760 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 33, 2025 {:E'EVlBS

Forearm Motion and Hand Grasp Prediction
Based on Target Muscle Bioimpedance for
Human—Machine Interaction

Tianyang Yao", Graduate Student Member, IEEE, Yu Wu™, Senior Member, IEEE,
Dai Jiang", Senior Member, IEEE, Richard Bayford™, Life Senior Member, IEEE,
and Andreas Demosthenous™, Fellow, IEEE

Abstract—This paper introduces a novel methodology
for simultaneously predicting hand grasp and forearm
motion using target muscle bioimpedance measurements
and regression models. A total of six channels, formed
by nine electrodes, are employed for this multi-degree of
freedom (DoF) prediction. Given the time-dependent nature
of bioimpedance variation, the long short-term memory
(LSTM) regression model is more competent in multi-DoF
prediction, compared to linear regression (LR), support
vector regression (SVR) and multilayer perceptron (MLP).
In intra-subject cross-validation, MLP yields an average
coefficient of determination (R2) of 0.9256 for predicting
hand grasping angle, while LSTM achieves an average
R2 of 0.9483 for predicting random simultaneous forearm
two-DoF motion. Operation by amputees without the need
to train the regression models is possible by mapping
muscle bioimpedance variation directly to the prediction
angle, allowing for the approximate estimation of single-
DoF motion. The efficacy of these prediction approaches
is demonstrated in a real-time object grasping task.

Index Terms— Bioimpedance, multi-degree of freedom
(DoF), human—machine interaction (HMI), forearm motion,
hand grasp, robotic control, regression model, long
short-term memory (LSTM).

I. INTRODUCTION
UMAN-MACHINE interaction (HMI) aims to establish
a seamless connection between humans and robotic
systems. Extensive research has been conducted on various
methods, including vision, depth, acceleration and angular
velocity, to implement effective HMI [1], [2], [3]. Non-invasive
bio-signal recording has emerged as the most popular approach
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in the domain of prosthetic control, leading toward a natural
and collaborative HMI bridge for upper limb interpretation
[4], [5].

In bio-signal based HMI, various techniques like surface
electromyography (SEMG) [4], [6], sonomyography (SMG)
[7], [8], and electroencephalography (EEG) [9], [10] are
frequently employed. Among these methods, SEMG is widely
favoured for clinical use due to its independence from external
stimulation and its direct response to muscle movement [11].
The sEMG signal is initiated by activating impulses that inner-
vate motor neurons [12]. It is a composition of the electrical
activity generated by superficial muscle fibres, detectable on
the skin surface. The signals exhibit amplitudes up to tens
of millivolts, with frequencies up to approximately 500 Hz.
Consequently, the recording process is prone to motion arti-
facts and low-frequency noise, which are challenging to filter
out due to the overlap in frequency bands [13]. Additionally,
precise electrode positioning on the skin surface over target
muscles is required. Even with accurate electrode place-
ment, capturing deep muscle activity in the forearm presents
challenges.

Another emerging method is electrical impedance tomog-
raphy (EIT), traditionally used as a radiation-free medical
imaging technology and has gained much attention in recent
HMI research [13], [14]. Compared to SEMG, EIT has a higher
signal-to-noise ratio (SNR). This is due to its operational
mechanism: an ac excitation current is injected into the arm
and voltages are sequentially recorded from pairs of electrodes.
Interferences such as motion artifacts and low-frequency noise
can be effectively filtered out, as the frequency of injected
ac current is typically around 100 kHz. Additionally, EIT
reconstructs the inner conductivity distribution through an
inverse solver. Hence, EIT has potential for HMI applications.

The early studies of EIT HMI used for static hand gesture
classifications had some success [15], [16]. Later, regression
models have been employed for continuous control. In [17],
it predicts the angles of wrist extension and flexion by map-
ping the EIT image to a musculoskeletal model, enabling
one-degree of freedom (DoF) control. Two-DoF and three-DoF
wrist kinematics estimations are separately reported in [18]
and [19], but only one of multiple DoFs can be accurately
predicted at a time. Although much has been achieved in
previous works, some challenges remain:
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Fig. 1. lllustration of (a) electrical impedance tomography (EIT) and
(b) target muscle bioimpedance measurement.

a) Random simultaneous multi-DoF prediction is not
achieved. Prior art adapts EIT scans that follow a defined
scanning pattern, making it hard to decouple individual
DoF motions from tightly correlated bioimpedance val-
ues recorded using EIT [19]. Also, as shown in Fig. 1(a),
the low resolution of EIT images results in unclear
boundaries between different tissues. This presents a
challenge in interpreting limb dynamics based on the
motion of different muscles.

b) The trained regression model is susceptible to the loca-
tion of the electrodes. The work in [20] shows that the
influence of slight displacement can significantly affect
recognition accuracy. This means that each use requires
a re-collection of data and labels for either retraining the
model or applying transfer learning.

c) Systems based on the traditional EIT scan method tend
to have a larger neural network. Collecting extensive
data, selecting features, even optimising the scanning
pattern [21], and then training the regression model
require significant time and hardware resources, which
hinders their practical use.

