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Abstract— How to teach sensorimotor skills in haptic virtual
environments is a classic research question and has been
investigated with different target skills and strategies. In this
study, we studied how to assist users by modulating haptic
sensations in the learning environment, presented via a force-
feedback haptic device. We developed a haptic amplification
method and evaluated its effectiveness on skill training with
the target skill of needle felting. To this end, we initially
collected the force profile data captured from an expert’s job
and amplified the magnitude of force to be felt clearly. Then,
the augmented haptic sensations were rendered in the virtual
learning environment. We assessed the usefulness of our method
by conducting a user study with 24 participants performing vir-
tual needle felting tasks involving many micro-movements. As
a result, amplified force profile feedback significantly improved
the novice participants’ learning performance. Based on the
results, we then discussed how we can provide an adequate
haptic feedback method on learning tasks, especially in fields
requiring precise dexterous or tool movements.

I. INTRODUCTION

For a long time, the skills of master craftsperson are
considered as “know-hows” which could be acquired after
experiencing several years. How to teach such dexterous
skills has been a classic research question in not only
education, but also engineering fields. It includes not only
instructing correct motions and actions, but more about fine
details regarding skills. Thus, it is regarded that modeling and
rendering sensorimotor skills involves multisensory cues and
coordinating fine proprioceptive movements of body parts.

Haptic feedback, such as resistance, texture, and impact,
plays a particularly important role in supporting novice
learners’ understanding and control in many fine motor
skills. For example, in surgical training, interaction forces
vary according to tissue properties, and such haptic cues
can be modeled to provide haptic guidance [1]. This so-
called sensorimotor skill transfer has been investigated in
the haptics field in the recent few decades. Various target
skills have been attempted, such as handwriting practice [2],
[3], musical training [4], medical skill acquisition [1],
[5], [6], and upper-limb motion training [7]. Those prior
efforts mostly relied on the haptic guidance strategy [8],
providing force or vibrotactile cues to guide users in the
target task along with audiovisual rendering. In addition, var-
ious feedback strategies beyond traditional haptic guidance
have been explored, such as haptic disturbance and hybrid
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approaches. These include vibrotactile error-correction [4],
distracting force cues [9], and a hybrid method [10] that
combines guidance and disturbance.

The perceptual characteristics of haptic sensation are also
important in such experiences. Considering the limited in-
formation capability of haptic channel (maximum of a few
bits, according to [11]), the most widely used strategy
is providing simple error-correction mechanisms, demon-
strated in training scenarios involved in sensorimotor skill-
learning [1], [4], [5], [7], [10]. Such skill training systems
mainly considered the user’s task performance by defining
error metrics such as distance or timing errors and providing
error-correction feedback to let users fix them by themselves.

In this study, in contrast, we rethought the problem from
a different perspective. We hypothesized that sensorimotor
skill acquisition could be achieved by becoming accustomed
to action-generated sensations, and that clearer, more pro-
nounced haptic feedback can accelerate learning by reducing
reliance on explicit guidance. Accordingly, we hypothesize
that amplifying task-related tactile sensations improves learn-
ing outcomes, particularly in tasks requiring fine motor con-
trol. Although magnified haptic feedback has been explored
in scenarios such as surgical tasks to enhance perceptual
sensitivity [12], the use of such feedback as a strategy to
facilitate sensorimotor skill learning still remains a research
question. In this work, we focus on amplifying task-related
force profiles derived from expert demonstrations to make
subtle interaction cues more salient during training. We
selected needle felting [13], a craft of shaping wool by
repeated needle insertion, as it requires precise control of
insertion depth and angle.

We initiated the study by collecting “know-how” about
the skill from a few experts using a structured interview.
Then, we recorded the target sensation via a 6-Degrees-
of-Freedom force/torque (6DoF/FT) sensor and built force
profiles that would be transferred to the novice learners.
Using the measured force profiles, we generated force profile
for effective force cues in the virtual environment as the
cues provided during skill training. Thus, we designed and
compared three types of force profiles—weakened, original,
and amplified—and analyzed how each feedback type affects
skill acquisition.

