulator and its attached payload. The
additional inertia introduced by the motors through
the gearboxes is included later in the electromechani-
cal model of Section 5.

For numerical simulation, joint friction is rep-
resented using a smooth Coulomb-viscous model
[25, 26]

T = TCJ tanh ( 9 ) + BUJ*ij, (2)
Us,j
where T, ; represents the Coulomb-friction magnitude
at joint j, B, ; is the viscous-friction coefficient, and
vs,; determines how quickly the friction model changes
around zero velocity. The model contains two friction
components. The first represents Coulomb friction,
which opposes joint motion. The second represents vis-
cous friction, which increases with joint velocity. The
hyperbolic-tangent function provides a smooth approx-
imation of Coulomb friction near zero velocity. Unlike
the sign function, it does not change abruptly when
the joint velocity crosses zero. This smooth transition
reduces numerical switching effects during simulation
while preserving the main behavior of Coulomb fric-
tion at velocities away from zero. It is especially useful
when a trajectory causes a joint to reverse its direction
of motion repeatedly.
The adopted Coulomb-friction parameters are

T.=1[2, 4, 2, 0.8, 0.5, 0.3]7 Nm, (3)
and the viscous-friction parameters are

B, = [0.20, 0.40, 0.20, 0.08, 0.05, 0.03]" Nms/rad,
(4)
with vg = 0.02 rad/s.

These values are engineering assumptions adopted
for simulation. They are not friction parameters
obtained from experimental identification or manufac-
turer measurements. Using the same friction model
throughout the study provides consistent conditions
for comparing the candidate trajectories and actuator
designs.

2.2 Manipulator geometry and payload

The manipulator has six revolute joints. Its joint-

position vector is defined as q = [q1,...,q6]7. The

robot geometry is described using the Denavit—

Hartenberg (DH) parameters, which define the relative

positions and orientations of successive joint frames.
The adopted DH parameters are

a = [0, —0.5068, —0.3616,0,0,0] " m, (5)
d=[0218 0 0 0.1824 0.1361 0.1413]" m, (6)
o =[r/2,0,0,7/2,—7r/2,0]". (7)

The vector a contains the link-length parameters,
d contains the link-offset parameters, and o contains
the link-twist angles. The gravitational acceleration



vector is g = [0,0, —9.81]T m/s%. The tool-center point
(TCP), which is the reference point used to describe the
task, coincides with the origin of frame {6}.

An 18-kg payload is attached to the manipulator.
Its center of mass is located at [0,0,0.163]7 m relative
to frame {6}. The robot geometry and payload remain
unchanged throughout the workspace and trajectory
analyses. Therefore, the optimization does not modify
the robot’s link dimensions or joint arrangement. In-
stead, it identifies feasible joint-space trajectories and
suitable motor—gearbox architectures for the specified
manipulator.

2.3 Decision variables, constraints, and
performance measures

The design framework uses several quantities to eval-
uate robot performance. These quantities are grouped
according to their roles in workspace analysis, trajec-
tory evaluation, and actuator selection. This distinc-
tion is important because a quantity used to describe
workspace quality is not necessarily an optimization ob-
jective or an actuator operating constraint. Workspace
analysis first examines geometric reach, local motion
capability, and payload-dependent joint loading.

Geometric reach describes the TCP positions that
the robot can attain within its joint limits. However,
reaching a position does not necessarily mean that the
robot can perform a task there under the available ac-
tuator limits. For this reason, payload-related joint
torques and available actuator capacity are considered
separately when evaluating dynamic workspace capa-
bility.

Increasing the payload changes joint loading and
the remaining torque capacity available for motion.
However, it does not change the geometric workspace
when the manipulator geometry and joint limits
remain fixed. The translational Jacobian is used
to evaluate local manipulability and proximity to
singular configurations. It is also used to estimate how
small joint-position errors affect the TCP position.
This quantity is called joint-position-error-to-TCP
sensitivity in the present study. Although it was
previously described as “repeatability” during model
development, it does not represent experimentally
measured robot repeatability. Instead, it predicts the
TCP-position variation associated with a prescribed
joint-position uncertainty.

Trajectory performance is evaluated using joint
travel, torque requirements, mechanical work, and
Cartesian tracking accuracy. For a discrete joint-space
path, joint travel is calculated from the accumulated
joint-position increments. The mechanical power at
joint j is

Pj(t) = 7;(t)g;(?)-

The trajectory evaluation uses positive mechani-
cal work and absolute mechanical work as two sepa-
rate measures. Positive mechanical work accumulates
the work performed when joint mechanical power is
positive. Absolute mechanical work accumulates the
magnitudes of both positive and negative mechanical

power. These quantities describe mechanical energy
transfer at the robot joints. They do not represent the
electrical energy consumed by the motors and invert-
ers. Cartesian tracking accuracy is evaluated using the
TCP-position error

ep(t) = [pa(t) =Pl

where pg(t) is the desired TCP position and p(¢) is the
actual TCP position. This error measures the distance
between the desired and actual TCP positions at each
instant.

Finally, actuator feasibility is evaluated using
manufacturer-specified torque, speed, and electrical
operating limits. Peak torque and current ratings
describe the maximum permitted short-duration
operating demands. Continuous ratings describe the
actuator’s ability to sustain loading during longer op-
erating periods. Therefore, satisfying peak operating
limits during a short simulation does not, by itself,
demonstrate that the actuator can operate repeatedly
without excessive heating.

Together, these definitions provide a consistent ba-
sis for workspace characterization, trajectory screen-
ing, multi-objective optimization, actuator selection,
and closed-loop validation in the following sections.

3 Workspace and Trajectories

This section explains two analyses used before trajec-
tory optimization. The first examines where the robot
can reach and how well it can move at different joint
configurations. It considers geometric reach, trans-
lational dexterity, proximity to singularities, payload
loading, and the effect of joint-position errors on the
tool-center-point (TCP) position. The second analy-
sis finds different joint-space paths that can perform a
prescribed Cartesian task. These analyses are carried
out separately and are brought together in Section 4.
A good individual robot configuration does not neces-
sarily lead to a feasible complete trajectory.

3.1 Reachable workspace

For a joint configuration ¢, forward kinematics gives
the TCP position:

p = frk(q). (8)

The geometric workspace is estimated by sampling
50,000 joint configurations within the specified joint
limits. A fixed random seed of 18 is used so that the
numerical sampling can be repeated [27]. The TCP
positions obtained from these configurations are used
to estimate the workspace boundaries, the distribution
of distances from the robot base, and the convex-hull
volume.

The convex hull is an outer envelope around the
sampled TCP positions, not an exact description of
the reachable workspace. A point inside this envelope
is not necessarily reachable or collision-free. Even if



it is reachable, the robot may have poor motion capa-
bility or insufficient dynamic capability at that point
[28]. The 50,000 sampled configurations form a com-
mon reference population for the subsequent analyses
of dexterity, payload sensitivity, and workspace quality.
The numerical results are presented in Section 6.

3.2 Dexterity and singularity analysis

The translational Jacobian J,(q) relates joint velocities
to the TCP’s linear velocity:

p=Ju(q)g- (9)

The Jacobian is used to examine how easily the
robot can produce TCP motion in different directions.
Let its singular values be ordered as

g1 Z g9 2 3. (10)
The smallest singular value is
Omin — 03. (11)

It describes the weakest local direction for generating
translational velocity. As oy, approaches zero, the
configuration approaches a translational kinematic sin-
gularity.

Translational manipulability is defined as [12]

py = y/det (J,JT) = 010203, (12)

and the translational condition number is

Omax
Ky = . 13
! Omin ( )

Manipulability describes the overall local ability to
generate TCP translation, while the condition number
indicates how evenly this ability is distributed across
directions. A small opin, low ., or large k, indicates
an unfavorable aspect of local translational motion ca-
pability. These quantities describe translation only;
they do not, by themselves, establish dexterity for the
complete six-dimensional TCP pose.

