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Abstract

Conventional robot motion teaching methods are time-consuming and place a significant
burden on operators, especially when trajectory modification is required after contact
with the environment. This paper proposes a six-dimensional automatic path correction
method that considers both the position and orientation of the end-effector. The operator
specifies only the start, goal, and via points of the motion path. Contact wrench information
obtained during execution is incorporated into a cost function, and the control points of a
spline-based trajectory are iteratively optimized. The method does not rely on an explicit
environment model and autonomously updates the trajectory based on contact information.
Simulation experiments were conducted on three industrial tasks: part box unloading,
yarn cone removal, and part extraction. In all tasks, the proposed method successfully
generated collision-free trajectories within a small number of correction iterations and with
practical computation time. These results indicate that the proposed approach enables
stable and efficient trajectory correction while reducing the teaching burden in industrial
support tasks.

Keywords: manipulator; path generation; obstacle avoidance; optimization

1. Introduction
Manufacturing environments involve not only core operations like machining and as-

sembly but also auxiliary tasks such as the transportation and placement of parts, materials,
and finished products. Because these auxiliary tasks involve a wide variety of objects and
environments, they are more difficult to automate with robots than core operations; thus,
many production sites still rely heavily on human labor. Against the backdrop of recent
labor shortages, the demand for automating such auxiliary tasks has been increasing. This
study focuses on the automation of motion path generation, with the aim of reducing the
task teaching time for robots, thus alleviating the burden on instructors when introducing
production-support robots responsible for auxiliary tasks.

When introducing robots into production environments, motion teaching is indispens-
able. Existing approaches can be broadly classified into online teaching and offline teaching.
A comprehensive review by Pan et al. [1] summarizes the characteristics and limitations
of conventional teach–playback methods, CAD- or simulator-based offline approaches,
and emerging sensor-based adaptive techniques. This body of work provides a system-
atic overview of how motion teaching has evolved alongside advances in sensing and
modeling technologies.
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In online teaching, operators directly manipulate the robot using a teach pendant
or similar device, and the recorded waypoints are replayed during execution. Because
motions are determined while observing the real environment, this approach can achieve
high positional accuracy. However, online teaching requires the interruption of production
lines and depends heavily on skilled operators. Moreover, its flexibility is limited when
task conditions frequently change—for example, in production environments where many
different products are handled in small batches.

Offline teaching, in contrast, allows robot motions to be designed in advance using
CAD models or virtual environments. Because programming can be performed without
using the actual robot, the need to stop production lines during teaching can be reduced.
Nevertheless, discrepancies between the virtual model and the real environment—such as
calibration errors and positioning inaccuracies—must be compensated for during execution.
As a result, constructing and maintaining highly accurate environment models often
requires significant effort and expert knowledge.

Against this background, the importance of incorporating sensor information to enable
adaptive motion generation has been increasingly recognized. Physical interaction with
the environment provides direct and reliable information about environmental constraints,
without relying on visual/laser sensing or precise geometric modeling. Contact force
sensing offers a key advantage over visual and laser-based approaches in that it is not
affected by occlusion or field-of-view limitations, enabling the robot to directly perceive
obstacles that must be avoided. However, this approach is less suitable for environments
that include fragile or easily movable objects. In addition, it may necessitate compliant
control of the robot, which can introduce further challenges. In this paper, we propose
an approach based on contact force sensing, with a particular focus on leveraging its
aforementioned advantages.

In this study, we propose a method that combines minimal human instruction with
autonomous motion generation. Specifically, only the start pose, end pose, and a minimal
number of intermediate waypoints are provided by the operator. The robot then gener-
ates its trajectory autonomously and incrementally corrects it based on environmental
information acquired during execution.

2. Related Works
In the field of robot motion generation, approaches based on Vision–Language–Action

(VLA) models have attracted considerable attention, aiming to learn general-purpose
policies from large-scale datasets [2]. RT-1 [3] and RT-2 [4] demonstrated end-to-end control
by leveraging vision–language pretraining, while SayCan [5] and PaLM-E [6] integrated
large language models into action generation frameworks. Furthermore, the application of
VLA-based methods to mobile manipulation has also been reported [7].

Although these methods exhibit strong generalization capabilities, they rely on large-
scale data and pretrained models, and they do not explicitly consider frameworks for
incrementally modifying trajectory shapes in response to unexpected contacts that occur
during execution. In contrast to such large-scale pretraining-based approaches, this study
focuses on reliable execution of specific tasks with minimal teaching effort and without
relying on large pretrained models, rather than pursuing broad generalization from the
outset. Therefore, this study first focuses on establishing a robust path generation method
that reliably executes a given task. After confirming its effectiveness, the ability to generalize
the method to different tasks and environments is considered in subsequent studies.

