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Fig. 1: Hair care skills studied with the proposed MOE-Hair system demonstrated with Participant 2 (P2). Left: Multi-finger
Omnidirectional End-effector (MOE) makes contact with the subject’s head to perform head patting. Middle: MOE follows a
user-defined trajectory across the head to perform the finger-combing skill. Right: MOE approaches the user’s scalp and grasps

hair using soft dexterous fingers.

Abstract—Hair care robots have the potential to alleviate labor
shortages in elderly care and enable those with limited mobility
to express their identities through hair styling. We present
MOE-Hair, a system that incorporates a compliant soft robotic
manipulator and visual method for applied force estimation to
perform three hair-care skills: head patting, finger combing, and
hair grasping. MOE-Hair underscores two advantages of soft
robotic manipulators in hair-care applications: safety through
mechanical compliance and sensing force through observing
deformation. We introduce a tendon-driven soft robotic end-
effector called Multi-finger Omnidirectional End-effector (MOE)
with a wrist-mounted RGBD camera for hair-care applications.
We also introduce a method to infer MOE’s applied forces on
the contacting surface from observed deformations and tendon
tensions from the actuators. We tested the system on a force-
sensorized mannequin head to determine that the system was safe
for human users and evaluated the components of the system.
Then, we performed a user study with 12 participants to evaluate
user perception. We found that in hair-grasping tasks, MOE
exerts less force on a force-sensorized mannequin head while
being able to grasp a similar amount of hair compared to rigid
grippers. We demonstrate on the mannequin head that we can in-
fer about the applied forces in hair-care settings with a reduction
in error up to 60.1% and 20.3% respectively for actuator current
load-only and depth image-only baselines by incorporating both
as observation to the model. We found statistically significant
results in the user study to evaluate the system on comfort,
effectiveness, and perceived appropriate use of force, showing
that the participants preferred the proposed system. The results
suggest that soft robots are uniquely advantaged in contact-rich
hair-care tasks and that reasoning about the fingers’ applied
forces is important despite MOE’s inherent compliance.

Index Terms—Assistive robotics, Soft robotics, Manipulation

I. INTRODUCTION

Hair plays an important role in people’s identities and
self-esteem [1], [2]. Notably, the importance of hair to a
person’s self-esteem tends to increase with age [3]. With
aging and loss of independent mobility, hair care becomes
an increasingly time-consuming and difficult daily task that is
also crucial for personal hygiene [4]. Despite this, most elder
care and hospice facilities heavily rely on volunteers for hair-
care assistance [5]. Toward addressing the gap in hair-care
services, researchers proposed deploying robotic assistance for
combing [6], [7]. A notable challenge in previous works was
that human subjects tend to perceive rigid robots as being
“rough” [6]. Hair care and manipulation tasks additionally
pose a perception challenge for robotic systems because hair
can often occlude the underlying scalp, making consistent
application of force on the head difficult from just external
vision. Previous approaches with mechanically rigid robotic
manipulators used high-cost force sensors to interact with the
head [7] safely.

Soft robotic manipulators have many advantages in address-
ing challenges in close contact with human users. Their com-
pliance makes them safer in unstructured environments [8] and
more robust in contact-rich manipulation tasks [9]. As such,
soft robotic manipulators are particularly useful in physical
human-robot interaction (pHRI) tasks [10]. Human subjects
tend to perceive soft robots as safer than their rigid coun-
terparts [11]. Additionally, soft robotic manipulators deform
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Fig. 2: Design of the proposed MOE end-effector. Left:
exploded view and assembly of MOE. Right: fully assembled
MOE.
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when they make contact, in contrast to rigid robots [12].
Observing these deformations offers a promising direction for
using soft robots for interactive perception [13].

In this work, we propose a dexterous tendon-driven soft
robotic manipulator that we call Multi-fingered Omnidirec-
tional End-effector (MOE) for hair-care applications (Fig. 1).
We first validate the physical safety of MOE using a force-
sensorized mannequin head and then validate the efficacy of
MOE for hair-care tasks in a user study. We demonstrate with
a testbed that MOE’s compliant fingers make them appropriate
for human contact. We show that MOE applies less force on
the head compared to a rigid gripper, given the same hair
depth, while being equally effective in grasping hair. Despite
MOE’s compliance, the ability to reason about contact and
applied forces is still important to maintaining contact with
the user’s head and to apply consistent forces. To this end, we
propose a method to infer MOE’s applied forces on the head
by observing its deformation and the tendon tensions that are
indirectly observed with the actuator current load. Finally, we
present MOE-Hair, a system that incorporates the proposed
MOE hand and the applied force estimation method to perform
three hair care skills: head patting, finger combing and hair
grasping. We find that users interacting with MOE rate it as
effective, comfortable, and appropriately forceful across the
three hair care skills we evaluated.