Random sampling provides a broad picture of
workspace quality but may miss small regions close
to singularities. To investigate such regions more
closely, targeted numerical refinement starts from
the 20 sampled configurations with the smallest oy
values. The resulting statistics and refined singularity
assessment are reported in Section 6.

3.3 Payload and joint-position-error
sensitivity

Payload loading is evaluated separately from geo-
metric reach. For each sampled configuration, the
joint torques caused by the payload are calculated
and compared with the available actuator torque
capability. Payload sensitivity describes how much
the required joint torque changes when payload mass
changes [29, 30]. This analysis identifies configurations
that place greater demands on the actuators. Payload

loading can reduce the torque reserve available for
motion and therefore affect the dynamically usable
workspace. However, it does not change the geometric
workspace when the robot geometry and joint limits
remain fixed.

The effect of joint-position errors on TCP position
is examined separately. For a small joint-position error
dq, the first-order approximation is [31]

op =~ Jo(q) dq. (14)

The analysis assumes an independent joint-position
uncertainty of 1 arcmin for each joint at every sampled
configuration. The resulting measure estimates how
these joint-position errors may affect TCP position. It
is a model-based sensitivity measure, not an experi-
mentally measured repeatability value. The payload-
loading and TCP-sensitivity results are reported in Sec-
tion 6.

3.4 Multi-metric dexterous-workspace
screening

A reachable configuration is not necessarily a good con-
figuration for performing a task. Each sampled con-
figuration is therefore assessed using four measures:
translational manipulability, minimum singular value,
payload-sensitivity norm, and TCP-position sensitivity
[32].

These measures describe different properties and
use different units. They are first normalized using
percentiles, with the preferred direction of each mea-
sure taken into account. The normalized measures are
then combined with equal weights into a composite-
quality index. This gives a single score for compar-
ing their combined characteristics. The upper nominal
10% of the composite-quality distribution is retained
as the high-quality workspace subset. These configu-
rations have relatively favorable combined kinematic,
payload-loading, and positioning-sensitivity character-
istics.

A separate multi-objective dominance screening is
also applied to the workspace measures [15]. Instead of
combining the measures into one score, this method
retains configurations that offer different advantages
across the individual measures. The composite-quality
ranking and the dominance screening are two parallel
classification methods. Their retained subsets can over-
lap; one is not produced by further filtering the other.
The screened-Pareto subset is the result of the adopted
screening procedure, not a proven exact Pareto frontier
for every sampled configuration. Section 6 compares
both subsets with the full sampled population.

3.5 Candidate trajectory generation

Trajectory generation begins with a prescribed se-
quence of Cartesian positions and orientations. The
procedure is general and does not depend on a partic-
ular demonstration shape. Multiple inverse-kinematic
starting guesses, or seeds, are used to find different
joint-space paths for the same Cartesian task.



At each prescribed pose, inverse kinematics finds
joint configurations that satisfy the pose and joint-
limit requirements. Solutions are then followed from
one pose to the next using starting guesses that favor
continuity. This avoids choosing only one inverse-
kinematic branch before the alternatives have been
examined. Successive configurations are connected
only when they satisfy the specified joint-space conti-
nuity requirements. The resulting candidate paths are
intended to avoid large jumps between incompatible
inverse-kinematic branches.

These candidate trajectories are generated inde-
pendently of the high-quality and screened-Pareto
workspace classifications. In particular, the trajectory
seeds do not result from successively reducing those
workspace subsets. Their membership in the preferred
workspace subsets is checked afterward. This makes
it possible to compare the quality of an individual
starting configuration with the feasibility of the entire
path. Each retained joint path is an alternative way
to perform the Cartesian task. The paths are carried
forward for dynamic and workspace-aware evalua-
tion instead of being ranked only by their starting
configurations [11].

3.6 Inverse kinematics, continuity and
timing

The desired Cartesian pose path is written as

{pa(u), Ra(u)},

where pg(u) and Rg(u) are the desired TCP position
and orientation, and u identifies progress along the
path.

Inverse kinematics finds joint configurations whose
forward-kinematic pose approximately matches the de-
sired pose [11]:

u € [0,1], (15)

Ts(q) = "To - (16)

Continuity is examined using the change between
consecutive joint configurations:

Agr = Qi1 — Qs (17)

where ¢ and ¢r41 are neighboring configurations
along a candidate path. A large isolated change
may indicate a jump between incompatible inverse-
kinematic branches. Such branch-scale jumps are
rejected rather than treated as acceptable physical
motion. Passing the joint-space continuity check is not
sufficient by itself. Interpolation between the original
samples may still produce unacceptable TCP position
or orientation errors. Therefore, continuous candidate
paths are checked again at densely sampled points
against the prescribed Cartesian full-pose tolerances
before dynamic evaluation.

All accepted candidates use the same duration, T' =
6 s, and a consistent timing convention. For a smooth
timing law wu(t), joint velocity is

._dq. .
¢= -, (18)

and joint acceleration is

§= 20+ i, (19)

These equations show how the joint-space path and
the timing law together determine joint velocity and
acceleration. Thus, path construction and timing can
be described separately while preserving the required
Cartesian position and orientation [16]. The common
duration and timing convention allow the accepted tra-
jectories to be compared consistently in Section 4.

4 Workspace-Aware Trajectory
Optimization

Section 3 described the workspace and generated alter-
native joint-space paths for the same Cartesian task.
This section compares the accepted paths using the
robot’s required joint torques and mechanical work.
Workspace-quality measures are retained to help in-
terpret the results.

The aim is not to choose a single path by assigning
weights to different objectives. Instead, the method
retains trajectories that represent useful trade-offs for
later actuator selection and closed-loop testing. At
this stage, the dynamic calculations use the robot-side
model; motor, gearbox, and electrical-drive models are
introduced in Section 5. The four-objective Pareto
comparison does not directly include the workspace-
quality measures.

4.1 Candidate lineage and continuity-
preserving evaluation

The multi-seed inverse-kinematic method in Section 3.5
generates several joint-space paths for the same task.
Each path keeps its original identifier C%, where k is
the source-candidate number. This label allows a can-
didate to be followed through later screening and eval-
uation; it is not a performance rank.

Before calculating dynamic performance, the joint-
space continuity of each candidate is checked. The size
of the change between neighboring joint configurations
is

di = llass — arll (20)

A large isolated dj can indicate a jump between
incompatible inverse-kinematic branches rather than
a continuous robot motion. The screening method
uses the observed separation between the maximum
joint increments of continuous and discontinuous
paths. Percentile-based jump ratios provide additional
diagnostic information.

Paths that pass this test are represented by piece-
wise cubic interpolation. Their interpolated motion is
then checked at many closely spaced points to confirm
that both TCP position and orientation remain within
the prescribed tolerances between the original samples.
Only paths that pass both the continuity and dense
full-pose checks are used for dynamic evaluation. All



accepted paths have the same duration, 7" = 6 s, and
use a consistent timing convention. Section 6 reports
how many candidates pass each screening stage.

4.2 Robot-side dynamic objectives

For each accepted trajectory, the joint torques required
to perform the motion are calculated from the robot
dynamics in Eq. (1):

Treq(t) = M(q)d + c(q,q) +gq(a) + 77(q).  (21)

Four objectives are used to compare the mechanical
demands of the trajectories. Two describe joint-torque
demand, and two describe mechanical work. Define
TN (t) = ||Treq(t)|l2 as the magnitude of the complete
six-joint torque vector, and P;(t) = 7;(t)¢;(t) as the
mechanical power at joint j.