Reinforcement learning (RL) has also been widely adopted as a framework for acquir-
ing control policies through trial and error based on reward functions [8]. For example,
positive rewards may be assigned to goal achievement and negative rewards to collisions
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or failures, enabling robots to learn appropriate behaviors [9]. Deep RL approaches that
directly learn policies from high-dimensional sensory inputs such as visual observations
have also been reported [10]. Furthermore, efforts to improve learning efficiency through
sim-to-real transfer and integration with imitation learning have been investigated [11,12].
However, achieving satisfactory performance generally requires extensive interaction data,
and such large-scale learning may not be efficient for task-specific path generation or
online correction.

In the context of path planning, sampling-based approaches such as RRT [13] and
its optimal variant RRT* [14], along with artificial potential field methods [15], have been
widely adopted. However, these methods typically assume that an accurate model of the
environment and obstacles is available in advance. Therefore, they are not well suited to
situations where the path must be corrected during execution based on contact information
obtained from the robot.

Optimization-based approaches for refining an initial trajectory—such as CHOMP [16],
STOMP [17], TrajOpt [18], and GPMP2 [19]—have demonstrated effectiveness in improving
trajectory smoothness and collision avoidance. Avoidance of contact via task scheduling
has been also discussed [20]. However, in these methods, the distance to obstacles is
essential for generating effective paths, typically requiring a complete environment model.
In contrast, our method leverages local contact feedback via a repulsive cost field instead
of distance information to determine appropriate directions for trajectory modification.

Another line of research focuses on generating motion trajectories based on demonstrated
paths obtained through teaching, rather than optimizing trajectories purely from scratch. For
example, Laha et al. [21] proposed a user-guided constrained path planning method that
utilizes trajectories obtained through online teaching. Based on a successfully demonstrated
trajectory and specified initial and goal positions, their framework automatically generates
motion trajectories for tasks exhibiting similar motion characteristics. In this approach,
obstacle information is incorporated using environmental data acquired from visual sensors.
However, perception based on visual sensing inherently depends on sensor placement and
field of view, and environmental information may become incomplete due to occlusions.

We propose a six-dimensional automatic path correction method that explicitly ac-
counts for end-effector orientation and does not require an explicit environment model
or large-scale prior training. By incorporating contact information obtained during execu-
tion into the cost function, the trajectory is iteratively corrected and progressively refined.
Unlike studies on path generation using contact force (e.g., [22,23]), our method targets
robot task execution in production scenarios and therefore emphasizes simple geometric
trajectory adaptation rather than detailed dynamic modeling of interactions.

The comparison with other approaches discussed above is summarized as follows:

• Large-model- and RL-based approaches can be highly general and powerful; however,
they are not always suitable for rapid adaptation to case-specific practical applications.
In contrast, our approach is lightweight and can be adapted quickly.

• Conventional motion planning approaches require explicit object and environment
models. Our approach eliminates the need for such model preparation.

• Vision-based approaches are susceptible to occlusions and limitations in the sensor’s
field of view. In contrast, our approach relies solely on contact information and is
therefore unaffected by visual occlusions.

• Existing contact-based motion generation methods have not been specifically designed
for auxiliary motion generation tasks in manufacturing environments.

The main contributions of this study are summarized as follows:

• A six-dimensional trajectory correction framework considering both position
and orientation;
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• A model-free formulation without explicit geometric environment models;
• An incremental correction strategy based on contact information during execution.

The effectiveness of the proposed method is verified through simulation.

3. Problem Definition
In this study, we address a motion path generation problem for the end-effector of a

six-degree-of-freedom manipulator in three-dimensional space, considering both position
and orientation (six degrees of freedom), while holding an object with a gripper, as shown
in Figure 1.

object

obstacle

rotation axis

contact wrench 𝑭𝑐 ∈ ℝ6

force 𝒇𝑐

moment 𝒏𝑐

goal

start

Figure 1. Contact information observed at collision between object and obstacle.

Regarding the robot and its environment, we make the following assumptions:

• The robot does not have an environmental model (shapes of objects and obstacles).
• The robot can detect collision between the object and an obstacle by its force/

torque sensor.

Contact is detected as wrench FC ∈ R6 at the end-effector, which consists of force
and moment indicated by orange and blue arrows, respectively, and is supposed to be
estimated from either a force–torque sensor on its wrist or torque sensors at the six joints.
The force component of the contact wrench is used to judge the detection of force, where a
certain threshold is applied to the norm of the force for the judgment.

The objective is to automatically modify an initial path that is determined by a human
operator and generate a collision-free path such that the object held by the robot does
not come into contact with obstacles. To determine initial path, the operator once sets a
start pose, a goal pose, and intermediate waypoints (not mandatory). A continuous path
curve is then obtained by spline interpolation of these points. During path correction, no
prior information—such as an environmental model—is used. Instead, the method relies
solely on the end-effector pose at the moment of contact and the contact wrenches obtained
from the sensors.