To address these challenges, a novel muscle-targeted
bioimpedance analysis using strategic placement of the elec-
trodes, as shown in Fig. 1(b), is proposed. It focuses on
the specific areas of interest for bioimpedance measurement
to estimate corresponding forearm and hand motions. This
method inherently achieves feature extraction. Compared to
traditional EIT-based methods, it demands fewer resources in
both software and hardware. Moreover, the measured mus-
cles are widely spread beneath the skin. This provides a

large area for electrode placement on the skin surface and
reduces the sensitivity to electrode position in the regres-
sion model performance. The muscle-targeted bioimpedance
exhibits time dependency, where past motions influence the
present bioimpedance. The long short-term memory (LSTM),
which has the ability to learn from long time-series data, was
employed to enable the prediction of random simultaneous
two-DoF forearm motion.

The rest of the paper is organised as follows. Section II pro-
vides the detailed experiment platform used for bioimpedance
measurement and motion capture, including an analysis of
the anatomical considerations for electrode placement and
optimised measurement methods. Section III presents the
performance of different regression models in decoding the
hand grasp and forearm motion using offline datasets, and
evaluates the real-time performance of the proposed three-
DoF HMI. Section IV discusses the merits and limitations of
this target muscle bioimpedance measurement method. Finally,
concluding remarks are drawn in Section V.

[I. METHOD
A. Experimental Setup

Fig. 2 shows the experimental platform for acquiring the
bioimpedance data and capturing motion for model train-
ing and validation. This platform uses a high-performance
bioimpedance measurement system with a maximum sampling
rate of 89 samples per second [22]. Each sample includes six
channels of bioimpedance data. Each channel of bioimpedance
variation is measured using a tetrapolar measurement scheme.
One pair of electrodes injects ac current with a frequency
of 125 kHz and a peak-to-peak amplitude of 4 mA, and
another pair measures the resulting voltage. The PCB-made
electrodes (width: 5 mm, length: 18 mm) are firmly affixed to
the hook and loop wrap and securely fastened around the arm.
To capture motion accurately, a depth camera (Intel RealSense
4351) is used to acquire spatial coordinates of markers fixed
on the hand and forearm.

In the experimental setup, the motion captured by the
depth camera serves as labels for constructing the dataset
incorporating recorded bioimpedance features. The dataset is
subsequently used to reveal the correlation between three-DoF
motion and bioimpedance variation using regression models.

A robotic arm equipped with a gripper is used to validate the
trained models. The predicted motions are compared against
those captured by the depth camera, enabling the calculation
of prediction errors and evaluation of the overall performance
of the system.

As shown in Fig. 3, three angles were introduced to describe
the hand grasp and forearm motion: o represents the angle
between the forearm projection on the x-y plane and y-axis
(forearm left-right motion); B denotes the angle between the
forearm and x-y plane (forearm up-down motion); and 6
indicates the angle between the hand palm and the thumb
during grasping. In the motion capture using the depth camera,
angles o and $ are calculated using the spatial positions of
the two blue dot markers on the forearm. 6 is formed by one
red dot placed near the thumb crotch as the vertex and two
red dots fixed respectively on the thumb and index finger.
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Fig. 2. Details of the experimental platform, block diagram of the setup for collecting datasets and training regression models, and validation setup

for real-time evaluation of the performance of regression models.
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Fig. 3. Motion capture. (a) Representation of hand grasp and forearm
motion through three angles. (b) Original RGB frame and depth frame
obtained by the depth camera, alongside RGB frame with three angles
and marker coordinates annotation.

To overcome the challenges in decoding the hand grasping
angle and the two-DoF arm motions (forearm left-right/up-
down motion), bioimpedance are recorded from selected

electrode positions. The recording schemes were optimised to
focus on specific muscle groups responsible for the hand and
forearm dynamics.

B. Electrode Placement and Anatomical Analysis

From an anatomical perspective, hand dynamics are pri-
marily determined by the digit extensor and flexor muscles.
The extensor muscles originate at the lateral epicondyle
of the humerus via the common extensor tendon and attach to
the fingers in the back of the hand via tendons. Contraction of
the extensor muscles straightens the fingers, opening the palm.
In contrast to the extensor muscles, the flexor muscles contract
to pull the fingers toward the palm side via the tendons,
enabling the fingers to bend and facilitate grasping [24]. Given
the opposite motion between the extensor and flexor muscles,
the bioimpedance variation of either muscle can offer insights
into the hand grasping angle. Reviewing the anatomy, the
forearm proximal to the elbow, where the muscles governing
the forearm and hand motion are concentrated, is not an ideal
site for recording. This is primarily because the bioimpedance
recorded by surface measurements will be contributed by
both the muscle of interest and other underlying muscles.
In contrast, near the wrist area, the extensor and flexor muscles
are on either side of the radius and ulna. Additionally, the
extensor muscles cover a larger area on the top of the forearm
in comparison to the tendons of the flexor muscles on the
other side. Hence, targeting the top wrist location is considered
optimal, as the extensor muscles are denser and nearer the skin
surface. Accordingly, four electrodes are strategically placed
on the top of the forearm near the wrist, as shown in Fig. 4(a).