All four objectives are minimized:

1 T
fu = (). i
(22)
6 6
fs = ;/{)TmaX(Pj(t%O)dt fa= ;/OT |P;(t)| dt
(23)

The first objective, f1, is the largest aggregate joint-
torque demand during the motion. The second, fo, is
the root-mean-square (RMS) aggregate torque demand
over the full trajectory. Both use the magnitude of
the six-joint torque vector, not the torque of only one
joint. The third objective, f3, adds the positive me-
chanical work at the robot joints. The fourth, f4, adds
the magnitudes of both positive and negative mechan-
ical work. These are robot-side mechanical quantities,
not electrical-energy consumption: motor and inverter
losses and regenerative efficiency are not included.

A path with a smaller peak torque may still re-
quire greater RMS torque or mechanical work. Keep-
ing the four objectives separate makes these trade-offs
visible. Joint travel, Cartesian pose error, acceleration,
and workspace-quality measures are used for screening
and interpretation, but they are not additional objec-
tives in this dynamic Pareto comparison.

4.3 Pareto dominance and representa-
tive trajectories

The accepted paths are compared using the four
objectives in Egs. (22) and (23). A trajectory may
perform better in one objective and worse in another
[33]. Multi-objective optimization allows these com-
peting alternatives to be retained [18, 34, 35]. The
objectives are not combined into a weighted sum.
Such a sum would require choosing relative preferences
among quantities with different meanings and units.
In addition, a weighted-sum approach may miss some
nondominated solutions in a nonconvex objective
space [18, 34].

For minimization, trajectory a dominates trajectory
b if a is no worse in every objective and is strictly better
in at least one. Mathematically, for f;, 7 =1,...,4, this
is written as

fila) < fi(b), Vi,
fia) < fi(b),
The dominance relation is denoted by a < b. A candi-

date is nondominated if no other evaluated candidate
dominates it. The nondominated set is

. (24)
for at least one 3.

P = {c:Pbsuch that b < c}. (25)

These definitions follow standard Pareto principles [18,
19, 34, 35].

The dominance rule is applied only to candidates
that have passed both joint-space continuity and dense
Cartesian full-pose checks. The resulting set is there-
fore nondominated among the evaluated candidates. It
is not claimed to be globally optimal among all pos-
sible robot trajectories. Original candidate labels are
kept throughout the process. For example, C3 and C24
mean source candidates 3 and 24; the numbers are not
ranks. Different representatives can be selected from
the nondominated set according to their strengths, such
as lower peak torque, lower RMS torque, or lower me-
chanical work [18, 34]. No single representative is au-
tomatically best for every objective.

Workspace-quality measures from Section 3 are
then used to interpret the dynamically favorable paths.
They help identify whether a path passes through
configurations with poor local dexterity or unfavorable
payload or TCP-position sensitivity. These measures
provide additional context; they do not enter the
four-objective dominance calculation. The retained
representatives are carried forward for motor-gearbox
sizing and closed-loop validation. Section 6.1.3 reports
the selected candidates and the specific results for C3
and C24.

5 Actuator and Electromechani-
cal Model

Section 4 identifies joint-space trajectories that differ
in required torque and mechanical work. This section
uses those requirements to select motor—gearbox com-
binations and examine how they perform in an elec-
tromechanical simulation. Instead of considering only
the largest torque value, the selection uses each joint’s
torque, velocity, and acceleration throughout the mo-
tion. Candidate motors and gearboxes are checked
against manufacturer limits at each joint. The feasible
choices are then combined into complete six-joint ac-
tuator architectures and compared using system-level
measures. Finally, the selected architecture is eval-
uated using a permanent-magnet synchronous motor
(PMSM) model with field-oriented control (FOC) and
computed-torque control (CTC). C3 and C24 are com-
pared using the same actuator architecture and con-
troller settings. This ensures that differences within



this comparison are not caused by changing the hard-
ware or retuning the controller.

5.1 Actuator Requirements from the
Retained Pareto Trajectories

For each retained trajectory, the robot-side joint-torque
demand is calculated from the rigid-body model in Sec-
tion 2:

Treq = M(q)d + ¢(q,q) +g¢(a) + 77(q).  (26)

For each joint, actuator screening examines the
torque, velocity, and acceleration over the entire
trajectory. A single static-load value or maximum
torque value cannot describe all these demands. The
two retained trajectories also place different demands
on the actuators. C3 has the lower peak aggregate
joint torque, while C24 has lower root-mean-square
(RMS) aggregate torque and lower mechanical-work
objectives. Therefore, a motor—gearbox combination
is accepted only if it meets the requirements of both
trajectories.

For a reduction ratio IV; and gearbox efficiency 7,
motor speed and delivered joint torque satisfy

Wm,j = Nj(jja Td,j = anTe,j~ (27)
Here wy, ; is the motor speed, T, ; is the electromag-
netic torque produced by the motor, and 74 ; is the
torque delivered to the joint through the gearbox.
When the gear ratio is constant, motor acceleration
equals N;¢;. Equation (27) describes how the gearbox
changes speed and transmitted torque. The addi-
tional torque needed to accelerate the motor rotor
is considered separately through reflected inertia in
Sections 5.2 and 5.5.

5.2 Gear-Ratio Search and Joint-Level
Feasibility

The motor and gearbox reduction ratio are selected to-
gether because each affects the suitability of the other.
For a given joint load, a larger reduction ratio generally
allows the motor to produce less torque. However, it
also requires the motor to rotate and accelerate faster.
In addition, it increases the motor rotor inertia as seen
from the robot joint:

Jret,j = Jm,i N7, (28)

where J,, ; is the inertia of the motor rotor. Thus, in-
creasing the gear ratio can help transmit the required
torque but also increases the effective inertia that must
be accelerated. Selecting a suitable ratio therefore re-
quires balancing torque capacity, motor speed, reflected
inertia, gearbox ratings, and the remaining operating
reserve.

The search tests available manufacturer motor—
gearbox combinations and reduction ratios against
both retained trajectories. For each joint, it checks
peak and continuous motor-torque ratings, maximum
motor speed, gearbox torque and input-speed limits,

and the specified mechanical safety margins. A combi-
nation is rejected if it fails any required check for either
trajectory. The continuous-torque check provides an
initial assessment of sustained loading, but it does not
prove that the motor can operate repeatedly without
overheating. Motor voltage and current are evaluated
later with the PMSM-FOC model; they cannot be
determined from mechanical ratings alone.

Only motor—gearbox combinations that pass the
joint-level checks are used to build complete six-axis
architectures. Thus, actuator selection is based on
more than gravity loading at rest or the maximum
torque of one trajectory.

5.3 Six-Joint Architecture Construc-
tion and Pareto Selection

Each joint may have several feasible motor—gearbox
choices. Combining these choices produces different
possible designs for the complete six-joint robot. One
such actuator architecture is written as

A={(My1,N1),...,(Ms, Ng)}, (29)

where M identifies the motor-gearbox choice for joint
j and N; is the corresponding reduction ratio.

Choosing the most powerful actuator for every joint
is not necessarily the best system-level design. It may
make the robot heavier or larger and increase reflected
inertia. Therefore, the six actuators are evaluated to-
gether [3]. First, joint-level choices that are dominated
by other choices are removed to reduce the number
of combinations [18]. The remaining choices are com-
bined using exact Pareto propagation. The resulting
architectures are compared by total actuator mass, to-
tal and worst-joint reflected rotor inertia, a measure of
motor size (motor envelope), and the minimum robust-
ness margin across the architecture.

