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Direct Measurement of Elbow Joint Angle
Using Galvanic Couple System
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Abstract— This paper proposes a simple approach to mea-
sure the elbow joint angle (EJA) using galvanic coupling
system (GCS), directly; whereas, the traditional methods involved
in either complex machine-learning task or arm movement
models in which the consideration of model parameters are not
accurate very often. First, a correlation between the EJA and
GCS data has been established by defining a polynomial function
based on a simple six-impedance model of human upper arm,
where the EJA (θ) has been achieved by moving the forearm
along the sagittal and transverse planes with different loads
(empty hand, 1 and 2 kg). The coefficients of the polynomial
are estimated based on the polynomial fit technique in which the
actual angles (reference frame) are calculated by using motion
data. In total, eleven subjects (seven males and four females)
with the age of 30 ± 6 years have been considered during the
experiment. However, the GCS data of eight subjects are used
to derive the correlation, exclusively. Furthermore, the influence
of muscle fatigue and different loads on the derived correlation
has been studied. Next, based on the derived correlation, the
EJA has been measured in two parts—inside and outside tests
by considering six subjects. The results show that the proposed
idea can measure the EJA very effectively with error up to
±0.11 rad (6°). Moreover, in a performance comparison, the
proposed approach shows its compatibility by indicating low
complexity, higher accuracy, and easy to measure.

Index Terms— Forearm movement, galvanic coupling
system (GCS), measurement of elbow joint angle (EJA), upper
arm muscle.
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I. INTRODUCTION

THE measurement of elbow joint angle (EJA) during
multidegree arm movement which takes place in our

various daily life activities is very important, especially
to assist physically disabled, injured or elderly people for
self-rehabilitation purpose or designing upper-limb power-
assist exoskeletons robot [1]–[3]. In recent, there are several
attempts have been made to measure the EJA based on
mechnanomyogram and electromyography (EMG) [2], [4]–[9].
Most of the works of EJA measurement follow mainly
two particular approaches; such as either model based or
machine learning (ML) or both. The ML-based approaches
include acquisition of different physiological signals at cer-
tain states or positions of arm’s movement, and then define
features followed by classification using numerous kinds of
ML techniques such as artificial neural network (ANN) [10],
fuzzy logic [11], support vector machine [12], time-delayed
ANN [13], and so on. However, these methods involve in
very complex ML mechanism, and the overall performance of
the systems always depends on feature selection and training
data set. In contrast, the model-based approaches measure
the EJA by considering different models of human arm’s
motions/movements [14]–[16]. The performances of such
approaches completely depend on consideration of the model
and its chosen model parameters. Eventually, selection of accu-
rate model parameters is very difficult as any human activity
comprises of several factors, which further affects the mea-
sured results. On the other hand, there are some other kinds
of approaches which only focus on specific signal processing
mechanisms, including different time-frequency methods on
physiological signal of hand motions, which are acquired by
different sensors [17], [18]. Nevertheless, the methods are
simple, but the results are pragmatic and lack proper theo-
retical foundation concerned with different arm movements.
Furthermore, most of works are performed without clearly
addressing the influence of muscle fatigue factor, which is very
relevant during any muscular activity measurement [19]–[21].
Therefore, a direct approach is very essential to measure the
EJA which should be very simple with proper theoretical basis
and less interfered by muscle fatigue and loads on hand.

Certainly, the human upper arm consists of five major
muscles (biceps, triceps, brachioradialis, extensor carpi radialis
longus, and deltoid) which conjointly enable the forearm
either to rotate or to strengthen or both. Several stud-
ies reported that there is a significant variation of muscle
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length and physiological cross-sectional area (PCSA) of upper
arm muscles during change of EJA [7], [9]–[12], [22]–[25].
Eventually, our previous work confirms that there is a sig-
nificant influence of limb gestures (e.g., change of EJA) on
the human body communication by displaying the profound
variations on channel gain/attenuation [26]. Such evidence
fascinates us to investigate the correlation between the EJA
and upper arm muscles, which can be employed to estimate
the EJA directly by measuring the gain/attenuation only.
Nonetheless, such method appears very simple compared to
earlier machine-learning or model-based approaches.