4. Contact-Based Path Generation
4.1. Representation of Path Curves

The path curve is represented as a six-dimensional curve consisting of the end-
effector’s position and orientation. The representation of the position and orientation
is shown in Figure 2. The start pose, goal pose, and via poses specified by the instructor
are referred to as control points. Each control point is defined by the end-effector position
p = (x, y, z) and the end-effector orientation r = (ϕvx, ϕvy, ϕvz), and expressed as the
following vector, where, ϕ denotes the rotation angle from the initial orientation, and
v = (vx, vy, vz) represents the rotation axis:
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x =
[

x y z ϕvx ϕvy ϕvz

]T
(1)

The shape of the path curve is defined by a set of N control points x ∈ R6, denoted as
X = {xi | i = 1, · · · , N} (control point sequence). The path curve is generated by applying
spline interpolation to the control point sequence X.

－

Figure 2. Representation of position and orientation.

4.2. Contact Information

An overview of the contact information is illustrated in Figure 1. The contact pose of
the manipulator end-effector at the i-th contact is denoted by xc

i ∈ R6 and is defined by the
contact position pc

i ∈ R3 and the contact orientation rc
i ∈ R3 as follows:

xc
i =

[
pc

i rc
i

]T
. (2)

The contact wrench at the i-th contact is denoted by Fc
i ∈ R6 and is defined by the force

f c
i ∈ R3 and the moment nc

i ∈ R3 acting on the end-effector, as follows:

Fc
i =

[
f c
i nc

i

]T
. (3)

The contact information used for path correction is defined as

ci = (xc
i , Fc

i ). (4)

4.3. Procedure for Automatic Path Correction

An overview of the overall procedure for path generation is illustrated in Figure 3. In
the proposed method, a collision-free motion path is generated by iteratively repeating
path following, acquisition of contact information, and path correction. First, the operator
specifies an initial sequence of control points X init for initial path generation. This sequence
is set as the control point sequence for path following, denoted by Xfollow, and the manipu-
lator follows the motion path generated from these control points. During robot motion,
contact with obstacles is monitored. When a contact is detected, the contact information at
that moment, denoted by ci, is acquired and recorded in the contact information history C.
The contact information history is defined as

C = {ci | i = 1, · · · , Nc}, (5)

where Nc denotes the number of contact events. Next, an objective function L that reflects
the contact information history C is defined, and the control point sequence X is updated by
solving an optimization problem that minimizes this objective function, thereby correcting
the path:
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X∗ = arg min
X

L(X, C). (6)

The optimized control point sequence X∗ is then set as a new control point sequence
for path following, Xfollow. After returning the robot to the start point of the path, the same
procedure of path following is performed again. By repeating this process, the motion path
is gradually corrected based on the accumulated contact information until a collision-free
path is obtained. On the other hand, if no contact is detected during path following, a
goal-reaching condition is evaluated, and the path generation process is terminated when
the robot reaches the target position.

Set the initial path 𝑿init

Start path generation

Follow the path 𝑿follow

Contact

End the path generation

Modify the path 𝑿∗

Yes
No

𝑿follow ← 𝑿init

𝑿follow ← 𝑿∗

Reach
No

Yes

Return to starting position

Contact information
𝒄𝑁𝑐 = 𝒙𝑐 , 𝑭𝑐

𝑪 = 𝒄𝑖|𝑖 = 1,⋯ ,𝑁𝐶

Figure 3. Path generation process.

4.4. Path Correction via Optimization

In this study, the path is corrected by updating the control point sequence X, which
represents the shape of the path, through minimization of an objective function L defined on
X. By incorporating the contact information history C into the objective function L, a control
point sequence is generated so as to avoid the position and orientation at which contact has
previously occurred. The Nelder–Mead method is employed as the optimization algorithm
to solve the resulting optimization problem [24]. The reason for this is that the cost function
includes orientation-dependent terms that make gradient computation difficult, and the
method is known to be robust in low-dimensional settings. The objective function used for
path correction is composed of four cost functions Gi (i = 1, 2, 3, 4), defined with respect to
the following criteria:

1. Collision avoidance based on contact information.
2. Deviation between the via points of the corrected path and those of the initial path to

keep the corrected path close to the taught path.
3. Total length of the generated path.
4. Uniformity of the interval between adjacent control points in the pose space.