The dynamics of the forearm are analysed with respect to
two DoFs. The forearm up-down motion primarily results from
the contraction of the biceps brachii and brachialis muscles.
These muscles pull up the radius and ulna, respectively, to flex
the elbow joint. The forearm left-right motion originates from
the rotation of the upper arm driving the forearm. The rotator
cuff muscles take the primary role in the rotation of the
upper arm with less contribution from the biceps brachii and
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Fig. 4. Electrode placement illustration. Anatomy diagrams sourced
from Anatomy.TV [23]. (a) Placement of four electrodes near the wrist
for hand grasping estimation. (b) Placement of five electrodes on the
upper arm for forearm motion estimation.

brachialis muscles. Notably, displacement between biceps and
brachialis muscles and skins occurs due to sliding of soft
tissues, such as deep fascia, during upper arm rotation. As a
result, electrodes placed on the skin can detect changes in
bioimpedance resulting from tissue displacement. As shown
in Fig. 4(b), four electrodes are vertically positioned along the
arm to detect muscle movement and tissue displacement in the
transverse direction based on the optimal electrode placement.
Another electrode, ES, is aligned with electrode E4 along
the arm to capture bioimpedance changes in the longitudinal
direction.

C. Bioimpedance Measurement Optimisation

The arrangement of these electrodes for injecting ac current
and measuring voltage needs to be optimised to maximally
reveal the changes in bioimpedance induced by hand grasp
and two-DoF forearm motions.

First, the optimization of measurement strategies for hand
grasping is examined. As shown in Fig. 5, the segment of
extensor muscles under four electrodes near the wrist can
be modelled as three variable resistors Rp4_2, Ryn—3 and
Ry3_1. Since the extensor muscles contract or extend in
unison during hand grasping, it is reasonable to assume that
the trends of variation in these three resistors are identical.
The injected current disperses within the tissues of the fore-
arm, traversing not only through the muscles with higher
conductivity but also through the connective tissues such as

fat and bones, which exhibit lower conductivity. Therefore,
the additional connective tissue impedances between adjacent
electrodes, modelled as Rc4—2, Rco—3 and R¢3_(, remain
constant regardless of muscle contraction and extension.
Rc2—3 has a smaller resistance compared with Rcq4—o and
Rc3—1, primarily due to its larger cross-section area in the
middle.

The interleaved arrangement of current injection electrodes
and voltage measurement electrodes can sense significant
variation in voltage amplitude. Taking Scheme A depicted
in Fig. 5 as an example, when electrodes E4 and E3 inject
current, the voltage on electrode E2 exhibits a high sensitivity
to the variation in Rps4—>. In contrast, electrode E1 is located
outside the injection current loop, resulting in minimal impact
of Ry3—1 variation on its voltage. Consequently, there exists
a significant difference AV,_; of the peak voltage between
E2 and El, and the same applies to AVs_3 as in Scheme
B. However, when electrodes E4 and El1 as in Scheme C
or electrodes E2 and E3 as in Scheme D inject the current,
the low resistance Rcp—3 greatly reduces the variation on
voltages, AV,_3 or AV4_1, between corresponding voltage
measurement electrodes.

These conclusions based on the proposed model are further
corroborated by the simulation of normalised current density
distribution and potential contours of the forearm cross-section
at the peak ac current of injection using COMSOL. The
dielectric properties of biological tissues used in the simulation
including conductivity and relative dielectric constant are
referenced in [25] and [26], as detailed in Supplementary
Table S1. The dimensions of the models are shown in Fig. SI.
Based on the simulation results, it was observed that the pre-
dominant current pathway occurred within the digital extensor
muscles, mainly attributed to their higher conductivity and the
strategic placement of the electrodes on the top of the forearm.
Furthermore, the low conductivity bones impose constraints on
the dispersion of the injection current, impeding its diffusion
toward the flexor muscle. The optimal electrode placement
is to place one of the voltage measurement electrodes where
the potential contour lines are dense (between two current
injection electrodes) and the other where the contour lines are
sparse (outside two current injection electrodes) like Schemes
A and B shown in Fig. 5. The reason for this is that the
denser the potential contours (the lower the resistance), the
more sensitive it is to sense potential change due to muscle
movement. If both electrodes are placed in areas with the
same density of potential contours, it tends to attenuate the
discernment of variation, as illustrated by Schemes C and D
in Fig. 5.