II. BACKGROUNDS AND RELATED WORK
A. Haptic Feedbacks for Motor Learning

Different haptic mechanisms are utilized in motor learning
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Fig. 1. Overview of the system pipeline
data are collected with a 6-axis force/torque sensor and an accelerometer; (3
through a haptic device, rendering baseline and amplified force profiles.

immersion, and perceived virtual presence in virtual envi-
ronment [14], [15]. Accordingly, various haptic mechanisms
such as electrical stimulation, vibration, thermal, and force-
feedback have been continuously employed in multimodal
system research [16]. The most widely used one is vibrotac-
tile stimuli, due to its simple implementation and intuitive
information delivery.

Vibrotactile cues, which are utilized in various domains
such as sports [17], [18], musical instrument [4], and driv-
ing [19], are often used to deliver guidance cues indicating
the next actions or error-correction cues to help learners
notice their mistakes. In drum practice, vibration-based hap-
tic feedback delivers signals to guide playing positions and
striking strengths [20]. It is also used in pitch adjustment
systems like HapTune, where vibrotactile feedback conveys
pitch errors to the user through vibrations on the upper
and lower arms [4]. Additionally, providing different textual
information through vibration encoding also helped trainees
to understand the circumstance [6].

The most classic and intuitive mechanism is force-
feedback devices, which enables users to feel the physical
properties of virtual objects in a simulated environment
through a robotic device [21]. The simulation of part assem-
bly tasks [22], 3D graphics manipulation [22], and rubber
engraving arts [23] has utilized the stylus of the desktop hap-
tic devices. Moreover, direct force-feedback cues were used
to provide guidance force to the trainees, which is beneficial
for tasks requiring precise manipulation and path guidance.
Such guidance feedback has been utilized in surgical skill
training, and has been shown to aid user’s task precision [1].
In handwriting practice, corrective force-feedback is applied
when deviating from the path [2]. In VR medical simulators,
resistance is simulated during soft tissue penetration [5]. Not
only desktop haptic devices, but robotic devices are also
deployed in learning. In haptic guidance in welding training
scenarios, the robot’s haptic guidance improves force control
and accuracy [24].

B. Strategies for Haptic Skill Transfer

Skill trainings using visuo-haptic interfaces with the basic
record-and-play strategy has been studied in early stage [25].
Despite real-world training remaining the most effective
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method, simulator-based training has proven to positively
impact real-world performance [26]. Integrating haptic feed-
back into audiovisual systems can play a crucial role [27],
especially in training precise hand control, such as invasive
techniques in surgery [28].

As mentioned in Section I, the classic, typical strategy for
skill transfer through haptic force-feedback would be haptic
guidance, and most studies adopted this to help the users.
Haptic guidance may be effective in short-term learning, but
its tendency to increase learner dependency may hinder its
success as a long-term training method [29]. In contrast,
haptic disturbance, which distracts or disturbs the users
while the training, has been proposed as an alternative [9].
As described by Seidler et al. [30], providing errors helps
the trainee’s concentration on the task and yields a better
performance ultimately. Hybrid approaches, mixing up both
haptic guidance and perturbations, have been evaluated and
have shown their effectiveness in learning, with scenarios
of virtual steering task [10]. Collaboration between two
trainees is another strategy for conducting a complex task,
demonstrated in [31]. For experts, simply noticing the error
is effective, given that those seasoned users know how to
correct their errors.

A method so-called error amplification, which emphasizes
the errors from the trainee, showed its effectiveness in
training scenarios with learners [28], [32], [33]. In addition,
recent studies have explored predictive guidance methods
based on deep learning technologies [1], [34] as well as
adaptive feedback mechanisms that adjust according to the
user’s performance [35]. Those methods share the idea that
adjusting task difficulty—through disturbance or error-based
feedback rather than simple guidance—can be more effective
for motor learning and skill transfer.

