
946 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 5, NO. 2, APRIL 2020

Learning-Based Fingertip Force Estimation
for Soft Wearable Hand Robot With

Tendon-Sheath Mechanism
Brian Byunghyun Kang , Daekyum Kim , Hyungmin Choi , Useok Jeong , Kyu Bum Kim,

Sungho Jo , and Kyu-Jin Cho

Abstract—Soft wearable hand robots with tendon-sheath mech-
anisms are being actively developed to assist people with lost
hand mobility. For these robots, accurately estimating fingertip
forces leads to successful object grasping. An approach can utilize
information from actuators assuming quasi-static environments.
However, non-linearity and hysteresis with regards to the dynamic
changes of the tendon-sheath mechanism hinder accurate fingertip
force estimation. This paper proposes a learning-based method
to estimate fingertip forces by integrating dynamic information
of motor encoders, wire tension, and sheath bending angles. The
model is modified from Long Short-Term Memory by incorporat-
ing a residual term that governs the dynamic changes in sheath
bending angles. Using a tendon-driven soft wearable hand robot,
the proposed model obtained RMSE less than 0.44 N. It was further
evaluated under criteria ranging from different object sizes, bend-
ing angle ranges, and forces. Finally, a repeatability test (0.46 N in
RMSE), real-time applicability (125 Hz), and force control (12.7%
in MAPE) were performed to verify the feasibility of the proposed
method.

Index Terms—Soft robot applications, wearable robots,
modeling, control, and learning for soft robots.

I. INTRODUCTION

R ECENTLY, various wearable hand robots made by soft
materials have been developed to assist people with full or

partial loss of hand mobility [1]–[10]. These soft wearable hand
robots are mostly actuated either by using pneumatic actuation-
based [1], [2] or tendon-driven systems [3]–[10]. When using
the tendon-driven actuation system, soft wearable hand robots,
in general, are composed of a glove (wearing part), an actuation

Manuscript received September 10, 2019; accepted January 1, 2020. Date of
publication January 13, 2020; date of current version January 30, 2020. This
letter was recommended for publication by Associate Editor H. Andreasson
and Editor S. Behnke upon evaluation of the reviewers’ comments. This work
was supported by the National Research Foundation of Korea Grant funded by
the Korean Government (MSIT) under Grants NRF-2016R1A5A1938472 and
NRF-2019R1F1A1041277. (B. B. Kang and D. Kim contributed equally to this
work.) (Corresponding author: Kyu-Jin Cho and Sungho Jo.)

B. B. Kang, H. Choi, K. B. Kim, and K.-J. Cho are with the Biorobotics Lab-
oratory, Department of Mechanical Engineering, IAMD, Seoul National Uni-
versity, Seoul 08826, Korea (e-mail: brianbkang@snu.ac.kr; tndhals@snu.ac.kr;
kbum34@snu.ac.kr; kjcho@snu.ac.kr).

D. Kim and S. Jo are with the Neuro-Machine Augmented Intelligence
Laboratory, School of Computing, KAIST, Daejeon 305-701, Korea (e-mail:
daekyum@kaist.ac.kr; shjo@kaist.ac.kr).

U. Jeong is with the Robotics R&D Group, Korea Institute of Industrial
Technology (KITECH), Hanggaul-ro 143, Sangnok-gu, Ansan-si 15588, Korea
(e-mail: usjeong@kitech.re.kr).

Digital Object Identifier 10.1109/LRA.2020.2966391

Fig. 1. System overview.

system, and a tendon-sheath mechanism (TSM) [3]–[10]. The
TSM, the connecting component located between the glove and
the actuation system, plays two important roles in tendon-driven
soft wearable hand robots: 1) transmission of the power from the
motor to the glove and 2) glove weight reduction via separation
of the actuation system from the glove. These benefits enable
increased portability of soft wearable hand robots, potentially
allowing the assistance of various daily tasks.