To summarize, we make the following contributions:

Design of a novel dexterous tendon-driven soft robotic
manipulator that we call MOE for hair care tasks,
Method for indirectly estimating contact force direction
and magnitude from vision and tendon tensions measured
from the actuators,

MOE-Hair, a system that uses proposed MOE and force
sensing methods to perform hair-care tasks,

Evaluation of MOE-Hair on a force-sensorized man-
nequin head and with a user study, evaluating task ef-
fectiveness, user comfort, and appropriate use of force.

II. RELATED WORK
A. Hair Care Robots

Robots are demonstrating increasing capabilities to as-
sist users in many Activities of Daily Living (ADLs) [14].
Researchers studied applications such as feeding [15]-[18],
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Fig. 3: MOE in varying poses. MOE deforms easily with
contact with inherent passive compliance of the fingers’ ma-
terial. As the fingers deform, they apply more tension on the
tendons which our proposed method uses in conjunction with
depth image to estimate applied forces. The tendons can be
actuated in various ways to achieve compliant dexterity of the
fingers.

bathing [19], [20], and dressing [21], [22]. Researchers iden-
tified that individuals perceived hair care to be important for
preserving well-being [23] and dignity [3] as with other ADLs.

Because hair grooming and care tasks are labor inten-
sive, researchers recently proposed automated and robot so-
lutions [6]. Previous works in hair-care robots focused on
visually estimating hair flow and either following the existing
hair flow directions [6] or using a special sensorized brush
and a feedback controller with a high fidelity force sensor
attached to the end-effector [7]. While these works use systems
with rigid grippers, in contrast, we use soft manipulators.
Additionally, this work presents the first user study results for
evaluating user responses to a robot manipulator touching and
manipulating their hair.

B. Assistive Soft Robots

Researchers have studied soft robot manipulators’ advan-
tages in various delicate manipulation tasks including food
handling [8], crop handling [24], minimally invasive surg-
eries [25]-[28] and wearable assistive robots [29]. In such
applications, researchers noted that the inherent compliance
of the soft robots enables reliable and safe performance [10].

Importantly, soft robots have notable advantages in assistive
applications, especially in settings where the robot has to make
close contact with human users [30]. The deformable and
compliant material of the soft robots allows them to safely
interact with the human body [31], [32] and deform around
the human body to apply distributed pressure [33], [34].

Researchers showed that users generally perceive soft robots
to be friendly and safe [11], [35]. Recent works demonstrated
that compliance in soft manipulators designed for certain



Fig. 4: Setup for Training Data Collection. We use a Fig. 5 Proposed _method for force estimation.The propose.d
controlled setup with a force sensor and allow MOE to ra@PPlied force estimation module uses segmented depth image

domly sample various contact conditions and capture trainiﬁ&d actuator current loads as input to predict the force vector.

observations and forces in a self-labeling manner to scale up

data collection.
Fig. 2 shows MOE with two soft ngers molded from low-

hardness silicone (Ecoex 00-30, Smooth-on). Two servo
assistive tasks such as bathing can outperform rigid rob#f@tors actuate each nger via four embedded tendons. Each
in perceived comfort, effectiveness, and safety [34]. To o@@ir of tendons actuated by a single servo actuator controls
knowledge, this paper presents the rst exploration of the oMOE nger's range of motion in a bending plane. The
portunities and advantages presented uniquely by soft robdiRsign is modular—each nger is an independent detachable

manipulators in hair care. subsystem. MOE's design can be extended to variants with
more ngers as needed. For this work and its hair grasping
C. Sensing for Soft Robots tasks, we determined that two ngers is suf cient. We placed

While soft robots offer many advantages in robust m&n RGBD camera (Realsense D405, Intel) on the wrist of MOE

nipulation in uncertain environments [9] and safe interactid provide egocentric view depth images.
with delicate objects [36], sensorizing them is an active
challenge [37], [38]. Because of the soft robots' continuousB. Force Estimation Module

deforming structure, embedding popular rigid tactile or contact o ) )
sensors such as GelSight [39] and Digit [40] is dif cult To enable MOE to maintain contact with the head during

and would result in introducing rigidity and undercutting@Sks and perform tasks effectively and comfortably for the

advantages of fully soft robots. To address these challengdders, we developed methods for predicting MOE contact
researchers have proposed various specialized soft sensors/#i§es- Using the wrist-mounted egocentric RGBD camera, we
can be embedded into the soft robot [41]-[43]. can capture depth images of MOE as it deforms with contact