The cost function G1 reflects the contact information history C and penalizes re-contact
at positions and orientations where contact has previously occurred.The cost functions
Gi (i = 2, 3, 4) are designed to correct and regularize the overall path shape. Each cost
function is weighted by a coefficient αi (i = 1, 2, 3, 4), and the objective function L is defined
as the weighted sum of these cost functions:

L(X, C) = α1G1(X, C) +
4

∑
i=2

αiGi(X) (7)

In the following subsections, the detailed definitions of each cost function are described.
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4.4.1. Cost Function Incorporating Contact Information

The cost function G1 is designed to generate a path that avoids contact at the position
and orientation where contact has occurred previously. Specifically, it is formulated such
that the cost becomes high in regions that are likely to contain obstacles that caused the
contact. To evaluate this cost along the path, a set of poses is sampled along the path at
regular intervals, and these sampled poses are referred to as evaluation poses. The cost
G1 is then defined as the sum of the costs evaluated at these evaluation poses. As a result,
the value of G1 increases for paths that enter high-cost regions. Consequently, a path that
does not enter such regions is generated, enabling avoidance of re-contact at previously
contacted poses. Based on this concept, we define the cost function G1 as follows:

Let the sequence of evaluation poses along the path be Xq =
{

xq
k | k = 1, · · · , Nq

}
,

where xq
k ∈ R6 denotes the k-th evaluation pose and Nq is the number of evaluation poses.

Each evaluation pose represents the position and orientation of the end-effector and is
written as xq

k = (pq
k, rq

k), where pq
k ∈ R3 and rq

k ∈ R3 denote the position and orientation
components, respectively. The path is obtained by spline interpolation of the control point
sequence X. Therefore, each evaluation pose xq

k can be computed from X. Since G1 is
defined as the sum of the costs Gq

1 at the evaluation poses, it can be written as

G1(X, C) =
Nq

∑
k=1

Gq
1
(

xq
k(X), C

)
. (8)

The point-wise cost is defined using the contact information c. Because multiple contact
events may be available after the second and subsequent corrections, a cost g1 is defined
for each contact information instance c. For an evaluation pose xq, we compute g1(xq, c) for
all contact information instances, and the maximum value is used as the cost at xq, denoted
by Gq

1(xq, C):
Gq

1(xq, C) = max
i=1,··· ,Nc

g1(xq, ci). (9)

The cost function g1 is designed to avoid contact with obstacles by encouraging
corrections of either the position or the orientation of the end-effector. Based on the contact
information, g1 is defined as the sum of a cost gp

1 that promotes position correction and a
cost gr

1 that promotes orientation correction, as follows, where, wp
1 and wo

1 are weighting
parameters for the position- and orientation-related contact information, respectively:

g1(xq, c) = wp
1 gp

1 (pq, c) + wo
1gr

1(xq, c) (10)

In the following text, we describe the definitions of the cost terms for position correction
and orientation correction, respectively.

Cost for Position Correction

First, we describe the position-related cost gp
1 of the cost function g1. An example

of the position-related cost gp
1 is illustrated in Figure 4. The cost gp

1 is designed to avoid
regions where obstacles are predicted to exist by correcting the end-effector position. Since
an obstacle is expected to exist in the direction opposite to the force f c acting on the
end-effector at the time of contact, the cost is constructed such that it decreases along the
direction of the force by employing a bump function centered at the contact position pc.
The shape of the bump function is illustrated in Figure 5. Meanwhile, in the directions
perpendicular to the force, the cost gp

1 is defined using a Gaussian function, so that it
smoothly decreases as the distance from the contact position increases.
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gp
1 =

3

∏
i=1

gp
1,i, 0 ≤ gp

1 ≤ 1 (11)

gp
1,1(pq, c) = exp

1 − 1

1 −
(
(z1
(

pq, c)− µp
)
− γp

βp

)2

 (12)

gp
1,i(pq, c) = exp

(
−

z2
i (pq | c)

2σ2
p

)
, i = 2, 3 (13)

The parameters βp, γp, and σp are predefined constants, where βp controls the width of the
bump function, γp determines the location of its peak, and σp governs the smoothness of
the transition.

Here, zi(pq, c) (i = 1, 2, 3) are defined as follows: Let m1 = f c/∥ f c∥ denote the unit
vector in the direction of the force. Let m2 and m3 be orthonormal vectors spanning the
plane perpendicular to m1. Then,

z1(pq, c) = m1 · (pq − pc), (pc, f c) ∈ c (14)

zi(pq, c) = mi · (pq − pc), (pc, f c) ∈ c, i = 2, 3 (15)

－

－

Figure 4. Cost of position.

−− − − −

Figure 5. Bump function.

Cost for Orientation Correction

We describe the orientation-related cost gr
1 of the cost function g1. The cost gr

1 is
designed such that, when the end-effector contacts an obstacle, the cost takes a large value
if the orientation is rotated toward the direction where the obstacle exists, with the contact
orientation as a reference in the vicinity of the contact position. To this end, the following
three cost terms are designed and used for orientation correction, where the rotation axis

https://doi.org/10.3390/robotics15060108
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and rotation angle of the orientation change from the contact orientation rc to the evaluated
orientation rq are denoted by vq and ψ, respectively:

1. hv: A cost that decreases as the rotation axis of the orientation change approaches the
axis of the moment.