In this connection, the human muscles act as electrical
transmission lines which can be represented by the para-
meters including resistance (R), reactance (X), and phase
angle (ϕ) [27], [28]. The aforementioned geometrical varia-
tions (length and PCSA) of the upper arm muscles during
change of EJA also affect the variation on R, X , and ϕ, and
such changes can be measured by the galvanic coupling system
(GCS) [27], [29]. It is a noninvasive, easily repeatable, low
cost, and quantitative measurement technique and also can
be employed on human subjects [30]. Basically, in GCS, an
alternating electrical signal is applied by two transmitting elec-
trodes and received by two detecting electrodes simultaneously
which further guides to measure R, X , and ϕ. However, the
measured values depend on various factors, including applied
input signal, geometric parameters of the muscle (e.g., changes
in muscle shape or volume), tissue parameters (e.g., dielectric
properties of the tissue, fat level, water level), and placement
of the electrodes [31]. Nonetheless, the mentioned factors of
the tissue pathology in human subject are not possible to
estimate directly, but there are several studies which have been
performed including placement of electrodes, characteristics of
the applied input signal [32]–[34].

In this view, this paper proposes a simple method to measure
the EJA using GCS. First, a correlation between the EJA
and change of muscle impedances is derived by polynomial
function. Then, the values of the coefficients of the polynomial
are devised using polynomial fitting technique where the actual
angle is estimated by a camera. In this regard, EJA has been
achieved by moving the forearm along sagittal and transverse
planes with different loads (empty hand, 1 and 2 kg) in
hand. Next, based on the devised correlation, the EJA has
been measured. In addition, influence of different factors
including muscle fatigue on the devised correlation has been
studied. In total, eleven subjects have been participated in
these experiments. Exclusively, acquired data of eight subjects
are considered to establish the correlation. Then, the EJA
has been measured considering six subjects in two parts—
inside (three out of eight subjects) and outside tests (rest three
subjects). Further, the performance of the proposed idea has
been compared with the existing methods. The results show
that the proposed idea is very simple and much effective to
estimate the EJA.

The rest of this paper is organized as follows. Section II
describes the methodology followed by experiments
in Section III. Section IV explains the results and discussion,
and the conclusions are drawn in Section V.

Fig. 1. (a) Schematic of the galvanic couple system on upper arm muscles.
(b) Equivalent circuit model of upper arm.

II. METHODOLOGY

To investigate the correlations between the EJA and elec-
trical properties (impedance) of the upper arm muscles,
a GCS which includes pairs of electrodes (transmitter and
receiver) has been used as shown in Fig. 1(a). Certainly,
all the five muscles are considered as a group of muscles,
which can be represented by a six impedance equivalent
electrical circuit model as shown in Fig. 1(b) [27], [30].
The equivalent circuit includes input and output terminals,
and six impedances including input impedances (Zi ), output
impedances (Zo), transverse impedance (Zt ), and two butterfly
cross impedances (Za and Zb). An alternating signal (VT ) is
applied through input terminal and the corresponding signal
is acquired (VR) by the output terminal. Due to impedance
of muscles, the received signal attenuates significantly with
respect to the triggered input signal, which can be defined
by a transfer function (1), where A is the attenuation in dB,
HA = VR/VT , and K is the correcting factor which depends
on the modeling methods, parameters to be determined, and
measurement precisions [27]. The values of HA is depen-
dent on the six impedances. During the change of EJA, the
impedances change accordingly as mentioned before, i.e., HA

and so A. Therefore, how the impedances are varying with
EJA changes could lead to the estimation of EJA by directly
acquiring A using GCS

A = 20 log10 HA + K . (1)

The simulation technique of signal transmission paths on
human muscles using GCS based on six impedance model has
been detailed in [27]. Following their work, the Zi and Zo can
be estimated by (2), based on cylindrical model of human limb
which includes five layers (skin, fat, muscle, bone, and bone
marrow):

Zi = Zo =
5∑

l=1

Tl

σl f πr2 + jωεrl f ε0πr2 (2)

where l refers to specific layer, Tl refers to the thickness
of the different layers (skin, fat, muscle, bone, and bone
marrow), r , σl f , ε0, and εl f refer to radius, conductivity, free
space permittivity, and relative permittivity of the correspond-
ing layers respectively; ω is the applied angular frequency.
Following the work in [27], the two butterfly impedances can
be transferred into sum of transverse impedances with input
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and output impedances; Za = Zi + Zt and Zb = Zo + Zt .
The Zi and Zo are constant for a specific group of muscles
(here upper arm muscles) but the value of the transverse
impedance Zt changes due to change of EJA as its value is
dependent on the geometrical parameters (length and PCSA)
of the upper arm. In the literature, the human muscles can
be represented by the electrical model including resistive (R)
and capacitive (C) part connected in parallel [27], [28]. Thus,
Zt can be defined by

