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Abstract

For a manipulator to realize desired end-effector motion, it is important to
maintain its kinematic capability during motion and avoid approaching singu-
lar configurations. This study proposes an online motion-generation method for
point-to-point motion of redundant manipulators in obstacle-free workspaces
that adjusts the priority between manipulability improvement and goal attain-
ment according to the current state. A reference ellipsoid is updated sequentially
from a path-length budget and the cumulative end-effector path length, and a
manipulability reference position is generated analytically as the support point
of the ellipsoid in the direction of the local manipulability gradient. An adap-
tive weight is then determined from the current manipulability, the predicted
improvement, and the reference distance. Two task-space reference velocities,
null-space posture improvement, and joint constraints are integrated into a
velocity-level quadratic program. Simulations with a seven-degree-of-freedom
manipulator showed that modifying the end-effector path suppressed decreases
in manipulability and enabled the manipulator to reach the goal while vary-
ing the priority of improvement according to different initial states under a
common set of design parameters. In transport experiments, the method gen-
erated paths at 100 Hz without a fixed reference trajectory while maintaining
the end-effector orientation. Comparisons with other methods confirmed that
the proposed method balanced manipulability improvement and goal attainment
under the tested conditions.

Keywords: Manipulability, Redundant manipulator, Adaptive weight, Online motion
generation, Singularity avoidance



1 Introduction

Manipulability is a configuration-dependent measure of a manipulator’s ability to
generate end-effector velocity and is widely used to evaluate proximity to kinematic
singularities [1]. Near a singularity, the available directions of motion are restricted,
and large joint velocities may be required even when the target is reachable. Manipula-
bility has therefore been considered in applications including visually guided grasping,
multi-arm teleoperation, and mechanism design [2—4]. In motion planning for a redun-
dant manipulator, it is necessary not only to satisfy the task requirements but also
to maintain sufficient kinematic capability throughout the motion to realize the
commanded end-effector motion.

One approach is to precompute reachability or dexterity over the workspace.
End-effector positions and orientations are sampled offline and stored together with
performance indices for use during planning. Capability maps and inverse reachability
maps support online queries and robot placement decisions [5, 6]; they have also been
used for posture selection in cooperative transport [7] and for spatial representations
of dexterity [8]. However, covering a broad workspace requires robot-specific sampling
and storage, and the associated cost grows with the resolution and task dimension.
Moreover, because a redundant manipulator can realize the same end-effector pose
with joint configurations having different manipulability values, a workspace index
does not necessarily represent the inverse-kinematics solution branch currently being
followed. It is therefore desirable to evaluate manipulability online from the current
configuration.

Existing methods that account for manipulability can be broadly classified into
control-level methods, which determine motion at each control cycle, and planning-
level methods, which treat the entire path. Control-level null-space projection changes
the joint configuration while preserving a prescribed end-effector motion. Conse-
quently, it can improve manipulability only within the redundancy remaining after
the primary task has been imposed and cannot modify the end-effector path itself.
Quadratic-programming (QP)-based inverse kinematics can simultaneously accommo-
date physical constraints. Zhang et al. formulated manipulability maximization and
joint constraints in a unified QP [9], while Jin et al. proposed a dynamic neural net-
work that solves a velocity-level QP without explicitly computing an inverse matrix
[10]. Dufour and Suleiman modified the path by allowing deviations from a reference
trajectory, but their method requires penalties on deviations from both the reference
trajectory and the reference velocity to be specified in advance [11]. Other methods
have considered acceleration-level objectives and initial velocity [12], or integrated
manipulability, trajectory tracking, and safety constraints into GPU-accelerated non-
convex optimization [13]. NEO, proposed by Haviland and Corke, generates motion
toward a target end-effector pose without requiring a predefined path. Its QP for-
mulation allows the path to change to improve manipulability while satisfying joint
constraints and avoiding obstacles [14]. Thus, control-level approaches include meth-
ods that adjust the joint configuration while preserving the prescribed end-effector
motion and methods that allow the end-effector path itself to change. In the former,
manipulability improvement is confined to the redundancy remaining after the primary



task has been imposed. The latter include methods that permit deviation from a refer-
ence trajectory and methods such as NEO that sequentially generate motion from the
current state toward a target. Reactive generation of this kind can be effective when
motion must respond to state changes during execution, as in obstacle avoidance.

At the planning level, Mari¢ et al. optimized manipulability along a continuous-
time trajectory represented by a Gaussian process [15]. Pardi et al. incorporated path
length and manipulability into the cost of rapidly exploring random tree star (RRT*)
[16], and Shen et al. proposed workspace planning based on closed-loop inverse kine-
matics and an adaptive step size [17]. These methods determine a path through
trajectory optimization or search-tree construction. By contrast, in tasks such as pick-
and-place, where only the start and goal positions are specified and the intermediate
path can be chosen freely, online path generation can use task-space motion, in addition
to null-space posture changes, to improve manipulability. Such tasks require balanc-
ing manipulability improvement, path-length limitation, and goal attainment. Their
relative priorities must therefore be determined according to the current state.

The artificial potential field (APF) method is a representative reactive approach
that generates a direction of motion from the current state without iterative trajectory
optimization or search-tree construction [18]. The attractive effect associated with the
goal can be combined with guidance obtained from an auxiliary goal, a virtual goal, or
a predicted local path [19-22]. Although this structure is well suited to online motion
generation, the relative strengths of multiple motion objectives must be determined.
When guidance vectors conflict, an inappropriate balance can cause excessive detours,
reduced resultant velocity, stagnation, or oscillation; accordingly, methods that incor-
porate a global path or auxiliary guidance have been proposed [23, 24]. When goal
attainment is combined with manipulability improvement, their balance changes with
the current state; the weights should therefore be selected based on the degree to
which each objective is achieved, the resulting path length, and goal reachability.

In our previous work, we proposed a path-generation method that incorporated
into a potential field guidance toward a high-manipulability end-effector position pre-
dicted from the manipulability gradient [25]. That method assigned base weights to
the goal and manipulability-improvement directions in advance and prioritized the
goal direction when they conflicted; it therefore did not determine the priority of
manipulability improvement according to the current manipulability or the potential
for improvement. The present study retains this gradient-based guidance but selects a
manipulability reference position from an ellipsoidal region defined by a path-length
budget. Informed RRT* uses a path-length-based ellipsoidal region to focus sampling
on the subset of the state space that can yield a path shorter than the current best
solution [26]. In contrast, the present study uses an ellipsoidal region that is updated
during motion to generate the manipulability reference position analytically.