The injected ac current disperses across the body tissues,
making it challenging to ascertain the current between the two
voltage-recording electrodes to calculate the exact impedance.
Hence, the absolute variation of the measured voltage, denoted
by |AV]|, will be used to indicate absolute variation in
bioimpedance. The experiment raw data conclusively demon-
strates the notable variations in AV,_; and AV,_3, exhibiting
a significant correlation with the angle 6 captured by the depth
camera. AV,_; and AV4_3 can serve as dual channels for
determining the hand grasping angle 6.
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TABLE |
RESULTS OF HAND GRASP PREDICTION

Model Linear Regression Support Vector Regression Multilayer Perceptron

Feature AV, AV, AV, AVys AV, AV, AV, AVys AV, AV, AV AV
Subject 1 0.8699 0.7812 0.8913 0.8915 0.8086 0.9208 0.8868 0.7868 0.9471
Subject 2 0.8806 0.7135 0.8546 0.9118 0.8748 0.9092 0.9211 0.8587 0.9122
Subject 3 0.8255 0.7711 0.8134 0.8641 0.8942 0.8974 0.8672 0.8905 0.8939
Subject 4 0.9027 0.9566 0.9634 0.9020 0.9546 0.9585 0.9059 0.9566 0.9437
Subject 5 0.9203 0.9106 0.9185 0.9362 0.9281 0.9459 0.9227 0.9143 0.9312
Average 0.8798 0.8266 0.8882 0.9011 0.8921 0.9264 0.9007 0.8814 0.9256

RMSE

Model Linear Regression Support Vector Regression Multilayer Perceptron

Feature AV, AV, AV, AVys AV, AV, AV, AVys AV, AV, AV AV
Subject 1 6.6627 8.7984 5.8941 6.0111 8.1939 5.2528 6.1211 8.6864 4.3105
Subject 2 7.3221 11.5160 7.9790 6.4002 7.6035 6.4451 5.9953 8.0920 6.1776
Subject 3 6.6051 7.6595 6.8754 5.3972 4.6312 4.4739 5.3060 4.7910 4.5743
Subject 4 6.6470 4.3901 4.1169 6.6929 4.4888 4.2658 6.5372 4.3923 5.0032
Subject 5 5.5699 5.8724 5.6312 4.9872 5.2791 4.5897 5.4875 5.7319 5.1753
Average 6.5614 7.6473 6.0993 5.8977 6.0393 5.0055 5.8894 6.3387 5.0482

Similarly, the optimisation of bioimpedance measurement
for forearm motion is performed. From the simulation of
normalised current density distribution shown in Fig. 6, it is
observed that the current primarily passes through target mus-
cles, biceps brachii and brachialis. In the transverse direction,
two channels, AV,_; and AV,_3, are employed, the same as in
bioimpedance measurement for hand grasping. The simulation
of the potential distribution shown in Fig. S2 illustrates the
effectiveness of these two channels. The experiment data
shows that AV,_; and AVy4_3 are the coupling of forearm
up-down (angle B) and left-right (angle «) motion. In the
longitudinal direction, two channels, AVs_4, and AVs_y4p,
are the peak voltage variation between electrodes ES and E4
when electrodes E2 and El inject current and electrodes E2
and E3 inject current, respectively. When current is injected
through electrodes E2 and El, the considerable distance
between them allows the current to penetrate deeper into the
tissue. Therefore, AVs5_4; not only reflects the longitudinal
muscle movement but also the transverse muscle movement
and tissue displacement. The experimental data also shows
that the forearm left-right motion contributes more to AV'5_g4;
than AV5_4,. The distinct responses of these four channels to
two-DoF forearm motion facilitate the extraction of the motion
angle over each DoF.

The strategic electrode placement tailored for hand grasping
and forearm motion enables the effective capture of target
muscle impedance variation during random multi-DoF motion,
simplifying subsequent data processing. Since both the digit
extensors and biceps brachii are located on the surface and
have a large exposure area under the skin, this offers a
higher tolerance for positioning the electrodes. The results of
donning-and-doffing experiments, as shown in Table S2 and
Table S3, validate the reliability of the electrode placement
strategy.

D. Regression Models

The regression model for estimating the hand grasping
angle requires two inputs (corresponding to the two optimized
bioimpedance channels) and a single output (representing
the estimated hand grasping angle 0). Since both channels
independently exhibit a monotonic relationship with angle
0, the estimation of one-dimensional value (angle 6) can
be effectively achieved. The performance of several widely
used models for the regression of angle 6 was evaluated in
the following section. In estimating forearm motion, long
short-term memory (LSTM), a type of recurrent neural net-
work, was employed. It is capable of learning and retaining
information over long periods of time, making it suitable for
applications that require learning long-term dependencies. The
LSTM model used comprised two LSTM layers with 50 units
each and two dense layers with 25 and 2 neurons separately,
as shown in Fig. 7. Each input sequence contained 50 time
steps with 4 features per time step. This model was validated
with offline dataset and real-time tasks, as detailed in the next
section.

[1l. RESULTS

This section presents the results of extracting motion infor-
mation from bioimpedance variations in specific muscles of
healthy volunteer subjects using various regression models.
Bioimpedance data was recorded during hand grasping activ-
ities from five subjects, and during forearm motion from ten
subjects. As the functions of the digit extensors and biceps
brachii barely overlap, the bioimpedance measurements during
hand grasping and forearm two-DoF motion were conducted
separately. In subsequent real-time validation, hand grasping
prediction and forearm motion prediction were performed
simultaneously. Approval for all ethical and experimental
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Fig. 5. Simplified model of the impedance distribution of the forearm,
simulation of the current density at the peak of injecting current under
four different injection schemes, and corresponding measured raw data
with respect to hand grasping angle.

procedures and protocols was granted by the Middlesex Uni-
versity Research Ethics Committee on November 23, 2023
(application no. 15553).