Zt = 1
5∑

l=1

(
1
Rl

+ jωCl

) (3)

where Rl and Cl are the resistance and capacitance of the
lth layer according to the electrical model of human muscles.
Further, considering the other parameters, such as muscle
transmitting length (L), cross-sectional area of each layer (Sl),
tissue dielectric properties (σl f and εrl f ), the Zt can be
rewritten as (4)

Zt = L
5∑

l=1
σl f Sl + jωε0

5∑
l=1

εrl f Sl

. (4)

Meanwhile, during electrical signal transmission through
muscles, the resistive part becomes more dominant than
capacitive part for certain frequencies [28]. For, example,
considering (3) and (4), the 1/R = �(1/Rl) and C = �Cl can
be calculated; assuming, muscle transmitting length (MTL),
L = 10 cm (interelectrode distance), PCSA = 50 cm2; it can
be seen that Xc � R; where all values of σl f and εl f for
different layers are at 20 kHz [35]. Therefore, resistance, R
is more significant than C . Now, as per general physics, the
resistance of the upper arm muscle can be referred as

Zt ≈ R α
MT L

PC S A
. (5)

As aforementioned, during the change of EJA (θ) the MTL
and PCSA change very significantly; for instance, during
elbow flexion to extension position the upper arm muscles
expanses (i.e., MTL increases) but overall PCSA decreases.
In contrast, MTL and PCSA decreases and increases respec-
tively during elbow extension to flexion position. All though,
both of the cases make changes of R (i.e., Zt ) in same way
(increase or decrease). Such phenomenon leads to change
on received signal, VR (i.e., A), which can be measured
by (1) for known VT . However, it is very difficult to measure
the PCSA during change of EJA as the structures of all
muscles are not similar, even more, a single muscle is not
uniform at everywhere; even more, PCSA varies person to
person. Besides, MTL depends not only on the placement
of the electrodes but also it is influenced by regions beyond
that. Therefore, change of Zt can be measured considering,
η = MTL/PCSA, rather than MTL and PCSA individually as
the effects on their variations toward the change of Zt are
similar.

As per literature, several works noted that the muscle length
changes proportionally, especially biceps, during the change of
the EJA, but not linearly. In this connection, a relation between

TABLE I

DETAILS OF THE SUBJECTS

the EJA with upper arm muscle momentum and muscle
length using polynomial fitting technique has been presented
in [37]. As change of muscle length has direct impact on R,
following their method and considering (4), (5), the transverse
impedances can be written as polynomial function:

Zt (θ) = η(b0 + b1θ + b2θ
2 + · · · + bkθ

k) (6)

where b0, b1, b2, . . . , bk are polynomial coefficients. Indeed,
such changes of Zt , replicate on VR as well. Therefore, the
attenuation can be transferred into a function of EJA and can
be defined by

A(θ) = η(b0 + b1θ + b2θ
2 + · · · + bkθ

k). (7)

Next, the order of the polynomial and values of the coeffi-
cients can be determined by polynomial fit techniques using a
reference frame. The value of the η is not the same across the
upper arm region and it varies person to person; therefore,
it is appropriate to consider value η by measuring length
of the upper arm and PCSA across biceps muscle as it
changes significantly during EJA changes. Hence, a correlation
between the EJA and acquired signal can be established. Then,
based on the derived correlation and acquiring the attenua-
tion signal by employing GCS, the EJA can be estimated.
In this regard, the characteristic of the acquired GCS signal
(i.e., received signal) relies on the operating frequency of the
triggering signal and placement of the electrodes. To achieve
good response of GCS signal (i.e., high signal amplitude), the
suitable operating frequency is 20–30 kHz (20 kHz in our
experiment) with placement of electrodes pair circular sym-
metrically (i.e., on biceps and triceps) [26], [32]–[34], [36].
Besides, the longitudinal distance between the transmitter and
receiver electrode pairs must encompass most of the upper arm
muscles, especially biceps muscle (10 cm in our experiment).