Up until now, the trend has been to utilize under-actuation as a
characteristic for TSM when making soft wearable hand robots
for the assistance of Activities of Daily Livings (ADLs). [3]–[8].
The under-actuated system is to intentionally provide lower de-
gree of freedom for the robots in order to deploy the fewer num-
ber of actuators. Such system has its merits in that it minimizes
the complexity of the actuation, thus providing compactness and
portability to the robots. Due to the limited number of actuators,
robots with under-actuated systems have focused on generating
or supporting a simple uniform grasp motion.

For the wearable hand robots to be appropriately utilized in
daily life, it is important to generate proper grasping forces in
accordance with various object characteristics. In other words,
grasping performance depends on generating adequate grasp-
ing forces. For instance, to hold a basketball, which is an
object relatively larger than a hand, the human applies an
adequate grasping force rather than overcompensating with a
maximum grasping force. Thus, it is essential for the robot to
acquire fingertip information when exerting forces to the target
object.
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To obtain fingertip forces between the fingers and the object,
one intuitive solution is to use a tactile sensor on a fingertip.
Previous studies have suggested various types of tactile sensors
that have potential to be used in wearable hand robot appli-
cations [11]–[13]. Wang et al. proposed a three-axis flexible
tactile sensor array based on conductive rubber [13]. Cheng et al.
proposed a fabric-based pneumatic sensor for bending angles
and contact force detection [2]. Unlike sensors using soft mate-
rials, wearable finger sensor modules utilizing various types of
sensors were also developed [14]–[16]. Besides studies related
to sensors, soft wearable hand robots with embedded sensors
are developed for various applications including rehabilitation,
assisting repetitive tasks, and haptics [2], [8], [17], [18]. How-
ever, sensors on the glove can limit the wearable hand robots to
assist ADLs for people with sensorimotor impairment. Placing
sensors on the glove not only increase the size of the robot but
also result in individual calibration. This is due to the fact that
the placement of the sensors are user dependent. Furthermore,
electric components including sensors can endanger users when
performing ADLs in water-aqueous activities like dish washing
or tooth brushing.

As an alternative approach, fingertip forces can possibly be
estimated by utilizing information obtained from the actuation
system with the TSM. The major issue in this approach is sheath
non-linearity cause by bending and friction. Conventionally,
the capstan formula has been used to describe frictional non-
linearity [19] and has been adopted as a tension estimation
model output of TSM [20]–[22]. Li et al. presented a prelim-
inary study using deep learning [23] to predict the frictional
hysteresis of TSM in the endoscopic device under the fixed
shape of the sheath. Jeong et al. proposed BoASensor to handle
frictional hysteresis of TSM by measuring sheath bending angles
in real-time [24]–[26]. Although those studies demonstrated
the effectiveness of force estimation when using TSMs under
certain environments, several limitations still impede the actual
application in uncontrolled environments. While existing studies
assume quasi-static environments, in the case of soft wearable
hand robots, the dynamic change of sheath bending angles is a
key concern. During a reaching-grasping sequence of actions,
sheath bending angles are not constant, resulting in changing
fingertip forces. Another issue is non-linearity caused by the
compliance of the soft wearable hand robot and human hand.
These issues in sum make it hard to estimate fingertip forces by
existing methods.

This letter proposes a learning-based approach to estimate
fingertip forces without any tactile sensors by integrating infor-
mation from motor encoders, wire tension, and sheath bending
angles for soft wearable hand robots with the TSM. Assuming
the contact force is generated only at the fingertips, the proposed
approach can estimate fingertip forces regardless of variation
of object sizes and dynamic change in sheath bending angles.
In order to realize the proposed approach, Exo-Glove Poly
II [5], [6], an under-actuated soft wearable hand robot with the
TSM, was modified to integrate BoASensors [24]–[26] with the
actuation system as depicted in Fig. 1. For collecting datasets,
motor encoders and wire tension were measured from the actu-
ation system while sheath bending angles were measured from
BoASensor. Bending Time-gradient Long-Short Term Memory
(BT-LSTM), a modified version of Long-Short Term Memory
(LSTM [27]), is proposed to deal with obtained non-linear
information obtained from the TSM. BT-LSTM has a residual
structure that inputs bending-time gradient, which incorporates