Fig. 6. Simulation of normalised current density distribution of the upper
arm at the peak of injecting current under different injection schemes
and measured raw data.

The acquired time-series bioimpedance variations were
smoothed to reduce noise by moving averages. Intra-subject
validation was employed using a 5-fold cross-validation strat-
egy. Each dataset was evenly divided into five segments in
sequential order, with four segments used for training and one
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(LSTM) layers and two dense layers for predicting forearm motion.

segment used for validation. Each segment was used as the
validation set once, and the results from the five validations
were averaged to evaluate the regression model performance.
During each fold, each model was trained for 100 epochs with
a batch size of 50. The coefficient of determination (R2) and
the root mean square error (RMSE) were used to evaluate the
performance of different models. The R? value closer to one
indicates better prediction performance of the model. RMSE
indicates the difference between prediction and actual data;
the smaller RMSE value represents a higher model accuracy.

A. Hand Grasp Regression

The participants wore four electrodes on their forearms
near the wrists and had red markers attached to their hands.
Hand grasping angles and bioimpedance data were captured
using the experimental setup shown in Fig. 2. Fig. 8 shows
the static correlation between the bioimpedance recorded
from five subjects and hand grasping angle 8. The data was
recorded while the subjects were grasping slowly. It can be
observed that bioimpedance monotonically changes with angle
0, and the bioimpedance variation characteristics differ among
individual subjects. In order to validate the performance of dif-
ferent regression models, a time-series bioimpedance dataset
consisting of 2,000 samples was recorded from each subject.
Linear regression (LR), support vector regression (SVR) and
multilayer perceptron (MLP) were employed to predict angle

Angle 6 (°)

1000

0 200 400 600 800
Sample Number

Fig. 9.  Bioimpedance variation during grasping in subject 1 and
predictions of linear regression (LR), support vector regression (SVR)
and multilayer perceptron (MLP).

0. LR fits data with a linear equation, showcasing the degree
of linearity between bioimpedance and angle 8. SVR employs
radial basis function (RBF) as the kernel function, mapping
the data to higher dimensions feature space. MLP consists of
three layers, with 16, 8 and 1 neurons respectively, utilizing
the rectified linear unit (ReLU) activation function.

The measured AV,_; and AVs_3 and the correspond-
ing current injections are symmetrical, and the changes in
bioimpedance also exhibit similar patterns, as shown in Fig. 5.
Therefore, AV,_; and AV4_3 can be separately treated as
one-dimensional feature for model learning. Table I lists the
performance of the three regression models on datasets from
the five subjects. The models with a single input feature
do not fit the data well compared to models utilising two
input features. As shown in Fig. 8, the relationship between
bioimpedance change and hand grasping angle 6 is not linear,
which is further confirmed by the results of LR. SVR and
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TABLE I
RESULTS OF FOREARM MOTION PREDICTION

Model Linear Regression Support Vector Regression Multilayer Perceptron Long Short-Term Memory

DoF Angle a Angle Angle a Angle Angle a Angle Angle a Angle
Subject 1 0.8160 0.5782 0.8520 0.6894 0.8063 0.6486 0.9865 0.9510
Subject 2 0.7448 0.5632 0.7001 0.3946 0.6667 0.3158 0.9580 0.9387
Subject 3 0.7097 0.4173 0.7093 0.4463 0.7031 0.4208 0.9440 0.9152
Subject 4 0.5208 0.7489 0.4426 0.7784 0.3919 0.7826 0.9519 0.9662
Subject 5 0.8295 0.6072 0.8589 0.7102 0.8446 0.7012 0.9317 0.9284
Subject 6 0.6961 0.4297 0.7613 0.6298 0.6262 0.3570 0.9623 0.9019
Subject 7 0.8825 0.2505 0.8811 0.4221 0.8984 0.4929 0.9598 0.9285
Subject 8 0.7913 0.7297 0.8553 0.8123 0.8329 0.8004 0.9720 0.9739
Subject 9 0.8185 0.6176 0.8661 0.6389 0.8491 0.6316 0.9778 0.9665
Subject 10 0.6417 0.5769 0.6142 0.5176 0.6166 0.5562 0.9223 0.9296
Average 0.7451 0.5519 0.7541 0.6040 0.7236 0.5707 0.9566 0.9400

RMSE

Model Linear Regression Support Vector Regression Multilayer Perceptron Long Short-Term Memory