Based on the above discussion, this study proposes a potential-based reactive online
motion-generation method that sequentially generates reference velocities in the goal
and manipulability-improvement directions from the current state, without prescrib-
ing an intermediate path in advance. Specifically, a path-length budget is defined from
the straight-line distance between the start and goal and an allowable detour ratio,
and the remaining budget is updated by subtracting the cumulative end-effector path



length. This remaining budget defines a reference ellipsoid from which the manip-
ulability reference position is selected analytically as the point that maximizes the
manipulability predicted from the local gradient. Because this point is the support
point of the ellipsoid in the gradient direction, no discrete search over candidate points
is required. An adaptive weight representing the priority of manipulability improve-
ment is determined from the current manipulability, the predicted improvement at
the reference position, and the reference distance. The path-length budget, adaptive
weight, and potential-based reference velocities respectively determine the admissi-
ble region for reference-position selection, the priority of manipulability improvement,
and the magnitudes of the requested motions; these commands are integrated with
null-space posture improvement into a velocity-level QP subject to joint-position and
joint-velocity constraints. The path-length budget defines the selection region for
the reference position but does not guarantee a strict upper bound on the actual
path length, which is affected by discrete-time control, competition among reference
velocities in the QP, and tracking errors.

The methodological contributions of this reactive online motion-generation method
are as follows:

1. An analytical method for generating, without a candidate-point search, a refer-
ence position that accounts for path-length growth, based on a reference ellipsoid
updated as the cumulative end-effector path length increases and on the local
manipulability gradient.

2. A method for adaptively determining the priority of manipulability improve-
ment from a relative assessment of the predicted improvement over the current
value, without directly using the global maximum manipulability in the weight
calculation.

The proposed method is evaluated in terms of path length, manipulability, and
computation time. The scope is obstacle-free point-to-point motion; the method does
not guarantee global optimality, goal attainment from an arbitrary initial state, or
avoidance of local stagnation.

2 Manipulability Reference Position Generation

This section generates a task-space reference position for improving manipulability
from the current state. The admissible region for the reference position is constrained
by a path-length budget that is updated according to the accumulated path length.

2.1 Task-Space Manipulability Gradient

The relationship between the position and orientation of a manipulator’s end-effector
and its joint coordinates is described by its kinematics.

For a redundant manipulator with n > 3 degrees of freedom, the relationship
among the translational end-effector velocity, angular end-effector velocity, and joint
velocity is expressed as
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where J, € R3*™ and J,, € R3*™ are the translational and rotational components
of the Jacobian, respectively. The basic formulation below addresses point-to-point
motion of the end-effector position and does not constrain the end-effector orienta-
tion as a primary task. Therefore, J,(¢t) = J,(q(t)) is used for both manipulability
evaluation and translational velocity generation, with &(t) = J,(t)q(¢). In Section 5,
the rotational velocity constraint J,,(¢)g(¢t) = 0 is added as an application to a trans-
port task with an orientation constraint. Nevertheless, the translational manipulability
m(t) defined below is used consistently to generate the reference position, adaptive
weight, and motion. Translational manipulability under the orientation constraint,
m.(t), is introduced in Section 5 solely to evaluate the resulting motion. Yoshikawa’s
translational manipulability is

m(t) = \/det(, ()1, (£)7). (2)

This index is proportional to the volume of the translational manipulability ellip-
soid and approaches zero as the manipulator approaches a singular configuration
[1].

The joint-space gradient V,m(t) is evaluated analytically at each control cycle.
Following Park et al. [27], let H,, x(t) = 0J,/0q; denote the derivative of the transla-
tional Jacobian with respect to the kth joint. Each component of the gradient is then
given by

am
G =m0 o[ (O IO T Hus ()] (3)
This analytical expression does not require repeated finite-difference evaluations
and is consistent with formulations based on the manipulator Hessian [28]. The
minimum-norm least-squares solution that maps the joint-space gradient into the
translational task space is defined as

—1

g(t) = (J(®)" Vym(@), 4)

where (-)* denotes the Moore—Penrose pseudoinverse. For a small end-effector dis-

placement Az, the change in manipulability can be approximated as Am ~ g(t)T Az.

Thus, g(t) is not a global mapping determined solely by the end-effector position; it

is a local gradient that depends on the current configuration. Near a singular config-

uration, J,JI becomes ill-conditioned, which may reduce the accuracy of both the
gradient and the first-order prediction.

2.2 Path-Length Budget and Reference Ellipsoid

Modifying the end-effector path to improve manipulability increases the path length
relative to the shortest path connecting the start and goal positions. We therefore
introduce a remaining path-length budget, obtained by sequentially subtracting the
accumulated path length from the path-length budget, and express it as the spatial



freedom available for selecting the manipulability reference position. Let x, and x,
denote the start and goal positions of the end-effector, respectively. The straight-line
distance between them and the path-length budget are defined as

Lin = ng — x|,

()

In an obstacle-free workspace, Ly, is a lower bound on the length of an end-
effector path that reaches the goal. When the allowable detour ratio rgetour is 1, the
initial admissible region for the reference position is the line segment connecting the
start and goal; increasing the ratio expands this region. L.y is a design quantity that
defines the selection region for the reference position, whereas ryetour does not directly
determine the priority of manipulability improvement.

The cumulative end-effector path length L(¢) and remaining path-length budget
B(t) are defined as

Lmax = TdetourLmin, Tdetour = 1.

t—1
Lt) = la(r +1) - z(7),
=0

B(t) = Liax — L(t).

Because the end-effector position at each instant is obtained from the joint state
by forward kinematics, L(t) reflects the actual end-effector trajectory generated up to
that instant rather than a nominal path assumed during planning. B(t) represents the
remaining path-length budget allocated to the path from the current position to the
goal. To select a reference position according to this budget, a candidate x is required
to satisfy

(6)