These measures involve trade-offs. For example, a
design with more available torque may also have greater
mass or inertia. Instead of combining the measures
into one weighted score, the method retains architec-
tures that are not dominated by other evaluated de-
signs [19]. This preserves alternatives with different
strengths. The aim is not simply to choose the largest
actuators, but to find a feasible combination that bal-
ances available capacity against mass, size, and inertia.
Section 6 reports how the search space is reduced and
which architecture is selected for simulation.

5.4 PMSM Electrical Model and Field-
Oriented Control

Passing the mechanical checks does not guarantee
that a motor can produce the required torque without
exceeding its electrical limits. To examine this, the
selected architecture is simulated using the following
surface-mounted PMSM model [36]:

Vg = Rgig + Laiq — weLgig, (30)
vg = Ryiq + Lyiq + we(Laia + Am),  (31)



with electromagnetic torque
3 .
T, = §P)\m2q7 (32)

for Lg = Lq and 4); = 0. Here v4 and v, are the direct-
and quadrature-axis voltages; 74 and 7, are the corre-
sponding currents; R, is stator resistance; Ly and L,
are the axis inductances; w, is electrical angular speed;
Am 18 permanent-magnet flux linkage; and p is the num-
ber of pole pairs.

The adopted FOC strategy keeps the reference
direct-axis current at zero, ij; = 0, and controls ¢, to
produce the requested motor torque [37]. Therefore, a
motor that passes the mechanical checks may still be
unsuitable if the required current or voltage exceeds
the available electrical limits.

The DC-link voltage is Vi = 48 V. With
the adopted space-vector pulse-width modulation
(SVPWM) utilization factor of 0.95, the available peak
dg-voltage magnitude is

48
Vipax = 0.95—— = 26.3272 V. (33)
V3

The current controllers are designed for a 1-kHz band-
width. Their proportional and integral gains are K, ; =
Lw, and K;; = Rsw,, respectively. Here w, is the de-
sign angular bandwidth and L is the inductance of the
relevant axis. Field weakening, which could extend op-
eration beyond the usual voltage-limited speed range,
is not used. The electrical simulation therefore checks
whether the requested motion can be achieved within
the modeled current and voltage limits.

5.5 Inertia-Consistent CTC and Multi-
Rate Validation

The reflected rotor inertia in Eq. (28) is included con-
sistently in the simulated mechanical plant and the
computed-torque model. The augmented joint-space
inertia matrix is

M, (q) = M(q) + diag (Jref,1- - - 5 Jref,6) - (34)

Using the same augmented inertia in the mechanical
plant and controller model prevents an inconsistency
in which motor inertia affects the simulated robot but
is ignored by the controller.

The CTC law combines model-based compensation
with proportional-derivative tracking feedback [38]:

Te = Ma(q) [qd + Kd(qd - QI) + Kp(qd - q)]
+c(q,q) +gy(a) +75(q), (35)

where qq, qq, and {q are the desired joint trajecto-
ries, and K,, and Ky are the position- and velocity-
error gain matrices. The controller computes the joint
torque needed to follow the reference while compensat-
ing for the modeled dynamics. The gain values used
in the reported scenario comparisons are specified in
Section 6.2. C3 and C24 are tested with the same ac-
tuator architecture and controller configuration. As a

result, their comparison is not affected by changes in
hardware or controller gains.

The coupled robot—gearbox—PMSM-FOC-CTC
simulation uses different update rates for different
parts of the system [39]. The mechanical plant and
electrical equations are integrated every 25 pus. The
motor current controller is updated every 50 us, while
the outer trajectory and CTC controller are updated
every 6 ms. Cartesian tracking is compared at the
common 6-ms sampling times. The faster signals are
also retained so that short-duration peaks in motor,
inverter, and actuator demands can be checked.

The complete task-to-actuator sequence is summa-
rized as

Pareto trajectories

l

joint dynamic demands

1

motor—gear-ratio search (36)

{

architecture Pareto set

I
PMSM-FOC-CTC validation.

The final simulation checks whether the selected
trajectories and actuator architecture remain feasible
when gearbox effects, motor electrical behavior, con-
troller action, and operating limits are included. Its
results describe performance under the specified simu-
lated task and operating conditions. They do not prove
that the system is suitable for repeated thermal load-
ing or that it will achieve the same performance on a
physical robot.

The preceding sections introduced measures for
workspace geometry, motion capability, robot dynam-
ics, actuator selection, and closed-loop tracking. Each
serves a different purpose. Table 1 summarizes what
these quantities mean and how they influence design
decisions. It also provides a guide for interpreting the
results in the next section.

6 Results and Discussion

This section follows the main stages of the proposed
framework: workspace analysis, trajectory screening,
dynamic Pareto evaluation, actuator selection, and
closed-loop validation. The workspace and initial tra-
jectory studies identify possible robot configurations
and alternative joint motions. A separate experiment
then compares four letter-E trajectories to examine
how rounding corners and selecting optimized trajec-
tories affect Cartesian tracking. The letter E contains
straight segments, changes in direction, and a reversal.
These features make it useful for examining tracking
near changes in path geometry. The original trajectory
benchmark has not been shown to be identical to
the later letter-E reference. For this reason, the two
experimental stages are discussed separately.



Table 1: Principal quantities in the integrated task-to-actuator framework.

Analysis area

Quantity / measure

Physical meaning

Influence on design / interpretation

‘Workspace

Spatial bounds (z,y,
Radial reach
Convex-hull volume

z) Sampled TCP positions extents
TCP distance from robot base

TCP positions outer envelope

Defines sampled workspace limits.
Characterizes manipulator reach.
Summarizes extent of workspace.

‘Workspace quality

Omin

o

Ko

Payload-induced torque

Payload-sensitivity n
[[6p]| for prescribed &

Composite-quality index
Screened workspace-Pareto

subset

The least singular value of J,
Translational manipulability

Jacobian condition number
Additional payload joint loading

orm Torque change per unit payload
q Joint-error-to-TCP sensitivity
Normalized workspace metrics
Configurations retained by
screening

Low o,in indicates proximity to a trans-
lational singularity.

Low p, indicates reduced translational
dexterity.

Large Kk, indicates poor conditioning.
Distinguishes loading limits from geomet-
ric reach.

Shows payload-sensitive configurations.
Shows position-sensitive configurations.
Identifies high-quality workspace regions.
Retains alternative workspace-quality
trade-offs.

Trajectory genera-
tion

IK feasibility

Aqy, di
Joint travel

Pose and joint-limit satisfaction

Inter-sample joint displacement
Accumulated joint displacement

Removes infeasible configurations.

Detects branch discontinuities.
Measures joint-space motion economy.

Robot dynamics

J1 = max [1req ()]l

fo = RMS{||7req (t)|2}

3
fa

Dynamic Pareto set P

Peak aggregate torque
Sustained aggregate torque
Positive mechanical work
Absolute mechanical work
Nondominated trajectories

Minimizes worst-case dynamic loading.
Minimizes sustained torque loading.
Measures positive work demand.
Measures total bidirectional work.
Preserves dynamic trade-offs.

Workspace-aware  firaj(X) Trajectory-performance de- Characterizes path-level performance.
evaluation scriptors
Sws(X) Path-sampled workspace de- Identifies unfavorable workspace expo-
scriptors sure.
Path-level comparison Dynamic results with workspace Supports interpretation; not an addi-
descriptors tional Pareto objective.

Actuator design

Motor—gearbox choic
Gear ratio IV;
Gearbox efficiency n
Py

Continuous motor torque

Peak motor torque
Gearbox torque /
speed

e M; Motor—gearbox selection
Transmission reduction ratio
Transmission efficiency
Capacity-to-demand ratio
Continuous torque capability
Transient torque capability

input Transmission capacity limits

Determines actuator characteristics.
Trades torque, speed, and inertia.
Relates motor and delivered joint torque.
Measures worst joint-level reserve.
Screens sustained-duty loading.