C. Modeling of Motor Skills

Prior to the advent of various haptic feedback strategies,
the earliest approach was a record-and-play approach that
could imitate expert movements [25]. Capturing, modeling,
and transferring human skills to robots is the most basic
approach to motor skill transfer. Learners can use it as a
simulator to get a sensory transfer of experts’ know-how. For
example, a leader-follow scheme utilizing a robotic platform
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enables haptic communication, which can be used to convey
dance moves [36] or intuitive writing skills [37]. Endo et
al. [38] proposed the finger skill-transfer method by mod-
elling the trainer’s finger force and position trajectory. Such
modeling and rendering is not merely happened between
human. For example, robot Learning from Demonstration

(RLfD) is an common and effective method for human-robot
skill transfer [39].

III. SYSTEM DESIGN AND IMPLEMENTATION

Here, we focused on modulating the environmental
feedback—the force profile of the resistance force during
felting—instead of applying an error amplification method.
We selected the needle felting as the target task. To design
and implement the system, we conducted interviews with
three female felting experts from the local community,
each possessing a minimum of three years of professional
experience. Through these interviews, we collected founda-
tional knowledge and general insights regarding the felting
process, common errors made by novices, and appropriate
task designs for instructional purposes. Then, by reflecting
the comments and basic know-how, we developed a needle
felting simulation system using a desktop haptic device,
presented in Fig. 5. We hypothesized that scenarios involved
with fine motor skills, with subtle sensations, would benefit
from our approach, which makes the sensation clear and
distinct. To provide the amplified sensation to the users,
we first collected the force profile using sensors and data
acquisition devices (DAQ), and preprocessed the data to
generate the amplified profile.

A. Data Acquisition

We gathered the force data to be used in our haptic
feedback system in virtual environment via the setup de-
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Fig. 4. X, Y, and Z-axis Force and torque profiles and acceleration data
extracted from Chunk 1, recorded during needle felting. Z-axis force is the
most significant component due to vertical motion of the needle in felting.

picted in the left panel of Fig. 2. An accelerometer (Kistler
8794A)! was attached to the tip of the needle, and a six-
axis force/torque sensor (6DoF Mini, Aiden Robotics)> was
placed between the needle and its handle. To observe whether
overall force patterns were consistent regardless of felting
experience, we measured force data from an expert needle
felter (E1) and a non-expert (one of the authors).

To minimize material-induced variability, both participants
used the same type of wool and needle, as the degree of felt
densification may differ depending on the characteristics of
both the wool and the needle [40]. They performed felting
on three spherical wool objects (5cm in diameter, 33 g in
weight) until the diameter was reduced to approximately
3.5cm (Fig. 2, right-top). The trend of material’s resistive
force was collected throughout the felting process performed
at a consistent tempo of 100 bpm. The force data along the
X, y, and z axes were collected at a sampling rate of 100 Hz.
Across all six wool objects, we verified the consistency of
the force data throughout the felting process (Fig. 3).

The accelerometer data, the 6-DoF FT sensor data, and
the torque data were collected throughout the felting process,
showing consistent patterns (Fig. 4). Torque varied negligibly
across trials, consistent with the expert’s note that needle
felting typically involves straight in—out motion without
twisting. Therefore, we considered the torque component to
be negligible in the learning context and excluded torque data
from the profile modeling. As a result, we utilized force data
derived from the averaged profiles shown in Fig. 2 for our
implementation.

B. Modeling Force Profile on Haptic Device

As seen in Fig. 2, the resistive force of wool increased
as the felting was repeated (material gets compressed). The
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Virtual Environment

Desktop Haptic Device

Fig. 5. Experimental setup
resistive force was modeled as the stiffness value of the
virtual object. The stiffness coefficient K was derived from
the force—depth data obtained from expert trials. N is imple-
mented as small random white noise to emulate the micro-
texture of uniformly felted wool. This approach ensured
that the force profile provided realistic feedback, effectively
simulating the unique characteristics of wool fibers. The term
Bv denotes a velocity-dependent resistive force during the
felting process, where v is the tool velocity. The gravity
compensation factor G is a constant term added to counteract
the perceived weight of the device.