L(t) + |z — z(t)]| + [log — || < Lmax. (7)
The left-hand side is the sum of the accumulated path length, the straight-line
distance from the current position to the candidate position, and the straight-line
distance from the candidate position to the goal. Thus, this condition requires the sum
of the accumulated path length and the length of the path that proceeds directly to
the goal through the candidate position to be no greater than L, .. Because the set of
points whose summed distances from two fixed points are no greater than a constant
forms an ellipsoid, the admissible region is a three-dimensional ellipsoid defined by the
current position x(t), the goal position x4, and the full major-axis length B(t). This
region is referred to as the reference ellipsoid. Converting the path-length budget into
a spatial region allows the admissible region for the reference position to be treated
directly in task space.
Let D(t) = [, — a(®)ll, et) = (@(t) + @,)/2, and e(t) = (z, — (t))/D(),
and define the major and minor semiaxis lengths as a(t) = B(t)/2 and b(t) =

v/ B(t)? — D(t)?/2, respectively. The shape matrix is

P(t) = b(t)*I + (a(t)®> — b(t)*) e(t)e(t)”. (8)
The eigenvalue of P(t) associated with the goal direction is a(t)?, and the
eigenvalues in the two orthogonal directions are b(t)2. The ellipsoid aligned with



the goal direction can therefore be represented without explicitly constructing a
coordinate-dependent rotation matrix. The admissible region is expressed as

(@ — c(t)"P(t) (@ — e(t)) < 1. (9)
Because B(t) decreases as L(t) increases, the reference ellipsoid progressively con-
tracts toward the line segment connecting the current and goal positions. Early in the
motion, when ample path-length budget remains, the reference position can be selected
from a broad region. Later, after the budget has been consumed, the admissible region
approaches the goal direction. A nondegenerate ellipsoid is constructed only when
B(t) > D(t) > 0. This condition, however, constrains only the length of the geometric
path through the reference position. Because the QP described later simultaneously
accounts for the goal direction, manipulability improvement, and joint constraints, the
actual end-effector does not follow that geometric path exactly. The reference ellip-
soid is therefore a geometric measure for limiting path length and does not strictly
guarantee L(t) < Lyax for the actual path, which is affected by discrete-time control,
competition between the reference velocities, and tracking errors.

2.3 Analytical Computation of the Reference Position

The task-space gradient g(t) provides the local end-effector direction predicted to
yield the greatest increase in manipulability at the current configuration, but it does
not specify how far to move in that direction. This section therefore combines this
local information with the reference ellipsoid to determine the reference position that
maximizes predicted manipulability within the region permitted by the remaining
path-length budget. The manipulability at an arbitrary position « in the ellipsoid is
predicted using the first-order model about the current position,

m(x) =m(t) +g(t)" (x —2(1)). (10)

This model corresponds to a first-order Taylor expansion of manipulability, and

g(t)T (x —x(t)) represents the predicted change in manipulability due to displacement

from the current position. Because manipulability is a nonlinear index that depends

on the joint configuration, this approximation is used as a local model around the

current state. Terms independent of & do not affect the solution; hence, the reference
position that maximizes predicted manipulability is the solution to

max g(t)Tx
= (1)
st. (x—ct)TPt) (z—c(t) <1.

Because the objective is linear and the feasible region is a convex ellipsoid, the
global optimum of this first-order prediction problem can be obtained analytically.
However, the resulting point is not the point of globally maximum manipulability
over the entire workspace; rather, under the local gradient obtained from the current
configuration, it represents the best direction within the remaining path-length budget.
Transforming the ellipsoid into a unit sphere by y = P(t)~*/?(a—¢(t)) shows, through
the Cauchy—Schwarz inequality, that the maximum is attained in the direction of the
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Fig. 1 Reference ellipsoid and manipulability reference position. (a) Conceptual illustration in which
the initial and progressively contracted reference ellipsoids are superimposed in the same plane. (b)
Example evolution of the reference ellipsoid during motion, showing the generated end-effector path,
reference ellipsoids at regular intervals, current position x(t), manipulability reference position @, (t),
and goal position x4.

transformed gradient. Transforming back to the original coordinates yields the support
point of the ellipsoid in the gradient direction:

T (t) = c(t) + M
g(t)" P(t)g(t)
For g(t) # 0, this point lies on the boundary of the ellipsoid. Because the shape
matrix transforms the gradient direction according to the ellipsoid axes, and thus
according to the remaining geometric freedom, the reference position is not simply a
point located a fixed distance along the gradient direction. It can be computed uniquely
through a fixed sequence of operations, without a discrete search over candidate points
or iterative optimization, making it suitable for online motion generation in which
the reference region changes at every control cycle. The predicted value and reference
distance used in the next section are

(12)

Muet (t) = m(t) + g(t)" (2 (t) — 2(2)),
A (t) = [|@m (1) — 2(t)]].

Myer(t) i not the true manipulability guaranteed after moving to the reference
position; it is a predicted quantity used to determine the priority of improvement from
the local gradient. In contrast, d,, (¢) represents the spatial magnitude of the requested
motion in the reference direction and is reflected in the distance-dependent reference
velocity defined in Section 3.2. Figure 1(a) illustrates the concept of the reference
ellipsoid and the manipulability reference position, and Figure 1(b) shows a specific
evolution of the reference ellipsoid during motion. In Figure 1(b), as the generated path
extends, the remaining path-length budget decreases, the reference ellipsoids shown
at regular intervals progressively contract, and the manipulability reference position

(13)



approaches the current position. Consequently, the reference distance d,, (t) decreases,
weakening the velocity request in the manipulability-improvement direction during
the latter part of the motion.

3 Adaptive Online Motion Generation

This section converts the manipulability reference into a state-dependent task-space
command and integrates it with goal-directed motion, null-space posture improvement,
and joint constraints.

3.1 Adaptive Manipulability Weight

Conventional optimization methods that incorporate manipulability into the objective
require its weight to be specified in advance and may require scaling for the motion
under consideration. Moreover, a constant manipulability weight may cause unnec-
essary path modifications when manipulability is already sufficient, while providing
inadequate guidance when the current value is low and substantial improvement is
possible. We therefore determine a tracking weight from the predicted improvement
at the reference position according to the current kinematic state. The predicted
improvement is defined as

Am(t) = myes(t) — m(t). (14)

If Am(t) were used directly as the weight, the predicted improvement would
increase with the distance to the reference position even for the same local gradient
direction, making the weight dependent on the size of the reference ellipsoid and the
allowable detour ratio. We therefore normalize the predicted improvement by the ref-
erence distance d,,(t), thereby removing its direct dependence on the distance to the
reference position, and then divide it by the current manipulability m(t) to obtain
the relative potential for improvement from the current state. Because this quantity
has dimensions of inverse length, it is multiplied by a representative distance dy to
make it dimensionless. To prevent division by zero, small constants £ = 107 m and
em = 1079 are added to the reference distance and current manipulability, respectively.
€m is treated in the same unit system as manipulability. The adaptive weight, with
negative predicted improvements set to zero and an upper bound wyp,,x, is defined as

(15)

do max(0, Am(t)) }
dm (t) + €a) (m(t) + m)
Scenario C in Section 4.2, which has the lowest initial manipulability among the
scenarios evaluated, was used as the reference state for determining the scale of the
adaptive weight. Substituting its initial configuration into Eq. (15) gives the condition
dy < 0.567 m for the weight before clipping not to exceed wyax = 3.0. We therefore set
do = 0.5 m to avoid saturation at the upper bound from the start of the motion and
to retain weight variation as the state changes. In the QP in Section 3.3, the weight
on the tracking term for the goal reference velocity is 1. Relative to this baseline, the
upper bound is set to wpax = 3.0 to prevent the effect of the tracking term for the
manipulability reference velocity from becoming excessive. This upper bound is not

W () = min{wmax, (



an experimentally optimal value, nor does it guarantee that the goal direction always
takes priority. dy sets the scale of the adaptive weight, whereas wpmax sets its upper
bound.