Enforces peak-torque feasibility.
Prevents gearbox overload.

Electrical drive

id, iq

Motor current rating
Vinax = 26.3272 V
Vic =48V

Direct- and quadrature-axis cur-
rents

Permissible current demand
Available peak dq voltage
DC-link voltage

Produces torque with ¢}, = 0.

Screens electrical loading.
Enforces voltage feasibility.
Defines inverter voltage availability.

Closed-loop valida-
tion

Reflected inertia Jyqf

Cartesian RMSE
Cartesian MAE
Maximum Cartesian

Peak-torque compliance

Voltage compliance

Continuous-rating
sions

Joint-referred motor inertia

RMS TCP-position error

Mean absolute TCP error

Peak TCP-position error

Peak torque versus allowable
limit

Voltage demand versus Vimax

error

excur- Time above continuous rating

Ensures plant—controller consistency.

Measures overall tracking accuracy.
Measures average tracking deviation.
Measures worst-case tracking error.
Verifies closed-loop torque feasibility.

Checks modeled voltage-limit compli-
ance.
Flags potential thermal-duty concerns.

6.1 Workspace, Trajectory, and Elec-
tromechanical Results

6.1.1 Workspace Characterization and Dy-
namic Capability

The workspace analysis examined 50,000 joint
configurations. Each configuration represents
one robot posture, not a complete trajectory.

The sampled frame-6 TCP positions covered =z €
[—1.059742,1.075896] m, y € [—1.056034, 1.049982] m,
and z € [—0.844823,1.276308] m. The sampled radial
reach ranged from 0.044223 to 1.295706 m, with a
mean of 0.661485 m and a median of 0.653378 m.
The convex hull enclosing the sampled positions had
a volume of 4.978539 m?, as shown in Fig. 2(a). This
volume describes an outer envelope, not a region that
is necessarily fully reachable, collision-free, or equally
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suitable for motion. In particular, the convex hull
may cover gaps and non-convex boundaries within the
actual workspace.

The sampled positions also differed greatly in local
motion capability, as shown in Fig. 2(b). The smallest
sampled singular value of the translational Jacobian
was 1.5207 x 1072 m, and its median was 0.185154 m.
Median translational manipulability was 0.054636 m?>.
The median Jacobian condition number was 3.8703,
while the largest finite sampled value was 418.51. None
of the randomly sampled configurations fell below the
chosen near-singularity threshold of 10~ m. However,
a targeted numerical search found a much smaller sin-
gular value of 4.41 x 1077 m. This result shows that
random sampling can describe general workspace be-
havior but still miss a small region close to a singu-
larity. Therefore, a position being reachable or lying



inside the convex hull does not guarantee good kine-
matic conditioning.

Payload loading and sensitivity to joint-position
errors provide further information about reachable
configurations. With the 18-kg payload, the largest
sampled gravity torque from the robot and payload
occurred at J2 and was 408.09 Nm. The payload
alone contributed approximately 210.28 Nm at J2,
giving a peak payload sensitivity of 11.682 Nm/kg.
Adding a payload changes the torque required and
the remaining actuator reserve, but not the geometric
reach of a robot with fixed geometry and joint limits.
Assuming independent joint-position uncertainty
of 1 arcmin, the median calculated TCP-position
sensitivity was 0.2543 mm and the largest sampled
value was 0.4747 mm. These values are model-based
predictions, not measurements of robot repeatability.

The 50,000 sampled configurations were classified
in two separate but overlapping ways. A composite-
quality score placed 5,001 configurations in the upper
nominal 10% group. A separate multiobjective
screening retained 1,094 screened workspace-Pareto
configurations, or approximately 2.19% of the orig-
inal sample. The composite score combines several
favorable properties into one ranking. In contrast,
Pareto screening retains configurations that offer
different trade-offs among those properties.  The
membership check found 686 configurations in both
groups, 4,315 only in the high-quality group, 408 only
in the screened-Pareto group, and 44,591 in neither.
Thus, 686 of the 1,094 screened-Pareto configurations
also belonged to the high-quality group. The 1,094
configurations form a screened Pareto population.

Figure 3(a) shows where the two groups occur in the
sampled workspace. Figure 3(b) shows the trade-off be-
tween distance from translational singularity and pay-
load sensitivity, together with the composite-quality
score. Because the groups overlap only partly, neither
classification replaces the other. A single quality score
can hide configurations that perform well on one par-
ticular measure, while Pareto membership alone does
not reproduce the composite ranking. The counts of
5,001 and 1,094 refer to individual configurations, not
complete trajectories. They are not successive filter-
ing stages that produce the 24 trajectories considered
below.

6.1.2 Candidate Joint-Space Realizations and
the Letter-E Demonstration

The workspace results above describe individual robot
postures. Completing a Cartesian task, however, re-
quires an ordered sequence of joint configurations that
produces the desired motion. Therefore, the 50,000
configurations, the two workspace groups, and the tra-
jectory candidates must not be treated as one sequence
of numerical reductions. The initial archived Stage-3
study generated 24 candidate joint-space paths using
different inverse-kinematics seeds. The paths were la-
beled C1-C24, and each initially contained 301 joint-
position samples. These labels identify candidates, not
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Table 2: Selected workspace and sensitivity results.

Quantity Value

Workspace samples 50,000

Convex-hull outer-envelope volume  4.978539 m?®

Reach min / max 0.044223 /
1.295706 m

Median omin 0.185154 m

1.5207 x 1073 m
441 x 107 m

Minimum random-sample omin
Refined minimum omin

Median manipulability 0.054636 m>
Median condition number 3.8703

Top-10% composite-quality samples 5,001

Screened workspace Pareto samples 1,094

TCP sensitivity, 1 arcmin: median 0.2543 / 0.4747
/ peak mm

their rankings. The original Cartesian benchmark has
not been established as identical to the later letter-E
reference. The letter-E experiment is discussed sepa-
rately in Section 6.2.

Comparing the trajectory seeds with the workspace
groups gives an important result. Only four of the
24 seeds belonged to the 5,001-member high-quality
group: C3, C17, C23, and C24. Only C3 belonged to
the 1,094-member screened workspace-Pareto group.
FEighteen seeds belonged to a broader preliminary
workspace-Pareto candidate mask, which is different
from the final 1,094-member screened group. Thus,
the 24 paths were not generated by choosing 24
configurations from the screened-Pareto group or by
selecting the 24 highest composite scores. This is
because the letter E is not expected to cover the entire
robot reach and a promising initial posture does not,
by itself, establish that the complete trajectory will be
suitable.

The next test checked whether each candidate
followed a continuous joint-space path. Eleven of the
24 candidates passed: C1, C3, C5, C7, C8, C13, C14,
C16, C17, C19, and C24. The other 13 candidates
(C2, C4, C6, C9-C12, C15, C18, and C20-C23)
contained branch discontinuities. In the corrected
archive, the largest maximum joint-position step
among the accepted paths was 0.059067 rad. Even
the smallest maximum step among the rejected paths
was approximately 4.6084 rad. This large difference
indicates abrupt changes between inverse-kinematic
branches, not merely small differences in workspace
quality. For example, C23 started from a high-quality
configuration but failed the continuity test.