with the hidden outputs of LSTM. Adding this structure en-
ables to better deal with the dynamic changes of the angle
displacement. Performances of BT-LSTM were compared with
conventional learning algorithms to estimate fingertip forces for
various object sizes and sheath bending angles for verification.
Considering sheaths movements during grasping motions, the
performance of the model was evaluated by estimating fingertip
forces under the dynamic change of sheath bending angles. In
addition, a repeatability test, real-time applicability, and force
control experiment were performed to verify the feasibility of
the proposed method in real-life application.

Section II addresses issues related to estimating fingertip
forces in soft wearable hand robot with TSM. Section III explains
overall hardware system configuration and proposed algorithm.
In Section IV, experimental results are presented and analyzed.
Lastly, Section V concludes the paper with discussions and
future works.

II. PROBLEM DESCRIPTION

A. Problem Definition

The objective of this study is to estimate fingertip forces of
an under-actuated soft wearable hand robot with TSM using
a machine learning algorithm. Instead of directly attaching
sensors onto the glove, motor encoders, flexion wire tension
and sheath bending angles are used as an input of the machine
learning model. There are some complications when modeling
fingertip forces from the given parameters, like non-linearity
and hysteresis. As a major factor that complicates fingertip force
estimation, the non-linear relationship between these parameters
can be represented as two aspects: 1) non-linearity in the robot
system and 2) non-linearity caused by the environment. The first
includes friction in TSM, compliance of TSM, and compliance
of the glove. The second aspect includes compliance of a user
hand, variation in hand sizes, variation of target object sizes, and
variation of target object stiffness. To clearly address the concept
of non-linear and hysteresis behaviors in the soft wearable hand
robot with TSM, relationships between actuation lengths, flexion
wire tension, and fingertip forces are plotted in Fig. 2. Among
these factors, this study focuses on estimating fingertip forces
considering sheath angle variation and object size variation.
For the system with TSM, considering the non-linear tendon
behavior caused by the sheath angle variation (Fig. 3) is critical
for estimating and controlling the system.

B. Nonlinear Behaviors Between Parameters

1) Varying Objects: Fig. 2(a)–(c) show nonlinear behaviors
between parameters according to different object sizes when
the sheath bending angle and the actuation length are fixed.
For comparison, three cases are plotted: grasping without an
object (No object), grasping an 68 mm (Medium object) and 93
mm (Large object) objects. Fig. 2(a) shows non-linear trends
between actuation lengths and flexion wire tension. Obviously,
wire tension for larger objects tends to increase faster and to have
the higher value when reaching the peak point. “No object” case
was included to show the performance of the robot without any
object as a reference. Fig. 2(b) shows trends between actuation
lengths and fingertip forces. Similar to Fig. 2(a), fingertip forces
for the larger object tends to increase faster and to have higher
peak value. Fig. 2(c) shows non-linear behaviors between flexion
wire tension and fingertip forces. It is notable that the shape of
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Fig. 2. Non-linear behavior between actuation lengths, flexion wire tension and fingertip forces for varying object sizes and sheath bending angles. Varying
objects: (a) Actuation length vs. Flexion wire tension, (b) Actuation length vs. Fingertip force, (c) Flexion wire tension vs. Fingertip force. Varying sheath angles:
(d) Actuation length vs. Flexion wire tension, (e) Actuation length vs. Fingertip force, (f) Flexion wire tension vs. Fingertip force.

Fig. 3. Concept of embedded BoASensing for bending sensing of TSM.

the loop is different for different object sizes. Here, slopes of the
graph for flexion constantly changes as wire tension increases.