DoF Angle a Angle Angle a Angle Angle a Angle Angle a Angle
Subject 1 4.8059 4.3837 4.3104 3.7618 4.9317 4.0009 1.3124 1.4568
Subject 2 6.8426 7.3156 7.4179 8.7194 7.8210 9.2697 3.4282 3.7035
Subject 3 4.7988 7.6128 4.8019 7.4207 4.8533 7.8599 2.0704 2.8554
Subject 4 8.2785 6.3649 8.9284 5.9797 9.3253 5.9217 2.5912 2.3024
Subject 5 4.1500 7.7643 3.7744 6.6685 3.9617 6.7717 2.6230 3.3419
Subject 6 5.8648 6.4732 5.1979 5.2153 6.5045 6.8918 2.0202 2.7356
Subject 7 3.9387 7.9780 3.9626 7.0051 3.6620 6.5625 2.2548 2.4992
Subject 8 4.4319 4.9193 3.6900 4.0998 3.9651 42272 1.6077 1.4885
Subject 9 4.2746 5.9006 3.6717 5.7336 3.8985 5.7913 1.4849 1.7616
Subject 10 8.1316 10.1800 8.1189 10.8702 8.0935 10.4265 3.6227 4.1657
Average 5.5517 6.8892 5.3874 6.5474 5.7017 6.7723 2.3016 2.6311

MLP with two input features respectively yield average R>
values of 0.9264 and 0.9256, and average RMSE values of
5.0055° and 5.0482°. Fig. 9 compares the predictions from the
three regression models against the data captured by the depth
camera. The time dependency of bioimpedance variation in
the digit extensor muscles impedes more accurate predictions
by SVR and MLP.

B. Arm Motion Regression

Bioimpedance variations on the corresponding upper arm
positions were continuously sampled from ten subjects. A total
of 5,000 time-series samples were collected from each subject
for training the regression models. In predicting two DoFs in
forearm motion, the bioimpedance variation not only reflects
the coupling of the motions across these two DoFs but also
exhibits time dependency, significantly influenced by previous
motions. Consequently, LR, SVR and MLP were unable to
predict forearm motion effectively, as shown in Table II.
As expected, the customised LSTM model achieved average
R? values of 0.9566 and 0.9400 (overall 0.9483) as well as
average RMSE values of 2.3016° and 2.6311° at angle « and
B. Fig. 10 demonstrates that LSTM can accurately predict ran-
dom forearm motion in two DoFs simultaneously by learning
four channels of bioimpedance variation, in comparison to the
other regression models.

C. Real-Time Validation

Although the performance of different regression models
could be validated using datasets offline, the resulting trained
models tend to perform poorly in real-time predictions, due
to potential model overfitting and physiological changes in
subjects over time. Hence, the real-time performance of the
regression models used was validated using the setup shown
in Fig. 2. Robotic arm control for object gripping was per-
formed by the proposed HMI method based on target muscles’
bioimpedance, as shown in Fig. 11. Due to the time consumed
by hardware communication and the processing of the regres-
sion model, the real-time sampling rate averages 21 samples
per second. In this task, the participant moved their right arm,
fitted with electrodes, to control the robotic arm. The robotic
arm was controlled to approach and grasp a purple cylinder
located on the left, and then place the cylinder back at the
initial position.

In the prediction of hand grasping angle 6, the pro-
cess begins by determining the maximum range of digit
extensor muscles bioimpedance change by measuring the
bioimpedance when the hand is fully open and fully closed
separately. Then, this bioimpedance range is linearly remapped
to the corresponding angle 6. It can also be applied to
predict the angle during a single-DoF forearm motion.
Supplementary Videos I to IV provide real-time performance
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Fig. 10. Bioimpedance variation data during forearm movement in subject 1 and predictions of linear regression, support vector regression,
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Fig. 11. Real-time hand grasp and forearm motion prediction for robotic
arm control in gripping object task.

of linear remap for hand grasping and forearm single-DoF
motion.

In the forearm two-DoF motion prediction, a dataset of
5,000 time-series bioimpedance samples from the participant
was first built and then used to train the LSTM. The trained
LSTM regression model yielded a R?> of 0.9412 on angle «

and R? of 0.8965 on angle 8. It can be observed from Fig. 11
that the accuracy of the trained model decreases in the real-
time task. Video V in the supplementary material demonstrates
the complete process of controlling the robotic arm to grasp
a purple cylinder successfully.

IV. DISCUSSION AND FUTURE WORK

The proposed method based on target muscle bioimpedance
variation using the LSTM regression model can achieve simul-
taneous prediction of hand grasp and random forearm two-DoF
motion using six bioimpedance channels constructed from nine
electrodes. Four of the electrodes focus on the movement of
the digit extensor muscles and the other five on the movement
of the biceps brachii and brachialis muscles. This electrode
placement strategy allows optimised bioimpedance measure-
ments to capture features of muscle movement, enabling
smaller-scale regression models to achieve comparable per-
formance. Due to the limited inputs and inherent individual
physiological characteristics, the generalisability of the regres-
sion model across different subjects is compromised.

Single-DoF motion prediction can be achieved by sim-
ple remapping, leveraging the intuitive nature of muscle
bioimpedance variation. This method is amputee-friendly, as it
eliminates the need for extensive data collection, re-training
of regression models, or reliance on high-performance hard-
ware for operation. Although, this method may not achieve
high accuracy, amputees are likely to adapt the mapping
relationship over time through continued use. The forearm
two-DoF motion estimation using LSTM model is suitable for
applications requiring high prediction accuracy, such as virtual
reality.