This weight is a measure of the relative predicted improvement normalized by the
distance to the reference position. Because the predicted improvement is obtained from
a first-order model, normalization by the reference distance suppresses the scale effect
caused solely by the remoteness of the reference position and extracts a local improve-
ment trend corresponding to the directional derivative along the reference direction.
Near a singularity, w,,(t) becomes large when improvement is possible relative to the
small current manipulability. Near a local maximum, both the gradient and predicted
improvement become small, and the weight therefore also becomes small. This mech-
anism adjusts the balance between goal attainment and manipulability improvement
from the kinematic state at each control cycle rather than fixing it before the motion.
When no reference position is generated, the gradient is zero, or the calculated weight
is nonfinite, w,,(t) is set to zero.

The path-length budget, adaptive weight, and reference velocity determine the
admissible region for the reference position, the priority of manipulability improve-
ment, and the magnitude of the requested motion, respectively.

3.2 Potential-Based Reference Velocities

This section generates motion commands in the goal and manipulability-reference
directions using a bounded distance-dependent law corresponding to an attractive
potential. The same basic velocity law is used for both directions, with additional
attenuation applied to the manipulability reference velocity near the goal. Define the
goal distance as dg(t) = ||&¢y — x(t)|| and, for d4(t) > 0, the goal direction as u4(t) =
(g — x(t))/dy(t). The goal reference velocity is

2
vg(t) = oy |} - (clg(t)ﬁg—i—ﬂg> ] ug(t). (16)

oy is the nominal speed, and f, is the distance scale of the velocity variation. This
velocity points toward the goal and approaches the nominal speed far from the goal,
while continuously decaying to zero as the end-effector approaches the goal.

For d,,(t) > 0, define the manipulability reference direction as u,(t) = (@, (t) —
2(t))/dmn(t). The terminal attenuation factor based on the goal distance is defined as

2

1(t) = —aO_

dg(t)? +d?

Multiplying the basic distance-dependent velocity by this factor gives the manip-
ulability reference velocity,

(17)

t) + Bm

In this study, o = @y = 0.5 m/s and B, = B, = 0.3 m, and the terminal
attenuation distance is set to d. = 8, = 0.3 m.

2
Um(t) = O‘m’Y(t) ll - (dm(/é)m> ‘| um(t)' (18)

10
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Fig. 2 Distance characteristics of the goal reference velocity |lvg||, the undamped manipulability
reference velocity ||v2, ||, and the damped manipulability reference velocity ||v., ||. The horizontal axis
is the distance to the corresponding goal or reference position, and the vertical axis is the velocity
magnitude. The figure uses dg = dm = d for illustration and does not assume that the two distances
are always equal during the actual motion. The two undamped curves coincide, while damping further
suppresses the velocity command in the manipulability direction near the goal.

The manipulability reference velocity decays to zero as the end-effector approaches
the reference position. In addition, the terminal attenuation factor +(¢) is zero at the
goal, equals 1/2 when d,4(t) = d., and approaches 1 far from the goal. Thus, even
when unused path-length budget remains and the manipulability reference position is
distant from the current position, the command in the manipulability direction weak-
ens as the end-effector approaches the goal. For a fixed goal distance, the magnitude
of the manipulability reference velocity approaches «,,7y(t) as the reference distance
increases. Terminal attenuation is applied only to the manipulability reference velocity
and is not applied again to the adaptive weight.

Figure 2 shows the distance characteristics of the goal reference velocity and
the manipulability reference velocity before and after terminal attenuation. The
manipulability reference velocity before attenuation is denoted by v9,.

When B(t) < D(t) or g(t) = 0, no manipulability reference is generated, and
wm, () = 0 and v,,(t) = 0. To avoid division by zero when computing direction vectors,
the manipulability reference velocity is defined as zero when d,,(t) = 0, and both
reference velocities are defined as zero when d,(t) = 0.

3.3 Joint-Constrained Velocity Optimization

This section converts the two task-space reference velocities into a feasible joint veloc-
ity while using the redundant degrees of freedom to improve manipulability. In addition
to modifying the task-space path, the null space of J,(t) is used to improve the joint
configuration. The null-space projection matrix and reference joint velocity are defined
as

N(t) =I- Jv(t)Jr']v(t)v

@ (1) = kaN(8)Vgm(t).
Because J,(t)N(t) = 0, the null-space reference improves manipulability without
changing the translational motion of the end-effector to first order.

(19)

11



The final joint velocity is obtained by solving

min || J,(£)q(t) — ve(t)[?

q(t)
+ win ()| 1o (1)a(t) — v ()]
+wal| N (1) ~ 4 ()] (20)
+Alla(®)]

st U(t) < q(t) < ult).

The first term requests progress toward the goal, and the second introduces task-
space motion toward the manipulability reference. When the two directions conflict,
wyy, (t) determines their state-dependent balance. The empirically selected values are
k, = 10 and w,, = 1. The third term tracks the null-space reference, whereas the fourth
regularizes the joint velocity with Ay, = 0.1 to suppress unnecessarily large velocity
commands [29]. Because A\; > 0 and the upper and lower constraints are linear, this
problem is a convex QP.

Let g, and g,,,, denote the lower and upper joint-position limits, ¢, the
absolute joint-velocity limits, and At the control period. The elementwise lower and
upper bounds that simultaneously satisfy the joint-position and joint-velocity limits
are

I(t) = max(-élmax, qminA_tq(t)> )

u(t) = min (qmax, e A q(“) :

Both reference velocities decay to zero near the goal, and the additional attenuation
of the manipulability reference velocity suppresses residual improvement commands.
However, because the generated velocity may decrease when the two task-space direc-
tions conflict, the method does not guarantee avoidance of local stagnation or global
goal attainment from an arbitrary initial state.