III. EXPERIMENT

A. Experimental Protocols

1) Subjects: In total eleven subjects (four females and seven
males) with age of 30± 6 years have been considered during
the experiment. All the subjects do not have any muscular dis-
order while the experiments have been performed. All of them
have been informed about the assessment protocols and they
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Fig. 2. Definition of EJA and different positions of the forearm movements
for GCS data acquisition. (a) Forearm movement along the sagittal plane.
(b) Supination and pronation with loads at certain angle along the sagittal
plane. (c) Forearm movement along the transverse plane. (d) Supination and
pronation with loads at a certain angle along the transverse plane.

have given their written consent. The concerned parameters
of the subjects as indicated by “S” and associated numbers
are listed in Table I which includes age, sex, height, weight,
dimension of the right upper arm, and Body Mass Index
from the second column consecutively. Besides, the length and
PCSA across biceps muscle at normal [31]–[33] condition of
the upper arm are also specified separately. During experiment,
the eight subjects (S1–S8) are chosen to estimate the coeffi-
cients bk (k = 0, 1, 2, . . . , k) of the polynomial function (7).
Finally, considering six subjects, the EJA has been estimated
based on the derived polynomial function by conducting two
kinds of test—inside (three subjects from S1–S8) and outside
tests (S9–S11).

2) Hand Movements: Each subject has been asked to per-
form the right-hand movements having sitting position. During
the hand movements, the upper arm has been kept in fixed
position, while change of the EJA has been achieved by
moving the forearm with empty hand and different loads
(1 and 2 kg) as displayed in Fig. 2. The forearm movements are
directed in three ways: 1) change of EJA along the parasagittal
plane, while the upper arm is positioned downward vertically
[Fig. 2(a)]; 2) change of EJA along the transverse plane with
positing the right upper arm horizontally [Fig. 2(c)]; and 3) for
both of the cases, the forearm is supinated and pronated with
a certain angle (60° and 90°) as indicated in Fig. 2(b) and (d).
Certainly, small marks are placed on the side of lower arm
for trajectory tracking by camera. Before collecting the data,
the subjects are told to practice elbow joint contraction and
extension along the sagittal and transverse planes about one
minute. Next, data are acquired by changing EJA in empty-
handed. In the similar manner, the second and third sets of data
have been acquired with 1 and 2 kg load on hand respectively.
The subjects are given rest about 5 min after each of the
performance.

B. Experimental Setup

An overall system overview of the experimental setup has
been displayed in Fig. 3, which includes three main sections
called GCS data, motion data, and data processing unit.
However, an EMG data unit has been considered to monitor

Fig. 3. System overview of the experimental setup.

Fig. 4. Real life experimental setup for the GCS, camera, and EMG data
acquisition during forearm movement along the parasagittal plane.

the fatigue of the upper arm muscles simultaneously during
EJA changing. The GCS data unit consists of function gener-
ator and digitizer as displayed in Fig. 3. The triggering signals
are provided by the function generator, which is connected to
the human body via balun (low frequency) for safety reasons.
In addition, the received signals are acquired from human
body via a differential probe (DP). During change of EJA
along either sagittal or transverse plane, there are significant
variations on GCS data. In this connection, concurrently,
another two sets of data—motion and EMG—are also acquired
by camera and BioAmp (AD Instrument, PowerLab 15T),
respectively. The motion data lead to calculate the actual angle
of EJA, whereas the EMG data help to evaluate the muscle
fatigue. Finally, all the three kinds of data are analyzed by data
processing unit (Computer) which is comprised of different
software packages, such as MATLAB for GCS and EMG data
processing and TRACKER for video data processing.

A real-life experimental setup for data acquisition is dis-
played in Fig. 4, by indicated different components including
camera, position of the electrodes of the galvanic coupling
and surface EMG systems, trajectory markers, and load. The
subjects are sitting normally and make the change of EJA as
mentioned before. The camera captures the system movements
aiming to estimate the actual EJA based on trajectory markers
as depicted in Fig. 4 (see also Figs. 2 and 3). The EMG setup
is used to measure the fatigue of the upper arm muscles to
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TABLE II

ENVIRONMENT OF GCS DATA ACQUISITION SYSTEM

study its influence on EJA measurement. As the input signal
frequency (20 kHz) of the GCS is much higher than the
bandwidth (2–500 Hz) of the surface EMG, it does not affect
the EMG data [37]. The GCS data acquisition and motion data
acquisition have been detailed as follows.