Here, we modeled the force components as follows, where
Az denotes the penetration depth of the tool into the virtual
wool material. The force profile was formulated as follows:

Fiow = KAx — Bv+ G+ N (1)

C. Learning Environment with Modulated Haptic Rendering

Given that the effect of torque/twist was minimal, 3-DoF
force rendering was considered sufficient. Thus, we used a 3-
DoF desktop haptic device (Inverse3, Haply Robotics?) con-
trolled via a PC for rendering force. The virtual environment
was implemented using the Unity 3D (2022.3.7f11) engine
(see Fig. 1 (3)).

In this environment, an invisible ‘“virtual tube” was ren-
dered to simulate real-world needle felting tasks. The virtual
tube is generated based on the needle’s insertion angle at the
moment it pierces the wool, ensuring that subsequent felting
actions can only be performed along that angle. When the
needle contacts the tube boundary, the system detects it as
an angular error. The wool object was rendered in a virtual
environment, which is 360-degrees rotatable in all directions
using the keyboard arrow keys. We specifically care about the
insertion direction, as the wool fibers are compressed along
the direction in which the needle is driven, to reflect that the
quality of felting depends on maintaining the insertion angle
consistent. To simulate this effect, our system incorporated
mesh deformation of the virtual wool object based on the
needle’s angle of entry. The virtual wool deformed when
a virtual needle (mapped to the device stylus) pierced the
object, and its deformation parameters were modeled based
on measurements. The simulated environment was evaluated
by an expert in needle felting and confirmed the task realism
is sufficiently similar to the real-world one.

3www.haply.co
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Fig. 6. Net force magnitude recorded during the preliminary study under
three force profile conditions (weakened, baseline, and amplified). The
signals reflect the rendered force during participants’ self-paced interactions.

D. Initial Validation of Force Profile Modulation

To confirm whether ordinary users’ performance is af-
fected by modulated (amplified or weakened) force pro-
files, we conducted a preliminary study. A total of eight
participants (5 females, 3 males, average age 23.8 years)
were recruited, all of whom reported no sensory impairments
or prior experience in artistic training. Three force profiles
were tested: amplified twice, baseline (as-is), and weakened
to 50% (see Fig. 6). We selected these levels to keep
the manipulation simple while ensuring clear differences
between conditions. Participants first completed a 3-minute
familiarization session. Each force profile condition was then
provided in each of the sessions, which lasts a maximum of
5 minutes. During each force profile condition, participants
were asked to perform felting virtual wool to have a specific
shape. The task performance was defined as the geometric
similarity, the shape difference (distance) between the partic-
ipant’s outcome and the reference shape, scaled in a 0-100
scale.

The task performance was compared in Fig. 7. The am-
plified force profile showed a generally faster performance
rate, but in the later stage, it crossed the baseline and reached
a similar level of completeness. In contrast, the weakened
force profile showed lower performance throughout the entire
duration. Given that the as-is condition would be the baseline
in the main experiment, we only compared the amplified and
weakened profiles.

We also collected subjective ratings via a post-
experimental survey that asks about the modulated profiles,
including ease of use, ease of learning, and satisfaction in
the usability evaluation tool (USE) [41] questionnaire. The
average USE score for the weakened force profile was 6.47
(SD = 0.53), while the amplified force profile scored 6.36
(SD = 0.56). Considering the overall task performance
results, the amplified force profile was adopted for the main
experiment.

IV. USER STUDY

The experiment was approved by the Institutional Review
Board of the authors’ institution (IRB No. HYUIRB-202412-
024-1).
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force profiles.

A. Farticipants

We recruited a total of 24 participants for the study (12
females, 12 males, 19-27 years old, M = 22.58). All
participants were considered beginners; they did not have
any needle felting experience or only one or two times of
experience. The participants were divided into two groups:
the Baseline Group (n = 12) and the Amplified Group
(n = 12). Written informed consent was obtained from
all participants, and each participant received compensation
equivalent to approximately 12 USD in local currency for
their participation.