In SEMG-based approaches, achieving R? greater than 0.9 in
multi-DoF prediction often requires a larger number of chan-
nels or complex neural networks [27], [28], [29]. These impede
the portability of the systems and have non-negligible delays
due to extensive computations. Although EIT-based [17]
and [19] achieve RZ of 0.97 and 0.92 for one and three
DoFs of wrist kinematics with intra-subject cross-validation
respectively, they can only accurately predict one of the DoFs
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at a time with 16 electrodes. The proposed electrode placement
strategy and bioimpedance measurement optimisation enable
the customised LSTM model to simultaneously estimate two
DoFs of forearm motion using only five electrodes.

The current predictions of hand grasping and two-DoF
forearm motion do not encompass all movements of the
arm and hand, necessitating the inclusion of bioimpedance
measurements focusing on other muscles to increase the
number of DoF. Introducing bioimpedance variations from
muscles with antagonistic functions can enhance the stability
of predictions. For instance, incorporating the digit flexor
muscles can further improve the prediction of hand grasping.
Similarly, this method could also be applied to predicting
motions of the lower limbs. Bioimpedance drift is unavoidable
and adaptive algorithms need to be introduced to remove its
effect on LSTM long-term performance.

V. CONCLUSION

This paper proposed a strategy for efficiently enabling
random simultaneous hand grasp and forearm two-DoF motion
predictions based on target muscle bioimpedance measure-
ment. The method reduces the number of inputs to the
regression model and optimises electrode placement to enrich
the bioimpedance variations with the features of multi-DoF
motion, thus facilitating a better capture of the data patterns
by the regression model. The LSTM model performed well
in predicting forearm two-DoF motion due to the time depen-
dency of bioimpedance variation, evidenced by an average R?
of 0.9483. The entire system was validated in a real-time task.
For single-DoF motion prediction, amputee-friendly control
of prosthetics could be achieved through direct remapping of
bioimpedance variations.

REFERENCES

[1] C. Liu, A. Berkovich, S. Chen, H. Reyserhove, S. S. Sarwar, and
T.-H. Tsai, “Intelligent vision systems—bringing human-machine inter-
face to AR/VR,” in IEDM Tech. Dig., Dec. 2019, pp. 10.5.1-10.5.4.

[2] H. P. Gupta, H. S. Chudgar, S. Mukherjee, T. Dutta, and K. Sharma,
“A continuous hand gestures recognition technique for human-machine
interaction using accelerometer and gyroscope sensors,” IEEE Sensors
J., vol. 16, no. 16, pp. 6425-6432, Aug. 2016.

[3] J. Liu, G. Wang, P. Hu, L.-Y. Duan, and A. C. Kot, “Global
context-aware attention LSTM networks for 3D action recognition,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Jul. 2017,
pp. 3671-3680.

[4] A. Furui et al, “A myoelectric prosthetic hand with muscle
synergy—based motion determination and impedance model-based
biomimetic control,” Sci. Robot., vol. 4, no. 31, Jun. 2019,
Art. no. eaaw6339.

[5] L. Peternel, N. Tsagarakis, and A. Ajoudani, “A human-robot co-
manipulation approach based on human sensorimotor information,”
IEEE Trans. Neural Syst. Rehabil. Eng., vol. 25, no. 7, pp. 811-822,
Jul. 2017.

[6] J. M. Hahne, M. A. Schweisfurth, M. Koppe, and D. Farina, “Simultane-
ous control of multiple functions of bionic hand prostheses: Performance
and robustness in end users,” Sci. Robot., vol. 3, no. 19, Jun. 2018,
Art. no. eaat3630.

[71 Z. Lu, S. Cai, B. Chen, Z. Liu, L. Guo, and L. Yao, ‘“Wearable
real-time gesture recognition scheme based on A-mode ultrasound,”
IEEE Trans. Neural Syst. Rehabil. Eng., vol. 30, pp.2623-2629,
2022.

[8] Z. Yin et al., “A wearable ultrasound interface for prosthetic hand con-
trol,” IEEE J. Biomed. Health Inform., vol. 26, no. 11, pp. 5384-5393,
Nov. 2022.

[91 M. S. Fifer et al., “Simultaneous neural control of simple reaching
and grasping with the modular prosthetic limb using intracranial EEG,”
IEEE Trans. Neural Syst. Rehabil. Eng., vol. 22, no. 3, pp. 695-705,
May 2014.

[10] M. R. Carneiro, A. T. de Almeida, and M. Tavakoli, “Wearable and
comfortable e-textile headband for long-term acquisition of forehead
EEG signals,” IEEE Sensors J., vol. 20, no. 24, pp. 15107-15116,
Dec. 2020.

[11] H. Zhou and G. Alici, “Non-invasive human-machine interface (HMI)
systems with hybrid on-body sensors for controlling upper-limb pros-
thesis: A review,” IEEE Sensors J., vol. 22, no. 11, pp. 10292-10307,
Jun. 2022.