2. hψ: A cost that decreases as the magnitude of the orientation change increases.
3. hp: A cost that takes a large value in the vicinity of the contact position.

First, we define the rotation-axis-related cost hv. In order to rotate the orientation
in a desirable direction to avoid contact with the obstacle from the contact orientation, a
preferred rotation axis is required. The cost hv is designed to encourage rotation about
this preferred axis. Here, the preferred rotation axis vc is defined using the moment nc

as follows:
vc =

nc

∥nc∥ . (16)

Next, we define the cost hψ for evaluating the magnitude of the orientation change. Let
ψ denote the rotation angle between the contact orientation and the evaluation orientation,
computed using quaternions. To promote rotation about the axis encouraged by hv, the
cost hψ is defined such that it decreases as the rotation angle increases:

hψ(rq) =
1

1 + exp
(
aψψ

) , (17)

where aψ is a gain (constant). Furthermore, to promote orientation changes in the vicinity
of the contact position, the cost hp is defined as follows:

hp(pq) =
1

1 + exp
(
−ap(zo − bp)

) , (18)

where ap is a gain (constant) and bp is a parameter. The scalar variable zo is defined
as follows:

zo = ∥pq − pc∥. (19)

Based on the above definitions, the orientation correction cost gr
1, which promotes

orientation changes in the vicinity of the contact position, is defined as follows:

gr
1(xq) = hp(pq)

(
hv(rq) + hψ(rq)

)
. (20)

4.4.2. Cost Function for Path Shape Correction

Next, we describe the cost functions for correcting the path shape based on evaluation
criteria 2–4. In these cost functions, a weighting matrix W is applied in distance calculations
to adjust the relative scales of position and orientation. Let wp and wo denote the weights
for position and orientation, respectively. The weighting matrix is defined as follows:

W = diag(wp, wp, wp, wo, wo, wo). (21)

Since the objective of the proposed automatic path correction is to perform local
modifications of the path, large deviations from the initial path may hinder path generation.
Therefore, the cost function G2 is defined such that the cost increases as the difference
between the initial control point sequence X init and the generated control point sequence
X becomes larger:

G2(X) =
N−1

∑
i=2

(xi − xinit
i )TW(xi − xinit

i ). (22)
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To reduce unnecessary motions of the manipulator, the motion path should be as short
as possible. Accordingly, the cost function G3 is defined such that the cost increases as the
path length becomes larger:

G3(X) =
NT−1

∑
k=1

(xq
(k+1) − xq

(k))
TW(xq

(k+1) − xq
(k)). (23)

When control points are modified through path correction, adjacent control points may
become too close to each other or overlap, which can hinder path generation. Therefore,
the cost function G4 is defined such that the cost becomes smaller as the spacing between
adjacent control points becomes more uniform:

G4(X) =
N−1

∑
i=1

|di(i+1) − dave|. (24)

Here, the distances are defined as follows:

dij = (x(j) − x(i))
TW(x(j) − x(i)), (25)

dave =
1

N − 1

N−1

∑
j=1

dj(j+1). (26)

4.5. Automatic Control-Point Insertion

As contact information accumulates, the directions of the forces assigned to nearby
contact positions may contradict each other. In such cases, the number of control points
may be insufficient to appropriately represent the desired path shape. Therefore, this
subsection describes an evaluation criterion for determining whether additional control
points are required based on the accumulated contact information, as well as an automatic
control-point insertion method based on this criterion. The insertion decision is applied to
control points excluding the start and end points, and at most one control point is added in
a single path correction process.

For the control-point insertion decision, only the position information of the control
points and contact information—namely, the force and the contact position—are used.
As illustrated in Figure 6a, focusing on a control point pi, contact positions pc located
within a distance dr from pi are extracted, and their set is defined as C′. Next, a method for
evaluating inconsistencies among the contact information included in C′ is described. As
illustrated in Figure 6b, the gradient γ ∈ R3 of the control point pi is computed for each
contact information instance and used for the evaluation. For each contact information
instance, the position cost is evaluated on grid points arranged around the control point
pi. For the linear approximation of cost in the position space R3, 27 grids on the surface
and center (equivalent to pi) of a cube are specified. The gradient vector γ of the position
cost at the control point is then obtained by the least-squares method. Using the directional
differences between the obtained gradient vectors, the degree of inconsistency among
correction directions is evaluated. As an index for this evaluation, the following evaluation
function E is defined:

E =
1
2

(
1 −

γj · γk

∥γj∥ ∥γk∥

)
, 0 ≤ E ≤ 1. (27)