(21)

3.4 Online Motion Generation Algorithm

Figure 3 shows the structure of the proposed framework, and Algorithm 1 summarizes
the computation at each control cycle. The reference ellipsoid, manipulability refer-
ence, and adaptive weight are updated from the measured joint state and cumulative
end-effector path length.
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Fig. 3 Proposed online motion-generation framework. The QP combines the goal and manipulability
reference velocities with null-space posture improvement, using an adaptive weight for the manipu-
lability objective and enforcing joint-position and joint-velocity limits.

Algorithm 1 Online motion generation based on an adaptive manipulability weight

Input: q(O)v Lg, T'detour) At, €goal, Tmax
Output: ¢*(t)
Initialization:
x, + ForwardKinematics(g(0)), L(0) <= 0, Lmin < ||Zg — 5|, Lmax ¢ Tdetour Lmin
for each control cycle t do
q(t) < MeasureJointPosition()
(z(t), J(t), Ju(t)) < Kinematics(q(t))
if ¢t > 0 then
L(t) < L(t — 1) + [Jz(t) —x(t — 1)
end if
D(t) « ||z, — ()]
if D(t) < €goa1 OF tAt > Thax then
g (t)«<0
Output ¢ (t) and terminate the iteration
end if
(m(t), Vgm(t),g(t)) < ManipulabilityState(q(t), J,(t))
B(t) < Lmax — L(1)
(wn(£), O (1)) < (0,0)
if B(t) > D(t) > 0 and ||g(t)|| > 0 then
E(t) + ReferenceEllipsoid(x(t), x4, B(t))
(T (t), Myer (t), dm (t)) <~ ManipulabilityReference(E(t), g(t), m(t))
W, (t) < AdaptiveWeight(m(t), myet (t), dm (1))
v (t) < Manipulability Velocity ((t), m (t), z4)
end if
v4(t) < GoalVelocity (x(t), z4)
(N(t), @ (t)) + NullSpaceReference(q(t), J,(t))
(L(t), u(t)) < JointVelocityBounds(q(t), At)
q"* (t) + SolveQP(¥)
Output ¢*(t)
end for

13



In simulation, the joint state is updated as g(t + 1) = q(t) + Atg*(¢). In the real-
robot implementation, the joint state measured at each control cycle is used in the next
calculation. The joint-velocity command is updated at 100 Hz. The goal is considered
reached when the distance to the goal position is no greater than cgoa = 0.01 my;
the motion is terminated when this condition is satisfied or the elapsed time reaches
Timax = 30 s.

4 Simulation Results and Discussion

This section evaluates the design parameters and adaptive mechanism of the proposed
method through simulation. First, the allowable detour ratio rqetour is selected from the
trade-off between manipulability improvement and path length. The adaptive weight
based on the normalized predicted improvement is then compared with multiple fixed
weights across different motion scenarios.

The manipulator used in the simulations was a KUKA LBR iiwa 7 R800, and the
simulations were performed in MATLAB 2024a. The control period was At = 0.01 s,
and the joint state was updated at 100 Hz. The joint-position and joint-velocity limits
were set to the specifications published by KUKA [30].

4.1 Allowable Detour Ratio Analysis

This section evaluates the effects of the allowable detour ratio on the actual path
length and manipulability and selects the value used in the subsequent evaluations
based on their trade-off.

Scenario A was used to select the allowable detour ratio. The initial joint config-
uration was q(0) = [—1.800,0.000, 0.000, —1.900,0.000, 1.100, 0.000]” rad, the initial
end-effector position was z, = [—0.090, —0.386,0.486]7 m, and the goal position
was ¢, = [0.510,0.014,0.496]7 m, giving a straight-line distance of Ly, = 0.721
m. A numerical search based on iterative updates along the joint-space gradient
from multiple initial configurations produced an approximate maximum manipula-
bility of mpax = 0.189. Scenario A was configured so that its initial manipulability,
m(0) = 0.099, was approximately half this value. Thus, its initial configuration was
neither highly manipulable nor close to a singularity.

Motion-planning simulations were conducted for Scenario A with

Tdetour € {1.5, 2.0, 2.5, 3.0}. (22)

The reference-velocity parameters, adaptive-weight parameters, null-space term,
and QP coefficients other than the allowable detour ratio were common to all simula-
tions. To verify the effect of modifying the end-effector path in task space, a motion
with the tracking weight of the manipulability reference velocity set to w,, = 0 was
also generated. This setting disabled only the task-space manipulability-improvement
term while retaining goal tracking and null-space posture improvement. For each set-
ting, we recorded whether the goal was reached, the actual path length L, the actual
path-length ratio L/Luyi,, and the mean, minimum, and maximum manipulability
along the path. Mean manipulability was defined as
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Fig. 4 Effect of the allowable detour ratio in Scenario A: (a) end-effector paths and (b) corresponding
time histories of manipulability. The baseline with w;,, = 0 is included for comparison.

1
m = N+1;m(k), (23)

where N is the number of control steps until termination.

Figure 4 shows the three-dimensional end-effector paths generated for Scenario
A at each allowable detour ratio and the corresponding manipulability histories,
together with the reference results for w,, = 0. With w,, = 0, the end-effector path
passed close to the robot, and manipulability fell below its initial value during the
middle portion of the motion. By contrast, the proposed method modified the end-
effector path in the manipulability-improvement direction through the manipulability
reference velocity and suppressed the decrease in manipulability at every allowable
detour ratio. Compared with performing only null-space posture improvement along
a goal-directed path, this result demonstrates that path modification exploiting the
dependence of manipulability on end-effector position is effective in suppressing a
decrease in manipulability along the path.

As the allowable detour ratio increased, the end-effector followed a more curved
path and manipulability tended to improve. Under all conditions using the proposed
method, the minimum manipulability occurred in the initial state, indicating that
a decrease in manipulability during the motion was prevented. A larger allowable
detour ratio increased the reference distance and strengthened v,,(t); a particularly
large improvement was obtained when rqetour was increased from 1.5 to 2.0. For
Tdetour > 2.5, however, the changes in both the path and manipulability became
smaller, indicating diminishing benefits from additional detour allowance.

Table 1 reports the specified allowable detour ratio Tgetour together with the
resulting actual path-length ratio L/ L.

The first row corresponds to w,, = 0; in this case, the manipulability reference
position and allowable detour ratio do not contribute to task-space velocity generation.
The goal position was reached under every condition.
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Table 1 Simulation results for different allowable detour ratios and the baseline with w,, = 0 in
Scenario A.