Data Acquisition: A sinusoidal signal generated by a func-
tion generator (Agilent, 33250 A) with 0 dBm power has been
applied to the human upper limb by a pair of stimulating
electrodes of 20 × 20 mm2 (Shenzhen Jurongda Science
and Technology Ltd.). The receiving electrodes are placed
about 6 cm away from the elbow joint and laterally oriented
on the upper arm, whereas, the transmitting electrodes are
place 10 cm apart from the receiving electrodes as shown
in Fig. 4. The frequency of the triggering signal has been
kept 20 kHz [29], [32]–[34]. The received signals are acquired
by a DP (Agilent, 1141A) and simultaneously recorded by
a digitizer (National Instrument, PXIe-5122) through a soft-
ware interface with sampling frequency 200 kHz. However,
the EMG data has been collected using BioAmp. Notably,
the choices of type of electrodes for GCS and EMG data
acquisition are Carbon and Ag/AgCl respectively. Such dif-
ference is due to the fact that the GCS system compromises
of triggering input signal into human body and the carbon
electrodes are preferable in such situations [38]. In summary,
the overall environment of GCS data acquisition system has
been displayed in Table II, which includes the characteristics
of the triggering and receiving signals, system noise level and
system Signal-to-noise ratio (SNR).

1) Motion Data Acquisition: The motion data are captured
during EJA changes by a camera (Canon, Power Shot: S100),
with frame rate of 42 ms/frame and sampling frequency 24 Hz
which further uses as reference frame (actual angle).
It captures the distinct markers which are placed on the
forearm of the subjects as indicated in Fig. 4 (see also Fig. 2).
Based on the relative positions of the markers, the actual
EJA is calculated through the recording period. Certainly,
the change of the EJA has been achieved by moving the
forearm only while the upper arm always has been kept
in fixed position along sagittal and transverse planes. The
actual EJA angle has been evaluated by motion data analysis
software (TRACKER), which tracks the trajectory of the
markers and computes the angle with respect to reference line
(fixed upper arm) (see Fig. 2).

2) Data Processing:

xnorm(t) = x(t)

max{x(t)} . (8)

Fig. 5. Curve fitting between actual EJA and GCS data.

In these experiments, three kinds of data are collected—
GCS, video and EMG data. The GCS data are affected
by noise and incorporated with the artifacts. Therefore, the
recorded raw GCS data are filtered by bandpass filtering
between 15 and 25 kHz to reduce the noise and movement
artifacts. Next, the envelopes of the GCS data are extracted
by using the Hilbert transform. During GCS data process-
ing, attenuation has been calculated simultaneously according
to (1) and normalized by (8); where xnorm(t) and x(t) are the
normalized and actual GCS envelopes. Certainly, the K is the
correcting factor which is calculated as errors among different
subjects in our work. A synchronization technique has been
employed as the sampling frequencies of the GCS data and
camera are not the same, which matches the time indices
between the GCS data and calculated actual angle accurately.
After that, the polynomial fitting technique is employed to find
the correlation between the GCS data and EJA. On the other
hand, EMG data are acquired separately to estimate the muscle
fatigue [39], [40]. The data processing has been conducted by
MATLAB.

IV. RESULTS AND DISCUSSIONS

A. Correlation Between Attenuation and EJA

1) Polynomial Fitting: The polynomial fitting technique has
been adopted to find the values of the coefficients of the poly-
nomial (7) which has been illustrated by considering a single
subject in Fig. 5 in which the horizontal and vertical lines
are refer to time (s) and angle (rad), respectively. First, the
GCS data (black) are fit with the actual EJA movement (red)
which has been calculated by the video data. Certainly, the
attenuation of the GCS signal from any the part of human
body influenced by the static or dynamic conditions of that
part [36]. Therefore, to accomplish the reliable values of the
coefficients of the polynomial (7), the GCS data have been
acquired not only during the forearm is moving back and
forth (see Fig. 2) but also in static; although the polynomial
function refers to the direct correlation between the EJA angle
and GCS data. To do so, the forearm has been kept unmoved
at two certain angles of 1.0 and 1.6 rad at about 10 s each
(i.e., total 20 s). After that, the forearm is being moved
with angular velocity of 0.79 rad/s. The two steps has been
depicted by A and B regions in Fig. 5, which last about
0–20 and 20–85 s, where the regions A and B denote the
unmoved and moving conditions of the forearm respectively.
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Fig. 6. Analysis of the curve fitting between GCS data and EJA.