A larger value of E indicates a greater inconsistency between correction directions de-
rived from different contact information. For each control point, the maximum value Ei is
computed, and the maximum value among all control points is defined as follows:

https://doi.org/10.3390/robotics15060108
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Emax = max
i

Ei. (28)

The control point that attains Emax is denoted by pimax . If Emax exceeds a predefined
threshold Eth, it is determined that an additional control point is required, and a new
control point is inserted based on pimax . The values E = 0, 1/2, and 1 correspond to the
cases where the angle between the two vectors is 0 deg, 90 deg, and 180 deg, respectively.
In our implementation, Eth is set as 1

2 to regard a 90 deg difference in angle as the condition
to add a new control point.

In this study, each control point is treated as a six-dimensional point consisting of
position and orientation. As illustrated in Figure 6c, a new control point is inserted at
one of the midpoints of the path segments adjacent to the control point pimax identified in
the insertion decision, namely, either the midpoint p− between pimax−1 and pimax , or the
midpoint p+ between pimax and pimax+1. An overview of the control point position selection
method is shown in Figure 6d. Let pc

mid denote the midpoint of the contact positions
that yielded the maximum inconsistency. The insertion position is determined as either
the forward or backward midpoint based on the inner product between the vector from
the control point pimax to pc

mid and the tangent vector u of the path at the control point.
The orientation corresponding to the selected position is then assigned by taking average
orientations of of the control points (generally, spherical linear interpolation is used for
interpolating two orientations based on quaternions, but here we use the Euclidean average
as a linear approximation), and the resulting six-dimensional control point is added to
the path.
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Set of contact positions 
obtained by the addition decision

(d)

Figure 6. Procedure for control-point insertion based on contact information: (a) Extraction of
conflicting contact information. (b) Gradient vector of control points induced by the cost of contact
information c3. (c) Two candidate positions for control-point insertion. (d) Determination of the
control-point insertion position.
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5. Simulation
5.1. Objectives and Conditions

To verify the applicability of the proposed method as a path generation approach for
the end-effector position and orientation of a manipulator, motion path-following simula-
tions of a three-dimensional six-degree-of-freedom manipulator (detailed in Appendix A)
were conducted using the open-source physics engine MuJoCo [25]. Although experi-
mental validation on a physical system is generally desirable, this study was evaluated
solely through simulation. This is because the assessment of contact-related behavior
strongly depends on implementation-specific factors such as actuator performance, control
strategies, and force-sensing mechanisms. These elements should be individually designed
according to the required task accuracy and characteristics, and including such case-specific
implementations may obscure the fundamental properties of the proposed method.

Figure 7 show three different simulation environments and their corresponding taught
paths. Five simulation trials were performed for each environment. In the part box unload-
ing task, the cart was designed to move when the distance between the end-effector and the
cart became smaller than a predefined threshold. In the inverse kinematics calculation, the
orientation error was expressed as an axis–angle vector obtained from the rotation matrix
using the method proposed in [26].

The manipulator has torque sensors at all of its joints, and the information is converted
as a wrench at the end-effector position for collision detection. The torque sensors provide
information at 1 kHz. We used a Nelder–Mead algorithm implemented in the Matlab func-
tion (fminsearch), and its parameters for optimization were set as MaxFunctionEvaluation:
2000 × D, where D denotes the number of control points excluding the initial and target
points, and both TolFun and TolX set as 1 × 10−4. The parameters used in each task are
summarized in Table 1.

Table 1. Parameters used in each task.

(a) Part Box Unloading
Parameter Value Parameter Value Parameter Value

α (1, 1, 2, 2) aψ 20 wp 1
βp 0.1 bψ 0.1 wo 1
γp 0.1 ap 10 dr 0.3
σp 0.5 bp 0.1 dg 0.01
av 5 wp

1 1 Eth 0.5
bv π/12 wo

1 0 Nq 101

(b) Yarn Cone Removal
Parameter Value Parameter Value Parameter Value

α (1, 30, 30, 10) aψ 20 wp 30
βp 0.1 bψ 0.1 wo 0.5
γp 0.1 ap 10 dr 0.05
σp 0.05 bp 0.08 dg 0.01
av 5 wp

1 1 Eth 0.5
bv π/12 wo

1 1 Nq 101

(c) Part Extraction
Parameter Value Parameter Value Parameter Value

α (1, 10, 10, 5) aψ 20 wp 20
βp 0.1 bψ 0.1 wo 0.1
γp 0.1 ap 10 dr 0.1
σp 0.05 bp 0.08 dg 0.01
av 5 wp

1 1 Eth 0.5
bv π/12 wo

1 1 Nq 101
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The implementation of the proposed method, including online path correction, consists
of a path generator and a simulator. The path generator was implemented in MATLAB
2025a, and the generated trajectories were passed to a MuJoCo (Ver. 2.2.1) simulator
implemented in C++ (GCC 11.4.0). All experiments were conducted on a system equipped
with 16 GB RAM, an Intel Core i7-12700 CPU, and an NVIDIA GeForce GTX 1650 GPU.
The GPU was used only for visualization and not for computation.