B. Setup and Procedure

According to the expert we interviewed, a simple felting
task in which novices transform a soft spherical wool object
into a firm cube can typically be completed within 30
minutes to 1 hour. However, in this study, we did not include
the full process of creating a shape from start to finish due
to time constraints and concerns about participant fatigue.
Although observing the complete transformation would have
been ideal for evaluating learning progress, it would have
required considerable time and could have placed a burden
on participants. Thus, we decided to provide partial tasks of
felting after consultation with the experts.

To match the scope of the experiment, the full felting
process was divided into five subtasks, each assigned to
a separate session. As shown in Table I, the experiment
involved six tasks in total. The appropriateness of task
difficulty and assignment was reviewed and confirmed by
the expert. Task 1 is the most typical and frequent scenario
in felting and was used in the familiarization session to help
participants become accustomed to the system and practice
rotating the object using the keyboard. Tasks 2, 3, and 4 were
used in the training sessions and were randomly assigned
with balanced difficulty levels. Task 5 and Task 6 were
selected to be moderately difficult and used as the immediate
and delayed retention tasks.

The apparatus was the same as that used in the initial
validation study (Sec.III-D). Participants sat down in front of
a desktop computer and Haply haptic device placed in front
of the monitor (Fig. 5). In the virtual environment, the stylus

TABLE I
FELTING TASKS IN EACH EXPERIMENTAL SESSION.

Initial Target .
Task Shape Shape Description
(Most frequent)—removing
Task 1 @ bumps with vertical stabs.
(Easy)—flattening  the cube’s
Task 2 top surface by stabbing straight
down.
X (Difficult)—sharpening the tetra-
Task 3 TRV hedron’s top edge with precise
control.
r (Moderate)—smoothing the oval
Task 4 E o) @ surface using curved vertical
strokes.
Task (Moderate)—refining a rough
5 6 cube by targeting bumpy and flat
areas.
e e . 5-min task creation
Familiarization Session (with user-specific force profile)
¥
.. . 2 min. break
Training Session min. orea

(Order random)
5-min task creation
(with user-specific force profile)

1 2
2 min. break
12

Immediate Retention Session

! 1
! 1
! 1
! y
! I
! 1
! 1
Day 11 | 14
|
. :
! |
! )
! 1
! 1
|

5-min task creation
(with user-specific force profile)

Day 2 Delayed Retention Session

Fig. 8. The procedure of the user study.

of Haply was mapped to a virtual needle, and participants
performed felting in the virtual space using the setup.

The flow of the experimental sessions is illustrated in
Fig. 8. The familiarization session lasted for 3 minutes,
and each of the other tasks was conducted for 5 minutes.
A minimum break of 2 minutes was provided between
sessions, and the main session lasted approximately 1 hour.
The familiarization and training session were performed
using the force profile assigned to each group (i.e., the
Baseline Group and the Amplified Group). In contrast, both
Retention tasks (immediate and delayed) were conducted
using the same non-amplified (baseline) force profile for
all participants, ensuring consistency in retention evaluation.
The delayed retention test was conducted 24 to 48 hours
after the initial session, following the recommendation of a
review article [42].

C. Data Collection and Analysis

We defined a normalized performance measure as the
progress score. Given that (1) both objects are topologically
identical and (2) the vertices of the target object are always
being pushed by the needle, the moving direction of each
vertex is the intended pressing direction in the task. Thus,

14062



TABLE II
STATISTICAL TEST RESULTS ON TRAINING PHASE (1-5) AND
RETENTION PHASE (5-6) BY FORCE-FEEDBACK CONDITIONS.