As observed, the fitting is smoother in region “A” compared
to the end part of region B. However, such variations are very
small, which occur during anthropometric measurement.

The mean ± SD value of the root-mean-square
error (RMSE) and correlation factor between the fit
curve and the actual EJA curve is about 0.12 ± 0.08 rad and
0.94 ± 0.03, respectively, which is significantly small with
respect to full EJA movement of 2.2 rad (130°) and the
correlation value is considerably high. Therefore, the fit curve
is very consistent.

Now, to determine the values of the coefficients in (7), first,
the order of the polynomial is estimated empirically as k = 2.
Now, the correlation is as

A(θ) = η(b0 + b1θ + b2θ
2). (9)

In this regard, the fit curve of GCS data and actual EJA
has been depicted in Fig. 6, in which the horizontal and
vertical axes refer to normalized GCS data and the actual
angle. As seen, along vertical axis, at higher ranges the EJA
changes linearly, but at lower ranges it behaves like a curve.
Based on visual inspection, the primary break point has been
estimated which is between 2.0–2.5 rad. Next, aiming to
find the optimum break point in this region, the mean-square
error (MSE) has been calculated between the measured data
and fitting line. The best fit has been achieved with break point
at 2.3 rad with minimum MSE of 0.07 rad (about 3% of the
full EJA movement), which is trivial in case of EJA estimation.
In Fig. 6, the break point has been indicated by dotted lines.
Therefore, the curve has been divided into two parts for
θ ≥ 2.3 and θ < 2.3 rad, and the corresponding equations
are (10). The values of the coefficients are: b0 = 7.2 and
b1 = −6.2 for θ ≥ 2.3 and b0 = 21.6, b1 = −39.9,
and b2 = 19 for θ < 2.3. From (10), it is observed that
the bio-impedance changes linearly with EJA for θ ≥ 2.3,
but it changes in quadratic nature for θ < 2.3. The linear
and quadratic regions are depicted by black and green color,
respectively, in Fig. 6

A =
{

b0 + b1θ for θ ≥ 2.3 rad

b0 + b1θ + b2θ
2 for θ < 2.3 rad.

(10)

Finally, the values of the coefficients of eight subjects
are: b0 = 7.2 ± 1.1 and b1 = −6.2 ± 1.5 for θ ≥ 2.3
and b0 = 21.6 ± 8.0, b1 = −39.9 ± 17.2, and b2 =
19.0 ± 9.2 for θ < 2.3. Although the experiments and the
simulation have been performed with careful considerations,

TABLE III

IMPACT OF LOADS IN HAND ON POLYNOMIAL COEFFICIENTS

such variations appear because of the simplification of the
mathematical formulation, muscular parameters, and errors in
anthropometric measurements.

Furthermore, the impact of supination and pronation of the
forearm has been studied which occurs very often during EJA
changes with or without load. Therefore, maintaining a certain
angle 1.0 rad (60°) and 1.6 rad (90°), the forearm is supinated
and pronated for both of the cases of the hand movements
(along sagittal and transverse planes). The measured atten-
uation varies ±4%; i.e., such supinated and pronated of the
forearm has negligible effect on the change of received signal.
Therefore, such twisting has no effect on the change of muscle
impedances of the upper arm.

2) Influence of Load: Further, the impact of the load (dumb-
bell weight) on the values of the polynomial coefficients (10)
during different load condition has been studied, and the
results are listed in Table III. The results show that the values
of the coefficients are very consistent. Thus, the values of the
coefficients are independent of load condition. However, there
are some minor variations, which are due to anthropometric
measurements.