The 11 continuous paths were then checked at more
closely spaced points along the complete Cartesian
pose. Eight paths satisfied both maximum-error limits:
0.1 mm for position and 0.1° for orientation. These
were C3, C5, C13, C14, C16, C17, C19, and C24. The
other three failed the dense-pose test: C1 exceeded the
orientation limit (0.10362°), C7 exceeded the position
limit (0.11072 mm), and C8 exceeded the orientation
limit (0.11581°). These relatively small pose errors
differ from the large joint-space jumps that caused the
first 13 rejections. The result also shows why checking
only the original IK samples and joint continuity is



Sampled workspace and convex-hull outer envelope
Volume = 4.978539 m3

Sampled workspace and local singularity margin

Figure 2: Complementary views of the sampled geometric workspace: (a) the convex-hull outer envelope used
to compute the 4.978539 m3 enclosing volume, and (b) the same sampled workspace colored by the translational
Jacobian minimum singular value. The convex hull is an outer-envelope approximation rather than the exact
usable workspace, whereas panel (b) exposes the variation in local kinematic quality within the reachable set.

Dexterity-oriented workspace screening

Sampled workspace
Top 10% composite quality
o Screened workspace Pareto set

Workspace-quality trade-off: dexterity versus payload sensitivity

Composite quality index

Payload-sensitivity norm [N m/kg]

(b)

Figure 3: Multi-metric workspace-quality screening: (a) sampled workspace with the top-10% composite-quality
subset and screened workspace-Pareto subset; and (b) the trade-off between translational singularity margin and
payload sensitivity, with color denoting the composite-quality index and outlined points denoting the screened
workspace-Pareto set. Together the panels show that geometric reachability alone does not identify the configu-
rations with the most favorable combined kinematic, loading, and positioning-sensitivity characteristics.

not enough to guarantee accuracy between samples.
The initial trajectory seeds were chosen indepen-
dently of the Stage-2 high-quality and screened-Pareto
classifications. They came from workspace config-
urations near the starting Cartesian pose and from
other joint-space alternatives. Their membership in
the two workspace groups was checked after genera-
tion. Most seeds therefore fell outside the preferred
groups without contradicting the workspace analysis.
Stage 2 evaluated the local properties of individual
configurations, including dexterity, payload sensitivity,
and joint-error-to-TCP sensitivity. Stage 3 evaluated
complete paths for continuity and full-pose accuracy.
(23 demonstrates that a high-quality starting config-
uration does not guarantee an acceptable trajectory.
Conversely, C5, C13, Cl4, C16, and C19 passed
both path checks even though their seeds belonged
to neither preferred workspace group.  Favorable
local classification was therefore neither necessary
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nor sufficient for trajectory acceptance. Workspace
analysis helped explain the candidates; it did not act
as an exclusive filter for generating them.

In summary, screening reduced the 24 generated
paths to 11 continuous paths and then to eight paths
meeting dense full-pose accuracy requirements. Can-
didate labels were preserved throughout. The refined
accepted trajectories all have a duration of 6 s.

6.1.3 Trajectory-Level Pareto Results: Origin
and Meaning of C3 and C24

The four objectives in Eqgs. (22) and (23) were calcu-
lated for each of the eight accepted trajectories. Apply-
ing the dominance rule in Eq. (24) retained two non-
dominated candidates: C3 and C24. Their labels refer
to the original IK candidates. Their objective values,
rather than their label numbers, explain why both were
retained.

C3 had the lowest peak aggregate torque norm,



Stage-3 multi-objective screening: adopted nondominated representatives C3 and C24
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Figure 4: Multi-objective trade-offs reconstructed from
the adopted candidate arrays. C3 and C24 are the two

retained nondominated representatives.

Table 3: Adopted Stage-3 Pareto representatives.

Objective C3 C24
Peak torque norm [N m] 313.605 387.635
RMS torque norm [N m] 132.223  112.812
Positive mechanical work [J] ~ 110.623  106.554
Absolute mechanical work [J]  252.196 231.766

fi = 313.605 Nm. Its RMS torque norm was
132.223 Nm, its positive mechanical work was
110.623 J, and its absolute mechanical work

was 252.196 J. C24 had a higher peak aggregate
torque norm of 387.635 Nm, but lower RMS torque
(112.812 N'm), positive work (106.554 J), and absolute
work (231.766 J). Thus, C3 favors a lower peak torque
demand, while C24 favors lower sustained torque and
mechanical work. Although C24 has lower values in
three objectives, C3 remains better in peak torque.
Neither dominates the other, and the number of
objectives won does not identify one universally best
trajectory. The later C/D experiment compares op-
timized trajectories associated with these candidates
under common hardware and control settings. It does
not claim byte-for-byte identity between all historical
candidate files and the later simulation references.

Both candidates perform the same Cartesian task in
the same amount of time, but they distribute joint mo-
tion and dynamic loading differently. They are there-
fore carried through the same actuator-selection pro-
cedure and later evaluated with the same controller.
This makes it possible to examine whether the Pareto
trade-off remains important after motor, gearbox, and
closed-loop dynamics are considered.

Figure 4 illustrates the trade-off: C3 has the lower
peak torque demand, while C24 has lower RMS torque
and both mechanical-work measures.

and Archi-
Origin and

6.1.4 Motor—Gearbox Search
tecture Pareto Results:
Meaning of A218

The torque and motion demands of C3 and C24 were
used in the manufacturer-constrained search described
in Sections 5.1-5.3. At each joint, motor—gearbox—
ratio combinations had to meet the selected mechani-
cal margin for both trajectories. Exact local dominance
screening then removed choices that could not improve
the system-level objectives. Before this screening, the
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target-margin search contained 1,177,830,720 possible
six-joint combinations. Local dominance reduced the
number to 1,347,192. Exact Pareto propagation across
the joints then produced 468 mechanically nondomi-
nated architectures. This staged procedure avoids de-
tailed simulation of every possible combination by first
removing mechanically inferior designs.

Each architecture surviving the system-level Pareto
analysis received a permanent label Ag. As with tra-
jectory labels, the number identifies the design rather
than its performance rank: A218 means architecture
218. The Stage-5 search did not identify one architec-
ture as best for every purpose. Instead, it retained
representatives based on minimum total mass, total
reflected inertia, largest individual-joint reflected iner-
tia, motor-envelope proxy, largest minimum robustness
margin, and a descriptive balanced distance from the
normalized ideal point. These criteria produced four
distinct representatives: Al, A192, A218, and A457.
All four passed subsequent analytical electrical screen-
ing, with worst screening margins of 1.2136, 1.2927,
1.7083, and 2.0347, respectively. A218 was selected for
detailed PMSM-FOC-CTC simulation and kept fixed
for the C3/C24 comparison. It is therefore a selected
representative of the mechanically nondominated de-
signs, not the 218th-best architecture.

For A218, the reduction-ratio vector is written in a
column-safe form as

N= [80 160 160 160 160 50] . (37)
The gearbox efficiency is n = 0.85. The selected mo-
tors are TBM2G-11526D at J1, TBM2G-09413D at J2,
TBM2G-07613D at J3, and TBM2G-06013D at J4-J6.
The corresponding joint-side continuous and peak ca-
pabilities are reported joint by joint in Table 4, avoiding
an ambiguous long vector notation in the two-column
layout.

The actuator ratings should not be interpreted sim-
ply as a ranking of gravity loads. Section 6.1.1 shows
that J2 experienced the largest sampled gravity torque,
yvet A218 assigns higher continuous and peak ratings
to J1. This is possible because actuator selection de-
pends on the complete torque and speed histories for C3
and C24, as well as gear ratios, reflected inertia, man-
ufacturer limits, robustness margins, and system-level
Pareto objectives. For C3, the archived maximum ab-
solute torques at J1 and J2 were 301.24 and 285.75 N m.
For C24, they were 265.24 and 271.94 Nm. Figure 5
compares these trajectory demands with the selected
actuator capacities.