2) Varying Sheath Angles: Fig. 2(d)–(f) show non-linear be-
haviors between parameters according to different sheath bend-
ing angles when the object size and the actuation length are fixed.
For comparison, sheath bending angles were fixed to 0◦, 180◦
and 360◦. Fig. 2(d) shows non-linear trends between actuation
lengths and flexion wire tension. As sheath bending angles
increase, flexion wire tension increases for the same actuation
length. Since wire tension is measured at the actuation system,
this phenomenon is explainable in that the friction of TSM also
increases as sheath bending angles increase. For the same reason,
increased friction in TSM resulted in decreased fingertip forces
given same actuation lengths as shown in Fig. 2(e). Fig. 2(f)
shows non-linear behaviors between flexion wire tension and
fingertip forces. For different sheath bending angles, hysteresis
loops have clearly shown to have different trends. In Fig. 2(f),
fingertip force drops were observed when flexion wire tension is
increased, especially for the case when sheath bending angle is
0◦. There are several possible reasons to explain this behavior,
such as the change in glove placement relative to the hand, wire
path change during actuation, or finger slip on the object during

grasping. In reality, these are the factors that cannot be prevented
or controlled, thus making it complicated to estimate fingertip
forces.

III. METHODS

A. Hardware Setup

1) Overall System: Experiments have been conducted using
Exo-Glove Poly II [5], [6] with the customized actuation system.
The actuation system consisted of two linear actuators (L16 s,
Actuonix, Canada) for flexion and extension. For each actua-
tor, a linear potentiometer, wire length adjuster, loadcell, and
BoASensor [24]–[26] were assembled. The role of linear actua-
tors was to pull the wires in the sheaths to transmit wire tension
to the glove. Two actuators were operated antagonistically: when
the flexion actuator pulls the flexion wire, the extension actuator
pushes the extension wire, and vice versa. Linear potentiometers
(SoftPot, Spectra Symbol, USA) were located collinear with the
direction of the actuators to measure actuation lengths. Wire
length adjusters were connected in between the end of the
actuators and the wires in order to customize initial wire lengths
of Exo-Glove Poly II. To measure wire tension on the flexion and
extension wires, loadcells (333LBS, Ktoyo, Korea) were located
between the end of the sheaths and the wire length adjusters. At
the end of the actuators, BoASensors were assembled to measure
sheath bending angles.

Grasping force was measured using a custom-made hand
dynamometer as shown in Fig. 1. The dynamometer consisted of
four components: Two body structures, spacers, and a loadcell.
Two body structures were 3D-printed (Uprint, Stratasys, USA)
and were designed in saddle-shape for easy contacts of the
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fingers. A loadcell was placed between the structures. In order
to change the size of the dynamometer, acrylic plates with 5mm
thickness were used as spacers and were placed between a
loadcell and one of the structures. For the study, object size
numbers in Chapter IV corresponds to the number of spacers
placed in the dynamometer. Thus, the sizes of the dynamometer,
the distance between the thumb and index finger, are 68mm,
73mm, 78mm, 83mm, and 88mm, for object 1 to 5, respectively.

2) BoASensor: As previously mentioned, the sheath bending
angle of TSM is one of the most significant parameters that
affects the frictional non-linearity of the transmission system.
To tackle the issue, BoASensor, which can be placed alongside
with the actuation wire inside the sheath, has been proposed
to directly measure the sheath bending angles. In detail, two
wires, an actuation wire and a sensing wire, were aligned par-
allel inside the sheaths. BoASensor is working in principle by
measuring the displacement change of the sensing wire caused
by accumulated bending angles along the sheath. This is because
the central displacement of the sheath increases with bending
due to geometrical characteristics as illustrated in Fig. 3. Thus,
the sensing tendon should be placed only inside the sheaths.
Therefore, unlike the actuation tendons, one end of the sensing
tendon is installed at the BoASensor module, which is placed at
the actuation side end of the sheath. The other end of the sensing
tendon installed at the glove side end of the sheath.