3) Influence of Fatigue: In the context of establishment of
the direct correlation between the muscular activity (during
EJA change) and electrical signal (GCS data), the muscle
fatigue is an important issue, which needs to be verified.
Besides, fatigue is related to the decreasing the efficiency
of the muscles and shows changes on electrical properties
of the muscles (e.g., shift on mean frequency). Aiming to
examine the influence of the fatigue on derived correlation, the
muscular fatigue of the upper arm muscles has been measured
during the experiment in three steps: first, second, and third
minute, respectively. Certainly, the muscular fatigue can be
estimated by observing the decrease of mean frequency of
the EMG signal [39], [40]. Following the experimental setup
in Section III-B, the muscle fatigue of the upper arm for
both of the cases of the hand movements (along sagittal and
transverse planes) has been displayed in Fig. 7, in which the
horizontal and vertical axes refer to the time in s and mean
frequency in Hz, respectively. The results show that there is
muscle fatigue of the upper arm muscles during change of EJA,
which are in agreement with the previous studies [41], [42].
Interestingly, the trend shows that the upper arm muscle gets
fatigue faster during the forearm movement along transverse
plane. However, our main objective is to study the impact of
such fatigue on the calculated values of the coefficients of
the polynomial functions. In this direction, the corresponding
values of the polynomial coefficients for aforementioned three
steps during the movement of forearm along sagittal plane
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Fig. 7. Muscle fatigue during forearm movement (for 2 kg load).

TABLE IV

MEAN FREQUENCY AND POLYNOMIAL COEFFICIENTS

ALONG SAGITTAL PLANE

with 1 and 2 kg load are listed in Table IV. The results depict
that the fatigue has very negligible effect on the coefficients.

4) Statistical Analysis: The statistical analysis has been
conducted to examine the reliability of the derived correlation
by considering the uncertainty factors during data acquisition
followed by the impact of loads on hand and fatigue on the
calculated coefficients of the polynomial. The uncertainties of
the system are mainly originated from the motion tracking sys-
tem (i.e., constrains of camera frame rate, precision of marker
localization), signal acquisition system (i.e., quantization noise
of ADC), and precise position of the electrodes.

From motion tracking system, due to constraint of the
camera (capturing speed) employed in our system, which leads
the error as much as 0.05 rad (2.8°) (where camera frame
rate is 24 frames/s, and the forearm movement covers the
total angle of 260° in back and forth on approximately 4 s).
Another major source of uncertainty arises from the precise
localization of the marker (see Fig. 4). As the motion data
analyzer (TRACKER) calculates the actual angle by image
analysis and its performance depends on the proper detection
of the marker. Nevertheless, due to the limitation of this
software, the detected marker point introduces jitter within a
area of 5 × 5 mm2. The introduced jitter leads to a maximum
angle of uncertainty around 0.03 rad (1.7°) (where the radius
of arc is 2.5 mm, and distance between two markers is 7 cm).
In the acquisition system, the ADC resolution is 1.2 mV
(14 b with full range 10 V), the quantization noise also
introduces an uncertainty around 3% (1.2/40 mV) to the
normalized GCS data. Other errors, such as operator error
regarding actual positioning of the electrodes on different

TABLE V

UNCERTAINTIES DURING EJA ESTIMATIONS

subjects. Such possible error has been encountered by con-
ducting the experiment repeatedly upholding the elbow joint as
reference for all subjects. In addition, adhesive electrodes (for
both GCS and EMG) or marker have been used to minimize
the motion artifacts during forearm movements. Furthermore,
due to the change of physiological process in human body,
the channel gain variation within three days of measurement
is around 1.1 dB (3.6 mV) [26], which leads to the normalized
GCS data varying around 9% (about 3.6/40 mV ). Finally, the
uncertainties of the system during measurement of EJA are
summarized in Table V.

Next, one-way ANOVA (with α = 0.05) analysis has
been performed to study the significant differences of the
values of the polynomial coefficients after conformation of
homogeneity of variances by Bartlett’s test ( p > 5.1)
and distributional normality by Kolmogorov–Smirnov test
(p > 1.9) [43]. Certainly, the study has been designed in
such a way, so that the influences of loading on hand and
muscle fatigue can be observed separately. For instance, during
the consideration of loading, the muscle fatigue has been
avoided by acquiring the data for short time (about 60 s)
and the subjects are given rest about 5 min in between the
changing of loads; in contrast, in case muscle fatigue the data
are recorded for longer time (about 3 min) with objective
of gradual development of muscle fatigue (i.e., decreasing of
mean frequency, see Fig. 7), while loadings are 1 and 2 kg.
In each case, the residuals (ε) are also normally distributed.
The calculated p values are—loading: b0 (0.17), b1 (0.37)
for θ ≥ 2.3 and b0 (0.97), b1 (0.92), b2 (0.82) for θ < 2.3;
muscle fatigue: b0 (0.5), b1 (0.76) for θ ≥ 2.3 and b0 (0.96),
b1 (0.99), b2 (0.95) for θ < 2.3. The results show that the
loading (p > 0.17) and muscle fatigue (p > 0.45) have
negligible effect on the values of the polynomial coefficients;
i.e., on the derived correlation as well.