6.1.5 Electrical,
Validation

Actuator and Closed-Loop

The selected A218 architecture must be distinguished
from the historical hypothetical enlarged H-A/H-B
actuator configurations. H-A/H-B were counterfactual
tests, not additional manufacturer-validated versions
of A218. The original A218 was evaluated with the
PMSM-FOC model in Section 5.4, using a 48-V DC
bus and the 26.3272-V peak dg-voltage limit from



Table 4: Adopted A218 motor—gearbox architecture.

Joint  Motor N n Teont Tpeak
[N'm)] [Nm)]

J1 TBM2G-11526D 80 .85 410.04 986.00
J2 TBM2G-09413D 160 .85 278.80 685.44
J3 TBM2G-07613D 160 .85 167.28 465.12
J4 TBM2G-06013D 160 .85 81.60 227.12
Jb TBM2G-06013D 160 .85 81.60 227.12
J6 TBM2G-06013D 50 .85 25.50 70.975

Trajectory requirement versus A218 joint-side torque capability

1000 4 e C3required  Wmm Continuous capability

C24 required WM Peak capability

Joint torque [N m]

Figure 5: Archived C3/C24 robot-side peak joint-
torque requirements compared with A218 continuous
and peak joint-side capabilities.

Eq. (33). Historical actuator-level audits found that
C3 and C24 satisfied the applicable hard peak-torque
and voltage constraints. However, those checks do not
prove full electrical feasibility for every later simulation
using the G2 controller.

The results also identified short-duration demands
above some continuous ratings. For C3, the continuous-
torque utilization ratios at J1 and J2 were 1.04455 and
1.14519. For C24, the reported continuous-rating peak
ratios at J2 and J5 were 1.19647 and 1.09996. Because
these ratios were defined differently, their numerical
values should not be treated as directly equivalent. A
brief excursion above a continuous rating does not au-
tomatically violate a higher short-duration peak limit.
Nevertheless, it may indicate a thermal concern dur-
ing repeated operation. Since the simulated task lasts
6 s and the applicable hard peak limits were met, these
excursions are reported as thermal-screening indicators
rather than immediate peak-limit failures. Repeated-
duty thermal suitability still requires a validated ther-
mal model and repeated-cycle analysis. The actuator-
level evidence therefore supports short-duration elec-
tromechanical feasibility under the common architec-
ture, not thermal certification.

Current closed-loop tracking evidence. The
Cartesian tracking results reported in this paper come
from the a comparison. Section 6.2 and Table 5 present
the four current results using the same sampling grid
and explain which pairs allow controlled comparisons.
Earlier controller results are not mixed into this table.
The actuator-limit evidence discussed above comes
from separate archived screening and must not be
interpreted as a complete new electrical-feasibility
audit of every current G2 run.
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6.2 Four-Scenario Cartesian Tracking
Comparison

A supplementary FC-ABCD-07 A11-N09 experiment
compares four letter-E motions, each lasting 6 s. Sce-
nario A follows the original sharp-corner path. Sce-
nario B follows its rounded-corner version. Both use
the hypothetical H1 actuator configuration and the G2
computed-torque controller. Scenarios C and D follow
optimized rounded paths associated with C3 and C24,
respectively, using the A218 actuator architecture and
the same G2 controller. The C3/C24 associations fol-
low the current simulation records.

Each simulation contained 240,001 joint-position
samples at 25 ps intervals. These were evaluated
on the common 6-ms controller grid, giving 1,001
samples. Forward kinematics to frame {6} reproduced
the stored desired and actual Cartesian positions. The
largest difference for the reference positions was zero;
for actual positions, it was below 9 x 10~ mm. Both
records passed the reconstruction check. Although the
records have the same model name, their joint-space
references and outputs differ, confirming that they
describe different motions. The C/D values below
come from the separately reconstructed frame-6 arrays
for the current G2/A218 comparison, rather than
earlier Stage-6 tracking metrics.

Table 5 reports Cartesian position errors. At each
time sample, the error is ey = ||pa(tx) — p(tx)|l2- The

1
root-mean-square error is RMSE = N Zei, the
k

1
mean absolute error is MAE = NZek, and the

maximum error is €,,x = Max €x. Allkfour cases use
frame {6} and the same 6-ms grid. Under H1/G2,
rounding the sharp-corner reference reduces RMSE
from 44.5767 to 3.4071 mm, a 92.36% reduction.
Maximum error falls from 264.5737 to 14.2799 mm,
a 94.60% reduction. Figure 6 shows the paths, while
Fig. 7 shows how the errors change over time.

With A218 Architecture and G2 controller gains
held fixed, the optimized C24-associated trajectory
gives a lower RMSE than the C3-associated trajectory:
1.7411 instead of 1.9781 mm, an improvement of
11.98%. Its maximum error is also lower: 2.4612
instead of 4.2737 mm, a reduction of 42.41%. These
results show a difference in tracking between the
optimized trajectories under the same actuator archi-
tecture and controller gains settings. However, the
H1/G2 and A218/G2 groups use different actuator ar-
chitectures. Differences between these groups therefore
cannot be attributed to trajectory optimization alone.
Moreover, small tracking errors do not prove that
every torque, current, speed, voltage, or repeated-duty
thermal limit is satisfied.

Figures 6 and 7 provide two views of the same track-
ing results. The three-dimensional paths show the large
mismatch in sharp-corner Scenario A and the closer
tracking in B, C, and D. The time plots show when
the errors occur: A has a pronounced early transient,
while B reaches its peak later. Under A218/G2, D has



Table 5: Current A11-N09 frame-6 Cartesian tracking results on the common 6-ms grid (7' = 6 s, N = 1001).
A/B numerical association was verified in P135; C/D values are from the separately reconstructed P118/P125
arrays. Architecture differs between the two controlled pairs.

Case Reference geometry Actuator / RMSE [mm] MAE [mm] Max [mm] Comparison
CTC group
A Original sharp-corner E ~ H1 / G2 44.5767 15.7690  264.5737 A versus B
B Rounded-corner E H1 / G2 3.4071 2.4757 14.2799 A versus B
C (C3) Optimized rounded E A218 / G2 1.9781 1.7921 4.2737 C versus D
D (C24) Optimized rounded E A218 / G2 1.7411 1.6535 2.4612 C versus D
Cartesian Trajectory Tracking: Scenarios A-D
A: Sharp E (H1/G2) | RMSE 44.577 mm B: Rounded E (H1/G2) | RMSE 3.407 mm
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Figure 6: Frame-6 Cartesian reference (black dashed) and actual (blue solid) trajectories for (a) sharp E under
H1/G2, (b) rounded E under H1/G2, (c) optimized C3 under A218/G2, and (d) optimized C24 under A218/G2.
All results use the current A11-N09 data on the common 6-ms grid. Fach panel uses an equal spatial aspect ratio;

panel axes are independently displayed.

a lower peak error than C, as reported in the table. The
plotted errors are magnitudes of the three-dimensional
frame-6 position difference, not signed errors along in-
dividual axes. A particular error peak should not be
assigned to a letter-E corner without matching its time
to the corner location.