B. Data Collection

The experimental environment to acquire training and testing
data sets is shown in Fig. 1. A user, equipped with Exo-Glove
Poly II on a desk, was asked to relax and release the user’s hand
during experiments. For each cycle, grasping of the wearable
robot was performed for about 2.0–3.0 seconds, depending on
the angular distance, and full release was lasted for 1.5 seconds.
During grasping, commanded end-point encoder values for the
flexion actuator were randomly assigned with uniform distribu-
tion in order for the output fingertip forces to have the values
between 5 to 16 Newtons during firm grasp. End-point encoder
values for both flexion and extension actuators were manually
defined to have the glove fully extended. During data collections,
we randomly relocated the sheath by wiring and unwiring it to
obtain various range of sheath bending angle data. There were 5
different object sizes, and 50 grasping-and-releasing trials were
performed for each object size. Data are sampled at 80Hz. 40
trials for each object were used as training and validation data,
and 10 trials for each object were used as testing data.

C. Fingertip Force Learning

The objective here is to obtain a fingertip force estimation
model f as in

ŷ = f(x|θ)

where θ and ŷ represent parameters to be learned and estimated
fingertip forces at the current time t, respectively. Due to the
sequential characteristics of the input data, given problem is
usually solved by using Long Short-Term Memory (LSTM).
LSTM is a type of Recurrent Neural Network (RNN) structure
that has input, forget, and output gates. The forget gate decides
what information to keep or discard by multiplying 1 or 0 using a
sigmoid unit. These gates enable the network to better deal with

Fig. 4. Bending time-gradient long-short term memory (BT-LSTM).

long-range dependencies caused by the vanishing and explod-
ing gradient problems [28]. LSTM structures are widely used
because they are known to be more effective than RNNs [29].
However, due to the fact that fingertip forces greatly depend
on bending angles and its changes, a regular LSTM is not able
to enumerate accurate fingertip forces. In this paper, BT-LSTM
(Bending Time-gradient LSTM), a variant of LSTM, is proposed
to deal with such issue.

1) Input and Output Data: In a LSTM window with the
assigned time window value T , an input data xt at each time
step t, where t = 1, 2, . . ., T , is composed as follows:

xt = {x(1)
t , x

(2)
t , x

(3)
t , x

(4)
t , x

(5)
t , x

(6)
t , x

(7)
t , x

(8)
t }

where
1: Grasping/releasing state
2: Movement state (static vs. moving)
3: Commanded motor encoder value
4: Current motor encoder value
5: Tension value on the flexion wire
6: Tension value on the extension wire
7: Sheath bending angles on the flexion wire
8: Sheath bending angles on the extension wire
and yT is the fingertip force at time T . A sequence of the

sensor output x(1:T ) = {x(t=1), x(t=2), . . ., x(t=T )}.
2) BT-LSTM: BT-LSTM (Bending Time-gradient LSTM)

comprises an additional bending-time gradient residual structure
along with a usual LSTM model. This residual structure is to
better deal with the change in bending angles from previous
states so as to obtain accurate fingertip force values. It aims to
obtain cell vector ct ∈ Rn and output vector ot ∈ Rn by using
the following operations:

ft = σ(Wfxt + Ufht−1 + bf )

it = σ(Wixt + Uiht−1 + bi)

io = σ(Woxt + Uoht−1 + bo)

c
′
t = ft ◦ ct−1 + it ◦ tanh(Woxt + Uoht−1 + bo)

h
′
t = ot ◦ tanh(ct)

BT =

(
∇x

(7)
t · ti

T

)ρt
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Fig. 5. Results of fingertip force estimation for three different object sizes using BT-LSTM, LSTM+BoA, and LSTM.

ct = c
′
t +BT · ct−1

ht = h
′
t +BT · ct−1

where σ(·) and tanh(·) respectively denote the element-wise
sigmoid and hyperbolic tangent activation functions, and ◦ is
an element-wise multiplication. it ∈ Rn, ft ∈ Rn, and ot ∈ Rn

represent input, forget, and output gates, respectively. Wo, Uo,
and bo are training parameters for each gate. Unlike the usual
LSTM architecture, the BT term in BT-LSTM calculates the
gradient of bending angle at the flexion wire given time, ∇x

(7)
t ,

which can be obtained by x
(7)
t − x

(7)
t−1. This term is then mul-

tiplied by ti
T where ti represents the current time index in the

time window. ρt is a trainable power term that deals with the
non-linearity of the BT term. The overall architecture is depicted
in Fig. 4.