Tdetour L [m] L/Lymin Mean m  Minimum m Maximum m

Wy =0 0.748 1.04 0.080 0.064 0.120
1.5 0.829 1.15 0.126 0.099 0.142
2.0 0.907 1.26 0.138 0.099 0.149
2.5 0.952 1.32 0.143 0.099 0.156
3.0 0.978 1.36 0.146 0.099 0.159

Table 2 Initial conditions and goal positions for simulation Scenarios B and C.

Scenario q(0) [rad] x5 [m] g [m] Linin [m]  m(0)
B [~1.800, 1.200, 0.500, —0.850, 1.000, 1.100,0.000]7  [0.097, —0.759,0.306]7  [0.497, —0.059, 0.306]" 0.806 0.150
C [~2.000, 0.800, 1.100, —1.900, 0.500, 1.600,0.000]7  [0.221, —0.310,0.385]T  [—0.080, 0.390, 0.385] 0.761 0.053

The actual path-length ratio did not increase in proportion to rqetour Pecause the
allowable detour ratio defines the region from which the reference position can be
selected rather than directly determining the strength of motion in the manipulability-
improvement direction. Increasing rqetour from 2.5 to 3.0 produced only a small
additional improvement in manipulability while increasing the actual path length.
Therefore, Tqetour = 2.5 was selected for the subsequent evaluations based on the
trade-off between manipulability improvement and path length.

4.2 Evaluation of Adaptive Manipulability Weighting

This section verifies whether the adaptive weight based on the normalized predicted
improvement can change the priority of manipulability improvement according to the
motion state. The value Tqetour = 2.5, selected from Scenario A in Section 4.1, was
used for all scenarios. In addition to Scenario A, Scenario B was configured with high
initial manipulability and a long distance to the goal. Scenario C was configured with
low initial manipulability and a strong need for improvement while moving toward the
goal. Table 2 lists Scenarios B and C.

Five settings were compared: the proposed adaptive weight and fixed weights
wy, = 0.5, 1.5, 2.5, and 3.5. The same settings were used across all scenarios. Because
the adaptive weight satisfies 0 < w,,(t) < 3.0, the fixed weights ranged from a low
value to 3.5, which exceeds this upper bound. Reference-position generation, reference
velocities, the null-space term, QP coefficients, and joint constraints were identical
across all settings except for the weight.

Figure 5 summarizes the results for Scenarios A, B, and C, with the end-effector
paths in the left column and the corresponding manipulability histories in the right
column. Although a larger fixed weight strengthens the tracking command for manip-
ulability improvement, it also changes path length and reachability; consequently, the
mean and minimum manipulability do not improve monotonically. With the fixed
weight w,,, = 0.5, the minimum manipulability values in Scenarios A and C were 0.086
and 0.037, respectively, both below their initial values. With the adaptive weight, the
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respective minima were maintained at the initial values of 0.099 and 0.053, suppress-
ing these decreases. In Scenario B, which had high initial manipulability, the actual
path-length ratio with the adaptive weight was 1.11, remaining close to the value of
1.09 for the fixed weight w,, = 0.5, while both the mean and minimum manipula-
bility were higher. However, the goal-reaching time was shorter with the fixed weight
Wy, = 0.5. In Scenario C, which had low initial manipulability, a large detour occurred
immediately after motion onset, producing motion that preferentially compensated
for the manipulability deficit. These results are consistent with the intended behavior
of the adaptive weight: limiting path modification when initial manipulability is high
and prioritizing improvement when it is low. Figure 6 shows the temporal variation in
the adaptive weight for each scenario.

Table 3 summarizes the quantitative results for all scenarios. The time column
gives the time required to reach the goal, and a dash (—) denotes a condition that
failed to reach the goal and was forcibly terminated at 30 s. For the corresponding
condition—Scenario B with the fixed weight w,,, = 1.5—the path-length ratio and
the mean and minimum manipulability were calculated from the data up to forced
termination.

In Scenario A, the mean manipulability with the adaptive weight was lower than
that with the fixed weight w,, = 1.5, but both the actual path-length ratio and goal-
reaching time were smaller. In Scenario C, the adaptive weight produced a longer path
than w,, = 1.5 and thereby achieved higher mean manipulability, while reaching the
goal with a shorter path and in less time than w,,, = 2.5 and 3.5. In Scenario B, w,, =
1.5 yielded high mean manipulability but failed to reach the goal before termination
at 30 s. By contrast, the proposed method with the adaptive weight reached the goal
while suppressing a decrease in manipulability and avoiding unnecessary detours in
the high-initial-manipulability scenario; in the low-initial-manipulability scenario, it
sufficiently improved manipulability and ultimately reached the goal. Although the
adaptive weight did not outperform every fixed weight for every metric, it changed the
priority of improvement according to the state while using common design parameters
across all scenarios, thereby reducing reliance on scenario-specific tuning of a fixed
manipulability weight.

5 Transport Experiments with Fixed End-Effector
Orientation

This section applies the proposed method to a transport task in which a grasped
object is moved from a start position to a goal position while maintaining its orien-
tation. Because the orientation of an object may be constrained when transporting
liquids or precision equipment, a glass containing liquid was used as an example of a
transport task with an orientation constraint. The purpose, however, was not vibra-
tion suppression for liquid transport; neither the amplitude of free-surface oscillations
nor vibration-suppression performance was evaluated. In addition to a standard trans-
port scenario, a scenario in which following a straight-line reference trajectory tends
to bring the manipulator close to a singular configuration was established to compare
the proposed and conventional methods. The generated path was evaluated in terms
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Fig. 6 Time histories of the adaptive weight wy, (t) for Scenarios A, B, and C with the proposed
method.

Table 3 Comparison of adaptive and fixed manipulability weights.

Scenario Wi, L/Lypin  Mean m Minimum m  Time [s]
A Adaptive 1.32 0.143 0.099 7.12
A 0.5 1.04 0.106 0.086 4.99
A 1.5 1.51 0.158 0.099 10.36
A 2.5 2.43 0.178 0.099 23.51
A 3.5 2.48 0.174 0.099 22.40
B Adaptive 1.11 0.153 0.138 7.33
B 0.5 1.09 0.150 0.134 5.64
B 1.5 1.98 0.187 0.150 —
B 2.5 2.48 0.170 0.135 21.82
B 3.5 2.48 0.158 0.115 22.20
C Adaptive 2.07 0.118 0.053 16.41
C 0.5 1.28 0.050 0.037 8.82
C 1.5 1.89 0.091 0.053 14.38
C 2.5 2.55 0.140 0.053 21.04
C 3.5 2.71 0.128 0.053 25.64

of manipulability, end-effector orientation error, and computation time to verify the
path-generation capability and real-time feasibility of the proposed method.