6.3 Integrated Task-to-Actuator Inter-
pretation

Together, these findings support the integrated ap-
proach introduced in Section 1. First, the 4.978539-m?
convex-hull volume describes an outer geometric enve-
lope, not a guarantee of usable workspace. Dexterity,
proximity to singularity, payload sensitivity, and
TCP-position sensitivity vary across the reachable
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configurations. The targeted singularity search also
shows that random sampling may miss small but
important regions with poor kinematic conditioning.
Second, a Cartesian task can be completed by differ-
ent joint-space trajectories with different dynamic de-
mands. C3 favors lower peak aggregate torque, while
C24 favors lower RMS torque and mechanical work.
Keeping both Pareto alternatives avoids choosing a tra-
jectory too early through a weighted score. Actuator
selection adds another level of trade-offs. Local domi-
nance reduced approximately 1.178 x 10° possible ar-
chitectures to 1.347 x 10% before system-level Pareto
propagation. This reduction shows why selecting a mo-
tor and gearbox separately for each joint is not enough.
The final A218 gear ratios in Eq. (37) and motor ratings
reflect complete-system trade-offs and need not follow



Frame-6 Cartesian tracking error — current G2 comparison

(a) A: sharp E, H1/G2 | RMSE 44.577 mm

(b) B: rounded E, H1/G2 | RMSE 3.407 mm
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Figure 7: Frame-6 Cartesian position-error magnitude e, (t) = ||pa(t) — p(t)||2 for the current A11-NO9 runs: (a)
A, (b) B, (c) C, and (d) D. Panel-specific vertical scales reveal the different error histories; numerical metrics are

compared in Table 5.

the ranking of gravity torque alone.

Finally, differences between the optimized trajecto-
ries remain visible after selecting the hardware and con-
troller. With A218/G2 held fixed, D reduces RMSE by
11.98% and maximum Cartesian error by 42.41% rel-
ative to C. These results do not make C24 universally
optimal or show that one objective alone caused the
improvement. C24 differs in RMS torque, mechanical
work, and the timing of joint demands. The broader
finding is that workspace quality, trajectory choice, ac-
tuator architecture, and closed-loop tracking are con-
nected design decisions. Keeping alternative solutions
until later stages can reveal differences that early selec-
tion would hide.

7 Limitations and Reproducibil-
ity

The proposed framework was evaluated using numeri-
cal simulations rather than experiments with a physical
robot. The simulation model includes robot dynamics,
gearbox effects, permanent-magnet synchronous mo-
tor (PMSM) electrical dynamics, field-oriented control
(FOC), and computed-torque control (CTC). However,
some effects that may influence the performance of a
real robot are not included in the model.

First, the mechanical model assumes that the robot
links and transmissions are rigid. It does not explicitly
consider link flexibility, gearbox compliance, backlash,
or other unmodeled mechanical effects. The friction
parameters are also based on engineering assumptions
rather than experimental measurements. Therefore,
the tracking performance observed in simulation may
differ from the performance of a physical robot.
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Second, the electrical model does not fully repre-
sent inverter losses, magnetic losses, or motor heating.
Field weakening is also not included. Consequently, the
reported torque, current, speed, and voltage results are
valid within the assumptions and limits of the adopted
simulation model. A motor may briefly operate above
its continuous rating without exceeding its permitted
peak rating. However, meeting the short-duration op-
erating limits does not guarantee that the motor can
perform the same task repeatedly without overheat-
ing. Confirming repeated-duty operation would require
a validated thermal model and additional testing.

The mechanical-work objectives used in trajec-
tory optimization also differ from electrical-energy
consumption. They measure the mechanical energy
transferred at the robot joints but do not include all
electrical losses or the effects of energy recovery during
regenerative operation.

Third, the workspace analysis is based on a finite
number of sampled joint configurations, together
with targeted numerical refinement. The calculated
convex-hull volume provides an outer boundary around
the sampled workspace. It does not represent the
exact usable workspace of the robot. Similarly, the
reported measures of dexterity, payload sensitivity, and
tool-center-point (TCP) position sensitivity describe
the configurations examined in the study. They do
not establish the performance of every possible robot
configuration.

The Pareto results are also limited to the candi-
dates, objectives, constraints, payload, and motion
durations considered in the analysis. The screened
workspace-Pareto subset is not a mathematically
proven global Pareto frontier. Likewise, C3 and
C24 are nondominated among the evaluated feasible



trajectories, not necessarily among all possible robot
trajectories.

Fourth, the four-scenario Cartesian tracking
comparison consists of two separate controlled com-
parisons. Scenarios A and B use the same H1 actuator
architecture and G2 controller. Scenarios C and D
use the same A218 actuator architecture and G2
controller.  Therefore, the effects of changing the
trajectory can be examined within each pair because
the actuator architecture and controller remain un-
changed. However, differences between the A/B and
C/D groups cannot be explained by trajectory design
alone, because the two groups use different actuator
architectures.

Finally, the numerical results are supported by pre-
served simulation records, numerical datasets, and au-
dited analysis files. These records allow the reported
calculations and comparisons to be traced to the stored
simulation evidence.

However, the exact binary versions of some histor-
ical simulation models could not be fully recovered or
independently confirmed. Therefore, the study estab-
lishes traceability of the accepted numerical results and
the documented methodology, but does not claim ex-
act byte-for-byte reproduction of every historical simu-
lation. These limitations define what can be concluded
from the present study. They also identify the addi-
tional modeling, thermal analysis, and experimental
validation needed before applying the framework to a
physical robot.

8 Conclusion

This study developed an integrated simulation-based
framework for analyzing the workspace, evaluating
trajectories, selecting motor—gearbox architectures,
and validating the electromechanical performance of
a six-degree-of-freedom (6-DoF) manipulator carrying
an 18-kg payload. The main contribution is a traceable
task-to-actuator design process that considers com-
peting engineering requirements across the different
design stages.

The workspace analysis examined 50,000 sampled
joint configurations. Two separate but overlapping

groups were identified: 5,001 high-quality con-
figurations and 1,094 screened workspace-Pareto
configurations. These results show that a robot’s

ability to reach a position does not necessarily mean
that it has good dexterity, low payload sensitivity, or
favorable positioning capability at that position.

Trajectory generation was evaluated separately
from workspace classification. Of the 24 generated
candidate trajectories, 11 satisfied the joint-space
continuity requirements, and eight also met the dense
Cartesian position and orientation accuracy require-
ments. This shows that starting from a favorable robot
configuration does not guarantee a feasible trajectory
for the complete task.

The four-objective dynamic Pareto analysis re-
tained two nondominated trajectories, C3 and C24.
C3 required the lowest peak aggregate joint torque,
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while C24 had the lowest RMS aggregate torque,
positive mechanical work, and absolute mechanical
work. These results demonstrate the importance of
comparing different performance objectives rather
than selecting a trajectory using only one measure.

Both trajectories were considered during the
manufacturer-constrained  motor-gearbox  search.
Local dominance screening reduced approximately
1.178 x10? possible six-joint combinations to 1.347x 10°
candidates before architecture-level Pareto evaluation.
The A218 architecture was then selected as the
common representative for detailed electromechanical
simulation and validation.

The four-scenario letter-E experiment further
showed how trajectory design affects closed-loop
Cartesian tracking. Under the same H1 actuator archi-
tecture and G2 controller, replacing the sharp-corner
trajectory with a rounded-corner trajectory reduced
Cartesian root-mean-square error (RMSE) from
44.5767 to 3.4071 mm, representing an improvement of
approximately 92.36%. Under the same A218 actuator
architecture and G2 controller, the C24-associated
trajectory reduced Cartesian RMSE from 1.9781 to
1.7411 mm compared with C3, an improvement of
approximately 11.98%.

These results show that changing the trajectory can
improve tracking performance even when the actuator
architecture and controller settings remain unchanged.
However, the differences between the H1 and A218
groups cannot be attributed to trajectory optimization
alone, because the two groups use different actuator
architectures.

Overall, the findings show that workspace quality,
trajectory selection, actuator design, and closed-loop
performance are closely connected. Considering these
factors together, while preserving alternative design so-
lutions, makes it possible to evaluate their combined
effects before selecting a final robot design.

Future work will include experimental validation,
more detailed models of transmission behavior and
electrical losses, repeated-duty thermal analysis, and
performance evaluation under parameter uncertainty
and external disturbances. These studies will help
establish how well the simulation results apply to
physical robotic systems.
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