3) Training and Testing: To train fingertip forces from input
data, a three-layer BT-LSTM with 128 hidden units is used.
Sequence time length of BT-LSTM was set to T = 40. The final
output of the BT-LSTM layer is fed into the final fully-connected
layer to obtain the one-dimensional output. The mean squared
error (MSE) function is used to measure the loss between the
predicted and the ground truth contact force. During training,
the number of epoch was 2000, and the mini batch size was 32.
Adam optimizer was used with 0.001 learning rate and 10−5

weight decay.

IV. RESULTS AND ANALYSIS

BT-LSTM is evaluated by comparing with the performance
obtained from three-layer LSTM models with and without bend-
ing angle information, abbreviated as LSTM+BoA and LSTM,
respectively. To evaluate the performance of the models, Root

TABLE I
RESULTS OF FINGERTIP FORCE ESTIMATION

Mean Squared Error (RMSE), Mean Absolute Error (MAE), and
Mean Absolute Percentage Error (MAPE) are used.

A. Fingertip Force Estimation

The results of the testing errors are shown in Table I. The
proposed model had MAE of 0.246N and RMSE of 0.416N. The
LSTM model with bending angle information, LSTM+BoA,
achieved MAE of 0.361N and RMSE of 0.596N. The regular
LSTM without bending angle information gave MAE of 0.646N
and RMSE of 1.119N. The model without bending angle infor-
mation, giving the highest errors amongst all, seems that it fails
to accurately obtain contact force of the wearable robot hand.
While LSTM+BoA had better accuracy than LSTM, its errors
was 46.7% and 43.2% higher than the errors of BT-LSTM in
MAE and MSE.

While deep learning methods are known to be good at dealing
with hysteresis and non-linearity [23], [30], the LSTM model
without having bending angle information is not able to accu-
rately estimate fingertip forces. This can be because the force de-
pends on both the magnitude and change of sheath bending angle
of TSM for the soft wearable hand robots. While LSTM+BoA,
utilizing bending angle information, has reasonable performance
over all objects, it sometimes overshoots or undershoots the
peak fingertip force values. On the other hand, it is notable that
BT-LSTM shows stable performance over all different object

Authorized licensed use limited to: Korea Advanced Inst of Science & Tech - KAIST. Downloaded on December 06,2022 at 06:14:50 UTC from IEEE Xplore.  Restrictions apply. 



KANG et al.: LEARNING-BASED FINGERTIP FORCE ESTIMATION FOR SOFT WEARABLE HAND ROBOT 951

Fig. 6. (a) Root Mean Squared Error of BT-LSTM, LSTM+BoA, and LSTM for different object sizes. (b) Root Mean Squared Error of BT-LSTM, LSTM+BoA,
and LSTM for different angular ranges. (c) Root Mean Squared Error of BT-LSTM, LSTM+BoA, and LSTM for different fingertip force ranges.

scenarios. Fig. 5 shows results of the estimated fingertip forces
using three different models for different object sizes.

B. Further Analysis 1: Different Object Sizes

To further analyze the performance of the models, error values
for different object sizes were compared as depicted in Fig. 6(a).
Based on the results, the proposed model showed the lowest
RMSE for all different object sizes. LSTM+BoA had the higher
errors than BT-LSTM but lower than LSTM. The best-case
scenario of BT-LSTM was when the object size was 5 as the
error was 0.35N. When the object size was 3, which was the
worst-case, RMSE was 0.53N; RMSE values for LSTM+BoA
and LSTM were 0.73N and 1.48N. It is presumed that object 3
could have a lot of confused data points from the neighboring
object sizes, compared to other objects because the differences
in object size are small.