To avoid using such specialized soft sensors that can $9- 4), which we will refer to with p 2 R W. We use the
expensive and dif cult to fabricate [37] and require robotd€Pth images instead of RGB images as proposed by previous

speci cally designed to allow the sensor to be embedded [4 prks [45] because the relationship between cantilever beam-

researchers proposed using external vision-based approadfigsPodies such as soft robot ngers and contacting force
and reasoning about contact conditions based on perceiVed Well-de ned problem with mechanics [48]. Additionally,

deformation [45], [46]. We extend such methods to incorporafé® Want to capture MOE deformations without visual or depth
robot actuator loads into inferring soft robot manipulator'Q'StraCt'ons in the background. Previous works focused on col-

applied forces and use a foundation segmentation model [Aeﬁtlng interaction datasets in visually diverse environments.

to train the network to only consider the soft robot's defor hair-care tasks, collecting suf ciently diverse task-relevant

formation. We demonstrate that such force estimation fjfSu@l training data of MOE interacting with hair may be dif -
soft robotic manipulators results in a signi cantly improvecUlt: In our force estimation module we use Segment Anything
perception of the system's effectiveness, and appropriate usife! 2 (SAM 2) vision foundation model [47] to generate

H . H W H
of force. By doing so, this work introduces the opportunitied Pinary maskM 2 f0;1g - We prompt in an RGB
and advantages of soft robotic manipulators for hair care. Image from the wrist-mounted RGBD camera with negative
and positive prompt points based on the pixels corresponding

I1l. METHODOLOGY to the MOE ngers as we show in Fig 5. We zero out the depth
) image outside of the observed pixels on the MOE ngers with
A. MOE Soft Robot Design the pixel-wise operationd (x;y) = Ip (x;y)M (x;y) and use
We introduce a dexterous soft tendon-driven manipulattre segmented depth imagg as the visual observation for
that we call Multi- nger Omnidirectional End-effector (MOE). the force estimation module.



Fig. 7: MOE-Hair System Setup. MOE is attached to a 6
degrees of freedom (DoF) robotic arm. A third-person RGBD
Fig. 6: Forces during hair grasping. We carried out the camera tracks key points of the head and the participant's hand.
experiments at three different depths into the hair. The depthcalibration marker is used to transform between camera and
measurements were from the point where the end-effector jusbot coordinate frames.
made contact with the hair to account for different lengths.

MOE exerts measurably less force and torque on the head.
z-direction force component is notably larger than the other

TABLE I: Hair Grasping Evaluation two force components. To address the magnitude imbalance in
: the dataset and encourage the model to correctly estimate the
End-effector  Depth [mm] Performance Metrics direction of the forces, we train the network with the weighted
Max Force [N]# Grasped Hair [mm]'
mean squared error l0ss

2.0 1.11 4.0
Rigid 4.0 3.38 20.0 Liw;w)=k (w wW)k3; (1)

6.0 7.67 25.0

20 1.09 50 where 2 R® is the weighing vector for each direction
MOE 4.0 1.38 18.7 components of the label and predicted foreesft 2 R® and

6.0 1.98 22.5 denotes the Hadamard product. The force estimation module

runs at 10.2Hz on the system's Nvidia RTX 4090 GPU.

To infer MOE's applied forces, we use MOE actuators' curC. Visual Perception Module
rent loads and the visual observation. Fig. 3 shows MOE with Assistive robotic systems must be able to perceive and track
different tendon tensions to reach various pose con guratione user's pose to be effective and safe [16]. In this work, we
When MOE contacts a surface, even as delicate as a hurag® primarily concerned with tracking the user's head pose. We
user, the ngers deform. During deformation from contact, thgeployed the Mediapipe perception model to extract the visual
increased tension on the tendons is observable from the sekg9 points in the user's face from the third-person RGBD
actuators' increased current load (Fig. 3). The relationshiamera’s RGB image and get the corresponding 3D points,
between the tendon tension in an ideal condition without geahich allows us to get head tracking results at 12.5Hz. Fig. 7
backlash and friction loss i§ = ksq, whereT is the tendon shows the use of a visual marker on the tabletop to calibrate
tensionks is the system constant which considers the actuatie coordinate frames among the third-person, wrist-mounted,
characteristics and the pulley diameter, apds the induced and robot. The user's 3D face key points are transformed into
actuator current load for actuatorin MOE. For the two- the robot frame for the subsequent hair manipulation tasks. For
nger MOE in this paper, we use four actuators to contrahe nger combing task, we also used the Mediapipe model
eight tendons resulting in the MOE actuators' current loa@ extract key points on the participant's hand to record the
observationg 2 R%. desired trajectory for MOE to track.