5.1 Experimental Setup and Evaluation Metrics

Experiments were conducted using a KUKA LBR iiwa 7 R800 seven-degree-of-freedom
manipulator, and the proposed and comparison methods were implemented in the
Robot Operating System (ROS). The control system used ROS 2 Humble with an Intel
Core i7-13620H processor. At each control cycle, the current joint position q(t) was
obtained from the robot, and the joint velocity ¢*(¢) was calculated from that state.
The resulting joint velocity was integrated using a control period of At = 0.01 s and
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Fig. 7 Experimental setup using the KUKA LBR iiwa 7 R800, the transported object, and the
coordinate frame.

Table 4 Initial conditions and goal positions for the transport experiments.

Scenario q(0) [rad] z, [m] g [m] m(0)
1 [~0.524,0.524, 0.000, —1.571,0.000, 1.047, —0.524]7  [0.473,-0.273,0.360]7  [0.473,0.127,0.360]7  0.147
2 [~1.512,0.300, 1.354, —1.459, —0.293, 1.615, —0.181]7  [0.400, —0.190,0.614]”  [0.400,0.210,0.614]"  0.058

supplied to the robot as a joint-position command. Figure 7 shows the experimental
setup.

Using the rotational component J,(t) of the six-dimensional Jacobian .J(¢) defined
in Section 2.1, the equality constraint for fixing the end-effector orientation is

J.(ha() = o. (24)

Furthermore, to use joint motion that changes neither end-effector translation nor
rotation for posture improvement, the null-space projection matrix in Section 3.3 was
replaced in the real-robot evaluation by

Ng(t) =1 — J(t)TJ(t). (25)

Apart from these changes, reference-position generation, the adaptive weight, and
the joint constraints were identical to those in the proposed method.

Two experimental scenarios were considered: a standard scenario and a near-
singularity scenario. The standard scenario comprised an initial configuration and
goal position for which manipulability did not decrease substantially even when a
straight-line reference trajectory was used. In the near-singularity scenario, the Jaco-
bian loses rank and manipulability becomes zero at an intermediate configuration on
the straight-line reference trajectory connecting the start and goal positions. Follow-
ing this trajectory would therefore pass through a singular configuration during the
motion. Table 4 lists the two experimental scenarios.

In addition to the proposed method, the comparison included a method that tracks
a straight-line reference trajectory [10] and a method that permits deviation from the
same reference trajectory [11]. The robot model, initial configuration, goal position,
end-effector orientation constraint, joint-position and joint-velocity limits, and control
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period were common to all three methods. Each method was executed once for each
scenario. For the comparison methods, a straight-line trajectory connecting the start
and goal positions was supplied as the reference trajectory. The principal parameters
of the method in [10] were set to the values from the original paper: exy = 0.01,
co =c1 =1, and ¢y = ¢ = 0.01. For the method in [11], & = 5 x 10° and Qpjgn = 10°
were used based on the original paper. A candidate range for Qo was defined in view
of the numerical scale of manipulability for the robot used in this study. From this
range, the value yielding an actual path-length ratio closest to that of the proposed
method was selected separately for each scenario, without using manipulability as a
selection criterion. The selected values were 1650 for Scenario 1 and 1200 for Scenario
2, yielding actual path-length ratios of 1.08 and 1.06, respectively.

To evaluate the translational motion capability available during transport, trans-
lational manipulability under the orientation constraint, m.(t), was introduced in
addition to the translational manipulability m(¢) defined in Section 2.1 [31]. The
orthogonal projection matrix onto the joint-velocity space satisfying the fixed-
orientation condition is

No(t) =1 — J, ) T, (1), (26)
and translational manipulability under the orientation constraint is defined as

me(t) = /et (J, ()N (1) T (1)), (27)
N, (t) constrains rotational motion only and differs from Ng(t), which preserves
both translation and rotation. Both m(t) and m.(t) were computed after the experi-
ments from the same measured joint-position sequence. Motion generation used only
m(t) and its gradient, whereas m.(t) was used solely to evaluate translational motion
capability under the fixed-orientation constraint. The orientation error was defined as
the relative rotation angle from the initial end-effector orientation and evaluated in
degrees. These time-series metrics were evaluated for both scenarios with the proposed
method.

5.2 Experimental Results and Discussion

In this section, the standard and near-singularity scenarios described in Section 5.1
are denoted as Scenarios 1 and 2, respectively.

Figure 8 shows the real-robot motion generated by the proposed method in each
scenario. In both scenarios, the end-effector deviated from the straight line connecting
the start and goal positions before reaching the goal, while its z-axis direction was
approximately maintained. These results confirm that the proposed method generated
a transport path online according to the current state while maintaining the end-
effector orientation.

Figure 9 shows the time histories of unconstrained translational manipulability
m(t) and orientation-constrained translational manipulability m.(t) in the two sce-
narios. Because the two indices have different definitions and numerical scales, their
absolute magnitudes are not directly compared.

In Scenario 1, unconstrained translational manipulability m(¢) improved slightly
during the first half of the motion from its initially high value and then decreased
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(b)
Fig. 8 Snapshots of transport motions generated by the proposed method with a fixed end-effector
orientation in (a) Scenario 1 and (b) Scenario 2. From left to right, the columns show Start, Maximum
deviation, and Goal, where Maximum deviation denotes the instant at which the distance from
the end-effector position to the straight line connecting the start and goal positions was greatest.
Blue markers indicate the current end-effector positions, green lines indicate the end-effector z-axis
directions, red lines indicate the paths traversed, and red arrows indicate the directions of motion.

as the end-effector approached the goal. Under the specified goal position and fixed
end-effector orientation, the remaining redundancy provided limited scope for further
improvement in manipulability, which likely contributed to the decrease near the end
of the motion. These results show that the manipulator reached the specified goal posi-
tion while improving manipulability during the motion. In Scenario 2, manipulability
improved without falling below its initial value, confirming that path modification and
the use of redundant posture by the proposed method were effective for transport from
a low-manipulability state.

Translational manipulability under the orientation constraint, m.(t), reached its
maximum in the first half of the motion and then decreased in Scenario 1, whereas it
increased from the initial state to the end of the motion in Scenario 2. Thus, on the
trajectories generated from m(t) in these experiments, m.(t) exhibited corresponding
increasing and decreasing trends. This result does not establish a general relationship
between the two indices and is presented only as an observation under the present
experimental conditions.