(a) (b) (c)

Figure 7. Simulation environments: (a) Part box unloading. (b) Yarn cone removal. (c) Part extraction.

5.2. Baseline Method

As described in Section 2, optimization-based path planning approaches such as
CHOMP and STOMP are not applicable to our problem, where model information is not
available. To show this in comparative way, we built a baseline method where contact
information is used just as the proof of obstacle existence around the contact position in
the joint space. In the baseline method, g1(xq, ci) in (9) is replaced by ĝ1(θ

q, θi), where θq

and θi denote the joint angle corresponding to xq and contact ci, respectively. To reflect the
distance between evaluation configuration θq and contact configuration θi, the replaced
cost is defined using a Gaussian function as follows:

ĝ1(θ
q, θi) = exp

(
−∥θq − θi∥2

σ̂2

)
, (29)

where σ̂ denotes the width parameter for the Gaussian, which was set as 0.1 rad. The
baseline method can be regarded as a variant of the proposed approach in which the cost
term based on the contact force direction is removed and replaced with a distance-based
cost in the joint space, as commonly used in optimization-based planning methods. In this
sense, it can be interpreted as an indirect approximation of how model-based methods such
as CHOMP would behave when only collision information is available without an explicit
environment model.

5.3. Results

Table 2 shows the average number of path corrections for each task. Examples of
path corrections can be seen in movies in Supplementary Materials. Figure 8 presents the
simulation results for the part extraction task. These results confirm that the proposed
method can generate paths that avoid obstacles by modifying both position and orientation.
The 3D vectors indicated in each snapshot denote the orientation of the end-effector with
(ϕvx, ϕvy, ϕvz). It can be seen from the figure that it starts from and ends at orientations
with zero rotation, while rotating the object around the z axis in the intermediate postures.

As shown in Table 2, tasks that require corrections in both position and orientation tend
to exhibit a larger number of path corrections. This is because the appropriate amounts of
position and orientation corrections are information that can be acquired by accumulating
contact information. Therefore, to achieve more efficient path correction, it is necessary to
design a cost function that can adjust the correction magnitudes for position and orientation
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according to the magnitudes of the force and moment in the contact wrench. The last
column in the table shows the lengths of the paths finally obtained. Compared with the
initial lengths, the paths became longer as the task complexity increased. However, the
standard deviations indicate that the final path lengths did not vary significantly across
different trials.

Table 2. Number of corrections, computation time, and path length: Mean (SD).

Simulation Corrections Computation Time
per Iteration [s]

Total Computation
Time [s]

Path Length [m]
(/Initial Path Length)

Part Box Unloading 1.6 (0.89) 1.04 (0.25) 1.66 (1.05) 1.42 (0.13)/1.04
Yarn Cone Removal 4.2 (0.84) 2.80 (3.11) 11.77 (8.27) 0.49 (0.11)/0.31
Part Extraction 6 (3.24) 2.48 (2.72) 14.90 (15.72) 3.24 (0.50)/0.52

(0.00, 0.00, 0.00) (0.04, 0.03, −0.69) (0.04, 0.22, −0.22)
(0.00, 0.00, 0.00)

Figure 8. Simulation process (Start → Intermediate 1 → Intermediate 2 → End). Each snapshot
includes the orientation of the end-effector in (ϕvx, ϕvy, ϕvz).

Figure 9 compares the performance of the proposed method and the baseline in the
part extraction task. The red and blue plots correspond to the proposed and baseline
methods, respectively. Circles indicate successful completion without collision, while
crosses denote contact; each point represents the distance traveled until collision or goal
completion. Across three independent runs, the baseline method failed to find a collision-
free trajectory within 10 trials. Although the optimizer attempts to modify the trajectory to
avoid collisions, the absence of directional information in the cost function prevents it from
identifying a feasible avoidance direction. This result highlights the importance of distance-
based information in conventional planning frameworks, demonstrating that the proposed
contact-wrench-based cost can effectively serve as an alternative source of guidance.

Trial
1 2 3 4 5 6 7 8 9 10

P
at

h
	L

e
n
gt

h

0.5

1

1.5

2

2.5

3

Proposed	method	(n=5)
Baseline	(n=3)

End	with	collision
Goal	reached

Figure 9. Motion generation processes with proposed and baseline methods (part extraction task).