Training Phase (1-5) Retention Phase (5-6)

Group — —

Statistics p-value Statistics p-value
Baseline Group F(4,44) = 3.893  0.009**  ¢(11) = 0.775, 0.455
Amplified Group  F'(4,44) = 1.245 0.306 t(11) = —0.138  0.893

we utilized the absolute magnitude of movement due to the
felting. We compared the coordinates of each vertex k =
(Zk, Yk, 21 ), in the initial (Pl = (X, Yki, 2ki)s the target
(PTyx = (xkt, Ykt, 2kt)), and the resultant meshes (PRy =
(Tkr, Ykr, 2k ). For each vertex, we calculated the distance
between the same vertices on each mesh, - — VB,
and divided by |V P, — VP, to get normalized progress
to calculate the score of a single vertex. For example, if a
vertex lies exactly halfway between the initial and the target
positions, the score would be 50 (i.e., 50%).

Then, we averaged the scores of all vertices in the mesh
to derive each participant’s raw progress score. Task-wise
normalization was performed by mapping the highest raw
score in each task to 100 and scaling the others accordingly.

A more intuitive interpretation is: the scaled progress score
of the resultant object was “how far” each vertex has been
pushed, by measuring the distance of each vertex of the tar-
get. Additionally, to detect whether the participants’ moving
directions (needle angles) during insertion and ejection were
correct or not, we set a cylindrical virtual tube around the
correct and counted the number of collisions. After complet-
ing all experiments, participants were surveyed using Raw-
TLX [43] and System Usability Scale (SUS) [44] to evaluate
the system. In addition, a few open-ended questions were
included to collect qualitative feedback regarding perceived
realism of the virtual interaction.

V. RESULTS
A. Task Performance

The task performance score was normalized to a 0-100
scale, using the highest score within each task set to 100,
to compare across tasks and the between-groups’ relative
performance. The Amplified Group achieved higher average
scores than the Baseline Group across all tasks compared to
the base force profile (Fig. 9). We first confirmed normality
by Shapiro-Wilk tests, then conducted pairwise t-test to de-
termine whether the differences in scores by force profile for
each task. The results indicated that the amplified feedback
induced a significant improvement in users’ performance,
especially in familiarization and retention sessions (task 1,
5, and 6, p = 0.011, p = 0.015, p = 0.006, respectively).
In Tasks 2, 3, and 4, which are in-training sessions with
different difficulty levels, the Amplified Group showed better
results but was statistically insignificant (p = 0.054, p =
0.107, p = 0.429, respectively).

To observe learning effects within groups, we additionally
conducted session-wise statistical analyses for the training
phase (Tasks 1-5) and the retention phase (Tasks 5-6)

| Basellne Group M Amplified Group * (p<0.05) ** p<0 01) *** (p<0.001)

Hok

o

Scaled Score (0-100)

> o > ™ o o
n N i N i N
<3 <3 <3 <3 <3 <3
FAM TR R TR IR DR

Fig. 9. Task performance scores (normalized) for the Baseline Group and
Amplified Group. Asterisk: Statistical significance observed by t-test.
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Fig. 10. Error rates across tasks by group.

(Table II). Since normality assumptions were satisfied in
both groups, a two-way repeated measures ANOVA was
performed for the training phase, and a paired t-test was
conducted for the retention phase. Results showed that during
the training phase, the baseline group exhibited significant
differences (p = 0.009), while the amplified group did not
(p = 0.306). In contrast, no significant differences were
found for either group during the retention phase. Post-
hoc analysis using paired t-tests with Bonferroni corrections
was conducted for the Baseline group’s training phase, and
effect sizes were assessed via Cohen’s d. The analysis
revealed that only the comparison between Task 1 and Task 4
remained statistically significant after Bonferroni correction
(p=0.043, d = —1.034).

Given that maintaining needle angles during insertion and
ejection is important, we counted the number of trials in
which participants failed to maintain the proper angle. That
was done by detecting collisions between the virtual needle
and a cylindrical virtual tube around the trajectory. The error
rate was the proportion of collisions and was used as an
indicator to evaluate whether users maintained the correct
needle angle with each insertion. The amplified force profile
showed generally lower error rates than that of baseline
(Fig. 10), though not statistically significant.