C. Further Analysis 2: Different Bending Angle Ranges

An additional test was performed to see how the amount of
bending angles at the end point of the time window (t = T ) af-
fects the corresponding fingertip forces. Fig. 6(b) shows RMSE
over different bending angles. Each of the annotated angle values
on the x-axis in the figure represents angle range between the
value and the previously-annotated value. Based on the result,
as bending angles increased, the error of the overall models
tended to be increased. In other words, when the sheath of the
robot is curvier, it is harder to estimate accurate fingertip forces.
However, in comparison with other models, BT-LSTM provided
better results over all angular ranges. When the angle was in
between 324◦ and 360◦, which was the worst-case scenario,
BT-LSTM had RMSE of 0.73N while LSTM+BoA and LSTM
had 1.01N and 2.78N errors in RMSE, respectively.

D. Further Analysis 3: Different Force Ranges

Fig. 6(c) shows RMSE over the different range of ground
truth fingertip forces. Each of the annotated fingertip force
values on the x-axis in the figure represents the fingertip force
range between the value and the previously-annotated value.
The error of the estimated contact force increases as the ground
truth contact force increases for all models. It may be rational
that the larger absolute value, the more error. Still, BT-LSTM
outperforms the other models over all range of ground truth
fingertip forces. For the worst-case scenario (when the force

range is in between 13 and 14N), RMSE of BT-LSTM was 0.80N
while LSTM+BoA and LSTM had RMSE of 1.12N and 2.61N.

E. Further Analysis 4: Bending Angle Changes During
Grasping

In this section, to verify the performance of the proposed
model in the situation where bending angle continuously
changes, the sheaths were manually manipulated during data
gathering. The result, depicted in Fig. 7, shows that BT-LSTM
was able to estimate fingertip forces under continuous bending
angle changes. On the other hand, other two models did not seem
to produce accurate results compared to BT-LSTM.

To quantitatively analyze the impact of dynamic angle
changes, the top 5,000 data that had the largest cumulative
bending angle changes and the smallest cumulative bending an-
gle changes were compared in RMSE. The cumulative changes
in bending angle were calculated by

∑T
t=2 |x(7)

t − x
(7)
t−1|. The

proposed model had 0.26 N (top 5,000 smallest) and 0.44 N
(top 5,000 largest). LSTM+BoA had 0.32 N (smallest) and
0.75 N (largest). LSTM did not seem to produce accurate results
for both smallest and largest changes in bending angle, which
had 0.99 N (smallest) and 1.1 N (largest). Based on the result,
the proposed method had the less impact of the bending angle
changes compared to LSTM+BoA.

F. Further Analysis 5: Repeatability

In order to evaluate the repeatability, additional experiments
were performed to gather three different test datasets. Each
of the test datasets was collected 1) in accordance with the
aforementioned data collection method, 2) on a different day,
and 3) by re-assembling the actuation system. The results are
tabulated in Table II. The performance of the proposed method
was slightly decreased from 0.246N in MAE and 0.416N in
RMSE to 0.287N in MAE and 0.462N in RMSE. However,
the other two methods show severe performance degradation.
The performance of LSTM+BoA was decreased from 0.361N
in MAE and 0.596N in RMSE to 0.719N in MAE and 0.971N
in RMSE. Standard deviations of the absolute errors for each
method were also displayed. BT-LSTM had the standard devia-
tion of 0.362N while LSTM+BoA and LSTM had the standard
deviations of 0.971N and 1.517N, respectively.
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Fig. 7. Fingertip force estimation results using BT-LSTM, LSTM-BoA, and
LSTM during constant angle change.