[12] D. Farina et al., “The extraction of neural information from the surface
EMG for the control of upper-limb prostheses: Emerging avenues and
challenges,” IEEE Trans. Neural Syst. Rehabil. Eng., vol. 22, no. 4,
pp- 797-809, Jul. 2014.

[13] Y. Wu, D. Jiang, X. Liu, R. Bayford, and A. Demosthenous, “A
human-machine interface using electrical impedance tomography for
hand prosthesis control,” IEEE Trans. Biomed. Circuits Syst., vol. 12,
no. 6, pp. 1322-1333, Dec. 2018.

[14] E. Zheng, Y. Li, Z. Zhao, Q. Wang, and H. Qiao, “An electrical
impedance tomography based interface for human-robot collabora-
tion,” IEEE/ASME Trans. Mechatronics, vol. 26, no. 5, pp. 2373-2384,
Oct. 2021.

[15] D. Jiang, Y. Wu, and A. Demosthenous, “Hand gesture recognition
using three-dimensional electrical impedance tomography,” IEEE Trans.
Circuits Syst. II, Exp. Briefs, vol. 67, no. 9, pp. 1554-1558, Sep. 2020.

[16] T. Yao, Y. Wu, D. Jiang, R. Bayford, and A. Demosthenous, “A compact
neural network for high accuracy bioimpedance-based hand gesture
recognition,” in Proc. IEEE Biomed. Circuits Syst. Conf. (BioCAS),
Oct. 2023, pp. 1-5.

[17] E. Zheng, J. Wan, L. Yang, Q. Wang, and H. Qiao, “Wrist angle
estimation with a musculoskeletal model driven by electrical impedance
tomography signals,” IEEE Robot. Autom. Lett., vol. 6, no. 2,
pp. 21862193, Apr. 2021.

[18] X. Liu, E. Zheng, and Q. Wang, “Real-time wrist motion decoding with
high framerate electrical impedance tomography (EIT),” IEEE Trans.
Neural Syst. Rehabil. Eng., vol. 31, pp. 690-699, 2023.

[19] E. Zheng, J. Zhang, Q. Wang, and H. Qiao, “Continuous multi-DoF
wrist kinematics estimation based on a human—machine interface with
electrical-impedance-tomography,” Frontiers Neurorobotics, vol. 15,
pp. 1-13, Sep. 2021.

[20] S. Yoshimoto, Y. Toyoda, and A. Yamamoto, “Influence of electrode
positions on performance of hand motion capture using EIT,” [EEE
Trans. Med. Robot. Bionics, vol. 4, no. 1, pp. 285-288, Feb. 2022.

[21] G. Ma, Z. Hao, X. Wu, and X. Wang, “An optimal electrical impedance
tomography drive pattern for human-computer interaction applications,”
IEEE Trans. Biomed. Circuits Syst., vol. 14, no. 3, pp. 402411,
Jun. 2020.

[22] M. Rahal, J. Dai, Y. Wu, A. Bardill, R. Bayford, and A. Demosthenous,
“High frame rate electrical impedance tomography system for monitor-
ing of regional lung ventilation,” in Proc. 44th Annu. Int. Conf. IEEE
Eng. Med. Biol. Soc. (EMBC), Jul. 2022, pp. 2487-2490.

[23] 3D Anatomy Resource. Accessed: Jul. 13, 2024. [Online]. Available:
https://www.anatomy.tv/

[24] K. L. Moore and A. F. Dalley, Clinically Oriented Anatomy, Tth ed.,
Philadelphia, PA, USA: Wolters Kluwer/Lippincott Williams & Wilkins,
2014.

[25] An Internet Resource for The Calculation of The Dielectric Properties
of Body Tissues in The Frequency Range 10 Hz-100 GHz. Accessed:
Jul. 13, 2024. [Online]. Available: http://niremf.ifac.cnr.it/tissprop/

[26] C. Gabriel, S. Gabriel, and E. Corthout, “The dielectric properties of
biological tissues: L. Literature survey,” Phys. Med. Biol., vol. 41, no. 11,
pp. 2231-2249, Nov. 1996.

[27] Z. Qin, S. Stapornchaisit, Z. He, N. Yoshimura, and Y. Koike, “Multi—
joint angles estimation of forearm motion using a regression model,”
Frontiers Neurorobotics, vol. 15, pp. 1-18, Aug. 2021.

[28] T. Bao, C. Wang, P. Yang, S. Q. Xie, Z.-Q. Zhang, and P. Zhou, “LSTM-
AE for domain shift quantification in cross-day upper-limb motion
estimation using surface electromyography,” IEEE Trans. Neural Syst.
Rehabil. Eng., vol. 31, pp. 2570-2580, 2023.

[29] J. Liu, Y. Ren, D. Xu, S. H. Kang, and L.-Q. Zhang, “EMG-based real-
time linear-nonlinear cascade regression decoding of shoulder, elbow,
and wrist movements in able-bodied persons and stroke survivors,” [EEE
Trans. Biomed. Eng., vol. 67, no. 5, pp. 1272-1281, May 2020.