To evaluate the noise tolerance of the proposed method, we conducted experiments
under force measurement noise conditions. Table 3 summarizes the performance of the
proposed method in the presence of force measurement noise. Gaussian noise following
the distribution N (0, σ) was added to the wrench FC. The noise level σ was determined
based on the contact forces measured in each task, corresponding to 1–25% of each force
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and torque component in units of N and N·m, respectively. If a collision-free path could
not be found within 20 attempts, the trial was terminated and regarded as a failure. In such
cases, the number of corrections was recorded as 20 in the table. Depending on the task
and noise level, there were cases in which the robot failed to find a path to the target pose
within 20 attempts. Nevertheless, once a feasible path was found, the resulting path lengths
were almost equivalent to those obtained under noise-free conditions.

Table 3. Number of corrections and path length with noise: Mean (SD).

Simulation Noise σ Corrections Success Ratio Path Length [m]

Part Box Unloading 0.1 4.4 (5.8) 9/10 1.42 (0.16)
Yarn Cone Removal 0.01 3.0 (1.6) 10/10 0.51 (0.17)
Part Extraction 0.1 9.6 (7.6) 7/10 2.72 (0.43)

6. Discussion
The simulation results confirmed that collision-free paths can be generated using only

contact information. However, if users require an optimal path—for example, in terms
of path length—the robot must perform additional contact interactions to more precisely
estimate the collision boundaries even after a feasible collision-free path has been found.
This limitation arises from the model-free nature of the proposed approach. Integrating
local visual information around collision regions could improve path efficiency by refining
the estimated boundaries. Such an extension would be effective in situations without
severe occlusions.

In the evaluation under noisy force measurement conditions, more attempts were
required, and in some cases the robot failed to find collision-free paths. Since the injected
noise covered a wide range of both translational force and torque components, force mea-
surement noise should be carefully characterized and considered in real robot applications.
On the other hand, these results suggest that the proposed method requires an adaptive
mechanism to promote exploration when contradictory force measurements are observed.
The current implementation of the cost function is based on a deterministic contact force
model. However, it could be extended to incorporate a probabilistic force measurement
model, allowing the cost function to adapt according to the estimated uncertainty in the
force measurements.

A fundamental limitation of the proposed method is that it performs local optimization
of the trajectory. As a result, it may fail to find a globally optimal solution when the cost
landscape contains barriers between the initial trajectory and the global optimum. Never-
theless, in many practical industrial scenarios, the search space for trajectory generation is
sufficiently structured such that locally optimal solutions are adequate. Furthermore, when
this assumption does not hold, a human operator can provide appropriate via points to
guide the optimization and avoid undesirable local minima as needed. Another limitation
is the sensitivity of the optimization to parameter settings, which are currently tuned for
each task. Given their physical and geometric interpretations, developing systematic or
automated parameter selection remains an important direction for future work.

7. Conclusions
In this study, we propose an automatic motion path correction method that considers

end-effector orientation, with the aim of reducing the burden on operators during mo-
tion teaching for production-support robots. To verify the applicability of the proposed
method, simulations of practical robot tasks were conducted. The results confirmed that
the proposed method can avoid contact with obstacles by modifying both position and
orientation. Future work will include improving robustness against force measurement
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uncertainties that may arise in real robot applications, as well as developing a systematic
approach for parameter adjustment in path optimization. Although the proposed method is
based on contact information, it may be extended to incorporate proximity or local distance
sensing instead of physical contact. Such an extension, incorporated with representation of
proximity (e.g., [27,28]), would improve applicability to fragile or contact-sensitive objects
and environments.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/robotics15060108/s1, Video S1: Simulation of the part box un-
loading task demonstrating the proposed path correction method. Video S2: Simulation of the yarn
cone removal task demonstrating the proposed path correction method. Video S3: Simulation of the
part extraction task demonstrating the proposed path correction method.
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Appendix A. Configuration Settings
Detailed settings regarding the robot arm and objects are provided in this section.

Figure A1a indicates the configuration of the arm. The DH parameters of the arm are
shown in Table A1. Figure A1b,c indicate the size parameters of the objects for the part
box unloading and yarn cone removal tasks, respectively. For the part extraction tasks, the
object size was set as 0.04 × 0.4 × 0.08 m. In all cases, the weight of the object was set to
zero to reduce trajectory tracking control of the arm.
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Figure A1. Arm joint configuration and object size parameters: (a) Arm joint configuration. (b) Part
box. (c) Yarn cone.

Table A1. DH parameters for each arm.

Link θi [rad] di [m] ai [m] αi [rad]

1 θ1 − π
2 0.106 0 π

2
2 θ2 +

π
2 0.140 0.428 π

3 θ3 +
π
2 0.135 0 π

2
4 θ4 0.428 0 π

2
5 θ5 0.111 0 −π

2
6 θ6 +

π
2 0.076 0 0
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