B. Measurement of EJA

Now, based on the derived correlation, the EJA has been
measured by performing two kinds of test—inside and outside.
The inside test considers subjects (S1, S2, and S4), whose
data are used during deriving the correlation. In contrast, the
outside test has been performed by considering the subjects,
S9–S11 (Table I). The experimental protocol including hand
movements is maintained as mentioned before. Certainly, the
subjects are asked to maintain certain angles, 1.0 rad (60°),
1.7 rad (100°), and 2.6 rad (150°) along the sagittal and
transverse planes and the mentioned angles are estimated
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TABLE VI

EJA ESTIMATION USING (10)

Fig. 8. Measured angles (1.0, 1.7, 2.6 rad) for different loads (empty hand,
1 and 2 kg) in hand.

based on (10) using GCS data. The measured angles are listed
in Table VI. The results show that the measured angles are very
consistent with maximum error of 0.11 rad (6°). As seen, the
RMSEs in case of inside test are less compared with outside
test. However, the overall errors are not very considerable
which occurs during such anthropometric measurements very
often. Moreover, one of the major advantages is that it does not
involve any traditional machine-learning steps [2], [10], [11],
which makes the EJA measurement very simple and easy.

The effects of load on estimated angles for outside test are
plotted in Fig. 8, in which the horizontal and vertical lines
are indicated the specific load and measured angle in rad
respectively. The results display that the measured angles are
very consistent.

C. Performance Comparison

In a performance comparison, the proposed idea has been
compared with the previously proposed EJA estimation meth-
ods in the view of type of approaches, involved mechanism,
system complexity, and error, which have been displayed
in Table VII. The ML-based approaches encompass with
very complex system configuration, and the overall system
performances are dependent on the training data set, even
though the consideration of diffident types of ML mechanism
(e.g., ANN, BPN). Nonetheless, the complexity of the model-
based approaches is moderate; however, the system perfor-
mance (error) is comparatively higher. This is because of
appropriate consideration of model parameters which are
always being very challenging in case of modeling human
activity. On the other hand, the system complexity of opti-
mization based approaches are moderate, but the measured
results are fully dependent on the acquired data and do not
state any general principle toward the EJA measurement.
In contrast, the proposed idea is very simple as it measures the

TABLE VII

COMPARISONS OF THE PERFORMANCE EVALUATION

EJA directly without involving any intermediate steps and the
error is significantly low. In addition, it states a mathematical
correlation between the acquired electrical data from the
human muscles and change of EJA. In short, the proposed
EJA measurement method is very explicit and superior to the
earlier works.

V. CONCLUSION

This work proposes a simple method to measure the EJA
using galvanic coupling system. First, a correlation between
the changes of EJA with GCS data has been defined by a poly-
nomial function which includes different unknown coefficients
based on six-impedance model of human upper arm. Then, the
values of the coefficients are determined based on the poly-
nomial fitting technique where the actual angles are captured
and calculated using motion data by a camera. Certainly, the
change of EJA has been achieved by moving the forearm along
the sagittal and transverse planes with different loads (empty
hand, 1 and 2 kg). Next, based on the derived correlation, the
EJA has been measured. In total, eleven subjects (seven males
and four females) with age 30 ± 6 years have participated
during the experiment. Exclusively, the GCS data of eight
subjects are used to establish the correlation. The derived
correlation indicates that acquired GCS data are linear at
θ ≥ 2.3 rad, but quadric when θ < 2.3 rad. Moreover, the
influence of fatigue and different load on derived correlation
has also been studied. The results show that muscle fatigue
has very negligible influence and variation of load has no
impact. The EJA has been measured in two parts—inside and
outside tests. The results show that the proposed idea can
measure the EJA very effectively with ± 0.11 rad (6°) of error,
which is very trivial during anthropometric measurements.
The proposed method of EJA measurement is very simple
and easy as it does not involve any complex mechanism,
such as machine learning and critical models of human arm
movements. Moreover, in the performance comparison, the
proposed idea demonstrates its effectiveness by showing low
system complexity, higher accuracy, and easy to measure.
In brief, it is a very simple and direct method for EJA
measurement and is very superior compared to earlier works.
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