TABLE II
RESULTS OF FINGERTIP FORCE ESTIMATION FOR REPEATABILITY

G. Further Analysis 6: Real-time Applicability and Force
Control

This section is to examine the feasibility for an actual de-
ployment of the proposed system. Two computing devices
were tested for real-time applicability: a laptop (ROX Zephyrus
GX501, Asus) and an embedded computing device (Jetson AGX
Xavier, NVIDIA). On the laptop, the fingertip forces were
estimated with 125 Hz, and the embedded device gave 22.2 Hz.

To validate that the proposed system enables force control,
a PID controller was implemented and tested under the laptop
setting. The controller was tested using a 5-second step function
as input signals, as shown in Fig. 8. MAE between the desired
and measured force was 0.72N, which is 12.7% in MAPE. The
desired force has been reached in about 1.2 seconds while it
takes about 1.4 seconds to return back to the rest. Compared to
Hofmann et al. [22], whose performance was 6.6% in MAPE for
the step response, this error seems a bit higher although they used
a different actuation system. It is assumed that the biggest error
of the proposed method is due to the slower actuation system;
the time taken to the force setpoint was more than twice as slow
as Hofmann et al. It is notable that after reaching the desired
force, MAE became 0.31N, which is 3.69% in MAPE.

V. DISCUSSION AND CONCLUSION

This paper proposed a deep learning-based method for esti-
mating fingertip forces by using motor encoders, wire tension
and bending angle information. The actuation system included

Fig. 8. Force control results using the step function.

sensors to measure wire tension and actuation lengths. To mea-
sure sheath bending angles, BoASensors were embedded in
the actuation system. Exo-Glove Poly II, a soft under-actuated
tendon-driven wearable robot, was used to verify the proposed
method. Existing problems that hinder to measure fingertip
forces, including non-linearity, hysteresis and the influence of
bending angles were presented. To deal with the aforementioned,
BT-LSTM, a modified version of LSTM, was presented. The
performance of BT-LSTM was evaluated by comparing with
regular LSTM models including and excluding sheath bending
angle information as inputs. This paper further analyzed the
performance of the proposed model by using different object
sizes and analyzing how sheath bending angles and fingertip
forces affected the model’s error. Then, the repeatability test
was performed using three different datasets collected on dif-
ferent days. To validate the possibility of actual deployment,
portable devices were tested. The ability of force control using
the proposed method is also examined.

The results showed that the proposed approach was accu-
rately able to estimate fingertip forces under various criteria like
different object sizes and angular disturbances in comparison
with an existing model. This suggests that the sheath bending
angle is an important factor to estimate fingertip forces for soft
wearable hand robots with TSM. The robots are known to have
non-linearity and hysteresis on both proximal and distal end.
In addition, when measuring fingertip forces from wire tension,
their fingertip forces are greatly influenced by dynamic changes
of the sheath bending angle. This problem was alleviated by de-
signing an extra residual module that integrates sheath bending
angle information and time gradient.

Although the proposed method outperformed the other
learning-based models in estimating fingertip forces, there still
are some limitations and challenges that need to be further devel-
oped. First, the proposed method needs vast calculations during
inferences compared to existing non-deep-learning-based meth-
ods. For force control, this study used the laptop as a computing
device, which is small enough to fit in wheelchairs. However,
since the computation speed of the embedded devices were not
fast enough, this kind of task may not currently be manageable.
Second, the proposed method is data-dependent. It requires a lot
of data for training the network and takes long training time. To
overcome this, integrating the proposed approach with a prior
knowledge using existing methods [22] would be necessary.

A future work can be to consider non-rigid objects when
measuring fingertip forces. While this being an important is-
sue to solve, softness of non-rigid objects can create another
complexity and non-linearity when estimating fingertip forces
through measuring wire tension and sheath bending angles.
Furthermore, The proposed method can be used to manage other
non-linear behaviors by using BT term of the algorithm. Thus, in
the future, the proposed method has potential to be implemented
into any robotic systems that uses remote actuation systems with
TSM, such as medical robots.
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