With the observations depth image, and the MOE ] )
actuator current load, the goal of the force estimation moduleP- MOE-Hair System Integration
is to learn the mapping = f (I1p;q), wherew 2 R® is the We integrate force estimation and the visual perception
estimated force vector. We use ResNet-18 image encoder [A8)dules to build the MOE-Hair system to enable a force-
to encodel§ and an MLP to encodey each into 64- reactive compliant soft robotic hair manipulation (Fig. 8).
dimensional feature vectors that we concatenate into a 1A8OE-Hair focuses on three hair manipulation and care skills:
dimensional observation representation. Because of the desighlead patting where MOE approaches the user's head from
of MOE where the two ngers are aligned so that they caeither the top or side to pat it; EZinger combingwhere MOE
apply the most amount of force in tlzedirection (Fig 5), the follows a user-de ned trajectory across the user's head; and



Fig. 8: MOE-Hair System. We use a third-person RGBD
camera to track the user's visual face key points. The visual i i i .
perception module maps the visual key points to the 3D pointd- 9 Visual comparison of the applied force estimation
cloud and generates a task-speci ¢ trajectory. As MOE follow@T0rS: We show ground-truth forces experienced by the
the trajectory, the system predicts the applied force on tfannequin head with different wigs, the predicted forces from
head using the segmented depth images of the MOE ngélrﬂke baseline, and the proposed approaches.

and actuator current load. The system adjusts the trajectories

in real time to maintain comfort and contact based on the TABLE II: Force Estimation Comparisons

predicted contact forces. Wig Method RMSE (N) #

Actuator Load Only [Baseline] 0.286

. . Wig 1 Depth Only [Baseline] 0.143

3. Hair grasping where MOE approaches the user's head from MOE-Hair [Proposed] 0.114
either the top or side and grasps hair from near thg scalp. Actuator Load Only [Baseline] 0.318
To perform these tasks effectively, we use the visual pesig 2 Depth Only [Baseline] 0.185

ception module to perceive the user's head pose and 3D key MOE-Hair [Proposed] 0.162
points in the robot frame. We use the approximate head pose Actuator Load Only [Baseline] 0.296
, ; ; ig 3 Depth Only [Baseline] 0.154

to approach the user's head with MOE. Once in contact, W& MOE Har [Framsset a3

use the force estimation module in a force-feedback loop and
allow the system to apply consistent force on the scalp, even

with imperfect visual input. The system adjusts the robot's . . .
poses irl? real-time to adgpt to the l)J/SGI"S heeid movements. I"'PPErS grasped the hair, the robot hands moved up to lift
"the grasped bundle of hair. We then measured the minimum

IV. SYSTEM RESULTS packing perimeter of the bundle of the grasped hair to assess
We present evaluation results for the components of tRsk effectiveness. Fig. 6 shows the forces experienced by the
proposed MOE-Hair system. Speci cally, we demonstrate thfgrce-sensorized mannequin head during the grasping task.
the proposed MOE soft robotic end-effector can interact with Lower forces experienced by the mannequin head could
a surface while applying lower contact forces compared toiRgicate reduced discomfort if applied to a human subject.
rigid end-effector. Furthermore, we show that we can achie@@ncurrently, a hair care robot will need to be able to grasp
improved applied force estimation using both observed degtfir that may be close to the scalp, which will likely result
and actuator current loads over using only depth or actuatBrhigher forces experienced by the mannequin head. Then,

load. we note that an ideal hair care robot must be able to grasp
_ _ hair effectively while also applying minimal force on the head.
A. MOE Interaction Force Evaluation Table | reports the maximum force experienced by the head

We use a mannequin head with an attached synthetic hafirvarying depths and the amount of hair grasped.
wig to simulate a human user. The base of the mannequirAt 6.0 mm depth, the rigid end-effector exerts 7.67 N of
head is rigidly mounted to a 6-axis force sensor to measumrce on the mannequin head, while MOE applied 1.98 N of
the applied forces on the head. We compared the applietce. This constitutes a 74.1% reduction in the maximum
forces with open-loop experiments, where a rigid parallel jaterce applied to the head. Meanwhile, on the grasped hair
gripper (FE Gripper, Franka Robotics) and proposed MOfetric, MOE grasped approximately 10 % less hair. A poten-
moved to a speci ed depth (2.0 mm, 4.0 mm, 6.0 mm) into thigal explanation of this marginal decrease in the amount of hair
hair and grasped. The depths are measured with respect tograsped is that the compliance of MOE allowed some of the
position where the robot is barely making contact with thgrasped hair to be pried away as the end-effector moved away.
hair to account for different end-effectors lengths. After thErom these results, we design MOE-Hair's force-feedback