Table 5 lists representative evaluation metrics for the three methods.

In Scenario 1, the proposed method outperformed both comparison methods in
the mean, minimum, and maximum values of both unconstrained and orientation-
constrained translational manipulability. In particular, for the method in [11], selecting
Qiow = 1650 to make its actual path-length ratio as close as possible to that of the
proposed method resulted in an identical ratio of 1.08 for both methods. The higher
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Fig. 9 Time histories of translational manipulability in each scenario with the proposed method.
The solid lines show unconstrained translational manipulability m(¢) on the left vertical axis, and the
dashed lines show translational manipulability under the orientation constraint m.(t) on the right
vertical axis. The vertical dotted lines indicate the maximum-deviation instants shown in Figure 8.

Table 5 Experimental comparison of the proposed method with the methods in [10] and [11]
under a fixed end-effector orientation.

Scenario Method Mean m  Minimum m  Maximum m  L/Lyi, Mean m, Minimum m, Maximum m,
1 Proposed 0.142 0.131 0.149 1.08 0.0351 0.0327 0.0367
1 Jin et al. [10] 0.131 0.122 0.147 1.00 0.0327 0.0308 0.0361
1 Dufour and Suleiman [11]  0.139 0.129 0.148 1.08 0.0345 0.0324 0.0364
2 Proposed 0.094 0.058 0.111 1.07 0.0247 0.0143 0.0309
2 Jin et al. [10] 0.086 0.058 0.112 1.00 0.0230 0.0133 0.0313
2 Dufour and Suleiman [11]  0.107 0.058 0.117 1.06 0.0299 0.0143 0.0324

Note: Both comparison methods optimize manipulability. Jin et al. [10] impose trajectory tracking as an
equality constraint, whereas Dufour and Suleiman [11] allow deviations from the reference trajectory.

manipulability achieved by the proposed method under this condition suggests that, in
this scenario, generating a path from the current state without using a fixed reference
trajectory produced an end-effector path effective for manipulability improvement.
In Scenario 2, which began at low manipulability, the proposed method achieved
higher mean values for both manipulability indices than the method in [10]; the min-
imum unconstrained translational manipulability was comparable, and the minimum
orientation-constrained translational manipulability was higher. The maxima of both
indices were slightly lower than those of that method. Compared with the method in
[11], the proposed method had lower means and maxima for both indices and compa-
rable minima. Although the proposed method does not maximize every manipulability
metric, it reached the goal while gradually improving manipulability without falling
below its initial value, as shown in Figure 9.

These results are consistent with the design of the proposed method, which balances
manipulability improvement and goal attainment through an adaptive weight based on
the current state and predicted potential for improvement, together with attenuation
of the reference velocity near the goal. Under the present experimental conditions,
the method generated transport paths that balanced manipulability improvement and
goal attainment in two scenarios with different initial manipulability values.
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The maximum orientation error relative to the initial end-effector orientation was
0.000652° in Scenario 1 and 0.0178° in Scenario 2, and the orientation change dur-
ing transport was small in both scenarios. These results confirm that, under the
present experimental conditions, the initial end-effector orientation was approximately
maintained while the end-effector path was modified.

To evaluate real-time feasibility, the computation time per control cycle was
recorded for the proposed method. The mean computation times were 0.458 ms in Sce-
nario 1 and 0.448 ms in Scenario 2, and the maximum computation times were 1.09
and 1.16 ms, respectively. The computation time remained below 10 ms in every con-
trol cycle in both scenarios, confirming that the proposed method could be executed
continuously at 100 Hz.

These results demonstrate that the proposed method generated transport paths
online without a predefined fixed reference trajectory while satisfying the end-effector
orientation and joint constraints. This evaluation was limited to the specified initial
configurations and goal positions and does not guarantee goal attainment from an
arbitrary initial state or global path optimality.

6 Conclusion

This study proposed an online motion generation method for point-to-point motion of
a redundant manipulator that adjusts the balance between manipulability improve-
ment and goal attainment according to the state. A reference ellipsoid was updated
sequentially by subtracting the cumulative end-effector path length from a path-
length budget, and a reference position that maximized the manipulability predicted
by a local first-order approximation within this region was obtained analytically. An
adaptive weight was also defined from the predicted improvement normalized by the
current manipulability and the reference distance, thereby determining the priority of
improvement without directly using the global maximum manipulability in the weight
calculation. These components were integrated with reference velocities that decay
near the goal and null-space posture improvement into a velocity-level QP subject
to joint constraints, forming a framework that generates a path without a predefined
end-effector reference trajectory.

In simulation, the allowable detour ratio was selected from the trade-off between
manipulability improvement and actual path length in Scenario A. Comparison with a
setting in which the weight in the manipulability direction was zero demonstrated that
modifying the end-effector path, in addition to null-space posture improvement, was
effective in suppressing decreases in manipulability during the motion. In comparison
with fixed weights, the adaptive weight used a common set of design parameters
across all scenarios, limited path modification under high-manipulability conditions,
prioritized improvement under low-manipulability conditions, and reached the goal in
every scenario. The results demonstrated reduced reliance on scenario-specific tuning
of a fixed manipulability weight.

In the real-robot evaluation, the proposed method balanced manipulability
improvement and goal attainment while approximately maintaining the end-effector
orientation. In Scenario 1, it achieved higher manipulability than two comparison

24



methods, including one whose parameter was selected to make its actual path-length
ratio as close as possible to that of the proposed method. In Scenario 2, which began
at low manipulability, the comparison method configured using the same selection
criterion achieved higher mean and maximum manipulability; nevertheless, the pro-
posed method also reached the goal while improving manipulability without allowing
it to fall below its initial value. On the experimental trajectories generated using
m(t), translational manipulability under the orientation constraint, m.(t), exhibited
corresponding increasing and decreasing trends. This is an experimental observation
from the two specified scenarios and does not establish a general relationship between
the two indices. The computation time remained below 10 ms in every control cycle,
confirming real-time feasibility at 100 Hz.

The path-length budget in the proposed method is a design quantity that defines
the admissible region for the reference position and does not guarantee a strict upper
bound on the actual path length. Moreover, the evaluation was limited to the specified
scenarios and does not guarantee goal attainment from an arbitrary initial state or
global optimality. Future work will examine applicability and goal reachability over a
broader range of initial states, integration with global planning methods, and extension
to environments containing obstacles.
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