B. Usability Surveys

The SUS scores showed an average of 79.58 (SD =
16.02) for the Baseline group and 77.71 (SD = 15.32)
for the amplified group. The Shapiro-Wilk test confirmed
normality for both groups. An independent samples t-test
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revealed no significant difference between the two groups
(p = 0.772). The average TLX score was 3.17 (SD = 1.04)
for the Baseline group and 3.08 (SD = 0.86) for the
amplified group. As groups satisfied normality, an indepen-
dent samples t-test showed no significant difference between
them (p = 0.833). These results suggest that there were
no significant differences in usability or perceived workload
between the baseline and amplified groups. In addition to the
quantitative results, qualitative feedback supported perceived
realism; e.g., participants reported that it “feels similar to real
felting” (P1) and “like doing actual felting” (P24).

VI. DISCUSSIONS

The study results demonstrated that amplified force profile
induced a better learning performance in dexterous skill
training with fine details. Specifically, statistical significance
was observed in pairwise comparisons of the familiarization
stage (Task 1) and retention phase (Tasks 5 and 6). The tasks
in the study were to find the correct depth and angle for
needle insertion and ejection using haptic sensations. The
effect of amplification were clear, given that these tasks
particularly require precise and delicate movements.

The presence of a distinct force cue likely helped partic-
ipants better identify and reach the exact insertion points
on the object with higher spatial accuracy through force
amplification. Such an amplification provides clearer sensa-
tions induced by the participant’s interactions. These clearer
sensations may have helped participants better recognize the
outcomes of their actions, enabling them to take subsequent
steps with greater confidence. In contrast, Tasks 2, 3, and 4
involved felting across relatively wide target areas, where the
amplified cues are less effective, since precise localization is
not necessary.

Moreover, comparing Task 5 and Task 6—both performed
under the same non-amplified force profile—demonstrated
that the Amplified Group still outperformed the Baseline
Group in Task 6. It means the force profile experienced
during training had a long-lasting effect, suggesting that
precisely tuned force-feedback not only enhances immediate
performance but also supports skill retention. These findings
suggest that an amplified force profile can enhance task per-
formance during the learning process and help users acquire
skills more easily and effectively. The findings can be applied
in many scenarios, including arts, crafting, and precision
industries. Modeling such skills and then amplifying them
would be a straightforward workflow. Further applications
in other domains involving dexterous skills that require
fine, object-centered manipulation—such as embroidery or
sculpting-where precise tactile interaction with a target ma-
terial is essential—would be desirable.

The significance observed in the group-wise statistical test
(Table II) could be attributed to familiarization difficulty.
Following Bonferroni correction, only the comparison be-
tween task 1 and task 4 remained statistically significant in
the training phase (p = 0.043, d = —1.034). For a short
familiarization in task 1, with limited exposure time, it might

be considered too difficult with baseline force profile. How-
ever, the significance was not observed with the amplified
force profile. It could be interpreted that amplified force
profile allows quick familiarization, resulting in statistical
insignificance in session-wise comparison in the amplified
force group. In contrast, baseline force profile requires a
relatively longer familiarization.

Lastly, we mention that we had a limited sample size
for this study, including only 12 participants per condition.
To generalize and strengthen the findings, it is necessary
to conduct a longitudinal study with a larger number of
participants using a 6-DoF force profile device. Also, further
studies are needed to understand whether the improved
performance came from enhanced angle control or cognitive
and perceptual factors.

VII. CONCLUSION AND FUTURE WORK

In this study, we explored how to provide better haptic
cues to enhance users’ dexterous skill learning performance
in a virtual environment. Specifically, we proposed a method
that amplifies the force profile (sensation) for haptic dexter-
ous skill transfer and evaluated its effectiveness via a user
study with a target scenario of needle felting. We collected
the force profile during the needle felting task and generated
its amplified profile, which was implemented in a haptic-
based skill training system. The results indicated that the
group trained with amplified profiles showed significantly
better task performance, suggesting the effectiveness of our
method, especially on target tasks with fine and subtle
movements. Our future work includes a longitudinal study
with a larger number of participants and generalized tasks,
as well as a comparison between our approach and existing
methods to explore better strategies for skill transfer.
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